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Foreword I 
Auto-segmentation plays an important everyday role in radiotherapy clinics. It is an essential pre-
requisite step for complex treatment process that aims to identify the gross tumor volume and sur-
rounding organs at risk in order to maximize tumor control while minimizing normal tissue toxicity, 
which is the holy grail of radiotherapy. With the ever-increasing sophistication of treatment plan-
ning procedures and improved delivery systems, accurate contouring becomes a major limitation 
to an effcient and lean radiotherapy clinic. The process of segmentation has historically been done 
manually, which makes it not only a laborious and time-consuming task but also prone to errors 
that may affect the planning quality as well as the patient’s treatment outcomes. Auto-segmentation 
promises to alleviate this problem; however, its application in the clinic has been slow to meet its 
demands. Recent years have witnessed the development of more accurate auto-segmentation tools 
using advanced machine and deep learning techniques that aim at transforming how these tools can 
be applied reliably in the clinic, but with key questions about their nature and proper implementa-
tion remaining open. These questions are thoughtfully answered by the new textbook by Gooding, 
Sharp, and Yang. 

This delightful textbook Auto-Segmentation for Radiation Oncology: State of the Art takes the 
interested reader on a three-part journey from traditional multi-atlas auto-segmentation techniques 
to more modern deep learning approaches and their implementation in the clinic. In Part I, atlas 
segmentation methods are discussed: their selection process, combination with deformable regis-
tration, and eventually their evaluation. In Part II, deep learning auto-segmentation is presented, 
starting from architectural designs, comparisons of 2D and 3D approaches with the common U-net 
architecture, organ-specifc versus multi-class segmentation, effect of loss function and augmenta-
tion, ending with pitfalls, in each case using publicly available challenge datasets as examples. Part 
III addresses practical issues related to clinical commissioning and challenges from data curation 
to evaluation. 

This is a must-have textbook for anyone starting on auto-segmentation in radiotherapy or inter-
ested in the topic for academic or professional reasons. Finally, I would like to commend the authors 
on their achievement, bringing a team from industry and academia to address this important topic 
in radiotherapy and making it feasible for the reader. 

Issam El-Naqa 
Chair of Machine Learning 

H. Lee Mofftt Cancer Center 
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Foreword II 
Artifcial intelligence (AI) commonly refers to the computational technologies that enable machines 
to perform tasks requiring human intelligence. In the past several years, a new rising tide of AI has 
been changing the world in many aspects, including healthcare, which is mainly attributable to the 
availability of big data in the internet era, the easy access to GPU-based high-performance comput-
ing, and the emergence of deep learning (DL) algorithms. Given its broad and exponentially grow-
ing applications in medicine, AI has the potential to fundamentally transform the way medicine is 
practiced. 

Radiation oncology is a crucial pillar of cancer care and is indicated for more than 50% of cancer 
patients in most places. Over the past few decades, technological advances have made radiother-
apy increasingly complex and precise, which has resulted in a near complete reliance on human– 
machine interactions including both software and hardware. In radiotherapy, the patient treatment 
workfow includes many complex tasks like patient image acquisition, segmentation of tumor target 
volumes and organs at risk (OARs), treatment planning, patient positioning and immobilization, 
treatment delivery, and post-treatment follow-up. Many of these tasks still require time-consuming 
manual input, despite technological advances. The technology-intensive nature of radiation oncol-
ogy and its reliance on digital data and human–machine interactions actually make AI particu-
larly suited to improve the accuracy and effciency of its clinical workfow. One good example is 
DL-based auto-segmentation. 

Target and OAR segmentation is particularly important for radiotherapy since precise and quan-
titative planning and assessment of the radiation dose needs to be delivered to the target and each 
OAR. Auto-segmentation has been a major research topic over the last several decades. Various 
technologies have been developed and tested, ranging from intensity thresholding and region grow-
ing, to active contours and level-sets, to probability-based and prior knowledge-based techniques. 
Among these, atlas-based auto-segmentation has become popular in recent years and has been 
implemented commercially and clinically. However, its success is still quite limited, according to 
feedback from clinicians and the extent of its deployment in clinical practice. The main complaint 
has been the lack of accuracy for some challenging organs, which requires tedious and time-con-
suming manual correction of the auto-segmentation results. 

In the last few years, DL-based auto-segmentation has shifted the paradigm in this important 
area of medical imaging and radiation oncology. It has achieved a performance better than any tra-
ditional methods and, on many tasks, comparable to human experts. Much work has been done on 
this topic, which has led to extensive publications and some commercial products. The three editors 
of this book are among the leaders of those research and commercialization efforts. At the 2017 
AAPM Annual Conference, the book’s editors, together with other colleagues, organized a grand 
challenge on thoracic auto-segmentation, which was a great success at the time. From this grand 
challenge, much has been learned about atlas-based and DL-based auto-segmentation for radiation 
oncology, which serves as a solid foundation for this book. 

Given the ongoing heated research efforts and the emerging clinical implementation, now is 
the perfect time for this book. The book is well organized and balanced with three major sections: 
atlas-based technologies, DL-based technologies, and clinical implementation issues. The editors 
are very experienced and can ensure the quality of the book. Anyone who is interested in research 
in and the clinical use of image auto-segmentation for radiation oncology should read this book. 

Steve Jiang 
Vice Chair, Department of Radiation Oncology 

Director, Medical Artifcial Intelligence and Automation Laboratory 
University of Texas Southwestern Medical Center 
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1.1 INTRODUCTION 

In the past two decades, the advancement in radiation therapy has allowed delivery of radiation to 
the treatment target with optimized spatial dose distribution that minimizes radiation toxicity to the 
adjacent normal tissues [1, 2]. In particular, with the advent of intensity modulated radiation therapy 
(IMRT) [1], fast and accurate delineation of targets and concerned organs at risk (OARs) from com-
puted tomography (CT) images is extremely important for treatment planning in order to achieve a 
favorable dose distribution for treatment. Traditionally, these structures are manually delineated by 
clinicians. This manual delineation is time-consuming, labor intensive, and often subject to inter- 
and intra-observer variability [3, 4]. With the technology development in medical imaging comput-
ing, as well as the availability of more and more curated image and contour data, auto-segmentation 
has become increasingly available and important in radiation oncology to provide fast and accurate 
contour delineation in recent years. More and more auto-segmentation tools have been gradually 
used in routine clinical practice. 

1.2 EVOLUTION OF AUTO-SEGMENTATION 

The improvement in the performance of auto-segmentation algorithms has evolved alongside the 
capability of the algorithms to use prior knowledge for new segmentation tasks [5]. In the early 
stages of development, limited by the computer power and the availability of segmented data, most 
segmentation techniques used no or little prior knowledge, relying on the developer to encode 
their belief in what would provide good segmentation. These methods are referred to as low-level 
segmentation approaches. Methods include intensity thresholding, region growing, and heuristic 
edge detection algorithms [6–8]. More advanced techniques were developed in an attempt to avoid 
heuristic approaches leading to the introduction of uncertainty models and optimization methods. 
Region-based techniques, such as active contours, level-sets, graph cuts, and watershed algorithms, 
have been used in medical imaging auto-segmentation [9–12]. Probability-based auto-segmentation 
techniques, such as Gaussian mixture models, clustering, k-nearest neighbor, and Bayesian classi-
fers, rose in popularity with the turn of the century thanks to the availability of higher computing 
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power [13, 14]. These techniques employ a limited quantity of prior knowledge in the form of statis-
tical information about each organ’s appearance acquired from example images. 

In the last two decades, a large amount of exploratory work has been invested in making better 
use of prior knowledge, such as shape and appearance characteristics of anatomical structures, to 
compensate for insuffcient soft tissue contrast of CT data which prevents accurate boundary defni-
tion using low-level segmentation methods. The approaches can be grouped as (multi)atlas-based 
segmentation, model-based segmentation, and machine learning-based segmentation [15], taking 
into account prior knowledge using differing techniques and to differing extents. 

Single atlas-based segmentation uses one reference image, referred to as an atlas, in which struc-
tures of interest are already segmented, as prior knowledge for new segmentation tasks [16]. The 
segmentation of a new patient image relies on deformable registration, fnding the transformation 
between the atlas and the patient image to map the contours from the atlas to the patient image. 
Various deformable registration algorithms have been used for this purpose [17–22], with intensity-
based algorithms being popular to achieve full automation. The segmentation performance largely 
depends on the performance of deformable registration, which, in turn, depends on the similarity 
of the morphology of organs of interest between the atlas and the new image. To achieve good 
segmentation results, varied atlas selection strategies have been proposed [23–29]. Alternatively, 
using an atlas that refects the anatomy of an average patient can potentially improve segmentation 
performance [30, 31]. 

Atlas-based segmentation is also impacted by the inter-subject variability since inaccurate con-
touring in the atlas will be propagated to the patient image. Instead of using a single atlas, multi-
atlas approaches use a number of atlases (normally around ten) as prior knowledge for segmentation 
of new images [32–37]. Similar to single atlas-based approaches, deformable registration is used to 
map atlas contours from each atlas to the patient image. Then an additional step, frequently referred 
as to label/contour fusion, is performed to combine the individual segmentations from each atlas to 
produce a fnal segmentation that is the best estimate of the true segmentation [29, 38–41]. Multi-
atlas segmentation has been shown to minimize the effects of inter-subject variability and improve 
segmentation accuracy over single atlas approaches. In the past decade, multi-atlas segmentation 
has been one of the most effective segmentation approaches in different grand challenges [42–44]. 
This approach has been validated for clinical radiation oncology applications in contouring nor-
mal head and neck tissue [45], cardiac substructures [46], and brachial plexus [34], among others. 
Commercial implementation of multi-atlas segmentation is also available from multiple vendors 
[15]. Part I of this book focuses on multi-atlas segmentation, particularly considering atlas selection 
strategies, deformation registration choice, and the impact of label/contour fusion. 

When more contoured images are available, characteristic variations in the shape or appear-
ance of structures of interest can be used for auto-segmentation. Statistical shape models (SSM) 
or statistical appearance models (SAM) can model the normal range of shape or appearance using 
a training set of atlases. These approaches have the beneft, compared to atlas-based methods, of 
restricting the fnal segmentation results to anatomically plausible shapes described by the models 
[47]. Consequently, they have shown good performance where registration is poor, for example 
where there is limited contrast. However, model-based segmentation is less fexible to extreme ana-
tomical variation due to the limitation of specifc shapes characterized by the statistical models, 
particularly where the size and content of the training data are limited. In radiation oncology appli-
cations, model-based segmentation is mostly used for the segmentation of structures in the pelvic 
region [48–50]. 

To take better advantage of prior knowledge, without using data directly as in atlas-based con-
touring, general machine learning approaches have been used to offer greater fexibility over model-
based methods (although model-based methods are effectively limited-capacity machine learning 
models). Machine learning approaches can aid in segmentation by learning appropriate priors of 
organs shapes and image context and appearance for voxel classifcation [51–53]. Support vec-
tor machines and tree ensemble (i.e. random forests) algorithms have shown promising results in 
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thoracic, abdominal, and pelvic tumor and normal tissue segmentation [54–56]. These generally 
employ human-engineered features, usually derived from the image intensity histograms, and use 
large databases of patients as inputs to train the segmentation model. 

Deep learning is a specifc part of the broader feld of machine learning where algorithms are 
able to learn data representations on their own. More specifcally, deep learning uses artifcial neu-
ral networks with multiple (two or more) hidden layers (those between input and output layers) to 
learn features from a dataset by modeling complex non-linear relationships. The advancement of 
deep learning is attributed to the availability of more curated data, the advancement in computer 
power (e.g. Graphics Processing Unit (GPU) applications), and effcient algorithms. Previously, 
deep architectures were prone to model overftting; however, algorithmic advances over the past 
decade have allowed for the use of very deep architectures (100+ layers) to achieve “superhuman” 
performance in some tasks. Furthermore, the application of GPUs to speed up computations has 
allowed the feld to progress rapidly. 

Convolutional neural networks (CNN) are of particular interest in computer vision tasks (i.e. 
segmentation, detection, classifcation) as these learn the flters or kernels that were previously 
engineered for use in traditional approaches [57]. CNNs allow for the classifcation of each indi-
vidual pixel in the image; however, this becomes computationally expensive as the same convolu-
tions are computed several times due to the large overlap between input patches from neighboring 
pixels. Fully convolutional networks (FCNs), introduced by Long et  al. [58], overcome the loss 
of spatial information resulting from the implementation of fully connected layers as fnal layers 
of classifcation CNNs. Most FCNs used for medical image segmentation are based on 2D or 3D 
variants of successful methods adapted from computer vision. Improvements in 3D convolution 
computation effciency and hardware, in particular the fast increase in available GPU memory, have 
enabled the extension of these methods to 3D imaging. The most popular medical image segmenta-
tion FCN architecture is the U-net and its variants [59–61]. In more recent grand challenges, deep 
learning-based segmentation approaches have been the most powerful and dominant segmentation 
approaches [44, 62]. Part II of this book focuses on deep learning-based auto-segmentation, consid-
ering a range of topics including architecture design and selection, loss function choice, and data 
augmentation methods. 

1.3 EVALUATION OF AUTO-SEGMENTATION 

Although auto-segmentation algorithms have been available for more than two decades, clinical 
use of auto-segmentation is limited. This is partly due to the lack of an effective approach for their 
evaluation, and a perception that auto-segmentation is of lower quality than human segmentation. In 
recent years, the concept of a “grand challenge” has emerged as an unbiased and effective approach 
for evaluating different segmentation approaches [42–44]. In a grand challenge, the participants are 
invited to evaluate their algorithms using a common benchmark dataset, with the algorithm perfor-
mance being scored by an impartial third party. This framework allows the different segmentation 
approaches to be evaluated more evenly and reduces the risk of evaluation error due to overftting to 
test cases and allows direct comparison of methods. Grand challenges attract some of the best aca-
demic and industrial researchers in the feld. The competition is friendly and stimulates scientifc 
discussion among participants, potentially leading to new ideas and collaboration. 

This book was inspired by the 2017 AAPM Thoracic Auto-segmentation Challenge held as an 
event of the 2017 Annual Meeting of American Association of Physicists in Medicine (AAPM) [44]. 
This grand challenge invited participants from around the globe to apply their algorithms to perform 
auto-segmentation of OARs from real patient CT images collected from a variety of institutions. 
The organs to be segmented were the esophagus, heart, lung, and spinal cord. The grand challenge 
consisted of two phases: an offine contest and an online contest. The offine contest was conducted 
in advance of the AAPM 2017 Annual Meeting. The training data consisted of planning CT scans 
from 36 different patients with curated contours. These were made available to the participants 
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prior to the offine contest through The Cancer Imaging Archive (TCIA) [63]. The participants 
were given one month to train or refne their algorithms using the training data. An additional 12 
test cases were distributed to the participants, without contours, for the offine contest. Participants 
were given three weeks to process these test cases with their algorithms and submit the segmenta-
tion results to the grand challenge website (http://autocontouringchallenge.org). The segmentations 
were then evaluated by the organizers of the grand challenge. More than 100 participants registered 
on the challenge website by the time the offine contest concluded, and 11 participants submitted 
their offine results to the contest. Seven participants from the offine contest participated in the 
online challenge with three remote and four on-site participants. The online contest was held at the 
AAPM 2017 Annual Meeting and was followed by a symposium focusing on the challenge. During 
the online contest, the participants had two hours to process 12 previously unseen test cases. The 
segmentations were evaluated by the organizers and the challenge results were announced at the 
symposium the day after the online competition. This grand challenge provided a unique opportu-
nity for participants to compare their automatic segmentation algorithms with those of others from 
academia, industry, and government in a structured, direct way using the same datasets. All online 
challenge participants were invited to contribute a chapter to this book (although not all chose to 
do so) addressing a specifc strength of their segmentation algorithms. All chapter authors were 
encouraged to use the same common benchmark dataset to demonstrate the aspects of the methods 
in a consistent manner. 

1.4 BENCHMARK DATASET 

The benchmark dataset used throughout this book was curated for the 2017 AAPM Thoracic Auto-
segmentation Challenge. This dataset consists of CT scans with manually drawn contours for use in 
testing normal thoracic tissue auto-segmentation. These scans were acquired for treatment planning 
purposes, with each patient in the treatment planning position using cradles for immobilization. 
The image quality is suffcient for contouring both tumors and organs at risk for treatment plan-
ning. The dataset consists of treatment-simulation CT scans obtained before radiotherapy from 60 
patients with thoracic cancer together with manually drawn OAR contours. Scans were obtained 
from three institutions: the MD Anderson Cancer Center (MDACC), the Memorial Sloan-Kettering 
Cancer Center (MSKCC), and the Stichting Maastricht Radiation Oncology (MAASTRO) clinic. 
Each institution provided images from 20 patients acquired according to local institutional protocol, 
including the mean intensity projection from four-dimensional CT (4D CT) scans, the exhale phase 
from 4D CT scans, and free-breathing CT scans. The datasets were divided into three groups, con-
sisting of 36 training cases, 12 offine test cases, and 12 online test cases. Each group contained an 
equal distribution of cases from each institution. All CT scans covered the entire thoracic region. 
Scans from patients with collapsed lungs or with the esophagus terminating superior to the lower 
lobes of lungs were excluded. The median patient age was 70 years (range 37–92 years) at the time 
of CT scanning; 33 patients (55%) were men and 27 (45%) were women. All scans had a feld of view 
of 50 cm and a reconstruction matrix of 512 × 512 pixels. Slice spacing varied between institutions: 
1 mm (MSKCC), 2.5 mm (MDACC), and 3 mm (MAASTRO). All CT scans covered the entire 
thoracic region. 

Manually drawn contours were collected from clinical treatment plans from all three institutions 
for this dataset. Contours of the following structures were included: left and right lungs, esophagus, 
heart, and spinal cord. The clinical contours were quality checked and edited to adhere to Radiation 
Therapy Oncology Group (RTOG) contouring guidelines, RTOG-1106, [64, 65] as closely as pos-
sible. The editing specifcally did not remove inter-institutional variability in the original contours. 
The dataset was expected to include several areas of inconsistency representative of clinical prac-
tice. These anatomic structures were selected because they are important organs at risk in radiother-
apy treatment planning and are of particular interest in plan evaluation. The spinal cord is a critical 
organ that must be protected from excessive doses to prevent permanent injury. Radiation-induced 

http://autocontouringchallenge.org
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FIGURE 1.1 Axial (top row), sagittal (middle row), and coronal (bottom row) views of contoured organs for 
three patients (left lung [light blue], right lung [dark blue], esophagus [green], heart [pink], spinal cord [red]), 
each from a different institution. 

cardiac toxicity and mortality is an important concern for dose escalation in lung cancer radio-
therapy [66–68]. Further, higher dose to the lungs is known to be associated with higher risk of 
radiation-induced pneumonitis [69], and higher dose to the esophagus with higher risk of radiation-
induced esophagitis [70]. Manual contours from three patients, one from each institution, are shown 
in Figure 1.1. Volume statistics for these structures in all 60 patients are shown in Table 1.1. This 
benchmark dataset is publicly available through TCIA [71]. Further description of the image data 
acquisition and the use of the benchmark dataset can be found in Yang et al. [72]. 

1.5 CLINICAL IMPLEMENTATION CONCERNS 

Commercial auto-segmentation systems have been available for more than ten years. However, 
their routine clinical use is still very limited, mainly due to the following two reasons: poor qual-
ity of results and poor workfow integration. While varied clinical studies have shown that auto-
segmentation can reduce contouring time [68, 73–75], such studies often exclude cases with large 
abnormalities. Thus, although time may be saved in routine clinical practice for many cases, even 
a moderate number of “failure” cases that require more time to edit than would be required for 
manual contouring can lead to frustration and discontinuation of use by the clinical end-user. 
Additionally, some existing solutions may suffer from poor workfow integration; any additional 
demands on clinical users to navigate menus, to select, or to wait for auto-segmentation can be 
perceived as an additional time burden compared with manual contouring that outweighs any 
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TABLE 1.1 
Volume Statistics for the Contoured Structures on CT Scans from All 
60 Patients. SD, Standard Deviation 

Minimum Maximum Median Mean Standard 
volume, cm3 volume, cm3 volume, cm3 volume, cm3 deviation 

Left lung 128.1 4091.0 1564.1 1644.8 724.3 

Right lung 892.4 3565.8 1910.2 2026.1 598.8 

Esophagus 29.8 100.9 47.1 49.1 13.2 

Heart 457.0 1352.2 741.0 772.5 196.4 

Spinal cord 31.8 109.6 72.1 72.8 17.9 

perceived beneft. Furthermore, most manual contouring tools are better suited to initial manual 
contouring than they are to editing of auto-generated structures. This, in turn, can lead to a poor 
perception of auto-segmentation, even if it is the editing tools that are the limiting factor rather 
than the auto-segmentation itself. 

Another limiting factor for the clinical use of auto-segmentation has been the lack of a formal 
commissioning guideline. One important component of commissioning an auto-segmentation tool 
is the benchmark dataset. Anatomical sites, ground truth contours, extreme pathological cases, 
uncommon clinical setups, or degraded image quality could all affect the auto-segmentation 
accuracy. Public availability of benchmark datasets is often limited, and curation of benchmark 
datasets often needs extended time and follows a standard guideline. Another important compo-
nent of commissioning is to objectively evaluate the performance of an auto-segmentation tool. 
Quantitative measures such as Dice, mean surface distance, or Hausdorff distance are often used 
as a gold standard. However, it has been observed that there is only weak correlation between 
such quantitative assessment and the time needed to edit contours to a clinically acceptable stan-
dard [76], and this quantitative assessment is greatly affected by inter-observer agreement [44, 
77]. There is a need for a standard guideline in using quantitative metrics correctly for objec-
tive evaluation. Part III of this book will focus on addressing the clinical implementation con-
cerns, including a commissioning guideline, data curation challenges, and objective evaluation 
of auto-segmentation. 
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2.1 INTRODUCTION 

Atlases have been used to perform segmentation since the mid-1990s, with multi-atlas segmentation 
methods appearing ten years later. Most of the basic concepts were already understood in 2005 [1], 
and Iglesias and Sabuncu detail the history and development of this technique in their excellent sur-
vey [2]. An atlas is defned as an image with a segmentation, while a collection of atlases is referred 
to as an atlas database. A modern atlas-based segmentation implementation will typically follow 
the form of Figure 2.1. During atlas database creation, the atlases are pre-processed to improve 
algorithm speed and accuracy. When a query image arrives, one or more atlases are chosen from 
the atlas database. Each of these atlases is deformably registered to the query image. The algorithm 
may then choose to perform additional atlas selection at this time, by rejecting a subset of atlases 
after registration. The set of segmentations are then mapped onto the query image and combined 
into a single segmentation through a process known as label fusion. Finally, modern algorithms 
will generally choose to perform post-processing on the label fusion output to achieve a fnal result. 

Each algorithm step is subject to myriad design choices, with complex relationships between them. 
This chapter will briefy survey each major component of the multi-atlas segmentation pipeline. 

2.2 DATABASE CONSTRUCTION 

Despite its importance, relatively little is known about the art of atlas database construction. There 
are many major questions an architect must answer, such as database size, image quality, segmenta-
tion quality, image pre-alignment, and image resampling. It is generally believed that larger data-
bases are better, and databases in size of up to several hundreds of cases are feasible [3, 4]. However, 
there are arguments that increasing the database beyond one hundred or so atlases might come with 
little beneft [5]. It is also possible to reduce database size while maintaining atlas diversity through 
clustering. Because this operation can be performed before creating ground truth segmentation, this 
can lead to a higher quality database for the same manual effort [6]. 

There is little research on the effect of image quality on atlas-base segmentation, but it is widely 
believed that atlas image quality should match the quality of the query images. There are many 
aspects to image quality: slice thickness, longitudinal and transaxial feld of view, presence of 
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FIGURE 2.1 Most multi-atlas segmentation methods proceed in sequence through database creation, offine 
atlas selection, atlas pre-selection, registration, atlas post-selection, label fusion, and post-processing. 

contrast, immobilization, truncation, metal artifacts, and more. There is a similar lack of research 
on the effect of segmentation quality within the database. However, there are community guidelines 
for maximizing the quality of the segmentation: adherence to professional standards, consensus 
results from multiple observers, and quality assurance. Furthermore, it is possible to perform statis-
tical analysis of segmentation results to detect outliers [7]. Unfortunately, the database designer must 
also consider the thorny questions of missing segmentations, segmentations that abut or intersect 
anatomic abnormalities, and segmentations that lie near the image boundary. Opinions are mixed 
as to whether these should be included as a means of database enrichment or should be excluded to 
prevent them from being selected inappropriately. Chapter 14 discusses additional concerns for data 
curation, albeit with a focus on deep learning methods 

Finally, while it is acknowledged that the atlas images should be pre-processed for application 
speed and accuracy, we know of no authoritative guidance on how this should be performed. It 
seems prudent to perform at least some form of rigid alignment of all atlas images to facilitate atlas 
selection, and if deformation metrics are also used for atlas selection, deformable registration should 
also be performed. It also seems prudent to crop the atlases to a region that captures the structures 
to be segmented. Of the large set of remaining pre-processing options, such as resampling, padding, 
masking, and intensity modifcation, these are left to each designer’s choices. Chapter 5 discusses 
some aspects of database pre-processing within a modern multi-atlas segmentation system. 

2.3 ATLAS SELECTION 

Atlas selection, the process of choosing a subset of atlas images from the database, is a well-studied, 
though not completely understood problem. There is evidence to support that atlas selection pro-
vides superior accuracy compared to choosing a random subset of atlas images [3], and it might 
even be superior to choosing all atlases [8]. When deciding which atlas selection method to use, 
it is important to consider also that atlas selection may be performed offine. For example, the 
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number of atlases to consider can be reduced using atlas clustering [9]. Online atlas selection may 
be performed after linear registration, after deformable registration, or after both. In the former 
case, intensity-based metrics, such as the sum of squared difference or normalized mutual infor-
mation are most common. In the latter case, deformation metrics may also be used [10]. There are 
few concrete guidelines as to the optimal number of atlases to choose, so this parameter is usually 
determined empirically. Chapter 3 contains a thorough introduction to this topic. 

2.4 QUERY IMAGE REGISTRATION 

Almost all multi-atlas segmentation methods use deformable registration to match each selected 
atlas with the query image. It is usually assumed that these registrations must be high quality, or at 
least high quality on average. However, one or two low quality registrations may be tolerated if they 
are dominated by high quality registrations. Because this is the most time-consuming step of the 
process, the algorithm designer must optimize this step for performance. 

Algorithm designers use a wide variety of registration methods, the details of which can be 
found in high quality literature surveys [11, 12]. There are many reasons for this: lack of consensus 
in benchmarking methodology, limited benchmark datasets, and algorithm variety and complexity. 
For example, an algorithm might be benchmarked by artifcially warping an image with the goal to 
recover the artifcial warp. However, this methodology is not universally accepted because it does 
not refect real-world problem domains. As another example, it seems most modern deformable 
registration software implements a variant of either the demons algorithm or the B-spline algorithm. 
The demons algorithm is a highly fexible algorithm and has numerous variants, such as standard 
demons [13], accelerated demons [14], symmetric demons [15], symmetric log-domain diffeomor-
phic demons [16], spectral log demons [17], and so on. Given that each variant has numerous tuning 
parameters, the barrier to experimental benchmarking is high. Nevertheless, Chapter 4 provides 
insight into several algorithm parameter choices for multi-atlas segmentation. 

2.5 LABEL FUSION 

After multiple atlases have been matched with the query image, label fusion is used to combine 
these multiple segmentations into a single segmentation. Rohlfng et al. describe the earliest fusion 
methods: (1) choosing the best scoring atlas, and (2) segmenting according to majority voting [18]. 
The frst of these, choosing the best scoring atlas, uses a registration metric such as intensity differ-
ence, and then segments the query image according to that atlas. As such, it can also be considered 
an atlas selection process. In the second of these, majority voting, each atlas votes for its preferred 
labeling for each voxel in the image. Then, after all atlases have voted, the label with the most votes 
wins. Majority voting was found to outperform other methods. 

An extension to majority voting is weighted majority voting, whereby the weights of each atlas 
are weighted by a similarity score. Generally, this similarity score is assigned on a per-voxel basis. 
Even a simple method such as weighting by intensity similarity usually outperforms majority vot-
ing [19]. Other metrics that can be considered include weighting by the local deformation Jacobian 
[20] or metrics that summarize similarity over a local neighborhood [21]. One popular method is 
to combine intensity similarity with a distance metric [22]. To construct the distance metric, a dis-
tance map is created from the structure, with higher weights given to voxels more interior and lower 
weights given to voxels more exterior. The highest possible weights are given to voxels with similar 
pixel intensities and are closest to the structure center. 

A third major category of fusion algorithms consists of statistical methods based on simultane-
ous truth and performance level estimation (STAPLE) algorithm [23]. While the original use of 
STAPLE was to create consensus segmentation from multiple human observers, one can easily 
see why it would be an attractive approach for multi-atlas segmentation. The core concept is to 
weigh the observations using a model of their performance and perform expectation maximization 
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to fnd a probabilistic estimate of the segmentation. One extension of this technique is the selec-
tive and iterative method for performance level estimation (SIMPLE), which iteratively performs 
performance estimation and atlas selection [24]. This approach is only one of many that performs 
post-registration selection integrated within the label fusion process. 

2.6 LABEL POST-PROCESSING 

It is generally wise to perform post-processing on a multi-atlas segmentation. Morphological opera-
tions such as dilation and erosion are commonly used to fll holes and remove islands. The degree 
to which this is necessary depends on algorithmic choices, especially depending on the choice of 
label fusion method. Alternatively, more sophisticated post-processing can be performed, using the 
output of the label fusion process as a starting point. For example, the label fusion probability map 
can be used to initialize a graph-cut algorithm [25] or a statistical shape model [26]. With suffcient 
training data, more extensive post-processing can be performed using classical machine learning 
[27], or deep learning architectures [28]. 

2.7 SUMMARY OF THIS PART OF THE BOOK 

This chapter provides a brief overview of the components of an atlas-based segmentation system, 
and the design choices faced in developing one. The remainder of this part of the book explores 
some of these aspects in more depth and provides tangible examples of the 2017 AAPM Thoracic 
Auto-segmentation Challenge data. Chapter 3 provides a comprehensive review of the atlas selection 
process, while Chapter 4 presents the tradeoffs in image registration parameter selection. Chapter 5 
demonstrates the design of a modern multi-atlas implementation and its application to the head 
and neck and to the 2017 AAPM Thoracic Auto-segmentation Challenge datasets. Beyond atlas-
segmentation, the third part of the book considers more general aspects related to auto-segmentation 
that are applicable to atlas-based method. Data curation is considered in Chapter 14 and the assess-
ment of auto-contouring is reviewed in Chapter 15. 
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Image-based atlas selection has been used for more than two decades as an approach to improve 
atlas-based auto-contouring. Most published investigations have shown some level of improvement 
in the performance of auto-contouring over the random selection of atlases when using image-based 
selection. In this chapter, the published research into atlas-selection is reviewed, asking the question, 
“How close are we to optimal atlas selection?” An experiment is presented that assesses the most 
common approach to atlas selection – ranking similarity based on normalized mutual information 
(NMI) between the atlas and the test case – using the 2017 AAPM Thoracic Auto-segmentation 
Challenge data. In phrasing the evaluation with respect to optimality, it is seen that while there is 
some improvement in auto-contouring performance, atlas selection is far from optimal. 

3.1 MOTIVATION FOR ATLAS SELECTION 

The primary assumption of atlas-based contouring is that the anatomy of the person represented 
in the atlas is the same as that represented by the patient case to be contoured. While the majority 
of people are broadly anatomically similar, there is substantial diversity in size between subjects. 
Furthermore, there will be differences in position between patients when being imaged, leading to 
differences in image appearance. Therefore, deformable image registration is used to account for 
differences in size and positioning between subjects. However, deformable image registration is not 
perfect, and it is generally accepted that the less deformation that is required, the better the cor-
respondence between images will be. Thus, it has been proposed that selecting an atlas that is more 
similar in appearance to the patient, thereby minimizing the deformation required, will result in a 
lower registration error and better atlas-segmentation performance than using an atlas that differs 
substantially from the patient in position or anatomy. 

Exploring this in more depth, it is understood that deformable image registration is being used to 
account for differences in size and positioning between subjects. Yet, deformable image registration 
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itself has no knowledge of anatomy and the goal of image registration is to map one image to 
another such that the appearance is the same. If taking this objective to the extreme, the optimum 
image similarity can be achieved by intensity sorting; the intensities of voxels in each image are put 
into ordered lists. Corresponding voxels would then be determined by the position in the ordered 
list, known as the “Completely Useless Registration Algorithm” [1]. The moving image can thus be 
deformed to match the fxed image, yet the deformation feld and deformed image resulting from 
such a mapping are anatomically nonsense. Thus, deformable registration must be constrained by 
a regularizer to prevent non-meaningful correspondence. Neighboring voxels are expected to move 
in a similar way. However, this same regularizer can prevent fne scale alignment. So, while it is 
true that at a large scale the majority of patients (of the same sex) are anatomically similar, e.g. all 
patients will have a heart, and for most patients the heart lies to the left, at fner scales there are 
anatomical variations that may not adequately be addressed by deformable registration. 

By way of example, take the degree to which the heart varies in position from patient to patient 
towards the left, as illustrated in Figure 3.1 for cases Train-S3-011 and Test-S3-102 from the tho-
racic challenge. Firstly, to anatomically match the heart from the training case, Train-S3-011, which 
could be used as an atlas to the test case, Test-S3-102, the heart must be moved further to the left. 
However, in the training case there is lung tissue between the heart and the ribcage that is not pres-
ent in that location in the test case. Whether anatomically correct or not, this lung tissue must be 
pushed cranially to be out of the way. However, the organs below these regions of lung must not 

FIGURE 3.1 Cases Train-S3-011 (left) and Test-S3-102 (right) from the LSTSC. While the patients are ana-
tomically the same, the position of the anatomy varies from subject to subject. Note particularly the difference 
in location, and orientation of the heart. 
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move cranially, nor the ribs towards the right. This anatomical difference between the patients 
cannot be overcome by a constrained registration. This is demonstrated in Figure 3.2 where the 
contours from Train-S3-011 have been propagated to Test-S3-102 following deformable registra-
tion. The left lung of the test case is reasonably well segmented on the coronal image shown using 
this particular image registration. Yet, to do so the regularizer of the deformable registration has 
dragged the caudal heart contour cranially, leading to a poor segmentation. In the axial view, the 
regularizer has prevented the heart moving left, leading to the lung contour going through the heart. 
While sliding boundary approaches have been proposed to allow for some relative organ motion, 
these still assume a one-to-one anatomical correspondence that may not be appropriate for inter-
subject registration. 

Since deformable image registration struggles to overcome signifcant anatomical differences, it 
can be expected that if a more anatomically similar atlas is used then the registration, and conse-
quently the contouring, would be better. Taking an extreme example again, if the images/anatomy 
are identical then there is no registration to do and the contouring should be perfect. In practice, it 
is observed that re-contouring using a previous time point of the same patient in a different position 
results in better auto-contouring than using an atlas based on a different person. This is illustrated 
in Figure 3.3, where re-contouring and atlas-based contouring are shown. In this fgure the anterior 
aspect of the heart and the posterior boundary of the right lung show degradation in contour quality 
for atlas contouring (bottom) but are well contoured when using the same patient (top). Therefore, 

FIGURE 3.2 Failure of atlas contouring resulting from anatomical variations. LSTSC-Test-S3-102 (right) 
has been contoured following deformable registration with LSTSC-Train-S3-011 (right). Note the incorrect 
contouring of the heart. 
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FIGURE 3.3 Comparison of re-contouring with the same patient (top) and atlas contouring with a differ-
ent subject (bottom). In each case the contours on the left have been mapped to the image on the right using 
deformable image registration. Note, the performance of atlas contouring at the posterior of the lung and left 
anterior of the heart is worse compared to re-contouring. 

atlas selection has been proposed as a method to improve atlas-based auto-contouring, whereby an 
atlas (or atlases) is selected from a larger pool of available atlases with the intent that the selected 
atlas(es) is more anatomically similar to the patient. 

Following this line of thought, if a more similar atlas will result in better contouring perfor-
mance, then the larger the size of the database of atlases, the higher the expected performance 
for atlas contouring will be. Thus, atlas contouring may be suffcient to “solve” auto-contouring 
in radiotherapy if a large enough pool of atlases is created. This line of thinking was explored by 
Schipaanboord et al. [2], who used extreme value theory to predict the performance of atlas-based 
contouring in radiotherapy assuming a database size of 5000 atlases in the presence of perfect 
atlas selection. They concluded that such a database could yield performance equivalent to clinical 
variation. 

3.2 METHODS OF ATLAS SELECTION 

In this section the major directions in the evolution of atlas selection methods are recapped. This 
is not intended as a comprehensive review, but to introduce the directions taken and the evidence 
of effcacy presented. Table 3.1 presents a more complete, but not necessarily exhaustive, list of 
studies proposing or evaluating atlas selection methods. This list is not restricted to radiotherapy 
since much of the work in this area has been in the context of neurology. Nevertheless, the methods 
proposed are generally not specifc to the domain of clinical application. 

Atlas selection appears to have been proposed frst by Rohlfng et al. [3], who considered the 
impact of atlas choice in segmentation of bee brain images on a database of 20 images. Preceding 
work had focused either on choosing an arbitrary image as an atlas or averaging multiple atlases to 
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TABLE 3.1 
Studies Proposing or Evaluating Atlas Selection 

Reference Year Method Organs # 

Rohlfng et al. [3] 2004 Global NMI, DVF after affne, DIR Bee brain 20 

Wu et al. [6] 2007 Local NMI after DIR Brain 22 

Commowick et al. [5] 2007 Local DVF wrt template after DIR Head and neck 45 

Klein et al. [29] 2008 Global NMI after DIR Prostate 88 

Aljabar et al. [9] 2009 Local NMI wrt template after affne Brain 275 

Sabuncu et al. [30] 2009 GMM of templates using ML + Generalized EM Brain 50 

Išgum et al. [31] 2009 Sequential forward selection on Jaccard index Heart and aorta 29 

Gorthi et al. [19] 2010 Global MSE after affne Parotids 18 

Langerak et al. [10] 2010 Selection based on an estimated DSC Prostate 100 

Lötjönen et al. [21] 2010 Local NMI wrt template(s) after affne, DIR Brain 78 

Ramus et al. [32] 2010 Local DVF wrt template after DIR Head and neck 105 

van Rikxoort et al. [33] 2010 Global and local MAD after affne Heart/caudate nuc. 29/39 

Wolz et al. [13] 2010 MD of local NMI wrt template after DIR Hippocampus 826 

Yang et al. [34] 2010 CC features from local PCA features Parotids 18 

Cao et al. [12] 2011 MD of local intensities after DIR Prostate 40 

Dowling et al. [35] 2011 NMI after DIR Prostate 50 

Akinyemi et al. [7] 2012 Offine selection and local CC Heart/kidney 21/24 

Hoang-Duc et al. [14] 2013 MD of global DVF wrt template Hippocampus 826 

Langerack et al. [8] 2013 Clustering and selection based on DSC Prostate 200 

Wolz et al. [36] 2013 Intensity MSE based pre-selection Liver, spleen, pancreas, 150 
kidney 

Asman et al. [37] 2014 PCA appearance after group-wise rigid Spinal cord structures 67 

Raudaschl et al. [22] 2014 Correlation of NMI between all atlases Parotids 18 
after rigid 

Sanroma et al. [15] 2014 DSC regression-based HOG after affne wrt Brain 183 
template 

Wang et al. [38] 2014 Graph-based clustering after DIR and selection Brain 35 

Asman et al. [39] 2015 AdaBoost on PCA appearance after affne Brain 3464 
wrt template 

Langerack et al. [40] 2015 Local selection based on estimated DSC Prostate 125 

Xu et al. [41] 2015 EM using GMM learned tissue prior 12 abdominal organs 100 

Yan et al. [42] 2015 MD on Intensities + label after DIR Prostate 60 

Zhao et al. [23] 2016 Metric distance learning on intensities in ROI Corpus callosum 200 

Karasawa et al. [43] 2017 Jaccard index or CC on vessel structures after Pancreas 150 
DIR 

Yang et al. [44] 2017 Intensity CC after rigid + KL divergence after Esophagus 66 
DIR 

Antonelli et al. [11] 2019 Local intensity CC after DIR + DSC overlap Prostate/left ventricle 190/45 

generate an average atlas representative of the middle of the population. In that work, they posed 
the question as to what the best approach is to choose an atlas. In addition to considering an arbi-
trary fxed atlas, they introduced the idea of selecting a similar atlas based on image similarity (in 
this instance NMI) after registration (both affne or deformable) or on the basis of the degree of 
deformation required to match the atlas to the image. First, they established image similarity after 
deformable image registration as the best measure of similarity by evaluation of the Similarity 
Index (SI in Figure 3.4) – a measure now better known as the Dice Similarity Coeffcient (DSC) – 
following atlas registration using a leave-one-out validation. Subsequently, as shown in Figure 3.4, 
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FIGURE 3.4 Atlas selection strategies investigated by Rohlfng et al. Similar images (SIM) outperformed an 
arbitrary individual atlas (IND) or an average atlas (AVG). 

it was further demonstrated that this selection method (SIM) outperformed using a fxed single atlas 
(IND) or an average atlas (AVG). 

Further to this, the study investigated the range of possible performance, looking both at the best 
and worst achievable selection using either a fxed atlas or atlas selection. A leave-one-out strategy 
was adopted for this whereby each image in turn was used as the fxed atlas to segment the remain-
ing raw images and the best and worst results found assuming a fxed single atlas for all test cases. 
At the same time, the best and worse results possible were evaluated assuming that the atlas could 
be selected for each test image. This was illustrated against the observed performance, as shown in 
Figure 3.5. It was found that the observed performance is close to the best achievable (Best SIM), 
i.e. using the atlas that results in the best SI rather than selecting on the basis of the image similarity 
(SIM), and that image similarity-based selection outperformed the best possible fxed atlas. Finally, 
it is observed from Figure 3.4 that the fusion of results from multiple atlases (MUL) using the 
approach, presented in another study by Rolfhing et al. [4], results in better performance than any 
of the selection methods presented. The multiple atlas fusion approach took all 19 remaining atlases 
and fused their resulting segmentations in the space of the test image. 

The approach to atlas selection taken by Rohlfng et al. of examining NMI between the atlas 
and the test case following deformable image registration requires that registration is performed on 
the test case for every atlas. While this is computationally tractable for low numbers (like the 20 
examples used in their experiment), it may quickly become unhelpful for use in clinical practice as 
the length of time required to select the atlas scales linearly with the number of atlases. 

Commowick et  al. [5] recognized this challenge for the selection of atlases in the context of 
radiotherapy and sought to address it. For the purpose of selection, they defned the most similar 
atlas as the ones that required the least deformation to the patient image. For this to be calculated, 
each atlas had to be registered to the patient. This is illustrated in the right-hand side of Figure 3.6. 
This transformation is denoted as TAk ®P . Commowick et al. proposed to generate a fxed average 
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FIGURE 3.5 The range of performance with fxed and variable atlas selection strategies as reported by 
Rohlfng et al. 

FIGURE 3.6 Evaluation of similarity for each atlas requires registration to the patient (left). This can be 
made computationally more effcient by registration to a template (right). The registration of atlases to the 
template can be performed once offine. 

template image from the atlases. In doing so, all atlases would be registered to this template. This 
operation only needs to be performed once at the point of template creation. This transformation to 
the template is denoted as TAk ®M. Subsequently, each patient case can be registered to the template, 
TP→M. This is shown on the left-hand side of Figure 3.6. The key assumption is then made that: 

-1TAk ®P » TAk ®M TP M® 
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This approach of using an intermediate template allows the transformation for each atlas to be com-
puted once in an offine phase. Thus, only a single registration is required at the time of application 
to a patient. 

Since Commowick et al. were using the deformation as the measure of similarity, this similarity 
can be calculated directly following composition. If image similarity is to be used, then the images 
can be deformed using the composite deformations and calculated in patient space. Alternatively, 
the patient image and atlases can be deformed to the template space and the similarity calculated 
in this space, avoiding the need to perform composition and allowing the atlas deformation to be 
performed offine, further reducing the computational complexity. 

Only affne registration is evaluated in Commowick et al. [5], where the assumption that the 
composition of the transformation of the atlas to the template with the inverse of the transformation 
of the patient to the template is reasonable. Unfortunately, while the assumption seems reasonable 
for deformable registration, particularly diffeomorphic ones, no evidence is presented nor is it dem-
onstrated that it would result in the same selection for deformable registration. 

In reviewing the literature, care must be taken to distinguish templates used for selection, as in 
Commowick et al. [5], and the terminology used in neurology where the term template is used to 
refer to an average of a cluster of atlases used for segmenting the patient image, as in Wu et al. [6]. 
In the latter example, the selection of the template image is important as it is desirable to minimize 
the deformation TP→M to ensure a good mapping from the average atlas to the patient. Thus, selection 
of the template is equivalent to selection of an atlas in this context, rather than the template being 
used for computation effciency purposes. 

Perhaps closest to the neurology concept of a template is the idea of offine atlas selection, 
whereby atlases are clustered to fnd a subset that is more descriptive of the expected population. 
This offine selection can be performed prior to use, requiring no knowledge of the patient. Most 
commonly, offine methods employ contouring performance indices such as the DSC or the Jaccard 
metric to evaluate the atlas contouring performance in the training phase [7, 8]. Since offine selec-
tion does not consider the patient, it is limited in its potential performance, therefore it is not con-
sidered further in this chapter. 

Many of the investigations into atlas selection have considered a fairly low number of atlases. 
The frst larger scale studies were conducted by Aljabar et al. [9] who used 275 cases in a neurol-
ogy context. In this study, they researched the impact of selection on performance and compared 
image-based selection (NMI following affne registration) to selection based on the subject’s meta 
data (age, sex, etc.). First, they demonstrated that image-based selection resulted in improved per-
formance compared to random selection, as shown in Figure 3.7. For this, the performance of fusing 
20 selected atlases was compared to the results of fusion for 20 random atlases. A leave-one-out 
approach was adopted such that 275 results of selecting 20 atlases from the remaining database of 
274 atlases were considered. 

However, just because the performance improves does not demonstrate that the image-based 
measure is a very good surrogate of performance, rather that it is better than random. Aljabar et al. 
express the desired quality thus: “Given two atlases, A and B, it is desirable that similarity selec-
tion determines the better of A and B as a potential segmentation atlas for Q. This means that if 
sim(Q,A)>sim(Q,B) then atlas-based segmentation using atlas A should generate a more accurate 
segmentation of Q”. However, they caution that “Such a desirable property may, however, be con-
founded, for example by contrast differences or varying quality of the atlases or scan protocol”. 

Thus, they conducted a second experiment whereby the performance of atlases was assessed 
when ranked according to the image-similarity. For each subject, the atlases were ranked according 
to similarity and the performance was measured. Figure 3.8 shows the average performance over 
all 275 subjects for each rank plotted in order. These fgures show that the performance appears to 
correlate with the rank of the atlas according to its similarity measure, thus the image-similarity is 
a good surrogate of atlas contouring performance. Finally, they compared selection based on the age 
of the subject to image similarity-based selection. For age-based selection, the 20 atlases with the 
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FIGURE 3.7 Image-based selection using NMI following affne registration outperformed random selection 
when evaluated following fusion of 20 atlases. 

FIGURE 3.8 Average performance of atlases by rank according to the similarity measure. 

most similar subject age were selected and the resulting contours fused. Figure 3.9 shows the Dice 
differential between these methods of selection, with the subject plotted according to age. Image-
based selection appears to marginally outperform age-based selection for younger subjects, while 
the converse appears to be true for older subjects. 

Whereas image-based selection attempts to estimate the most similar atlases in order to actively 
select good atlases to generate a segmentation, Langerak et  al. took an alternative viewpoint of 
using the estimated performance to exclude poorly performing atlases [10]. In their approach all 
atlases are used to generate an estimated segmentation using label fusion. The performance of each 
atlas against this estimated contour can then be measured. Atlases which fail to meet a performance 
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FIGURE 3.9 Comparison of results between image-based selection and age-based selection, shown against 
age. A positive Dice difference indicates better performance for age-based selection. The subjects were 
divided into the three broad age groups and their results plotted with different markers. 

threshold are then excluded, and the consensus contour is re-estimated. This process is iterated 
until no further atlases are excluded. The authors note that the downside of this approach to select-
ing atlases is that all atlases must be registered to the patient image for the contour to be esti-
mated, making it computationally expensive. More recently, Antonelli et al. [11] have combined this 
approach with an initial image-based selection to reduce the number of atlases followed by a genetic 
algorithm to optimize the choice of atlases. 

The use of manifolds for selection, introduced in Cao et al. [12] for selection but used previously 
for propagation of labels across a database in Wolz et al. [13], in some respects has overlap with the 
use of a template for selection. Manifolds are higher dimensional spaces into which data is mapped 
to give it meaning. For example, measuring distances between cities using straight lines on a 2D 
map may have some meaning under the assumption that the earth is locally fat. However, such mea-
surement would not be correct if measuring between two distant points such as London and New 
York. Meaningful distances, in the sense that it is a path to be traveled on the earth’s surface, exist 
in a spherical manifold. Manifolds may assume that the space in which atlases lie is non-Euclidean, 
and therefore the similarity between atlases must be mapped using the manifold. However, mani-
folds have been built using the same underlying similarity measures, such as NMI [13] or the degree 
of deformation [14]. Manifold construction techniques, such as local linear embeddings, as used 
in Duc et al. [14], make the assumption that very similar atlases are similar both in Euclidean and 
manifold space. Therefore, assuming an atlas set suitably representative of the population such that 
the patient lies on the manifold near an atlas, it may be expected that the initial set of atlases selected 
for a patient projected into manifold space would be the same as those selected using the similarity 
measure directly. However, as additional atlases are selected further away from the new patient in 
similarity or manifold space, the differences in the selection space become more signifcant. This is 
seen in the fnding of Cao et al. [12], where the performance is similar for a low number of selected 
atlases (n < 15) whether doing direct selection or manifold-based selection. 
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Perhaps the most recent innovation in atlas selection is to assume that it is not known what consti-
tutes a similar atlas, but instead to attempt to learn which features are important. Sanroma et al. [15] 
used an offine training phase to learn a mapping between a high number of features to the perfor-
mance measure. In their study, 10,000 features generated using the Histogram of Oriented Gradients 
(HOG) were initially calculated. A function was trained to predict Dice similarity between image 
pairs using a subset of 1000 features found to be useful on the atlas database. Given a new patient, 
the features were calculated and pairwise comparison was performed with each atlas to estimate 
their performance for segmenting the patient. Atlases were then selected based on their estimated 
performance. However, performance was still found to be below optimal atlas selection. 

3.3 EVALUATION OF IMAGE-BASED ATLAS SELECTION 

While there has been a wealth of research looking at approaches to atlas selection, few have addressed 
the underlying assumption as to whether the image similarity measured is a good surrogate for con-
touring performance. Although it has been shown that the contouring performance is improved by 
using a more similar image, e.g. Aljabar et al. [9], other studies have called into question whether 
such image-based measures work well. In motivating learned image-based selection, Sanroma et al. 
[15] state, “However, the problem of atlas selection still remains unexplored. Traditionally, image 
similarity is used to select a set of atlases. Unfortunately, this heuristic criterion is not necessarily 
related to the fnal segmentation performance”. Furthermore, Ramus and Malandain [16] found 
greater correlation of image-based selection methods with random selection than with ground truth 
measures of contouring performance. Thus, the question remains as to whether image-based selec-
tion is a good method of atlas selection. This section mirrors the investigation of Schipaanboord 
et al. [17] in assessing how good image-based atlas selection is compared to the optimal, but uses 
the data from the Thoracic Contouring challenge [18] as an example. 

3.3.1 IMPLEMENTATION 

While the study by Schipaanboord et al. is valuable research using a large dataset, the use of pro-
prietary code in their experiments and the restricted access to the clinical dataset means that exact 
recreation of the results by others is impossible. To allow full reproducibility of this study and 
the fgures presented in this chapter, the Python code implementation has been made available on 
GitHub at: https://github.com/Auto-segmentation-in-Radiation-Oncology/Chapter-3. 

3.3.2 BRUTE-FORCE SEARCH 

First, the concept of an Oracle in order to be able to compare to optimal selection is introduced. 
The Oracle has perfect foreknowledge of the result of auto-contouring and is able to select atlases 
based on the resulting contouring performance. At the other end of the selection spectrum, there is 
Random selection whereby atlases are selected without any consideration of performance or simi-
larity. Where image-based selection lies between these two extremes needs to be assessed. 

In this experiment, the online test cases (patient IDs in the form LSTSC-Test-SX-2YY) are taken 
as patient cases. The training data (patient IDs in the form LSTSC-Train-SX-0YY) and the offine 
test cases (patient IDs in the form LSTSC-Test-SX-1YY) are used as atlases. In the challenge the 
offine test cases were not available to use as atlases as the contours were not provided. However, 
these are included as atlases to increase the size of the atlas pool now that these contours are 
available. 

A brute-force search approach is implemented where every atlas is used to contour every patient 
image. As noted previously, the use of templates and manifolds may optimize this search either 
in terms of effciency or projecting the similarity more appropriately far from the test patient. 
However, the underlying assumption remains the same. A brute-force search removes any impact 

https://github.com
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that the choice of template or manifold may have, ensuring that the best possible selection using 
the similarity measure is assessed. Image similarity measures (root mean square error of intensities 
[19] and NMI [3]) are computed after both rigid and deformable registration over the whole image. 
Furthermore, these image measures are computed for each organ within the deformed atlas contour 
following deformable registration, as a measure of local image similarity. These measures can be 
used for atlas selection based on image similarity. 

The contouring performance using each atlas is calculated against the “ground truth” contour for 
each patient case using the DSC [20] implemented using a voxel mask. DSC has been used in this 
instance as it is easy to compute, and necessary for comparison to previous publications. Additional, 
and perhaps more clinically relevant, measures are discussed in Chapter 15. The fnal DSC measure 
is deemed known to the Oracle for atlas selection. 

3.3.3 ATLAS SELECTION PERFORMANCE ASSESSMENT 

First using the results of selection, it is possible to produce a plot similar to Figure 3.8 following the 
work of Aljabar et al. [9]. Figure 3.10 shows the average DSC for all test cases plotted for atlases 
ranked according to NMI for the esophagus. Similar fgures can be produced for all organs in the 
challenge case. Such fgures suggest that there is broad correlation between the similarity measure 
(in this instance, NMI) and the performance (as measured by DSC). However, as with Aljabar et al. 
[9], this fgure shows average performance for the test cases. While this indicates that there is some 
beneft to be gained on average, it reveals nothing about the impact of selection on an individual case. 

Figure 3.11 shows the contouring performance for all individual cases when plotted against the 
atlas rank according to NMI for the esophagus. Each color in the fgure represents a different test 
case. Showing the data in this way reveals a much weaker correlation, suggesting that the perfor-
mance following selection may vary substantially. Thus, while on average the performance may be 
improved – for any particular case there is no guarantee of improved performance. 

FIGURE 3.10 Average contouring performance on the esophagus over all test cases by atlases ranked 
according to NMI. 
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FIGURE 3.11 Contouring performance of atlases ranked by NMI. Each color represents a different test case. 

Figure 3.7 also showed improvement (on average) against random atlas selection. A similar plot 
is shown in Figure 3.12 using the thoracic data for all six image-based selection measures imple-
mented. The average performance of the frst ten selected atlases is shown, rather than the result 
after contour fusion. The bars indicate the mean performance over all test cases, while the whiskers 
indicate the minimum and maximum observed performance over the 12 test cases. Ten atlases 
were selected, rather than 20 as in Figure 3.7, a result of the relatively low number of available 
atlases (n = 48) compared to Aljabar et al. [9] (n = 274). Figure 3.12 also includes the Oracle, in 
addition to random selection, for comparison with the best achievable performance. As with [9], it 
is observed that image-based selection methods perform on average better than random selection. 
However, it is noted that there is variation between subjects leading to large whiskers. Nevertheless, 
of some organs, image-based selection appears to perform close to the best achievable, as observed 
in Rohlfng et al. [3] and shown in Figure 3.5. 

So far there appears to be conficting information. Figure 3.10 and Figure 3.11 appear to sug-
gest selection that is better than random, but highly variable and unlikely to result in substantial 
performance gains, while Figure 3.12 suggests that performance close to the best achievable can 
be expected for some organs. To understand this, it is necessary to look at the rank of the selected 
atlases. Figure 3.13 shows the average rank of the ten selected atlases rather than their contouring 
performance. For the Oracle the mean rank is 5.5 for all test cases (atlases ranked 1 to 10 would 
be selected). For Random selection, a mean rank of around 24.5 would be expected, however this 
varies between cases and organs leading to the whiskers shown. The mean rank of atlases selected 
using the image-based measures ranges from around 12 to 22, with the whiskers extending this 
range for individual patients from around 6 to 36. In many cases the whiskers extend to a higher 
average rank than random showing that for some test cases selection has performed worse than 
might be expected with random selection. Therefore, this fgure strengthens what is observed in 
Figure 3.10 and Figure 3.11, that image-based selection is on average better than random, but highly 
variable and not robust. 
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FIGURE 3.12 Average performance following selection of the ten best atlases using various selection meth-
ods. The whiskers indicate minimum and maximum performance observed within the 12 test cases. The 
image similarity measures (NMI, RMSE) used for selection were calculated over the whole image following 
affne registration (Affne) and following deformable registration (Def). The measures used for selection were 
also calculated within the deformed atlas contour only following deformable registration (Local Def) to give 
a local measure of similarity. 

Next, performance with respect to atlas rank is considered. Figure 3.14 shows performance for each 
organ, averaged over the 12 test cases according to the Oracle’s ranking. The mean rank position for 
the ten selected atlases according to each selection method is indicated on the fgure. For the lungs and 
heart, where DSC is normally expected to be high, as they are larger organs, the performance curve 
is quite shallow except for approximately the last 20% of poorly performing atlases. Therefore, the 
performance improvement from atlas selection is expected to be small. Conversely, a performance 
close to the best achievable is still expected. However, for the esophagus and spinal cord, the impact 
of the choice of atlas is much greater. Here the image-based selection has a larger impact on perfor-
mance, but the gulf between the observed performance and the best achievable remains large. Thus, 
this fgure links the observations back to Figure 3.12, where it was observed that following selection 
some organs perform close to the best achievable, despite less than perfect atlas selection. Figure 3.14 
also highlights the need to achieve perfect atlas selection, if the promise of near-perfect contouring 
suggested in Schipaanboord et al. [2] is to be realized. It can be observed the contouring performance 
has a small but marked improvement for the best frst or second ranked atlases compared to even the 
third or fourth ranked ones. When searching for an atlas similar to the patient, there will only be a 
very tiny percentage of the atlas population that will constitute a very good match – thus placing high 
importance on an exceptional selection method to achieve exceptional contouring performance. 

3.3.4 DISCUSSION AND IMPLICATIONS FOR ATLAS SELECTION 

The study conducted above has a few notable limitations – particularly with respect to learnt simi-
larly measures. However, before these limitations are considered, what the study does show, rather 
than what it does not, should also be considered. 
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FIGURE 3.13 Average rank of ten selected atlases using various selection methods. The bar indicates the 
mean performance over the 12 test cases, while whiskers show the minimum and maximum performance. The 
image similarity measures (NMI, RMSE) used for selection were calculated over the whole image following 
affne registration (Affne) and following deformable registration (Def). The measures used for selection were 
also calculated within the deformed atlas contour only following deformable registration (Local Def) to give 
a local measure of similarity. 

FIGURE 3.14 Performance of the Oracle. Performance on all organs of atlases ranked by performance aver-
aged over all test cases. 
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TABLE 3.2 
Clinical Impact of Atlas Contouring and Atlas Selection 

Number Time Time 
Reference Anatomy of atlases saving (mins) saving (%) Selection method 

Teguh et al. [26] Head and neck 10 114 63 Online selection – mutual 
information following 
rigid registration 

Stapleford et al. [45] Head and neck 1 6 35 None 

Young et al. [27] Endometrial 15 9 26 Online selection – 
commercial software, 
using mutual information 

Gambacorta et al. [46] Rectal 4 13 34 None 

Hwee et al. [47] Prostate 75 3.4 19 Online selection – 
commercial software, no 
details given 

Lin et al. [48] Prostate 98 12 45 Stratifcation by bladder 
size, followed by online 
selection – commercial 
software, no details given 

Granberg et al. [49] Prostate 15 10 26 None 

Langmack et al. [50] Prostate 11 10.7 40 None 

Recapping, atlas selection was frst motived by Rohlfng et al. [3]. In Figure 3.4, it was seen that 
NMI-based selection outperformed the use of a single fxed atlas or an average atlas. The height for 
the bar chart represents the percentage of structures with a DSC higher than a particular threshold. 
While a greater percentage of structures are above a threshold of 0.7 for image-based selection 
than for the average atlas, it is seen that the conclusion would change as the threshold increases. 
An average atlas would outperform the similarity selected one at a threshold of 0.75 or greater. At 
a threshold of 0.85 the performance of a fxed atlas looks equivalent to a selected one. Therefore, 
the conclusion could be drawn that image-based selection is capable of increasing performance by 
rejecting poor performance at the lower end of the performance spectrum rather than improving it 
at the extreme. 

Rohlfng et al. also considered the best possible performance (the Oracle) and found that image 
similarity-based selection performed close to this, as shown in Figure 3.5. This is similar to the 
fnding in this study in Figure 3.12. However, it has been seen in this study that looking at perfor-
mance measures alone can be misleading in the evaluation of selection performance. The plot of 
performance against ranking (Figure 3.14) demonstrates the importance of understanding the per-
formance profle for a particular structure to evaluate how close selection is to optimal. 

While Rohlfng et al. considered performance against the optimum, very few subsequent studies 
have done so. The majority of studies choose to consider any improvement in contouring perfor-
mance with respect to some reference alternative, or just report the contouring performance of the 
method reported. Of the studies listed in Table 3.1 subsequent to Rohlfng et al. [3], only Lötjönen 
et al. [21], Akinyemi et al. [7], Raudaschl et al. [22], Sanroma et al. [15], Zhao et al. [23], and Zaffno 
et al. [24] consider performance with respect to the optimum. Furthermore, only Sanroma et al. [15] 
and Zhao et al. [23] consider performance in terms of rank rather than contouring performance, 
fnding that only about a third of the atlases selected using NMI would be considered relevant selec-
tions by rank. Thus, the focus of most studies is improving performance from the current state, 
without considering how much room for improvement exists. 
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3.3.5 LIMITATIONS 

The study presented has clear limitations, only considering simple image similarity measures for 
selection. However, it noted that only such basic atlas selection approaches have been implemented 
with clinical software [25]. 

While it is argued that this assessment adequately addresses the potential of template and manifold 
type approaches, this is not demonstrated. Conversely, no study has investigated the impact of these 
techniques with respect to optimal selection. Therefore, this remains an area for future exploration. 

Fusion of selected atlas contours is also not considered in this experiment, although it is touched 
on in Schipaanboord et al. [17]. Contour fusion has been repeatedly shown to result in improved 
contouring compared to single atlas segmentation, even in the extreme case [2], and therefore it is 
widely used. Yet, most atlas selection approaches ignore the subsequent fusion that is likely to take 
place, opting for a greedy atlas selection method, whereby the best atlases are individually chosen 
prior to generating the consensus. A better approach would be to choose the best set of atlases in 
combination [24], however this comes with a potentially prohibitive computational cost as database 
size increases. A recent contribution suggested exploring the large search space using a genetic 
algorithm to optimize the combinatorial selection [11], however, this approach has yet to be shown 
to result in an optimal selection. Zaffno et  al. [24] trained a neural network to predict perfor-
mance on groups of atlases, demonstrating that selection of a group equivalent to the single atlas 
oracle could be achieved – however, this was still below the performance of a group atlas oracle. 
Researching optimal combinatorial selection requires considerable computation, yet there could be 
substantial performance gains if an effcient method can be found that can be proven to be optimal, 
or near-optimal compared to an oracle-based selection. 

Approaches of atlas selection using machine learning selection have also not been considered in 
this chapter, on account of the range of implementation that could be adopted and the need for an 
additional training set. Such methods have shown promise compared to image-based selection, but 
the evidence to date is that these approaches still fall short of optimal atlas selection [15]. 

3.4 IMPACT OF ATLAS SELECTION ON CLINICAL PRACTICE 

There have been numerous studies investigating atlas-based contouring within the radiotherapy 
domain. Most of these studies only evaluate quantitative accuracy, yet a number have also consid-
ered the clinical impact with respect to contouring time. Table 3.2 shows studies where editing time 
has been investigated for atlas contouring. Although the atlas selection methods are not described in 
detail for commercial software, it is known that selection is being performed using mutual informa-
tion as a similarity criteria by some manufacturers [26, 27]. 

It can be observed in Table 3.2 that for the prostate there are two studies where larger numbers 
of atlases have been used together with atlas selection, and two with fewer atlases and no selection. 
However, the reported percentage time saving is similar regardless of the number of atlases or the 
use of selection. While timing was not investigated, Lee et al. [28] found no improvement in per-
formance using quantitative measures for a commercial system when increasing the size of an atlas 
database size from 20 to 100 atlases in steps of 20 atlases. Although that study only investigated two 
organs in the head and neck, these organs (mandible and thyroid) were chosen as laborious to draw 
but also represent organs with signifcant difference in contrast and appearance. Thus, the available 
evidence suggests that the selection methods implemented by some manufacturers have no impact 
on the resulting clinical workfow. 

3.5 SUMMARY AND RECOMMENDATIONS FOR FUTURE RESEARCH 

In this chapter the background to atlas selection has been reviewed, seeing that since the outset the 
underlying assumption has been that an atlas with a more similar image to the test case will have 
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better contouring performance than a less similar atlas. It was also seen that while there was some 
evidence to back up this assumption, it was not fully examined. An experiment was presented to 
test this assumption whereby a number of image-based atlas selection methods were evaluated and 
compared to perfect atlas selection. This study reveals that image-based methods fall some way 
short of perfect selection in terms of rank, and consequently atlas selection is having negligible 
impact in terms of clinical effciency. 

Notwithstanding this rather negative fnding, there is some cause for optimism. Works exploring 
learned similarity measures have also shown encouraging improvements [15] over the direct image-
based measures explored here, and the search for the optimum combination of atlases to generate 
the best consensus has only recently been considered [11, 24]. 

Schipaanboord et al., using extreme value theory, suggested that contouring performance equiv-
alent to clinical standards could be possible using a large atlas database in the presence of perfect 
atlas selection [2]. Thus, there is scope for signifcant gains to be made with further research into 
atlas selection. However, as demonstrated in this chapter methods proposed in the future should 
evaluate their performance not with respect to where they have come from (i.e. older reference 
implementations) but with respect to where they want to get to (i.e. perfect selection). 
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Registration is used for several purposes during multi-atlas segmentation. Atlases may be pre-
aligned using rigid or deformable registration, and online registration may be performed during atlas 
selection. Furthermore, all atlas-based methods rely on deformable registration to map atlases onto 
the target image and the accuracy of the segmentation depends, to a large degree, on the deformable 
registration strategy undertaken. This chapter examines the infuence of deformable registration 
parameter selection for two popular registration methods, the B-spline and demons algorithms. For 
B-spline methods, the effect of varying control point grid spacing, image subsampling rate, regular-
ization method, and its corresponding weights are studied. The effect of Gaussian kernel width used 
to smooth the displacement feld is explored for the demons algorithm. Experimental evaluation is 
performed on the Lung CT Segmentation Challenge (LCTSC) dataset. 

4.1 INTRODUCTION 

Deformable registration is one of the most important steps in the multi-atlas segmentation pipeline. 
One or more atlas images are registered to the image to be segmented, usually known as the query 
image, to create the segmentation. While it is widely acknowledged that deformable registration 
quality strongly infuences the fnal segmentation quality, there is no consensus on the best regis-
tration techniques, such as the best objective function or transformation model. Various objective 
functions are used, most commonly: mean squared error (MSE) or sum of squared difference (SSD) 
of image intensity, mutual information (MI), normalized mutual information (NMI), and correla-
tion coeffcient (CC). Similarly, various transformation models have also been proposed, including: 
B-splines, thin plate splines (TPS), displacement felds, and velocity felds. 

Several researchers have explored image registration approaches for atlas-based segmentation. 
Alven et al. presented a feature-based registration method which combines the information of the 
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entire atlas set and effciently fnds robust correspondences and transformations between the target 
and all the images in the atlas set [1]. Bai et. al. compared, in their work, the performance of four 
different image registration algorithms: affne, B-spline, free-form deformation, and large deforma-
tion diffeomorphic metric mapping (LDDMM). Their experiments found that the LDDMM regis-
tration algorithm worked best for the mouse brain image segmentation task [2]. Datteri et al. used 
the adaptive bases algorithm (ABA) with an NMI objective function for registration. ABA models 
the deformation feld as a linear combination of radial basis functions with fnite support [3]. Doshi 
et al. used the Advanced Normalization Tools (ANTs) registration toolkit for atlas registration [4]. 
Heckemann et al. compare the image registration toolkit (IRTK) [5], based on B-splines and maxi-
mizing the NMI, with an algorithm they termed multi-atlas propagation with enhanced registra-
tion (MAPER), which optimizes both image intensity and tissue classifcation. They found that the 
MAPER approach provides superior results for a brain segmentation task [6]. Lötjönen et al. intro-
duced a similarity metric based on intensity normalized images and compared it with NMI. They 
found a threefold reduction in the computation time with similar registration accuracy [7]. Sjöberg 
et al. compared a B-spline based method with a demons algorithm for registration strategy. No sig-
nifcant differences were reported [8]. Yeo et al. employed a generative model for the construction 
of a probabilistic atlas for joint registration and segmentation of images [9]. 

Previous works have largely considered the difference between registration methods. This chap-
ter explores parameter choices for the B-spline and demons algorithm for atlas-based segmentation. 
The Plastimatch multi-atlas-based segmentation (MABS) platform is used [10]. Because the lung 
cancer segmentation challenge data uses CT, only the MSE similarity metric is considered. The 
following subsections describe the deformable registration problem, the transformation models, and 
the similarity metric. 

4.1.1 DEFORMABLE REGISTRATION 

The goal of deformable image registration is to align two or more images into the same reference 
frame. Given a fxed image F with voxel coordinates θ = (x,y,z) and voxel intensities F(θ) = f and 
moving image M with voxel coordinates ϕ = (x′,y′,z′) and voxel intensities M(ϕ) = m, the two images 
are said to be registered when the cost function 

C = Y f ,m S n (4.1) å ( ) + ( )
qÎW 

is minimized with respect to a similarity metric ψ and regularization term S over the image overlap 
domain Ω under the coordinate mapping T(θ) = θ + v. Here, v is the dense displacement feld defned 
for every voxel θϵΩ, which maps from F to M. 

For a unimodal registration problem such as LCTSC, the MSE is an appropriate choice. The 
expression for MSE is given as: 

( f m)2 
-

Y f m) = , (4.2) ( , 
N 

where N is the number of voxels in Ω. 
Because deformable registration is an ill-posed problem, it is helpful to constrain the solution to 

the set of physically meaning transforms. Equation 4.1 achieves this through the use of a regular-
ization penalty term, where the smoothness S(v) is used to drive T toward smoother displacement 
felds. For this study, the use of curvature and third order regularizers, which are commonly used 
regularizers in deformable registration, are considered using the implementation within Plastimatch 
[11, 12]. It is considered that choosing correct regularizer weights is more important than the choice 
of regularizer type. 
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4.1.2 B-SPLINE REGISTRATION 

B-spline registration is a method of deformable image registration that uses B-spline functions to 
defne a continuous displacement feld that maps the voxels in one image to those in another image. 
B-spline interpolation yielding the x component of the vector feld for a voxel located at θ is 

3 3 3 

u pn qx ( ) = å å å bl ( )ux bm ( )uy bn ( )z x l, ,m n, (4.3) 
l=0 m=0 n=0 

where px is the B-spline coeffcient defning the x component of the displacement feld for one of 
the 64 control points that infuence the voxel. The βl, βm, and βn terms represent the uniform cubic 
B-spline basis function in the x, y, and z directions, respectively and ux, uy, and uz represent the nor-
malized voxel location relative to the control point locations [13]. 

4.1.3 DEMONS ALGORITHM 

The demons algorithm uses gradient information of a static fxed image in order to generate the 
demons force that deforms the moving image. Unlike the B-spline deformation model which inter-
polates the displacement vector feld based on the control point weights, the demons algorithm gen-
erates the displacement vector feld at each voxel. There are many different variants of the demons 
algorithm, including diffeomorphic and symmetric forms [14–16]. This investigation considers only 
the classic demons algorithm [17]. The vector feld at location θ in the moving image is solved itera-
tively by updating a displacement feld according to 

m f  fÑ( - )
n = 2 2 (4.4) 

Ñ + ( - )f  m f 

where ∇f is the gradient of the fxed image at voxel θ. At each iteration, an update to the displace-
ment feld is solved according to Equation 4.3. Between iterations, the displacement feld is updated 
by smoothing. 

4.2 PLASTIMATCH MABS IMPLEMENTATION DETAILS 

The Plastimatch MABS implementation of atlas-based segmentation was used for this study. 
Plastimatch is an open source software for image computation with focus on high-performance 
volumetric registration of medical images. The MABS workfow is divided into a training 
phase, where registration and segmentation parameters can be optimized, and the segmen-
tation phase which uses the optimized parameters to segment new cases. Both phases per-
form a sequence of operations: (1) data conversion (optional), (2) pre-alignment (optional), (3) 
atlas selection (optional), (4) image registration, and (5) voting. A confguration fle describes 
the parameters used for each operation [10]. The confguration settings used in this study are 
briefy described. 

Data Conversion: Digital Imaging and Communications in Medicine (DICOM) fles from the 
clinical scanners are converted into a compressed raw format to enable faster atlas fle loading. In 
this study, the DICOM fles were converted to the Nearly Raw Raster Data (NRRD) fle format. 
Similarly, DICOM-RT Structure Set fles containing the anatomical structures are rasterized into 
volumetric format using one fle for each structure. 

Pre-Alignment: The anatomical image within each atlas is pre-aligned to a randomly chosen 
reference image using rigid or affne transformation. The transformation is also applied to the struc-
ture images. In this study, the atlas images were pre-aligned to a reference image using the pre-
alignment step. 
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Atlas Selection: A subset of atlases can be selected for a given atlas based on image similarity or 
displacement feld metrics, such as NMI of the image intensities or mean-squared vector difference 
of the displacement feld. Atlas selection can also be performed randomly or using a precomputed 
ranking. Once the atlases are ranked, a fxed number of atlases can be selected, or a variable num-
ber of atlases that meet a threshold criterion can be selected. The atlas selection step is optional; if 
not selected all the atlases in the database will be used. In this study, NMI was used as the metric 
and the fve atlases with the highest NMI were selected. Chapter 3 explores atlas selection in more 
depth. 

Image Registration: Each atlas from the selected set is registered to the query atlas using deform-
able image registration. Multiple registration strategies can be compared during the training phase, 
and the best strategy is selected using exhaustive search. Details of the image registration used in 
this study are found in the next section. 

Voting: After the structures are warped into the reference of the query image, the fnal segmenta-
tions are generated through statistical algorithms. Plastimatch MABS supports Gaussian weighted 
(GW) and STAPLE as voting techniques. The voting parameters of either algorithm are specifed 
in the confguration fle and can be optimized during the training phase. In this study, Gaussian 
weighted voting was used, and voting parameters were optimized prior to investigating registration 
parameters. 

4.3 EVALUATION METRICS 

The Dice similarity coeffcient and 95% Hausdorff distance were used to quantify the accuracy 
of the segmented structures. These metrics are described in Chapter 15. In contrast to the imple-
mentation described in Chapter 15, evaluation was performed on voxelized segmentations using 
Plastimatch. To overcome inconsistencies in the superior and inferior extents of manual labeled 
tubular structures (spinal cord and esophagus), both these segmented structures and the ground 
truth structures were cropped at the superior and inferior borders by 10 mm with respect to the 
ground truth structures. 

The directed percent Hausdorff measure, for a percentile r, is the rth percentile distance over all 
distances from points in X to their closest point in Y. 

4.4 EXPERIMENTAL STEPS 

The LCTSC data [18], described in Chapter 1, was used for the experiments. The 36 training 
cases were used for optimizing the registration and atlas fusion parameters. The remaining 24 
offine and online test cases were used to evaluate accuracy. Four different deformable image 
registration strategies were carried out. The frst three strategies used the B-spline algorithm, 
and the last strategy used the demons algorithm. All strategies used multiple registration stages 
as shown in Table 4.3. The B-spline methods used fve stages and the demons algorithm used 
four stages. The frst two stages for all the strategies were rigid, followed by the deformable 
stages. Three different parameters were varied for the B-spline based model: (1) image sub-
sampling rate (Res) was varied within a range from 2 mm to 6 mm, (2) regularization weight 
and type (Reg) was varied between the curvature regularizer with weights from 0–100, and the 
third order regularizer with weights from 1–10, and (3) B-Spline grid spacing (GS) was varied 
within a range from 10 mm to 100 mm. For the last strategy (demons), the width of the Gaussian 
kernel used to smoothen the displacement feld was varied from 1 mm to 4 mm. The value 
ranges for each of these parameters were selected based on the authors’ prior experience with 
image registration. In order to narrow down the range of the parameters, a few experiments were 
run on a subset of atlases. Table 4.1 describes the acronyms used in the chapter. The fxed and 
constant parameters for all registration strategies are described in Tables 4.2 and 4.3. Only one 
parameter is varied for a given strategy, keeping all other parameters fxed. The fxed parameter 
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TABLE 4.1 
Acronyms Used for Each Parameter and 
Their Explanations 

Acronym Used in Text Explanation of Parameter 

Res Image sub-sampling rate 

Reg Regularization weight and type 

GS Grid spacing 

Demons Width of Gaussian kernel 

TABLE 4.2 
Parameters Varied for Each Registration Strategy 

Registration Stages 

Registration strategy Rigid-1 Rigid-2 Deformable-1 Deformable-2 Deformable-3 

Res 1 4 × 4 × 3 4 × 4 × 3 4 × 4 × 3 2 × 2 × 3 2 × 2 × 3 

Res 2 4 × 4 × 3 4 × 4 × 3 4 × 4 × 3 3 × 3 × 3 3 × 3 × 3 

Res 3 4 × 4 × 3 4 × 4 × 3 4 × 4 × 3 4 × 4 × 3 4 × 4 × 3 

Res 4 4 × 4 × 12 4 × 4 × 12 4 × 4 × 12 2 × 2 × 6 2 × 2 × 6 

Res 5 6 × 6 × 6 6 × 6 × 6 6 × 6 × 6 3 × 3 × 3 2 × 2 × 3 

Res 6 6 × 6 × 6 6 × 6 × 6 6 × 6 × 6 3 × 3 × 3 3 × 3 × 3 

Res 7 6 × 6 × 6 6 × 6 × 6 6 × 6 × 6 6 × 6 × 6 6 × 6 × 6 

Reg 0 NA NA Curvature 0 Curvature 0 Curvature 0 

Reg 1 NA NA Curvature 100 Curvature 1 Curvature 0.1 

Reg 2 NA NA Curvature 100 Curvature 10 Curvature 0.1 

Reg 3 NA NA Curvature 100 Curvature 10 Curvature 1 

Reg 4 NA NA Curvature 100 Curvature 100 Curvature 100 

Reg 5 NA NA Third order 100 Third order 10 Third order 1 

Reg 6 NA NA Third order 1000 Third order 10 Third order 1 

Reg 7 NA NA Third order 1000 Third order 100 Third order 1 

Reg 8 NA NA Third order 1000 Third order 100 Third order 10 

GS 1 NA NA 100 × 100 × 100 30 × 30 × 30 10 × 10 × 10 

GS 2 NA NA 100 × 100 × 100 30 × 30 × 30 20 × 20 × 20 

GS 3 NA NA 100 × 100 × 100 50 × 50 × 50 10 × 10 × 10 

GS 4 NA NA 100 × 100 × 100 50 × 50 × 50 20 × 20 × 20 

GS 5 NA NA 100 × 100 × 100 50 × 50 × 50 30 × 30 × 30 

GS 6 NA NA 100 × 100 × 100 50 × 50 × 50 50 × 50 × 50 

GS 7 NA NA 100 × 100 × 100 100 × 100 × 100 100 × 100 × 100 

Demons 1 NA NA 2 1 NA 

Demons 2 NA NA 3 2 NA 

Demons 3 NA NA 4 3 NA 

Demons 4 NA NA 5 4 NA 

settings are marked in bold in Table 4.2. For example, when the image subsampling rate is 
varied, the grid spacing, regularization type, and weight are held constant as seen in Table 4.3. 
Once the optimal parameters were determined, each query image was segmented based on the 
optimal parameters and the segmentations were evaluated for each anatomical structure against 
the ground truth. 
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4.5  RESULTS

The voxel sampling rate was found not to affect the performance of either of the registration algo-
rithms substantially. The B-spline method was also found to be relatively robust to variations in 
the control-point spacing. However, both methods were found to be most sensitive to the tuning of 
the regularizer. Figure 4.1 compares the average Dice Similarity Coefficient (DSC) over the five 
Organs-at-risk (OARs) by varying the (a) width of the Gaussian kernel and (b) curvature regularizer 
weight. It is observed that increasing the smoothness has an inverse impact on the performance as 
measured by DSC. Gaussian kernel of 1 mm width and curvature regularizer weight of 0.1 lead to 
the highest average DSC.

GS4 was the best overall optimization strategy. The segmentation accuracy of the lungs was 
significantly higher than the other structures (DSC = 0.95 ± 0.02, 95% HD = 5.29 ± 3.25). The seg-
mentation accuracy of the esophagus and spinal cord were relatively low (spinal cord: DSC = 0.8 ± 
0.08, 95% HD = 12.34 ± 13.9; esophagus: DSC = 0.59 ± 0.08, 95% HD = 9.47 ± 6.57) due to poor 
soft-tissue contrast. Figure 4.2 shows the average over the 24 test cases (a) DSC and (b) 95% HD 
achieved by the best performing strategy (GS4) for all the OARs and the average over the OARs in 
the form of box plots, indicating confidence interval of [5,95] % and their corresponding outliers. 
Figure 4.3 shows the segmentation performance for the best performing strategy. Rows 1–5 show 
the 5th, 25th, 50th, 75th, and 95th quartiles of the median distribution, with the 5th quartile being 
the worst and the 95th quartile being the best segmentation. The 5th quartile example produces a 
poor segmentation due to the presence of a tumor in the left lung.

(a) (b)

FIGURE 4.1 Average DSC over the five OARs achieved by varying (a) width of the Gaussian kernel and 
(b) curvature regularizer weight for the 24 test cases.

(a) (b)

FIGURE 4.2 (a) DSC and (b) 95 % HD achieved by the best performing strategy for the five OARs and their 
average over the 24 test cases.
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FIGURE 4.3 Segmentations generated using the best performing strategy. Rows 1–5 show the 5th, 25th, 
50th, 75th, and 95th percentile images, from worst to best, from the 24 test cases. 

4.6 SUMMARY 

Identifying the optimal registration and voting parameters is a challenging exercise. For practical 
purposes, numerous algorithm details such as atlas selection and label fusion parameters must be 
held constant during testing. However, one must consider that interplay could exist between these 
algorithm settings. For example, a registration with high regularization may require a different 
number of atlases than a registration with low regularization. 

In general, both B-spline and demons registrations performed similarly. Algorithms were not 
very sensitive to the voxel sampling rate, which means that faster registrations at higher sampling 
rates can be considered. An intermediate schedule with fnal grid spacing of 20 mm was preferred 
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for B-spline grid spacing. However, fnal segmentation results were not found to be highly sensi-
tive to these parameters, and average Dice similarity varied only by a few percent over fairly broad 
parameter setting ranges. However, both algorithms were found to be more affected by the choice of 
regularizer parameters, with smaller regularization penalty terms being preferred for both B-spline 
and demons registrations. 
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5.1 INTRODUCTION 

Multi-atlas segmentation has been shown to minimize the effects of variability and improve seg-
mentation accuracy, especially for low-contrast anatomy such as the brachial plexus [1–6]. Multi-
atlas segmentation exploits contoured atlas data for the auto-segmentation of new patient images. 
Deformable image registration is a key to mapping contours from the atlases to new patients. The 
individual deformed contours from multiple atlases are then effectively combined to produce the 
best approximation of the true segmentation through various fusion approaches [7–10]. 

The quality of segmentation generated in multi-atlas segmentation is highly dependent on the 
choice of atlases. A few bad atlases may greatly adversely affect segmentation accuracy. Atlas selec-
tion can be subdivided into offine and online selection. Offine selection involves choosing a prede-
termined set of atlases for all target scans, while online selection involves choosing the atlases after 
the target image is chosen. An atlas that poorly represents the patient scan can skew and misinform 
the resulting segmentation [11]. Although a variety of methods has been proposed for atlas selection, 
determining the optimal set and number of atlases remains an unsolved problem [12]. 

This chapter presents a specifc example to evaluate the multi-atlas segmentation system. 
Specifcally, a two-phase online atlas selection approach is presented, to rank and select a subset 
of optimal atlas candidates, in terms of local anatomical similarity, for multi-atlas segmentation. 
In the frst phase of atlas selection, the correlation coeffcient of the image content in a local region 
between the atlas and the new image is used to evaluate their similarities and to rank the atlases. A 
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subset of atlases based on this ranking is selected, and deformable image registration is performed 
to generate deformed contours and deformed images in the new image space. In the second phase 
of atlas selection, the Kullback–Leibler (KL) divergence is used to measure the similarity of local-
intensity histograms between the new image and each deformed image; the measurements are used 
to rank the previously selected atlases. Deformed contours from the most to the least similar are 
added sequentially for overlap ratio examination. A subset of optimal atlas candidates is further 
identifed by analyzing the variation of the overlap ratio with the number of atlases. The deformed 
contours from these optimal atlases are fused using a modifed simultaneous truth and performance 
level estimation (STAPLE) algorithm [13] to produce the fnal segmentation. 

5.2 METHODS 

5.2.1 PATIENT DATA 

Two sets of patient data were used for this study. The frst data set included 21 patients with stage 
IV head and neck squamous cell carcinoma who had been treated with intensity-modulated radia-
tion therapy (IMRT). The planning CT images of these patients had been acquired and the cervical 
esophagus had been contoured from the inferior edge of the cricoid cartilage down to the level of 
the manubrium by an experienced head and neck radiation oncologist. All CT images had an in-
slice resolution of 1.0 mm and a slice spacing of 2.5 mm. For this set of data, the focus was on the 
segmentation of the esophagus. 

The second dataset is from a public benchmark dataset used for thoracic normal-tissue segmen-
tations for the 2017 AAPM Thoracic Auto-segmentation Challenge at the 2017 AAPM Annual 
Meeting (http://autocontouringchallenge.org/), as described in detail in Chapter 1. Of this dataset, 
the 36 training cases were used as atlases and the 24 test cases (12 offine test cases and 12 online 
test cases) were used to evaluate the multi-atlas segmentation performance. 

5.2.2 ONLINE ATLAS SELECTION FOR MULTI-ATLAS SEGMENTATION 

An overall framework of the online atlas selection approach for esophagus segmentation is illus-
trated in Figure 5.1. In brief, a rigid alignment between all atlas images and the test image to defne 
a small local region was performed; a frst-phase of atlas selection was performed on the basis of the 
similarity measurement in the local region. In the frst phase of atlas selection, 12 or fewer atlases 
were chosen and deformable image registration was performed between these atlases and the test 
image to generate deformed contours and images. A second phase of atlas selection was performed 
by measuring the similarity of the deformed image and the test image in a region of interest (ROI), 
as defned by the deformed contours. The deformed contours of selected optimal atlases were then 
fused together to produce the fnal segmentation. A detailed description of the approach follows. 

5.2.2.1 First Phase of Atlas Selection 
The frst phase of atlas selection flters out atlases dissimilar to the test image and limits the num-
ber of atlases for subsequent deformable image registration. This prescreening step avoids wasting 
time performing deformable registration on dissimilar atlases and reduces the adverse impact these 
atlases may have on contour fusion. Rigid alignment between the two 3D images is a prerequisite 
for this step. Rigid alignment between each atlas and the test image was performed by minimizing 
the mean square errors of two 2D images generated from the 3D CT images, by projecting the 3D 
image in sagittal and coronal views to obtain two 2D images. The rigid alignments were performed 
separately on these two 2D images using a gradient descent optimizer, and then further optimized 
with golden section search and parabolic interpolation [14] to fnd the optimal translations in all 
three directions that gave the minimal mean square error of the two registered 2D images. On the 
other hand, a landmark point was predefned in each atlas to record the relative shift between two 

http://autocontouringchallenge.org
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FIGURE 5.1 Overall framework of the proposed online atlas selection approach for esophagus segmentation. 

FIGURE 5.2 Illustration of landmark points in the atlases. Panel (I): for head and neck cancer patients, the 
landmark point is in the cord of the superior end of C2 vertebrate. Panel (II): for thoracic cancer patients, the 
landmark point is in the cord of the slice where the bottom of the aortic arch is located. 

atlases. The landmark point in each atlas corresponds to the other. In head and neck cancer patients, 
the landmark point was chosen in the cord of the superior end of C2 vertebra; in thoracic cancer 
patients, it was chosen in the cord of the slice where the bottom of the aortic arch is located, as 
shown in Figure 5.2. In the automated rigid alignment, the rigid shift between the test image and 
the atlas of minimal mean square errors was recorded. The rigid shift of the test image and each 
of the other atlases was derived from the recorded rigid shift and the relative shift between atlases. 
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The similarity of two images was measured in a small cubic region using the correlation coef-
fcient of the image-intensity values in the region. This cubic region is determined as follows: after 
rigid alignment, all atlas contours were transformed to the test image space. The bounding box of 
all transformed contours was determined and formed a cubic region, which was transformed back to 
each atlas space to obtain the local region for each atlas. The correlation coeffcient between the test 
image and the atlas image in the corresponding cubic regions was calculated for each atlas. Twelve 
atlases with the largest correlation coeffcient values were selected. A previous study [15] found that 
the contour fusion might not beneft from more than 12 atlases; therefore, no more than 12 atlases 
were chosen for the next step to perform deformable registration. Atlases with a correlation coef-
fcient less than 0.2 were removed if the total number of atlases was not less than six. 

5.2.2.2 Deformable Image Registration 
An intensity-based approach for the CT-to-CT deformable registration was used because Hounsfeld 
units of CT images are calibrated to the attenuation coeffcient of water so that the intensity value is 
consistent among images. Specifcally, a dual-force demons algorithm [16] was used for the deform-
able registration between the test and atlas images. Before performing the deformable registration, 
histogram equalization was performed to match the contrast of the two images. The histogram 
equalization was performed locally by separating the images into small blocks. A multiresolution 
scheme was used to accelerate the registration and improve the robustness of the registration. The 
parameter settings for the deformable registration are specifed in Table 5.1. Refer to Wang et al. [16] 
for details about this deformable registration algorithm. 

The deformable registration produced a deformation vector feld (DVF) pointing from the atlas 
image to the test image. This DVF was used to deform the atlas image, generating a deformed image 
in the test image space that was used for the second phase of atlas selection. The DVF was also 
used to deform the atlas contours to the test image space. To achieve accurate contour deformation, 
the 2D slice stacks of atlas contours were frst converted to a closed triangular mesh [17]. The DVF 
was interpolated to obtain a deformation vector at each vertex of the triangular mesh and the vertex 
was moved along the deformation vector to the new location to complete the deformation. After the 
deformation, the triangular mesh was converted back to a group of slice stacks of contours by cut-
ting through the mesh using an axial plane, slice by slice, resulting in deformed contours in the test 
image space. This process is similar to the work presented in Lu et al. [18]. 

5.2.2.3 Second Phase of Atlas Selection 
The second phase of atlas selection was performed on the basis of the aforementioned deformed 
images and contours. First, the union of the deformed contours was expanded by 1.0 mm using 
morphological dilation to defne an irregular local region. A local-intensity histogram was created 
on the basis of the voxels in the local region for the test image and deformed image, respectively, 
as shown in Figure 5.3. This intensity histogram was created with 64 bins. The symmetric KL 

TABLE 5.1 
Parameter Settings for the Dual-Force 
Demons Deformable Image Registration 

Parameter Value 

Number of bins for histogram equalization 256 

Block size for histogram equalization 20 

Multi-resolution levels 6 

Number of iterations 200 

Upper bound of step size 1.25 

Gaussian variance for regularization 1.5 
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FIGURE 5.3 Illustration of using the Kullback-Leibler (KL) divergence to evaluate the similarity of the 
deformed image and the test image to rank the atlas in the second phase of atlas selection. 

divergence was used to evaluate the similarity between the two histograms. Letting P(i) denote the 
intensity histogram of the deformed image, where i = 1,2,…,64 indicates the histogram bins, and 
letting Q(i) denote the intensity histogram of the test image, the symmetric KL divergence can be 
calculated as: 

1 é æ P i( ) ö æ Q i( ) öù 
DKL (P,Q) = ê P i( ) ln ç ÷ + Q i( ) ln ç ÷ú . (5.1)

2 êå i ç Q i( ) ÷ å i ç P i( ) ÷úë è ø è øû 

The KL divergence was measured for each atlas selected in phase one and the measured KL diver-
gence values were used to rank the atlases from the most to the least similar. 

After ranking the atlases, the overlap ratio of the deformed contours was examined by sequen-
tially overlapping atlases from the most to the least similar. The Jaccard coeffcient was used to 
compute the overlap ratio. Letting Ai denote the volume of the ith deformed contour for i = 1,2,…,N, 
with N being the number of atlases selected in phase one, the Jaccard coeffcient for a number of n 
overlapped deformed contours is defned as: 

i 
Jaccard n = 

Ui

n 

=1 
A 

,n = 2 3  ¼ N( )  , , , . (5.2) 

iIi

n 

=1 
A 

The values of the overlap ratio were plotted versus the number of atlases, as shown in Figure 5.4. 
The overlap ratio curve was analyzed to further determine a subset of optimal atlases. The funda-
mental assumption of atlas selection in this step is that the deformed contours from different atlases 
should be consistent for the later contour fusion. If a less similar atlas produces a deformed contour 
that is largely off from the contours produced by more similar atlases, this deformed contour should 
not be used for contour fusion. On the basis of this principle, the following atlas selection rules were 
developed: 

1) If Jaccard (n0) ≥ 0.5, select at least a number of n0 top-ranked atlases. 
2) If Jaccard (n) < 0.2 for any n > n1, discard all atlases ranked beyond n1. 
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FIGURE 5.4 The Jaccard coeffcient was used as the overlap ratio, which is defned as the intersection 
divided by the union of all contours. The overlap ratio was plotted as a function of the number of atlases. This 
example shows that using more than fve atlases may not beneft multi-atlas segmentation because the overlap 
ratio reaches a small value. 

3) Detect continuous steep slopes of the overlap ratio curve. If (a) [Jaccard (n2 − 1) − Jaccard 
(n2)] × 10 > tan(30°), (b) [Jaccard (n2) − Jaccard (n2 + 1)] × 5 > tan(30°), and (c) Jaccard 
(n2 + 1) < 0.3, discard all atlases ranked beyond n2. 

4) Keep at least fve atlases for contour fusion. This rule overrides the above rules. 

Using these rules, a subset of optimal atlases was further identifed from the atlases selected in 
phase one. In the example shown in Figure 5.4, the analysis selected fve optimal atlases for contour 
fusion. The small overlap ratio values beyond the rank of fve implies that those atlases are not con-
sistent with the most similar atlas. This inconsistency can possibly deteriorate the contour fusion 
process. 

5.2.2.4 Contour Fusion 
The deformed contours of the selected optimal atlases were fused to produce the fnal segmentation. 
The contour fusion process took advantage of the STAPLE algorithm [7]. The STAPLE algorithm 
is based on the maximum likelihood estimates of the true positive and false negative of individual 
segmentations. It estimated the best agreement among individual segmentations and produced a 
fusion contour that was the expected truth of the segmentation. The fusion process allows the mini-
mization of variations among segmentations obtained from different atlases and random errors in 
deformable image registration. However, the STAPLE algorithm does not consider the intensity 
information of the tissue being segmented. Its performance depends solely on the individual seg-
mentation performances. To address this issue, a tissue appearance model (TAM) was created and 
integrated into the STAPLE fusion process. Specifcally, the STAPLE algorithm requires providing 
the prior probability of true segmentation Ti for each voxel i when initializing the algorithm. In the 
implementation, the prior probability was initialized as: 

f T  1 = - w R i  wS i( i = ) (1 )  ( ) + ( ), (5.3) 

where Ti = 1 means voxel i belonging to the structure, R(i) is the probability of voxel i belong-
ing to the structure determined by individual segmentations, and S(i) is the probability of voxel i 
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belonging to the structure determined by a TAM. The parameter w is the weight to balance these 
two terms. The R(i) is defned as: 

Dijå j
R i( ) = , (5.4) 

å j 
1 

where Dij denotes the jth segmentation at voxel i that does (Dij = 1) or does not belong to the struc-
ture (Dij = 0). The TAM is a Gaussian model estimated from the test image as: 

2 

1 
é (I i( ) - mp ) ù 

S i( ) = exp ê- ú , (5.5) 
Z ê s p 

2 ú 
ê úë û 

2é ù 
ê (I i( ) - mp ) úwhere I(i) is the intensity value of voxel i, Z is a normalization factor set as: Z = å exp - , 

i ê 2 ú 
ê s p úë û 

and the mean μp and variance s p 
2  are estimated from voxels in the union region of individual seg-

mentations. In the implementation, the weight was set at w = 0.8 for thoracic cancer patients to 
properly exclude the wrongly segmented lung tissue or high-contrast aorta tissue. For head and neck 
cancer patients, w was set at 0.5. A threshold of 0.5 was set to produce the fnal binary segmentation 
from the STAPLE fuzzy segmentation. If the number of atlases for contour fusion was less than six, 
the fusion approach was switched to majority voting with the TAM. Essentially, the binary thresh-
olding was applied directly to the outcome of Equation (5.3). 

5.2.3 EVALUATION METRICS 

Auto-segmented contours were compared with manual contours using the Dice similarity coef-
fcient (DSC), mean surface distance (MSD), Hausdorff distance (HD), and 95% HD, as the quan-
titative metrics. The DSC characterizes the agreement between two volumes encompassed by two 
contours. The MSD quantifes the average distance between the surfaces of two contours, while the 
HD measures the maximum distance between two contours. To cope with the sensitivity of outli-
ers, 95% HD is often used instead of HD. Detailed defnitions of these quantitative metrics can be 
found in Chapter 15. As mentioned in Chapter 15, difference in implementing the evaluation metrics 
may produce different results. To facilitate the inter-comparison with results from other chapters 
when their approaches were applied to the data from the 2017 AAPM Thoracic Auto-segmentation 
Challenge data [19], the evaluation tool provided in Chapter 15 was used to generate the evaluation 
metrics. Otherwise, the evaluation tool was implemented in-house. 

5.2.4 ESOPHAGUS SEGMENTATION FOR HEAD AND NECK CANCER PATIENTS 

The proposed multi-atlas segmentation with online atlas selection (MAS-AS) approach was used 
to delineate the esophagus contours in 21 head and neck cancer patients. A leave-one-out approach 
was used for validation. Each of the 21 patients was used as the test patient, one at a time in turn, 
while the remaining 20 patients were put in the atlas pool to delineate the test patient. The MAS-AS 
approach automatically determined a subset of optimal atlases from the 20 atlases for auto-segmen-
tation. The auto-segmented contours were compared with the manual contours using the DSC and 
MSD metrics. The means and standard deviations of the values were calculated for the 21 tests. In 
addition, eight patients were randomly selected as a fxed set of atlases and multi-atlas segmenta-
tion (MAS) was performed for the remaining 13 patients. No atlas selection was performed, but 
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the same rigid alignment, deformable image registration, and contour fusion described in Section 
5.2.2 were used. The auto-segmentation results of these 13 patients were evaluated with DSC and 
MSD metrics and compared with those using the MAS-AS approach. The difference between the 
MAS-AS approach and the MAS approach was tested for statistical signifcance using a two-tailed, 
paired t-test, evaluated at the 0.05 signifcance level. 

5.2.5 VALIDATION USING PUBLIC BENCHMARK DATASET 

The MAS-AS was validated with the benchmark dataset used at the 2017 AAPM Thoracic Auto-
segmentation Challenge. The 36 training cases were used as atlases and the 24 test cases were used 
for algorithm validation. In the phase 1 atlas selection, 12 optimal atlases were selected from the 36 
atlases for further selection in phase 2. The entire process, including both phases of atlas selection 
and multi-atlas segmentation, was performed automatically. The auto-segmented contours were 
compared with the manual contours using DSC, MSD, and 95% HD using the evaluation tool imple-
mented in Chapter 15 for inter-comparison with results from other chapters. 

5.3 RESULTS 

5.3.1 ATLAS RANKING AND SELECTION 

One leave-one-out test for the head and neck cancer patients was used to illustrate the effciency 
of atlas ranking and selection. The test patient had a large air pocket inside the esophagus, which 
made it appear different from most atlases. The frst phase of atlas selection identifed 12 atlases, 
and their contours were deformed to the test patient. These deformed contours demonstrate various 
agreement with the manual contour, as shown in Figure 5.5. In the second phase of atlas selection, 
the symmetric KL divergence of local-intensity histograms ranked atlases 12, 8, and 10 as the frst, 
second, and third best atlases, which was consistent with the observation, as shown in Figure 5.5. 
The overlap ratio analysis for the 12 atlases is shown in Figure 5.4. In this analysis, a subset of fve 
optimal atlases was further identifed for contour fusion on the basis of the atlas selection rules. By 
comparing the auto-segmented contour generated from the fve optimal atlases with the manual 
contour, a DSC of 0.67 and a MSD of 2.3 mm was found; the segmentation generated from the 12 
atlases, without performing a second phase of atlas selection, had values of 0.31 mm and 4.0 mm, 
respectively. A subjective comparison is illustrated in Figure 5.6. It shows much better agreement 
between the auto-segmented contour and the manual contour for the approach using atlas selection 
than for the approach without atlas selection. 

5.3.2 ESOPHAGUS SEGMENTATION FOR HEAD AND NECK CANCER PATIENTS 

Table 5.2 shows the results of the leave-one-out tests of the proposed MAS-AS approach compared 
with the MAS approach, as applied to 21 head and neck cancer patients. The MAS-AS approach 
resulted in a mean DSC of 0.70 ± 0.07 and a mean MSD of 1.9 mm ± 0.7 mm. For the MAS 
approach, patients 14–21 were used as a fxed set of atlases to delineate the esophagus for the frst 
13 patients. In these 13 tests, the MAS approach achieved a mean DSC of 0.55 ± 0.15 and a mean 
MSD of 2.5 mm ± 0.9 mm. The results for the frst 13 patients were tested to determine whether a 
statistically signifcant difference existed between the MAS-AS and MAS approaches. Signifcantly 
different DSCs and MSDs were found for these two approaches (p-value of 0.005 for DSC and 0.022 
for MSD). The mean DSC and mean MSD for the MAS-AS approach applied to the frst 13 patients 
were 0.69 ± 0.08 and 2.0 mm ± 0.7 mm, respectively. These results were better than those of MAS 
approach. The DSCs and MSDs for patients 2, 6, 9, 10, and 11 showed signifcant improvement with 
the MAS-AS approach. However, it was observed that the MAS-AS approach was slightly inferior 
to the MAS approach in some patients in terms of the DSC and MSD evaluation. In addition, the 
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FIGURE 5.5 Esophagus contours of 12 atlases were deformed to the test image. The red and green colors 
indicate deformed and manual contours, respectively. In the second phase of atlas selection, atlases 12, 8, and 
10 were chosen as the frst, second, and third best atlases, which is consistent with the observation; they have 
a better agreement between the manual contour and the deform contour than other atlases do. 

FIGURE 5.6 Comparison of auto-segmentation using fve selected optimal atlases (red contour) versus that 
using 12 atlases without the second phase of atlas selection (yellow contour). Green colorwash indicates the 
manual contour. (a) Axial view. (b) Sagittal view. 
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TABLE 5.2 
Segmentation Results of the Proposed Multi-Atlas Segmentation with 
the Online Atlas Selection (MAS-AS) Approach Compared with the 
Multi-Atlas Segmentation with a Fixed Set of Atlases (MAS) 

Dice Similarity Coeffcient Mean Surface Distance (mm) 

Patient No. MAS-AS MAS Single Atlas MAS-AS MAS Single Atlas 

1 0.61 0.56 0.61 2.1 2.7 2.1 

2 0.67 0.41 0.70 2.4 3.2 2.1 

3 0.65 0.56 0.61 2.1 2.2 2.0 

4 0.77 0.78 0.69 1.6 1.5 3.0 

5 0.56 0.40 0.63 3.7 3.9 3.1 

6 0.78 0.49 0.71 1.1 1.5 1.5 

7 0.74 0.74 0.71 2.1 2.1 2.2 

8 0.61 0.63 0.60 2.9 2.6 2.0 

9 0.76 0.54 0.68 1.4 2.2 2.1 

10 0.67 0.22 0.72 2.3 4.5 1.9 

11 0.72 0.60 0.74 1.5 2.1 1.4 

12 0.59 0.53 0.64 1.9 2.3 1.5 

13 0.77 0.73 0.91 1.3 1.4 0.6 

14 0.81 - 0.74 1.3 - 1.8 

15 0.72 - 0.73 1.6 - 1.7 

16 0.65 - 0.56 2.6 - 3.4 

17 0.70 - 0.67 1.7 - 1.7 

18 0.79 - 0.78 1.6 - 1.3 

19 0.69 - 0.44 1.8 - 3.5 

20 0.78 - 0.70 1.1 - 1.7 

21 0.65 - 0.57 2.7 - 3.3 

Median 0.70 0.56 0.69 1.8 2.2 2.0 

Mean 0.70 0.55 0.67 1.9 2.5 2.1 

SD 0.07 0.15 0.09 0.7 0.9 0.8 

Note: Approach in 21 head and neck cancer patients. The column of “Single Atlas” reported the 
best result from a single atlas-based segmentation, which serves for the validation of deform-
able registration algorithm used in MAS-AS. The MAS approach used patients 14–21 as 
atlases to delineate the esophagus for the frst 13 patients. SD = Standard deviation. 

best overlap value from a single atlas in order to validate the deformable registration algorithm used 
in the proposed MAS-AS approach is reported in Table 5.2. The overlap values were measured 
between the deformed contour from each atlas and the best results were reported. These results 
showed reasonable agreements between the manual contour and the deformed contour thus justify-
ing the use of the deformable registration algorithm. 

5.3.3 VALIDATION WITH PUBLIC BENCHMARK DATASET 

Table 5.3 shows the results of the MAS-AS approach validated on the 24 test cases from the 
2017 AAPM Thoracic Auto-segmentation Challenge dataset, which includes contour data of 
the esophagus, spinal cord, left lung, right lung, and heart. For the esophagus, the DSC ranged 
from 0.31 to 0.83 with a median of 0.69 and an average of 0.66 ± 0.12. The MSD values ranged 
from 1.24 mm to 6.11 mm with a median of 2.21 mm and an average of 2.59 mm ± 1.28 mm. 
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FIGURE 5.7 Illustration of auto-segmented contours (lines) compared with manual contours (colorwash) for 
one thoracic patient from the public benchmark dataset in several slices. The following organs are included: 
left lung (dark green), right lung (cyan), heart (magenta), esophagus (green), and spinal cord (red). 

The 95% HD values ranged from 3.90 mm to 28.68 mm with a median of 9.81 mm and an aver-
age of 10.80 mm ± 6.35 mm. 

For the spinal cord, the DSC ranged from 0.63 to 0.91 with a median of 0.83 and an average of 
0.81 ± 0.07. The MSD values ranged from 0.54 mm to 1.23 mm with a median of 0.80 mm and 
an average of 0.81 mm ± 0.16 mm. The 95% HD values ranged from 1.52 mm to 3.31 mm with a 
median of 2.40 mm and an average of 2.41 mm ± 0.49 mm. 

For the right lung, the DSC ranged from 0.87 to 0.98 with a median of 0.96 and an average of 
0.95 ± 0.03. The MSD values ranged from 0.78 mm to 4.91 mm with a median of 1.83 mm and 
an average of 2.13 mm ± 1.08 mm. The 95% HD values ranged from 2.75 mm to 34.98 mm with 
a median of 11.53 mm and an average of 13.55 mm ± 8.44 mm. For the left lung, the DSC ranged 
from 0.76 to 0.98 with a median of 0.96 and an average of 0.94 ± 0.06. The MSD values ranged 
from 0.95 mm to 9.12 mm with a median of 1.82 mm and an average of 2.53 mm ± 2.00 mm. The 
95% HD values ranged from 3.17 mm to 86.43 mm with a median of 10.62 mm and an average of 
16.38 mm ± 18.55 mm. The large HD value was mainly due to the tumor exclusion. Tumors were 
excluded from the manual lung contours, while atlas-based segmentation, in general, is not able to 
handle this exclusion correctly due to different tumor locations on different patients. 

For the heart, the DSC ranged from 0.82 to 0.95 with a median of 0.91 and an average of 0.90 ± 
0.03. The MSD values ranged from 1.77 mm to 7.77 mm with a median of 3.65 mm and an average 
of 3.85 mm ± 1.22 mm. The 95% HD values ranged from 5.15 mm to 31.77 mm with a median of 
11.73 mm and an average of 13.80 mm ± 6.89 mm. 

Figure 5.7 illustrates the comparison of the auto-segmented contours with the manual contour 
for one patient in several slices. Good agreement was observed for all the structures under consid-
eration, though with the esophagus having more variations than other structures. 
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5.4 DISCUSSION 

In this study, an atlas ranking and selection approach to be used together with multi-atlas segmen-
tation for the automatic delineation of organs-at-risk from CT scans was evaluated. This approach 
selects a subset of optimal atlas candidates from an atlas pool for multi-atlas segmentation on the 
basis of local anatomy, thus potentially reducing the adverse impact of inter-subject variability 
on multi-atlas segmentation and improving the segmentation accuracy. A STAPLE-based contour 
fusion approach by including the previous image was used to improve the fusion performance. This 
multi-atlas segmentation system was evaluated on head and neck cancer patients for esophagus 
segmentation and thoracic cancer patients for segmentation of heart, lungs spinal cord, and esopha-
gus from a public benchmark dataset. The fndings may have a positive impact on contouring for 
radiation treatment planning by saving clinicians’ time and improving contouring effciency and 
consistency [20–22]. 

In the implementation, the segmentation was run on a Windows 7-based PC with an 8-core 
Intel Core i7 3.4-GHz CPU and 8 GB of memory. The deformable registration was performed 
independently on a Windows server with an 8-core 3-GHz Intel Xeon CPU and 8 GB of memory. 
Multithread computing was enabled in the deformable registration algorithm, and two registration 
tasks were allowed to be run simultaneously on the server. Each segmentation task required around 
fve minutes to complete in a thoracic cancer patient and around three minutes in a head and neck 
cancer patient, with about half the time spent on deformable registration. 

The study showed that online atlas selection improved overall multi-atlas segmentation. The 
improvement in several poor cases was signifcant. For example, the MAS-AS results for patients 2, 
6, 9, 10, and 11 in the head and neck cancer dataset showed signifcant improvement over the MAS 
results, as shown in Table 5.2. However, using online atlas selection did not result in improvement 
in every case. For example, the MAS-AS results for patients 4 and 8 were slightly inferior to the 
MAS results (Table 5.2). Nevertheless, online atlas selection improved the robustness of multi-atlas 
segmentation by preventing a worst-case scenario. 

The cases showing inferior results for MAS-AS indicate that the atlas selection was not perfect. 
This was mostly due to the imperfect similarity metrics used to rank the atlases. For example, the 
cross-correlation coeffcient used in the frst phase of atlas selection is shift- and rotation-variant and 
is thus sensitive to misalignment. In addition, in rigid alignment, the rotation was not corrected. The 
rotation variance may play down those atlases having similar local anatomy but different scanning 
positions, such as different neck fexion in the scanning setup for head and neck cancer patients. 

In the second phase of atlas selection, the registration error may be a major obstacle for atlas 
selection. The histogram-based KL divergence metric was used to reduce the impact from the 
imperfect deformable registration. The histogram was created from a local region for calculating 
the KL divergence. Choosing the proper size of this region is critical to obtaining a correct atlas 
ranking. A larger region may better counteract the registration error but reduce atlas selection eff-
cacy because unrelated anatomy may be included. In the study, it was found that the local region, 
as defned by the union of the deformed contours, expanded by 1 mm, gave the best results in most 
cases, but it is acknowledged that using a different size for the local region might result in better 
atlas selection in different cases. 

The study also found that the presence of air bubbles is one of the major obstacles in atlas-based 
segmentation of the esophagus. Several poor head and neck cancer cases, such as patients 5 and 10, 
were caused by the presence of air bubbles. One potential solution to this issue is to detect air bub-
bles inside the esophagus [23]. Once the air bubbles are detected, they can be replaced with similar 
intensity values of esophagus in the CT image; the modifed CT image will be used for multi-atlas 
segmentation. On the other hand, it was noticed that an air bubble can signifcantly change the simi-
larity between the atlas and the test image in the atlas selection process. Performing atlas selection 
in local segments of the esophagus may resolve the air bubble issue. In addition, a similarity com-
parison using the entire long winding esophagus is not always locally accurate in selecting the atlas. 



 

 

 

63 Multi-Atlas Segmentation System Evaluation 

FIGURE 5.8 Comparison of the Dice similarity coeffcient between different methods on the 2017 AAPM 
Thoracic Auto-segmentation Challenge benchmark dataset for the esophagus, spinal cord, lung, and heart. 
Red dot shows the results of MAS-AS on the whole dataset (24 cases), blue dots show the result of other meth-
ods on the live dataset (12 cases), and green dots show the variability of human operators on three select cases. 
Numbers are taken from Yang et al. [26]. 

In thoracic cancer patients, delineating the esophagus segment near the heart is most challeng-
ing for atlas-based segmentation. Neighboring structures such as the heart, lungs, and aorta may 
push or pull the esophagus, resulting in different shapes and locations from day to day and from 
patient to patient. In addition, the low contrast between the esophagus and the surrounding tissues 
makes it diffcult to perform auto-segmentation. The diffculty of delineating the esophagus was 
further verifed on the thoracic benchmark dataset. Compared to the lungs, heart, and spinal cord, 
the performance of MAS-AS resulted in worse DSC and MSD metrics. While automatic segmen-
tation methods could perform close to inter-observer variability for the lungs, heart, and spinal 
cord, it seems that more work is needed in developing these methods to successfully segment the 
esophagus. One possible improvement for the MAS-AS is using nearby structures as a constraint for 
segmentation to assist esophagus segmentation [24, 25]. 

Although the atlas selection scheme presented here represents an improvement over traditional 
MAS schemes, comparison of MAS-AS with other available schemes on the thoracic benchmark 
dataset shows that MAS-AS did not perform better but similarly to the current state-of-the-art 
approaches. Other methods evaluating the thoracic benchmark dataset, which consisted of a combi-
nation of deep learning and other atlas-based methods, had a mean DSC ranging from 0.55 to 0.72 
and a mean MSD ranging from 2.03 mm to 13.10 mm for the esophagus [26]. The DSC and MSD 
from the MAS-AS procedure fall within these ranges (Figures 5.8 and 5.9). Of note, the statistics 
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FIGURE 5.9 Comparison of the mean surface distance between different methods on the 2017 AAPM 
Thoracic Auto-segmentation Challenge benchmark dataset for the esophagus, spinal cord, lung, and heart. 
The diamond shows the results of MAS-AS on the whole dataset (24 cases), the circles show the result of other 
methods on the live dataset (12 cases), and the triangles show the variability of human operators on three 
select cases. Numbers are taken from Yang et al. [26]. 

from the other methods are from the online test cases, which only included 12 of the 24 cases in 
this analysis as offine test cases were not included. Even if the above analysis for MAS-AS is 
restricted to only the 12 online test cases, the conclusions remain the same. Another important com-
parison is with the inter-rater reference. Multiple experts contoured the three cases in the bench-
mark dataset and DSC and MSD were computed as the inter-rater reference. Relative to the ground 
truth, the mean DSC and MSD from three different raters on the three cases were 0.82 ± 0.04 and 
1.07 mm ± 0.25 mm [26]. The MAS-AS approach, as well as the other methods participating in 
the 2017 AAPM Thoracic Auto-segmentation Challenge, performed inferiorly compared to inter-
observer performance. This suggests that progress in MAS-AS and other auto-contouring methods 
are needed before these methods can perform equally as well as experts for esophagus delineation. 

Similar fndings regarding the effectiveness of MAS-AS on segmentation of the lung, heart, 
and spinal cord were also observed. The main difference in segmentation of these organs and 
the esophagus was that automatic segmentation methods compared more favorably to the inter-
observer performance and occasionally generated even better metrics. The mean MSD and DSC 
for MAS-AS were within the range of values found from other methods with the exception that the 
DSC for MAS-AS was 0.01 lower than any value for the left lung and 0.02 lower than any other 
value for the spinal cord. However, these differences are small and the mean DSC of MAS-AS for 
these two organs was usually within one standard deviation of other methods [26]. Additionally, 
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the DSC values generated by MAS-AS are comparable with those reported in literature for these 
organs-at-risk [27–30]. The mean inter-observer DSC was 0.96 ± 0.02 for both the left and right 
lung, 0.93 ± 0.02 for the heart, and 0.86 ± 0.04 for the spinal cord. In respect to MSD, the inter-
observer performance was 1.51 mm ± 0.67 mm for the right lung, 1.87 mm ± 0.87 mm for the 
left lung, 2.21 mm ± 0.59 mm for the heart, and 0.88 mm ± 0.23 mm for the spinal cord [26]. For 
both the left and right lungs, the measured DSC and MSD of the MAS-AS method was within one 
standard deviation of the inter-observer performance. For the heart, the DSC was within two stan-
dard deviations of the inter-observer performance but the MSD was not. For the spinal cord, the 
DSC was within two standard deviations of inter-observer performance and the MSD was within 
one standard deviation. The above indicates that MAS-AS may generate contours comparable to 
experts but they are still inferior as an aggregate. One explanation is that while MAS-AS often 
generates acceptable contours, it is possible to make errors in some cases. One piece of data sup-
porting this is that the median evaluation was superior to the mean for both DSC and MSD for 
every organ on the benchmark dataset. 

Although the results of MAS-AS varied slightly between the three sites from which the bench-
mark dataset was collected, differences between the sites did not serve as the major determinant 
of performance. For example, DSC ranged from 0.50 to 0.83 with an average of 0.71 ± 0.10 for the 
esophagus at the best of the three sites in the dataset. At the worst site, DSC ranged from 0.31 to 
0.76 with an average of 0.62 ± 0.15. At the third site, DSC ranged from 0.55 to 0.75 with an average 
of 0.66 ± 0.08. Although the performance of MAC-AS may slightly depend on site-specifc scan-
ning procedures, the above suggests that MAS-AS is robust across several different site-specifc 
scanning protocols. 

Finally, the way of drawing manual contours might offset the evaluation of segmentation results. 
The manual contours were drawn in axial 2D slices, which created sharp edges at the top and bot-
tom slices of the esophagus and spinal cord when they were viewed in 3D. However, the contour 
deformation was processed using a 3D mesh, which necessarily processed the two ends of esopha-
gus or spinal cord to make it smooth. This may have created a discrepancy between auto-segmented 
and manual contours. Disagreement was found, in most slices, at the two ends. In addition, in head 
and neck cancer patients, the manual esophagus contours of the inferior stopping slice may not have 
been consistent in different patients if the patients were positioned with different neck fexion. This 
potentially reduced the segmentation accuracy when these contours were used for evaluation. 

5.5 CONCLUSIONS 

Selecting a subset of optimal atlas candidates using local anatomy similarity improves multi-atlas 
segmentation. The online atlas selection approach improved the robustness of multi-atlas segmen-
tation of thoracic organs including the esophagus, spinal cord, lung, and heart from CT scans. 
However, improvement in the robustness of such a method is needed to perform at the level of 
human experts. For example, exploring alternate image features such as the image texture and shape 
features that are commonly used for content-based image retrieval [31–34] for atlas ranking and 
selection is one possibility. Another possible improvement could be to use deep learning to measure 
the similarity between atlases and test images. 
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6.1 INTRODUCTION 

The 2017 AAPM Thoracic Auto-segmentation Challenge could be regarded as a turning point for 
auto-segmentation in radiation oncology. This was the frst challenge in the domain where deep 
learning-based approaches were used, but not all entries exclusively used this method. All entries 
to the previous similar challenge in radiotherapy, at the 2015 conference on medical imaging 
computing and computer assisted intervention (MICCAI), either used atlas-based or model-based 
segmentation approaches, while in the subsequent challenge at AAPM 2019, all entries were 
deep learning-based. It was also in 2017 that the frst journal publications using deep learning 
for organ-at-risk [1] and target volume [2–4] segmentation were published, although conference 
publications had preceded these [5, 6]. Following this, an early clinical validation of commercial 
systems was reported in a journal publication as early as 2018 [7], again preceded by conference 
publications [8, 9]. 

6.2 HISTORICAL CONTEXT 

Given this rapid shift in focus to using deep learning for auto-segmentation in radiotherapy, one 
might be led to believe that this innovation was developed within the feld of radiotherapy. However, 
a look at references of some of the earliest papers quickly leads back to the broader felds of medical 
imaging and computer vision. This innovation in auto-segmentation for radiation oncology is very 
much standing on the shoulders of giants. Figure 6.1, reproduced from the work of Wang and Raj 
[10], gives an indication of the signifcant steps taken in the development of deep learning. 

With the focus of this book being on auto-segmentation, it is not the place of this chapter, or 
book, to provide a detailed history of deep learning or technical introduction. For historical context, 
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FIGURE 6.1 Key stages in the development of deep learning. Table reproduced from Wang and Raj [10]. 
Reproduced with permission. 

readers should look to overview reviews of Wang and Raj [10] or of Schmidhuber [11], while for a 
preliminary introduction to artifcial neural networks and deep learning, there are numerous papers 
(e.g. [12, 13]) and books available (e.g. [14, 15]). There are also a large number of online courses (e.g. 
[16, 17]) and videos available (e.g. [18, 19]). Nevertheless, it is worth pursuing a brief recap, in order 
to motivate an analysis of why the feld has migrated to deep learning from atlas-based methods and 
to assess what weaknesses may remain. 

6.2.1 ARTIFICIAL NEURAL NETWORKS 

Deep learning traces its roots back to the work done in the 1950s and 1960s on artifcial neurons. 
The concept of a mathematical model neuron contributing to a network behavior was frst explored 
in 1943 by McCulloch and Pitts [20]. In their theoretical paper, they mathematically modeled each 
neuron as an “all-or-nothing” activation, exploring conceptually what this would mean for neurol-
ogy/psychology. This model of a neuron could be implemented in simple binary logic but is limited 
in that any response to a stimulus becomes a simple logical algorithm rather than an attempt to 
accurately model biological behavior. In 1958, Rosenblatt proposed the “perceptron”, in which neu-
ron behavior was modeled probabilistically instead. Importantly, this model allowed for some ele-
ment of learning whereby the response to stimulus varied with experience. This perceptron model 
was subsequently simulated in a computer, demonstrating machine learning [21], using what could 
be described as a neural network. 
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FIGURE 6.2 Model of an artifcial neuron. The response R is determined based on whether the sum of the 
stimuli (here x, y, z) is greater than a threshold Ɵ. 

FIGURE 6.3 An example of the fully connected network architecture used in a study using neural networks 
to evaluate treatment plans [22]. In that study, 13 input nodes (treatment plan features) were used to predict a 
one-hot encoded score using fve output nodes. Five hidden nodes were used, resulting in 90 weights to tune. 

These artifcial neurons follow a simple model, as illustrated in Figure 6.2; the response 
activation (R) is a binary output determined by whether the sum of all input stimuli (in this 
example three are shown, x, y, z; however, there could be more or less) exceed a threshold (Ɵ). 
Rosenblatt’s model of each neuron has an activation response that is a binary model, 1 or 0; 
however, multiple neurons are combined into an “A-unit” that has a response that is the weighted 
sum of multiple neurons. With varying thresholds for different neurons, a weighted output sys-
tem is generated. 

Fast-forwarding to modern networks, the approach used in artifcial neural networks does not 
differ much from this early model. Each neuron takes a weighted sum of its input stimuli and pro-
vides an output response based on an activation function. This activation function typically is some 
form of continuous threshold function, such as a sigmoid. 

While there have been many notable contributions to the development of neural networks, as 
illustrated in Figure 6.1, two factors may be considered as critical to the success that has been 
achieved in auto-contouring: convolution and computation. 

6.2.1.1 Convolution Neural Networks 
A basic neural network design is to have every layer fully connected to the next, as illustrated in 
Figure 6.3. Such a network architecture works well for small numbers of inputs and a few hidden 
layers. However, a challenge arises with images in the number of potential inputs. A CT image, as 
used for radiotherapy treatment planning, is normally 512 pixels square. A planning volume may 
consist of 200 or so such 2D images. Thus, a 2D processing network would have 262,144 inputs to a 
network. Fully connecting such an input to a single hidden layer would result in 68.7 billion param-
eters (the input weights) to be tuned, making training intractable. 

Convolutional networks recognize that “Distinctive features of an object can appear at various 
locations on the input image. Therefore it seems judicious to have a set of feature detectors that 
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FIGURE 6.4 The network architecture introduced by LeCun et al. [24]. Multiple convolution layers were 
used to enable complex features to be learned, before fully connected layers were used to do character 
classifcation. 

can detect a particular instance of a feature anywhere on the input plane” [23]. Therefore, the 
same weights are required throughout the image. This sharing of weights between connections 
is convolution [24]. This achieves two things; the number of parameters for each layer is vastly 
reduced since each layer only learns the required convolution kernels, and the network becomes 
less sensitive to the location of objects within the input array. Stacking of multiple convolution 
layers, as shown in Figure 6.4, enables complex features to be learned and provides greater learn-
ing capacity, while at the same time keeping the number of parameters more tractable. Recent 
networks used for organ-at-risk segmentation have only had in the order of 10–20 million weights 
to tune [25]. 

6.2.1.2 Computational Power 
Neural networks, and particularly convolutional neural networks, are inherently suited to parallel 
processing, both through task parallelization and data parallelization. During training, the gradient 
updates for each of the neurons can be computed in parallel. Furthermore, the computation can be 
split according to the data, with each item of data providing independent updates during training. 
Such parallel processing lends itself to the use of graphics processing units (GPUs) for computation. 
As shown in Figure 6.5, the processing power of GPUs has grown enormously in the past decade. 
At the same time, memory capacity, and bandwidth have also increased. Meanwhile, the costs have 
remained relatively stable, enabling a wider participation of researchers without the need to access 
high-performance computers. 

The IBM 704 used by Rosenblatt for the initial experiments in neural networks had a pro-
cessing power of 4 kFLOPS [26], cost $2m [27] and only 123 were produced [27], whereas the 
NVIDIA Titan RTX produced in 2018 had a processing speed of 16.3 TFLOPS [28], and cost 
around $2,500 on frst release. While NVIDIA does not disclose number of units produced, 
distribution can be assumed to be in the millions (although only a fraction will be used for deep 
learning) with the company’s revenues for 2018 totaling $2.21bn [29]. Such readily available 
processing power has not only enabled more researchers to participate in this feld, but also 
facilitated training of deeper networks with many more degrees of freedom. In turn, with greater 
capacity to learn, more complex tasks have been tackled such as organ-at-risk segmentation for 
radiotherapy. 
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FIGURE 6.5 Improvement in GPU processing power has been rapid over the last decade, enabling large 
networks to be trained and used in reasonable amounts of time. Figure reproduced using approximated data 
from the NVIDIA Cuda C Programming Guide [30]. 

TABLE 6.1 
High-Level Consideration of the Properties of Various Segmentation Methods 

Segmentation Type Assumptions 

Model-based Organ shape can be represented 
by modes of variation 

Atlas-based Atlas case(s) anatomical similar 
to patient case 

Deep learning-based Information in the image can 
identify the object 

Use of Data 

Data used to train 
parameters. Data not 
required at run-time 

Data aligned to each 
patient at run-time 

Data used to train 
parameters. Data not 
required at run-time 

Degrees of Freedom 

In the order of thousands 

In the order of tens to hundreds of 
thousands depending on the 
registration method 

In the order of tens of millions 

6.3 WHAT MAKES DEEP LEARNING-BASED CONTOURING SO 
DIFFERENT TO ATLAS-BASED OR MODEL-BASED APPROACHES? 

Deep learning-based, model-based, and atlas-based segmentation are very different techniques; 
therefore, fully understanding the differences between them that lead to difference in performance 
would require a substantial degree of theoretical analysis and experimental research. However, at a 
high level it is possible to assess their underlying assumptions, use of data, and the order of magni-
tude of the number of degrees of freedom to get an appreciation of what makes deep learning-based 
contouring so powerful. These attributes are summarized in Table 6.1. 
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6.3.1 UNDERLYING ASSUMPTIONS 

The underlying assumptions of each segmentation approach are fundamental to what makes each 
approach so distinct. While one atlas-based segmentation method may differ from another or one 
deep-learning architecture from another, the class of segmentation approach remains the same, as 
do the main assumptions in which they are grounded. Model-based segmentation typically makes 
the assumption that while there is variation between patients in anatomy, these differences can be 
modeled by a limited number of modes of variation. Furthermore, the assumption is made that the 
segmentation at a specifc anatomical location can be made locally. Together these assumptions con-
strain the segmentation to ft the model so as to best ft the local appearance similarity while overall 
constraining the global shape to be a plausible variation. That the training data fully represents the 
likely variations in anatomy is implicitly assumed. For atlas-based segmentation the assumption is 
that the atlas is anatomically similar to the patient, and that any differences in anatomy can be over-
come by deformable image registration. Where multi-atlas fusion is used, the assumption is further 
made that the differences between contours represent random errors resulting either from inaccu-
rate contouring of the atlas or the inability of the registration to align the atlas to the patient. Like 
model-based segmentation, deep learning contouring also assumes that the training data adequately 
refects the variation of anatomy and image appearance observed in the patient population. Less 
assumption is made as to the nature of the data, with the network free to learn what is important. 
However, deep learning is inherently statistical; variation used infrequently in training will not 
strongly infuence the weights learned in the model. The representative nature of the data used to 
train, or as input, to the segmentation method is common to all approaches. However, the methods 
differ in how strongly this input is expected to closely represent a new patient case. 

6.3.2 USE OF DATA 

As noted in the previous section, all the categories of methods considered here use previous cases to 
inform the segmentation of new ones. However, the methods differ in how they use this data. Both 
model-based and deep learning-based approaches use the data to train parameters of a segmentation 
system. While the deep learning-based contouring may have many more parameters to train and 
make weaker assumptions on how the image and contour relate, both methods encode knowledge 
as a segmentation model. While the previous data is used for training, only the model is required at 
run-time to segment a new patient case. In contrast, atlas-based segmentation uses the input cases 
directly, as previously, on the segmentation and no attempt is made to encode important features 
of the input data. This means that negligible effort is required to prepare a segmentation system 
before processing the patient case. However, the full data for all the atlases are required at run-time 
and must be available wherever the system is deployed. In one respect this could make atlas-based 
methods potentially more powerful; no information is lost in creating a model. Unfortunately, the 
limitation that the atlas data must be available restricts the use of “big data” in commercial systems. 
Furthermore, the strong assumption that deformable image registration is suffcient to overcome 
difference in appearance between the atlas and the patient is a limitation which affects how well 
this “full information” is used. 

6.3.3 DEGREES OF FREEDOM 

For any of the methods considered, their complexity makes it nearly impossible to calculate the 
true degrees of freedom provided. While each method may have a large number of free parameters, 
there are also correlations in behavior between local outputs as a result of regularizers that constrain 
the freedom. For example, the mesh nodes locations in an active shape model are constrained and 
correlated by restricting the number of eigenmodes to form more likely shapes. Therefore, each 
node cannot be said to have complete freedom with respect to another. Despite this, examination of 
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the parameters, such as the number of mesh nodes, can give an indication of the number of degrees 
of freedom available. 

Taking heart segmentation as an example, the differences in degrees of freedom between these 
three classes can be gauged. Zhao et al. used a modifcation of the active shape model for segmen-
tation of the heart to aid radiotherapy planning [31]. While the number of eigenmodes used is not 
reported, it can be seen that around 900 surface nodes were used. Each node has three degrees of 
freedom; therefore, it could be assumed that there are approximately three thousand degrees of free-
dom to the model. In contrast, Rikxoort et al. used an atlas-based method for cardiac segmentation on 
CT. Since registration provides the ability to adapt to the patient, this can be examined to understand 
the method’s degrees of freedom. A b-spline registration is used in the Rikxoort method. At its fnest 
resolution, a spline control point is placed every four pixels, following subsampling of the image by 
a factor of two. This would result in approximately 80,000 degrees of freedom, assuming a typical 
image size of 150 slices of 512 × 512 pixels. If each atlas can be considered to provide independent 
information, the use of 10 atlases would raise this to 800,000 degrees of freedom. Finally, consid-
ering deep learning-based segmentation, for the methods used in the 2017 AAPM Thoracic Auto-
segmentation Challenge, albeit for segmentation of fve organs and not just the heart, the number of 
free parameters to be tuned were reported to be between 14 million and 66 million [25]. Therefore, 
it can be understood that the power of deep learning methods to outperform the other approaches is 
likely to come from its additional, by an order of magnitude, fexibility to encode knowledge. 

6.4 SUMMARY OF THIS PART OF THE BOOK 

This part of the book explores the various choices to be made when designing a deep learning net-
work for organ-at-risk segmentation. Figure 6.6 illustrates the process for the training and use of a 
deep learning-based segmentation system. Data acquired for the purpose of training a deep learning 
system is usually separated into three categories: training, validation, and test. Where insuffcient 
data is available, data augmentation techniques are commonly used to ensure that the network is 
robust to variations in the data and to prevent overftting. Augmentation can be performed both dur-
ing training, but also during testing. The training data are passed into the deep learning network 
resulting in a segmentation. This output is compared to an expected output during training using a 
loss function, and the loss function is used to determine the gradients to update the network param-
eters. The same loss function can be used with the validation data to ensure that the network is not 
overftting to the training set. Alternatively, quantitative validation approaches can be used to give 
an indication of potential clinical performance. The independent test set can then be evaluated with 
the same quantitative measures to confrm the performance observed during training. 

FIGURE 6.6 The training and use of a deep learning segmentation system. Many aspects of training and use 
are covered within this part of the book. Evaluation and curation of data will be considered in the third part. 
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When used in the clinic, a known segmentation is not available for evaluation of performance, 
rather, the contours are inspected and edited for clinical use. This subjective clinical evaluation can 
also provide insight into how well the network is performing. 

Data curation for training, validation and testing, quantitative evaluation measures, and appro-
priate clinical use of deep-learning segmentation are considered within the third part of this book. 
In this part of the book, the more technical aspects are reviewed. First, the network architecture 
is considered. Chapter 7 gives a detailed overview of the various types of network designed to 
date. No attempt is made at experimental comparison on account of the diffculty in performing 
such a comparison in a meaningful way. However, the strengths and weaknesses of each approach 
are considered, and the results of benchmarking reported previously are considered. Recognizing 
that the U-net [32] is a popular choice for image segmentation; Chapter 8 evaluates the difference 
in performance between 2D and 3D implementations of this particular architecture. Various con-
straints could be considered as to what is a “fair” evaluation. In this chapter, what can be achieved 
for a given graphics card memory is the primary consideration. Chapter 9 considers another design 
aspect, whether it is better to perform segmentation a single organ at a time or using a multi-label 
approach. Again, the U-net architecture is evaluated, this time using images resampled to the same 
input resolutions. Whether multi-class or multi-label segmentation is performed has an impact on 
the choice of loss function used in network optimization. 

Going beyond the network design, Chapter 10 reviews the choices available, considering the 
strengths and weaknesses with respect to the task of image segmentation for a range of loss func-
tions. Chapter 11 then considers how data augmentation can be used to improve training, particu-
larly where small quantities of data are available. A wider range of data augmentation strategies are 
discussed, and an evaluation of the impact of a simple data augmentation approach is presented. 
Finally, Chapter 12 touches on clinical use, considering what might cause organ segmentation to 
fail. An underlying assumption of deep learning segmentation is that the training data is represen-
tative of the use-case scenario. This chapter examines how far a network can be stretched beyond 
those boundaries. 
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7.1 INTRODUCTION 

An increasing number of deep learning (DL) techniques have been proposed in the computer vision 
feld in recent years. Inspired by their success, researchers have extended them into organ segmen-
tation tasks in medical images [1–20]. DL-based methods adaptively explore deep features from 
medical images to represent the image structural information in detail. This fundamental change 
in methodology enables them to achieve state-of-the-art performances in medical image segmenta-
tion, especially in multi-organ segmentation. Based on convolutional neural networks as a basic 
component, current studies have proposed a variety of architectures of DL networks. These archi-
tectures vary in network structure, complexity, and implementation, resulting in variations in, and 
task-dependent, performance. Reviewing the network architectures developed recently will indicate 
the progress in current DL and facilitate the clinical transition of auto-segmentation methods. This 
review will also reveal the limitations in current network design that need to be addressed in future 
studies. In this chapter, popular deep learning network designs for multi-organ segmentation are 
summarized. Specifcally, thoracic organ segmentations are used as an example to discuss network 
performances and challenges of organ-at-risk (OAR) auto-contouring for thoracic radiation treat-
ment planning. This survey aims to: 

• Summarize the latest architectural developments in DL-based medical image multi-organ 
segmentation 

• Highlight contributions, identify challenges, and outline future trends 
• Provide benchmark evaluations of recently published DL-based multi-organ segmentation 

methods 

7.2 DEEP LEARNING ARCHITECTURE IN MEDICAL 
IMAGE MULTI-ORGAN SEGMENTATION 

The task of medical image multi-organ segmentation is typically defined as assigning each voxel of 
the medical images to one of the several labels that represent the objects of interest. Segmentation is 
one of the most commonly studied DL-based applications in the medical feld. Therefore, there are 
a wide variety of methodologies with many different network architectures. 

There are many ways to categorize the DL-based multi-organ segmentation methods accord-
ing to their properties such as network architecture, training process (supervised, semi-supervised, 
unsupervised, transfer learning), input size (patch-based, whole volume-based, 2D, 3D), and so on. 
In this chapter, approaches are classifed into six categories based on their architecture, namely: 
(1) auto-encoder, (2) convolutional neural network, (3) fully convolutional network, (4) generative 
adversarial network (GAN), (5) regional convolutional neural network, and (6) hybrid DL-based 
methods. In each category, a comprehensive table is provided, listing all the surveyed works belong-
ing to this category and summarizing their important features. Besides multi-organ segmentation 
methods, single-organ segmentation methods are also included since single-organ segmentation 
can be easily transformed to multi-organ segmentation by replacing the last layer’s binary output 
to a multi-channel binary output. The difference between multi-organ and single organ approaches 
is considered in Chapter 4. Similarly, medical image object detection methods were included as 
they could be used to frst obtain the region of interest (ROI) to aid the segmentation procedure and 
improve the segmentation accuracy. 

Before diving into the details of each category, a detailed overview of DL-based medical image multi-
organ segmentation methods with their corresponding components and features is provided in Figure 7.1. 
The aim of Figure 7.1 is to give the readers an overall understanding by listing important features of each 
category. The defnition, features, and challenges of each category are also listed in Table 7.1. 

Works cited in this review were collected from various databases, including Google Scholar, 
PubMed, Web of Science, Semantic Scholar, and so on. To collect as many works as possible, 
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FIGURE 7.1 Overview of six categories of DL-based methods in medical image segmentation. 

a variety of keywords was used, including but not limited to deep learning, multi-organ, medical 
segmentation, convolutional neural network, and so on. Over 180 papers that are closely related to 
DL-based medical image segmentation and over 40 papers that are closely related to multi-organ 
segmentation were reviewed. Most of these works were published between 2017 and 2019. The 
number of multi-organ publications is plotted against year by stacked bar charts in Figure 7.2, with 
the number of papers in each of the six categories shown. The dotted line in Figure 7.2 indicates 
increased interest in DL-based multi-organ segmentation methods over the years, highlighting the 
increase in the dramatic growth in publications recently. 

7.2.1 AUTO-ENCODER METHODS 

7.2.1.1 Auto-Encoder and Its Variants 
In the literature, the autoencoder (AE) and its variants have been extensively studied and con-
tinue to be utilized in medical image analysis [21]. AEs are often used for unsupervised [22] and 
semi-supervised [23] neural network learning. As shown in Figure 7.3, AEs usually consist of neu-
ral network encoder layers that transform the input into a latent or compressed representation by 
minimizing the reconstruction errors between input and output values of the network, and network 
decoder layers that restore the original input from the low-dimensional latent space. By constraining 
the dimension of latent representation, AEs can discover relevant patterns from the data. 

To prevent an AE from learning an identity function, several improved AEs were proposed. The 
most widely used network model in deep unsupervised architecture is stacked AE (SAE). An SAE 
is constructed by organizing AEs on top of each other, also known as deep AEs. SAEs consist of 
multiple AEs stacked into multiple layers where the output of each layer is wired to the inputs of the 
successive layers [22]. To obtain good parameters, SAEs use greedy layer-wise training. The beneft 
of an SAE is that it represents a deeper network with more hidden layers, therefore it has greater 
expressive power. Furthermore, it usually captures a useful hierarchical grouping of the input [22]. 

Denoising autoencoders (DAEs) are another variant of the AE and are used to constitute better 
higher-level representation and extract useful features [24]. DAEs prevent the model from learning 



 

 

84 Auto-Segmentation for Radiation Oncology 

TABLE 7.1 
Summary of Six Categories of DL-Based Methods in Medical Image Segmentation 

Category Defnition 

Auto-encoder (AE) Single neural network encoder/ 
decoder layer 

Convolutional Input/output layers and multiple 
neural network hidden layers including 
(CNN) convolutional layers, max 

pooling layers, batch 
normalization layers, dropout 
layers, fully connected layers, 
and normalization layers 

Fully convolutional CNN with fully connected layer 
network (FCN) replaced by convolutional layer 

Generative Two competing networks, a 
adversarial generator, and a discriminator 
network (GAN) 

Region-CNN CNN using selective search to 
(R-CNN) extract candidate regions 

Hybrid Two or more networks with 
different architectures for 
different functional propose 

Feature 

Low model complexity 

Facility for deeper networks 

Enables end-to-end 
segmentation 

High accuracy at low contrast 
region attributed to adversarial 
loss provided by discriminator 

Enables simultaneous multi 
region-of-interest detection 
and multi-organ segmentation 

Better performance and lower 
demand on training data size 

Challenges 

Poor performance on target 
contours with large shape 
variability 

Large computation 
complexity when stacking 
multiple AEs for deeper 
network 

The fully connected layer 
requires the classifcation 
step to be performed 
voxel-wise or patch-wise 

Fixed receptive size 
Voxel-wise loss introduces 
boundary leakage in low 
contrast regions 

Less effective in 
simultaneous multi-organ 
segmentation due to 
imbalance of loss function 
among different organs 

Large computational 
burden when training with 
3D image volumes 

High model complexity 

FIGURE 7.2 Overview of number of publications in DL-based multi-organ segmentation. 
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FIGURE 7.3 Diagram showing the basic architecture of auto-encoder. 

a trivial solution where the model is trained to reconstruct a clean input from the corrupted version 
from noise or another corruption [23]. A stack denoising autoencoder (SDAE) is a deep network 
utilizing the power of DAEs [25]. 

One of the limitations of AEs is the relatively small number of hidden units resulting from 
their fully connected nature and graphics card memory limitations. This restricts the depth of the 
network and the information that can be learned from the input data. To overcome this limitation, 
other constraints, such as prior knowledge, can be imposed on the network, to facilitate the network 
learning deep information. A sparse constraint is a typically used constraint in a sparse AE. The 
aim of a sparse autoencoder is to make a large number of neurons have a low average output so that 
neurons may be inactive most of the time [26]. Sparsity can be achieved by introducing a loss func-
tion during training or manually zeroing a few of the strongest hidden unit activations. 

SAE requires layer-wise pre-training since training of SAEs may be time consuming as they are 
built with fully connected layers. Li et al. frst investigated training convolutional auto encoders 
(CAE) directly in an end-to-end manner without pre-training [27]. Guo et al. suggested that CAEs 
are benefcial to learn features for images, preserve local structures, and avoid distortion of feature 
space [28]. Wang et al. proposed an automated chest screening based on a hybrid model of transfer 
learning and CAE [29]. 

7.2.1.2 Overview of Works 
Since abnormalities, e.g. abnormal tissue types and irregular organ shapes, are often present in 
medical images, it is challenging to obtain ground truth labels of multi-organs for supervised learn-
ing. However, organ segmentation in such abnormal datasets is meaningful in radiation therapy. 
Shin et al. applied an SAE method for organ detection in magnetic resonance imaging (MRI) [22]. 
Their method was used to detect the locations of the liver, heart, kidney, and spleen for MRI scans 
of the abdominal region containing liver or kidney metastatic tumors. Only weakly supervised 
training is required to learn visual and temporal hierarchical features that represent object classes 
from unlabeled multimodal dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) 
data. A probabilistic patch-based method was employed for multiple organ detection, with the fea-
tures learned from the SAE model. 

Accurate and automated segmentation of glioma from MRI is important for treatment planning 
and monitoring disease progression. Vaidhya et al. used an SDAE to solve the challenge of variable 
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TABLE 7.2 
Overview of AE Methods 

Ref. Year Network Supervision Dimension Site Modality 

[22] 2013 SAE Weakly supervised 3D patch Abdomen 4D DCE-MRI 

[25] 2015 SDAE Supervised 3D patch Brain Gliomas MRI 

[23] 2017 SDAE Semi-supervised 2D patch Brain lesion MRI 

[30] 2017 SAE Transfer learning 2D slice Liver CT 

[29] 2018 CSDAE Transfer learning 2D slice Thoracic Chest X-rays 

[26] 2019 SSAE Unsupervised 2D patch Vertebrae CT 

[31] 2019 SSAE Unsupervised 2D patch Vertebrae CT 

[32] 2019 Hierarchical 3D neural networks Supervised N/A Head and neck CT 

shape and texture of glioma tissue in MRI for this segmentation task [25]. 3D patches were extracted 
from multiple MRI sequences and were then fed into the SDAE model to obtain the glioma segmen-
tation. During training, two SDAE models were supervised in this task, one for high grade glioma 
(HGG) data, the other one for a combination of HGG and low-grade glioma (LGG) data. During 
testing, the segmentation was obtained by a combination of predictions from two trained networks 
via maximum a posteriori (MAP) estimation. Simultaneously, Alex et al. applied an SDAE for brain 
lesion detection, segmentation, and false-positive reduction [23]. An SDAE was pre-trained using 
a large number of unlabeled patient volumes and fne-tuned with 2D patches drawn from a limited 
number of patients. LGG segmentation was achieved using a transfer learning approach in which an 
SDAE network pre-trained with LGG data was fne-tuned using LGG data. 

Ahmad et al. proposed a deep SAE (DSAE) for CT liver segmentation [30]. First, deep features 
were extracted from unlabeled data using the AE. Second, these features are fne-tuned to classify 
the liver among other abdominal organs. 

In order to effciently detect and identify normal levels during mass chest screening of lung 
lesions of chest X-rays (CXRs), Wang et al. proposed a convolutional SDAE (CSDAE) to deter-
mine to which three levels of the images (i.e. normal, abnormal, and uncertain cases) the CXRs 
belong [29]. 

Accurate vertebrae segmentation in the spine is essential for spine assessment, surgical plan-
ning, and clinical diagnostic treatment. Qadri et al. proposed a stacked SAE (SSAE) model for the 
segmentation of vertebrae from CT images [26]. High-level features were extracted via feeding 2D 
patches into the SSAE model in an unsupervised way. To improve the discriminability of these 
features, a further refnement using a supervised fashion and fne-tuning was integrated. Similarly, 
Wang et al. proposed to localize and identify vertebrae by combining SSAE contextual features and 
structured regression forest (SRF) [31]. Contextual features were extracted via SSAE in an unsuper-
vised way and were then fed into SRF to achieve whole-spine localization (Table 7.2). 

7.2.1.3 Discussion 
In contrast to previous approaches to machine learning, whose performance depends on hand-craft 
features, an AE can learn the important contextual features of a medical image, improving their 
contextual discrimination ability [31]. 

For the segmentation of public BraTS 2013 and BraTS 2015 data [33], which are multi-modality 
brain MRI tumor segmentation datasets, an SDAE can provide good segmentation performance 
[23]. For segmenting liver on CT images, DSAEs showed high classifcation accuracy and can speed 
up the clinical task [30]. 

For detecting and identifying normal levels during mass chest screening of lung lesions of CXRs, 
the CSDAE method achieves promising results in terms of precision of 98.7% and 94.3% based on 
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the normal and abnormal cases, respectively [29]. The results achieved by the proposed framework 
show superiority in classifying the disease level with high accuracy. CSDAEs can potentially save 
radiologists time and effort, allowing them to focus on higher-level risk CXRs. 

Validated on the public MICCAI CS2014 dataset, which includes a challenging dataset of 98 
spine CT scans, the SSAE method could effectively and automatically locate and identify spinal tar-
gets in CT scans, and achieve higher localization accuracy while maintaining low model complexity 
without making any assumptions about visual feld in CT scans [26]. 

Although AEs have many benefts, they face some challenges and limitations in medical multi-
organ segmentations. One of the limitations is related to data regularity. For example, in cases of 
anatomical structures like lung, heart, and liver, even if the inter-subject variability of the dataset 
is high, the shape variety of segmentation masks would remain low. Unlike organs which tend to 
have similar structure, irregular lesions and tumors with large shape variability are diffcult for AEs 
to encode and remain challenging for the unsupervised AE methods. Furthermore, the number of 
layers can be limited due to the large computation complexity associated with the fully connected 
networks used in AE methods, compared to convolutional neural networks (CNNs) which use con-
volution kernels with shared learnable parameters. 

7.2.2 CNN METHODS 

7.2.2.1 Network Designs 
CNNs derive their name from the type of hidden layers they consist of. The hidden layers of a CNN 
typically consist of convolutional layers, max pooling layers, batch normalization layers, dropout 
layers, and normalization layers. Fully connected layers are normally used at later stages, if used at 
all. The last layer of a CNN is typically a sigmoid or softmax layer for classifcation/segmentation 
and tanh layer for regression. Figure 7.4 demonstrates a typical CNN architecture [34]. 

Convolution layers are the core of CNNs and are used for feature extraction [2]. The convolution 
layer extracts variant feature maps depending on its learned convolution kernels. The pooling layer 
performs a down-sampling operation by using maximum or average of the defned neighborhood 
as the value to reduce the spatial size of each feature map. A rectifed linear unit (ReLU) and its 
modifcations such as leaky ReLU are among the most commonly used activation functions, which 
transform data by clipping any negative input values to zero while positive input values are passed 
as output [35]. The fully connected layer connects every neuron in the previous layer to every neu-
ron in the next layer. Neurons in a fully connected layer are fully connected to all activations in the 
previous layer. They are placed before the classifcation output of a CNN and are used to fatten the 
results before a prediction is made using linear classifers. Via several fully connected layers, the 
previous feature maps extracted from convolutional layers are converted to a probability-like repre-
sentation to classify the medical image or medical image patch or voxels. 

FIGURE 7.4 An exemplary diagram of CNN architecture. Reprinted by permission from Springer Nature 
Customer Service Centre GmbH: Springer Nature, DeepOrgan: Multi-level Deep Convolutional Networks for 
Automated Pancreas Segmentation by Roth et al. [34], copyright 2020. 
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During training of a CNN architecture, the model predicts the class scores for training images, 
computes the loss using the selected loss function, and fnally updates the weights using the gradient 
descent method by back-propagation. Cross-entropy loss is one of the most widely used loss func-
tions, and stochastic gradient descent (SGD) and Adam gradient descent optimizations are the most 
popular method to operate gradient descent. 

LeCun et al. frst proposed a CNN model, named LeNet, for hand-written digit recognition [36]. 
LeNet is composed of convolution layers, pooling layers, and fully connected layers. With the devel-
opment of computer hardware and the increase in the amount of data available for neural network 
training, in 2012, Krizhevsky et al. proposed AlexNet and won the ILSVRC-2012 image classif-
cation competition [37] with a far lower error rate than the second place [38]. The improvements 
of AlexNet as compared to LeNet include (1) ReLU layer for nonlinearity and sparsity, (2) data 
augmentation to enlarge the dataset variety, (3) dropout layer to reduce learnable parameters and 
prevent overftting, (4) local response normalization to normalize the nearest data and, (5) overlap-
ping pooling. Since then, CNNs have begun to attract widespread attention, and variants of CNNs 
have been developed and have achieved the-state-of-art performances in various image processing 
tasks. Additionally, Zeiler and Fergus proposed ZFNet to improve the performance of AlexNet [39] 
and proved that a shallow network is able to learn edge, color, and texture features of images and 
a high-level network can learn abstract features of images. In addition, they demonstrated better 
performance can be achieved via a deeper network. The main improvement of ZFNet is a deconvo-
lution network used to visualize the feature map. 

Simonyan and Zisserman proposed the VGG to further explore the performance of the deeper 
network model [40]. The main innovation of VGG is a thorough evaluation of networks of increas-
ing depth using an architecture with very small (3 × 3) convolution flters, which shows that a 
signifcant improvement on the prior-art confgurations can be achieved by pushing the depth from 
16 to 19 layers. Similarly, GoogLeNet was proposed to broaden the network structure [41]. By inte-
grating the proposed inception module, GoogLeNet won the winner of the ImageNet Large-Scale 
Visual Recognition Challenge 2014 (ILSVRC14), which is an image classifcation and detection 
competition. The inception module is helpful for the CNN model to better describe the input data 
content while further increasing the depth and width of the network model. 

Many of the previous developments of CNNs were to increase the depth and width of CNN to 
improve the performance. However, simply increasing the depth would lead to vanishing/exploding 
gradients. To ease the diffculty of training deep CNNs and solve the degradation effect caused by 
increasing network depth, He et al. proposed a residual network (ResNet) for image recognition [42]. 
ResNet, which is mainly composed of residual blocks, is demonstrated to be able to break through 
a 100-layer barrier and even reach 1000 layers. 

Inspired by residual networks, Huang et al. later proposed a densely connected convolutional net-
work (DenseNet) by connecting each layer to every other layer [43]. In contrast to residual blocks, 
which would focus on learning the structural difference between the input features and desired 
output, DenseNet aimed to combine both low-frequency and high-frequency feature maps from 
previous and current convolutional layers via dense blocks. 

7.2.2.2 Overview of Works 
In medical image segmentation, CNNs can be used to classify each voxel or patch in the image 
individually, by presenting the network with patches extracted around that voxel or patch. Roth 
et al. proposed a multi-level deep CNN approach for pancreas segmentation in abdominal CT image 
[34]. A dense local image patch label was obtained by extracting an axial-coronal-sagittal viewed 
patch in a sliding window manner. The proposed CNN learned to assign class probabilities for 
each center voxel of its patch. Finally, a stacked CNN leveraged the joint space of CT intensities 
and dense probability maps. The CNN architecture used consists of fve convolutional layers which 
are followed by max pooling, three fully connected layers, two drop out layers, and a softmax 
operator to perform binary classifcation. This CNN architecture can be introduced into multi-organ 
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segmentation frameworks by specifying more tissue types since CNN naturally supports multi-
class classifications [44]. 

In contrast to 2D input, which would lose spatial information, Hamidian et al. proposed using a 
3D patch-based CNN to detect lung pulmonary nodules for chest CT images [45] using volumes of 
interest extracted from the lung image database consortium (LIDC) dataset [46]. They extended a 
previous 2D CNN to three dimensions which would be more suitable for volumetric CT data. 

For highly pathologically affected cases, segmenting and classifying the lytic and sclerotic meta-
static lesions from CT images is challenging, because these lesions are ill-defned. Therefore, it is 
hard to extract relevant features that can well represent texture and shape information for traditional 
machine learning-based methods. In order to solve this problem, Chmelik et al. applied deep CNN 
(DCNN) to segment and classify these kinds of lesions [47]. The CNN architecture takes three 
perpendicular 2D patches for each voxel of 3D CT image as input and output classifcation of three 
categories (healthy, lytic, and sclerotic) for that voxel. The proposed CNN consisted of several 
convolutional layers which are followed by ReLU and max pooling to extract features, several fully 
connected layers with dropout layers to combine the feature maps to feature vectors, and a last fully 
connected layer to convert the feature vector to a three-element output of class scores. A high score 
correlates to a high probability to the corresponding class. L2 regularized cross-entropy and class 
error loss are used for optimization. Mini-batch gradient descent with a momentum back-propaga-
tion algorithm is used to optimize the learnable parameters of this CNN. 

During radiotherapy for nasopharyngeal carcinoma (NPC) treatment, accurate segmentation of 
OARs in head and neck (H&N) CT images is a key step for effective planning. Due to low-contrast 
and surrounding adhesion tissues of the parotids, thyroids, and optic nerves, automatically segment-
ing these regions is challenging and will result in lower accuracy for these regions as compared to 
other organs. In order to solve this challenge, Zhong et al. proposed a cascaded CNN to delineate 
these three OARs for NPC radiotherapy by combining boosting algorithm [48]. In their study, CT 
images of 140 NPC patients treated with radiotherapy were collected. Manual contours of three 
OARs were used as the learning target. A hold-out test was used to evaluate the performance of the 
proposed method, i.e. the datasets were divided into a training set (100 patients), a validation set (20 
patients), and a test set (20 patients). In the boosting method for combining multiple classifers, three 
cascaded CNNs for segmentation were combined. The frst network was trained with the traditional 
approach. The second one was trained on patterns (pixels) fltered by the frst net, that is, the second 
machine recognized a mix of patterns (pixels), 50% of which were accurately identifed by the frst 
net. Finally, the third net was trained with the new patterns (pixels) screened jointly by the frst and 
second networks. During the test, the outputs of the three nets were considered to obtain the fnal 
output. A 2D patch-based ResNet [42] was used to build the cascaded CNNs. 

For multi-OARs segmentation in thoracic radiotherapy treatment, Harten et al. proposed a com-
bination of 2D and 3D CNNs for automatic segmentation of OARs (including esophagus, heart, 
trachea, and aorta) on thoracic treatment planning CT scans of patients diagnosed with lung, breast, 
or esophageal cancer [49]. The two CNNs are summarized as follows: one 3D patch-based network 
that contains a deep segment of residual blocks [50] with a sigmoid layer to perform multi-class 
binary classifcation, and one 2D patch-based (2D patch extracted from axial, coronal, and sagittal 
planes) network containing dilated convolutions [51] with softmax layer to perform classifcation. 
A hold-out validation (40 data for training and 20 data for testing) was used to evaluate the perfor-
mance of the proposed method (Table 7.3). 

7.2.2.3 Discussion 
For the multi-OARs segmentation of CT H&N, Dice similarity coeffcient (DSC), 95th percentile 
of the Hausdorff distance (95% HD), and volume overlap error (VOE) were used to assess the per-
formance of a cascaded CNN [48]. The mean DSC values were above 0.92 for parotids, above 0.92 
for thyroids, and above 0.89 for optic nerves. The mean 95% HDs were approximately 3.08 mm 
for parotids, 2.64 mm for thyroids, and 2.03 mm for optic nerves. The mean VOE metrics were 
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TABLE 7.3 
Overview of CNN Methods 

Ref. Year Network Supervision Dimension Site Modality 

[52] 2017 Deep deconvolutional Supervised 2D slice Brain CT 
neural network (DDNN) 

[34] 2015 Multi-level DCNN Supervised 2D patch Pancreas CT 

[53] 2016 Holistically nested CNN Supervised 2D patch Pancreas CT 

[45] 2017 3D CNN Supervised 3D patch Chest CT 

[54] 2017 3D DCNN Supervised N.A.* Abdomen CT 

[55] 2017 CNN Supervised 3D patch Head and neck CT 

[56] 2017 Fuzzy-C-Means CNN Supervised 3D patch Lung nodule CT 

[57] 2017 DCNN Supervised 2D Slice Body, chest, CT 
abdomen 

[58] 2018 Fusion Net Supervised 2D patch 100 ROIs HRCT 

[47] 2018 DCNN Supervised 2D patch Spinal lesion CT 

[59] 2018 DCNN Supervised 2D slice Malignant pleural CT 
mesothelioma 

[60] 2018 2D and 3D CNN Supervised 2D slice, 3D volume Artery/vein CT 

[61] 2018 3D ConvNets Transfer learning 3D volume Brain MRI 

[62] 2018 CNN with specifc Supervised or 2D slice, 3D volume Brain, abdomen Fetal MRI 
fne-tuning Unsupervised 

[63] 2018 2D and 3D DCNN Supervised 2D slice, 3D volume Whole body CT 

[64] 2019 Deep fusion Network Supervised 2D slice Chest CXR 

[65] 2019 DCNN Supervised 2D slice Abdomen CT 

[66] 2019 2.5D CNN Supervised 2.5D patch Thorax CT 

[48] 2019 Cascaded CNN Supervised 2D slice Head and neck CT 

[49] 2019 2D and 3D CNN Supervised 2D slice, 3D volume Thorax CT 

[67] 2019 U-net neural network Supervised 3D patch Lung CT 

*N.A.: not available, i.e. not explicitly indicated in the publication. 

approximately 14.16% for parotids, 14.94% for thyroids, and 19.07% for optic nerves. From the 
comparison in Zhong et al. [48], the proposed boosting-based cascaded CNN outperformed U-net 
[68] in segmenting the three OARs. Despite the powerful accuracy performance of the boosting 
structure, its pixel-based classifcation took more time as compared to U-net. This is because all 
classifers in the boosting structure need to classify all pixels in the image. 

In the study by Yang et al. [49], researchers evaluated the performance for 2D CNN, 3D CNN, 
and a combination of 2D and 3D CNNs individually and demonstrated the combination network 
produces the best results. The DSC of the esophagus, heart, trachea, and aorta were 0.84 ± 0.05, 
0.94 ± 0.02, 0.91 ± 0.02, and 0.93 ± 0.01, respectively. These results demonstrate potential for auto-
mating segmentation of OARs in routine radiotherapy treatment planning. 

A drawback of CNN is classifcation needs to be performed on every voxel or small patch. By 
sliding a window with a huge overlap between two neighboring patches, the CNN models perform 
classifcations on each voxel of the whole volume. This approach is ineffcient since it requires 
repeated forward network prediction on every voxel of the image. Fortunately, the convolution and 
dot product are both linear operators and thus inner products can be written as convolutions and 
vice versa [69]. By rewriting the fully connected layer as convolutions, the traditional CNNs can 
take input and images larger than its training image and produce a likelihood map, rather than an 
output for a single voxel. However, this may lead to an output with a far lower resolution than input 
due to the pooling layers used. 
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7.2.3 FCN METHODS 

7.2.3.1 Network Designs 
As discussed previously, the CNN methods input the downsized input image or patch into the con-
volutional layers and fully connected layers, and subsequent output-predicted label. Shelhamer et al. 
frst proposed a CNN whose last fully connected layer is replaced by a convolutional layer. Since 
all layers in this CNN are convolutional layers, the new network is named as a fully convolutional 
network (FCN). Due to the major improvement of deconvolution kernels used to up-sample the fea-
ture map, an FCN allows the model to have a dense voxel-wise prediction from the full-size whole 
volume instead of a patch-wise classifcation as in a traditional CNN [70]. This segmentation is 
also called “end-to-end segmentation”. By using an FCN, the segmentation of the whole image can 
be achieved in just one forward pass. To achieve better localization performance, high-resolution 
activation maps are combined with up-sampled outputs and then passed to the convolution layers to 
assemble more accurate output. 

One of the most well-known FCN structures using the concept of deconvolution for medical 
image segmentation is the U-net, initially proposed by Ronneberger et al. [68]. The U-net architec-
ture is built upon the elegant architecture of FCN, including an encoding path and a decoding path. 
Besides the increased depth of network with 19 layers, the U-net introduced a design of long skip 
connections between the layers of equal resolution in the encoding path to those in the decoding 
path. These connections provide essential high-resolution features to the deconvolution layers. The 
improvement of U-net overcomes the trade-off between organ localization and the use of context. 
This trade-off arises in patch-based architectures since the large size patches require more pooling 
layers and consequently will reduce the localization accuracy. On the other hand, small size patches 
can only observe a small context of input. 

Inspired by the study of U-net, Milletari et al. proposed an improved network based on the U-net, 
called the V-net [71]. The V-net architecture is similar to the U-net. It also consists of encoding path 
(compression) and decoding path and the long skip connection between the encoding and decoding 
paths. The improvement of V-net as compared to U-net is that at each stage of encoding and decod-
ing path, V-net involves a residual block as a short skip connection between early and later convolu-
tional layers. This architecture ensures convergence compared with non-residual learning network, 
such as the U-net. Secondly, V-net replaces the max pooling operations with convolutional layers to 
force the network to have a smaller memory footprint during training, as no switches mapping the 
output of pooling layers back to their inputs are needed for back-propagation. Thirdly, in contrast 
to binary cross entropy loss used in the original U-net method, the proposed V-net used Dice loss. 
Therefore, weights to samples of different organs to establish balance between multi-organs and 
background voxels are not needed. 

As another improvement of the U-net, Christ et al. proposed a new FCN that by cascading two 
U-nets to improve the accuracy of segmentation [72], called a cascade FCN. The main idea of the 
cascade FCN is to stack a series of FCNs in the way that each model utilizes the contextual features 
extracted by the prediction map of the previous model. A simple design is to combine FCNs in a 
cascade manner, where the frst FCN segments the image to ROIs for the second FCN, where the 
organ segmentation is done. The advantage of using such a design is that separate sets of flters can 
be applied at each stage and therefore the quality of segmentation can be signifcantly improved. 

The main idea of deep supervision in deeply supervised FCN methods [10, 13] is to provide the 
direct supervision of the hidden layers and propagate it to lower layers, instead of employing only 
one supervision at the output layer for traditionally supervised FCNs. In this manner, supervision is 
extended to deep layers of the network, which would enhance the discriminative ability of feature 
maps to differentiate multiple classes in multi-organ segmentation tasks. In addition, recently, atten-
tion gates were used in an FCN to improve performance in image classifcation and segmentation 
[73]. The attention gate could learn to suppress irrelevant features and highlight salient features 
useful for a specifc task. 
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7.2.3.2 Overview of Works 
Zhou et al. proposed a 2.5D FCN segmentation method to automatically segment 19 organs in CT 
images of the whole body [74]. In that work, a 2.5D patch, which consists of several consecutive 
slices in the axial plane, was used as multi-channel input for the 2D FCN. A separate FCN was 
designed for each 2D sectional view, resulting in three FCNs. Ultimately, the segmentation results 
of three directions were fused to generate the fnal segmentation output. The technique produced 
higher accuracy for big organs such as the liver (a Dice value of 0.937) but yielded lower accu-
racy while dealing with small organs, such as the pancreas (a Dice value of 0.553). In addition, by 
implementing the convolution kernels in a 3D manner, the FCN has also been used for multi-organ 
segmentation for 3D medical images [54]. 

An FCN which has been trained on whole 3D images has high class imbalance between the 
foreground and background, which results in inaccurate segmentation of small organs. One possible 
solution to alleviate this issue is applying two-step segmentation in a hierarchical manner, where 
the second stage uses the output of the frst stage by focusing more on boundary regions. Christ 
et al. performed liver segmentation by cascading two FCNs, where the frst FCN detects the liver 
location, estimating the ROI, and the second FCN extracts features from that ROI to obtain the liver 
lesions segmentation [72]. This system has achieved 0.823 in Dice for lesion segmentation in CT 
images and 0.85 in MRI images. Similarly, Wu et al. investigated the cascaded FCN to improve the 
performance in fetal boundary detection in ultrasound images [75]. Their results have shown better 
performance compared to other boundary refnement techniques for ultrasound fetal segmentation. 

Transrectal ultrasound (TRUS) is a versatile and real-time imaging modality that is commonly 
used in image-guided prostate cancer interventions (e.g. biopsy and brachytherapy). Accurate seg-
mentation of the prostate is key to biopsy needle placement, brachytherapy treatment planning, and 
motion management. However, the TRUS image quality around the prostate base and apex region 
is often affected by low contrast and image noise. To address these challenges, Lei et al. proposed 
a deep supervision V-net for accurate prostate segmentation [10]. To cope with the optimization 
diffculties of training the DL-based model with limited training data, a deep supervision strategy 
with a hybrid loss function (logistic and Dice loss) was introduced to the different stages of decod-
ing path. To reduce possible segmentation errors at the prostate apex and base in TRUS images, a 
multi-directional-based contour refnement model was introduced to fuse transverse, sagittal, and 
coronal plane-based segmentation. 

Similarly, for the task of MRI pelvic segmentation, segmentation of the prostate is challenging 
due to the inhomogeneous intensity distributions and variation in prostate anatomy. Wang et al. 
proposed a 3D FCN with deep supervision and group dilated convolution to segment the prostate on 
MRI [13]. In this method, the deep supervision mechanism was introduced into FCN to effectively 
alleviate the common exploding or vanishing gradient problems in training deep models, which 
forces the update process of the hidden layer flters to favor highly discriminative features. A group 
dilated convolution which aggregates multi-scale contextual information for dense prediction was 
proposed to enlarge the effective receptive feld. In addition, a combined loss (including cosine and 
cross entropy) was used to improve the segmentation accuracy from the direction of similarity and 
dissimilarity. Its architecture is shown in Figure 7.5 as an example of FCN implementation. 

Segmenting glands is essential in cancer diagnosis. However, accurate automated DL-based 
segmentation of glands is challenging because a large variability in glandular morphology across 
tissues and pathological subtypes exist, and a large number of accurate gland annotations from 
several tissue slides is required. Binder et al. investigated the idea of cross-domain (organ type) 
approximation that aims at reducing the need for organ-specifc annotations [76]. Two proposed 
dense-U-nets are trained on hematoxylin- and eosin-strained colon adenocarcinoma samples focus-
ing on the gland and stroma segmentation. Unlike U-net, dense-U-nets use an asymmetric encoder 
and decoder. The encoder is designed to learn the spatial hierarchies of features automatically and 
adaptively from low to high level patterns coded within the image. The encoder uses transition 
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FIGURE 7.5 Schematic representation of an exemplary FCN architecture. Reprinted by permission from 
John Wiley and Sons: Medical Physics, “Deeply supervised 3D fully convolutional networks with group 
dilated convolution for automatic MRI prostate segmentation” by Wang et al. [13], copyright 2020. 

layer (convolution with stride size 2) and dense convolution blocks consecutively to extract the 
compressed encoded feature representation. The dense-convolution blocks from DenseNet [43] are 
used to strengthen feature propagation, encourage feature reuse, and substantially reduce the num-
ber of parameters. The decoder is composed of deconvolution layers and convolution blocks. The 
skip connection between the encoder and the decoder side allows for feature reuse and information 
fow. The architecture has two decoders, one to predict the relevant gland locations, and a second to 
predict the gland contours. Thus, the decoders output a gland probability map and a contour prob-
ability map. The network is supervised to jointly optimize the prediction of gland locations and 
gland contours (Table 7.4). 

7.2.3.3 Discussion 
A problem of the FCN is that the receptive size is fxed so if the object size changes then the FCN 
struggles to detect it all. One solution is multi-scale networks, where input images are resized and 
fed to the network. Multi-scale techniques can overcome the problem of the fxed receptive size in 
an FCN [90]. However, sharing the parameters of the same network on a resized image is not a very 
effective way as the object of different scales requires different parameters to process. Another solu-
tion for images with a larger feld of view than the receptive feld is for the FCN to be applied as a 
sliding window across the entire image [45]. 

As compared to a single FCN architecture, the advantage of cascade FCNs is that separate sets 
of flters can be applied at each stage and therefore the quality of segmentation can be signifcantly 
increased. For example, Trullo et  al. proposed using two collaborative FCNs to jointly segment 
multiple organs in thoracic CT images, one is used for organ localization and the other one is used 
to segment the organ within that ROI [105]. However, because of the additional network involved 
and two or more steps, the computation time of this kind of method would be longer than a single 
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FCN architecture. In addition, if the frst network of cascade FCNs is used for organ localization, 
the performance of this method will largely rely on the accuracy of localization. 

Although FCN-based prostate segmentation [10, 13] can offer good performance, limitations of 
this kind of method still exist. First, due to three or more stages of deep supervision and the cor-
responding up-sampling convolutional kernels involved, the computation complexity is higher than 
the U-net and V-net methods. In addition, when using 2.5D patch as input, the segmented contours 
of each of the three directions may not be well matched. Introducing an adaptive and non-linear 
contour refnement model, such as a conditional random feld, would be a future work if research-
ers use this kind of method for multi-organ segmentation. Second, FCNs used voxel-wise loss such 
as cross entropy for segmentation. However, in the fnal segmentation map, there is no guarantee 
of spatial consistency. Recently, in FCN-based methods, conditional random feld and graph cut 
methods have been used as segmentation refnement into the FCN-based workfow by incorporat-
ing spatial correlation. The limitation of these kinds of segmentation refnement is that they only 
consider pair-wise potential which can allow boundary leakage in low contrast regions. 

7.2.4 GAN METHODS 

7.2.4.1 Network Designs 
GANs have gained a lot of attention in medical imaging due to their capability for data generation 
without explicitly modeling the probability density function. The adversarial loss brought by the 
discriminator provides a way of incorporating unlabeled samples into training and imposing higher 
order consistency. This has been proven to be useful in many cases, such as image reconstruction 
[106], image enhancement [107, 108], segmentation [12, 109], classifcation and detection [110], 
augmentation [111], and cross-modality synthesis [112]. 

A typical GAN consists of two competing networks: a generator and a discriminator [113]. 
The generator is trained to generate artifcial data that approximate the target data distribution 
from a low-dimensional latent space. The discriminator is trained to distinguish the artifcial data 
from actual data. The workfow is shown in Figure 7.6 [12]. The discriminator encourages the 
generator to predict realistic data by penalizing unrealistic predictions. Therefore, the discrimi-
native loss could be considered as a dynamic network-based loss term. The two networks compete 
with each other in a zero-sum game. Multiple variants of GAN can be summarized into three 

FIGURE 7.6 The process of generative adversarial network. Reprinted by permission from John Wiley and 
Sons: Medical Physics, “Automatic multiorgan segmentation in thorax CT images using U-net-GAN” by Dong 
et al. [12], copyright 2020. 



 

 

  

 

  

97 Deep Learning Architecture Design 

categories: (1) variants of discriminator’s objective, (2) variants of generator’s objective, and (3) 
variants of architecture, which are summarized in Yi et al. [114]. 

7.2.4.2 Overview of Works 
As discussed in the section on FCN methods, one of the challenges of medical image segmenta-
tion using traditional FCN methods is that these methods may introduce boundary leakage in low 
contrast regions. Using adversarial loss introduced via a discriminator can take into account high 
order structures that can potentially solve this problem [115]. The adversarial loss can be regarded 
as a learned similarity measurement between the segmented contours and the annotated ground 
truth (manual contours) for medical image segmentation tasks. Instead of only measuring the simi-
larity (such as Dice loss and cross entropy loss) in the voxel domain, the additional discriminator 
maps the segmented and ground truth contours to a low dimensional feature space to represent the 
shape information and then uses logistic loss to measure the similarity of the feature vector between 
segmented contours and manual contours. The idea is similar to the perceptual loss. The difference 
is that the perceptual loss is computed from a pre-trained classification network on natural images 
whereas the adversarial loss is computed from a network that trained adaptively during the evolve-
ment of the generator. 

Dai et al. proposed the structure correcting adversarial network (SCAN) to segment lung fields 
and the heart in CXR images [109]. The SCAN approach used an FCN as the generator to gener-
ate the binary mask of segmented organs and incorporated a critic network (discriminator) to dis-
criminate the structural regularities emerging from human physiology. During training, the critical 
network learns to discriminate between the ground truth organ annotations from the masks syn-
thesized by the segmentation network. Through this adversarial process, the critical network is 
able to learn the higher order structures and to guide the segmentation model to achieve realistic 
segmentation outcomes. 

In medical image multi-organ segmentation, a major limitation of traditional DL-based segmen-
tation methods is their requirement for a large amount of paired training images with ground truth 
contours as learning targets. In order to solve this challenge, Mondal et al. proposed a GAN-based 
method for 3D multimodal brain MRI segmentation from a few-shot learning perspective [116]. The 
main idea of this work is to leverage the recent success of GANs to train a DL-based model with 
highly limited training set of labeled images, without sacrifcing the performance of full supervi-
sion. The proposed adversarial network encourages the segmentation to have a similar distribution 
of outputs for images with and without annotations, thereby helping generalization. In addition, the 
few-shot learning method seeks good generalization on problems with a limited labeled dataset, 
typically containing just a few training samples of the target classes. 

Dong et al. proposed an adversarial network to train deep neural networks for the segmentation 
of multiple organs on thoracic CT images [12]. The proposed design of adversarial networks, called 
a U-net-generative-adversarial-network (U-net-GAN), jointly trains a set of U-nets as generators 
and FCNs as discriminators. A U-net-GAN is a conditional GAN. Specifcally, the generator, com-
posed of a U-net produces an image segmentation map of multiple organs by an end-to-end mapping 
learned from the CT image and its labeled organs. The discriminator, structured as FCN, discrimi-
nates between the ground truth and segmented organs produced by the generator. The generator and 
discriminator compete against each other in an adversarial learning process to produce the optimal 
segmentation map of multiple organs (Table 7.5). 

7.2.4.3 Discussion 
In segmentation tasks, GAN is effcient at the prediction stage since it only needs to perform a 
forward pass through the generator network for segmentation. The discriminator network is only 
used during training. Using adversarial loss as a shape regulator can beneft more when the learning 
target (organ) has a regular shape, e.g. for lung and heart, but would be less useful for other irregular 
objects, such as vessels and catheters. 
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In Dong et al. [12], GAN was applied to delineate the left and right lungs, spinal cord, esopha-
gus, and heart using 35 patients’ chest CTs. The averaged DSC for the above fve OARs are 0.97, 
0.97, 0.90, 0.75, and 0.87, respectively. The mean surface distance of the fve OARs obtained with 
GAN method ranges between 0.4 and 1.5 mm on average among all 35 patients. The mean dose 
differences on the 20 SBRT lung plans using the segmented results ranged from −0.001 to 0.155 Gy 
for the fve OARs. This demonstrates that GAN is a potentially valuable method for improving the 
effciency of the lung radiation therapy treatment planning. 

Patient movement, such as translation and rotation, does not change the relative position among 
organs. Including the transformed data could help avoid overftting and help the segmentation 
algorithm learn this invariant property. However, for multi-organ segmentation, due to the size 
and shape differences among different organs and variation among patients, it is diffcult to bal-
ance the loss function among different organs. Integrating all the segmentations into one network 
complicates the training process and reduces segmentation accuracy. To simplify the method, the 
GAN method of Dong et  al. [12] grouped OARs of similar dimensions, and utilized three sub-
networks for segmentation, one for lungs and heart, and the other two for esophagus and spinal cord, 
respectively. This approach improves segmentation accuracy at the cost of computation effciency. 
However, it also introduces additional computation time for both training and prediction. This could 
become an issue if the method was required to segment more OARs simultaneously. Simultaneously 
determining the location of organs and segmenting the organs within that location for multi-organ 
segmentation would be a future direction for research. 

7.2.5 R-CNN METHODS 

7.2.5.1 Network Designs 
In medical image multi-organ segmentation, as discussed above, simultaneous segmenting of multi-
ple organs is challenging, because it requires the correct detection of all organs in an image volume 
while also accurately segmenting the organs within that detection. It is similar to the classical com-
puter vision of tasks of instance segmentation, which include two subtasks: one is the object detec-
tion with the goal of classifying individual objects and localizing each using a bounding box (ROI 
to medical image), the other one is the semantic segmentation with the goal of classifying each pixel 
into a fxed set of categories without differentiating object instances. Recently, the development of 
the region-CNN (R-CNN) family introduced a simple and fexible way to solve this challenge. 

An R-CNN is a network based on ROIs [130]. To bypass the problem of selecting a large number 
of regions, the R-CNN utilized a selective search [131] to extract 2000 candidate regions from each 
image. These regions were called region proposals. By warping to the same size, these regional pro-
posals were then fed into a CNN to extract a 4096-dimensional feature vector as output. The CNN 
acts as a feature extractor. The output dense layer consists of the features extracted from the image 
and the extracted features are fed into a support vector machine (SVM) to classify the presence of 
the object within that region proposal. In addition to predicting the presence of an object within the 
region proposals, the algorithm also predicts four values (2D version) which are offset values to 
increase the precision of the bounding box. 

An R-CNN needs a long computation time to train the network with 2000 region proposals 
per 2D image slice. To address this issue, Girshick et al. proposed a faster objection algorithm 
called the Fast R-CNN [132]. Compared to the R-CNN, instead of selecting region proposals 
and feeding them into a CNN, the region proposals were obtained by frst feeding the original 
image into an FCN to obtain the convolutional feature map to identify the regional propos-
als, followed by warping them into squares and reshaping them into a fxed size using an ROI 
pooling layer. By using a fully connected layer, the regional proposal was projected to an ROI 
feature vector. Finally, a softmax layer was used to predict the class of that region proposal 
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FIGURE 7.7 The architecture of Faster R-CNN. Reprinted by permission from Elsevier: Computerized 
Medical Imaging and Graphics, “Fast and fully-automated detection and segmentation of pulmonary nodules 
in thoracic CT scans using deep convolutional neural networks” by Huang et al. [134], copyright 2020. 

and also the offset values for the bounding box. The reason that a Fast R-CNN is faster than an 
R-CNN is because it does not need to feed 2000 region proposals to the CNN for each feeding 
image. Instead, the convolution operation is done only once per image and a feature map is 
generated from it. 

Both the R-CNN and the Fast R-CNN use selective search to identify the region propos-
als. However, selective search is time-consuming. To solve this problem, Ren et al. proposed 
an object detection algorithm that eliminates the selective search and lets the network learn 
the regional proposals, called the Faster R-CNN [133]. Similar to the Fast R-CNN, the Faster 
R-CNN frst fed the image into an FCN to extract convolutional feature map. Instead of using 
selective search on the feature map to identify the region proposals, a separate network was 
used to predict the region proposals. The predicted region proposals were then reshaped using 
an ROI pooling layer which was then used to classify the image within the proposed region and 
predict the offset values for the bounding boxes. The architecture of Faster R-CNN is illustrated 
in Figure 7.7 [134]. 

Based on the ground works of feature extraction and regional proposals identifcation built 
by the Faster R-CNN, performing image segmentation within the detected bounding box (ROI) 
is easy to achieve. After an ROI pooling layer in the Faster R-CNN, He et al. integrated two 
more convolution layers to build the semantic segmentation within the ROI, called the Mask 
R-CNN [135]. Another major contribution of the Mask R-CNN is the refnement of the ROI 
pooling. In the previous Faster R-CNN, Fast R-CNN, and R-CNN methods the ROI warping is 
digitalized: the cell boundaries of the target feature map are forced to realign with the bound-
ary of the input feature maps. Therefore, each target cell may not be of the same size. Mask 
R-CNN uses ROI Align which does not digitalize the boundary of the cells and make every 
target cell the same size. It also applies interpolation to better calculate the feature map values 
within the cell. 
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7.2.5.2 Overview of Works 
In order to solve the problem of low-quality CT images, the lack of annotated data, and the 
complex shapes of lung nodules, Liu et  al. applied a 2D Mask R-CNN for lung pulmonary 
nodule segmentation in a transfer learning manner [136]. The Mask R-CNN was trained on 
the common objects in context (COCO) data set, which is a natural image dataset, and was 
then fne-tuned to segment pulmonary nodules. As an improvement, Kopelowitz and Engelhard 
applied a 3D Mask R-CNN to handle a 3D CT image volume to detect and segment the lung 
nodules [137]. 

Xu et al. proposed a novel heart segmentation pipeline which combined the Faster R-CNN 
and the U-net, abbreviated as CFUN [138]. Due to the Faster R-CNN’s precise localization 
ability and the U-net’s powerful segmentation ability, CFUN needs only one-step detection and 
segmentation inference to get the whole heart segmentation result, obtaining good results with 
significantly reduced computational cost. Furthermore, CFUN adopts a new loss function based 
on edge information, 3D Edge-loss, as an auxiliary loss to accelerate the convergence of train-
ing and improve the segmentation results. Extensive experiments on a public dataset show that 
CFUN exhibits competitive segmentation performance in a sharply reduced inference time. 
Similarly, Bouget et al. proposed a combination of a Mask R-CNN and a U-net for the segmen-
tation and detection of mediastinal lymph nodes and anatomical structures in CT data for lung 
cancer staging [139]. 

Li et al. proposed a lung nodule detection method based on the Faster R-CNN for thoracic MRI 
in a transfer learning manner [140]. A false positive (FP) reduction scheme based on anatomi-
cal characteristics was designed to reduce FPs and preserve the true nodule. Similarly, the Faster 
R-CNN was also used for pulmonary nodule detection on CT images [134]. 

Xu et al. proposed an effcient detection method for multi-organ localization in CT images using 
a 3D regional proposal network (RPN) [141]. Since the proposed RPN is implemented in a 3D man-
ner, it can take advantage of the spatial context information in a CT image. AlexNet was used to 
build a backbone network architecture that is able to generate high-resolution feature maps to fur-
ther improve the localization performance of small organs. The method was evaluated on abdomen 
and brain site datasets and achieved high detection precision and localization accuracy with fast 
inference speed (Table 7.6). 

TABLE 7.6 
Overview of R-CNN Methods 

Ref. Year Network Supervision Dimension Site Modality 

[136] 2018 Mask R-CNN Transfer 2D slice Lung nodule CT 
learning 

[138] 2018 Combination of faster R-CNN Supervised 3D volume Cardiac CT 
and U-net (CFUN) 

[139] 2019 Combination of U-net and Supervised 2D slice Chest CT 
mask R-CNN 

[134] 2019 Faster R-CNN Supervised 2D slice Thorax/pulmonary nodule CT 

[137] 2019 3D mask R-CNN Supervised 3D volume Lung nodule CT 

[140] 2019 3D faster R-CNN Supervised 3D volume Thorax/lung nodule MRI 

[142] 2019 Mask R-CNN Supervised N/A* Chest X-Ray 

[141] 2019 3D RPN Supervised 3D volume Whole body CT 

[143] 2019 Multiscale mask R-CNN Supervised 2D slice Lung tumor PET 

*N/A: not available, i.e. not explicitly indicated in the publication 
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7.2.5.3 Discussion 
In the work of Liu et al. [136], researchers used a Mask R-CNN to segment lung nodules for the frst 
time. After a series of comparative experiments, ResNet101 and feature pyramid network (FPN) 
were selected as the backbone of a Mask R-CNN. Experimental results showed that it not only 
identifed the location of nodules, but also provided nodule contour information. It provided more 
detailed information for cancer treatment. The proposed method was validated on the Lung Image 
Database Consortium – Image Database Resource Initiative (LIDC-IDRI) data set and achieved the 
desired accuracy. However, due to the 2D network design, some spatial information of the CT image 
will be lost. 3D contexts play an important role in recognizing nodules. A 3D Mask R-CNN would 
perform better than a 2D version as it also captures the crani-caudal information. 

Limitations still exist for the detection of lung nodules using Faster R-CNN. First, small and low 
contrast nodules are not successfully detected by the Faster R-CNN. This challenge may also occur 
for other multi-organ segmentation problems when there are small organs, such as the esophagus in 
lung segmentation. Second, the researchers found that some air artifacts and juxta-cardiac tissues 
may be falsely detected as nodules. In order to alleviate these problems, Li et al. designed a flter to 
improve the image quality and remove these artifacts [140]. In addition, a multi-scale strategy was 
introduced in the whole detection system to increase the detection rate of small and low contrast 
nodules. 

The R-CNN family of methods could be an effcient tool for several multi-organ segmentation 
and detection tasks. However, technical adjustments and optimizations may be required to make the 
extended model to achieve comparable performance to the methods dedicated to organ segmenta-
tion. Due to the higher data dimensionality and larger number of weight parameters, training a 3D 
R-CNN-based model is more time-consuming than a 2D version. However, it may have significant 
advantages, such as higher localization accuracy and higher prediction speed. To speed up the train-
ing procedure of the proposed method, one potential solution is to apply batch normalization after 
each convolutional layer in the backbone network to improve the model convergence, and conduct 
most calculations on a graphics processing unit with parallel computing [141]. 

7.2.6 HYBRID METHODS 

7.2.6.1 Network Designs 
Recently some methods used hybrid designs to solve the challenge of poor image quality, such as 
low contrast around the organ boundary. The hybrid design involves two or more networks for dif-
ferent functional proposes. For example, one network aims to enhance the image quality, and the 
other one to segment the OARs from the enhanced image. This has the potential to be a new trend 
for multi-organ segmentation. 

7.2.6.2 Overview of Works 
Accurate segmentation of pelvic OARs on CT images for treatment planning is challenging due to 
the poor soft-tissue contrast [144, 145]. MRI has been used to aid prostate delineation, but its accu-
racy is limited by MRI-CT registration errors [146, 147]. Lei et al. developed a deep attention-based 
segmentation strategy based on CT-based synthetic MRI (sMRI) images created using a cycle GAN 
[112]. This was done to address the segmentation of low contrast soft tissue organs (such as bladder, 
prostate, and rectum) without MRI acquisition [5]. This hybrid method included two main steps: 
frst, a CycleGAN was used to estimate sMRI from CT images. Second, a deep attention FCN was 
trained based on sMRI and manual contours deformed from MRIs. Attention models were intro-
duced to pay more attention to the prostate boundary. Inspired by this method, Dong et al. developed 
an sMRI-aided segmentation method for male pelvic CT multi-organ segmentation [4]. Similarly, 
Lei et al. introduced this kind of method for the multi-organ segmentation of cone-beam computed 
tomography (CBCT) pelvic data for CBCT-guided adaptive radiation therapy workfow [3]. 
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TABLE 7.7 
Overview of Hybrid Methods 

Ref. Year Network 

[4, 5] 2019 Synthetic MRI-aided FCN 

[3] 2019 Synthetic MRI-aided deep attention FCN 

[148] 2019 Deep multi-planar co-training (DMPCT) 

Supervision 

Supervised 

Supervised 

Co-training 

Dimension 

2.5D patch 

3D volume 

3D volume 

Site 

Pelvic 

Pelvic 

Abdomen 

Modality 

CT 

CBCT 

CT 

In multi-organ segmentation of abdominal CT scans, as discussed earlier, supervised 
DL-based algorithms require lots of voxel-wise annotations, which are usually difficult, expen-
sive, and slow to obtain. However, massive unlabeled 3D CT volumes are usually easily accessi-
ble. Zhou et al. proposed deep multi-planar co-training (DMPCT) in a semi-supervised learning 
manner to solve this problem [148]. The DMPCT network architecture includes three steps: (1) 
A DL-based network is learned in a co-training manner to mine consensus information from 
2D patches extracted from multiple planes. The DL-based network is called a “teacher model” 
in their work. (2) The trained teacher model is then used to assign pseudo labels to the unla-
beled data. Multi-planar fusion is applied to generate more reliable labels to alleviate the errors 
occurring in the pseudo labeling and thus can help train better segmentation networks. (3) An 
additional network, called a “student model”, is trained on the union of the manual labeled data 
and automatically labeled data (called self-labeled samples) to enlarge the data variation of the 
training data (Table 7.7). 

7.2.6.3 Discussion 
Compared to CT and CBCT images, the superior soft-tissue contrast of sMRI improves the prostate 
segmentation accuracy and alleviate the issue of prostate volume overestimation when using CT 
images alone. However, in sMRI-aided segmentation methods, the registration between training 
MRI and CT or CBCT will affect the sMRI image quality and thus affect the segmentation network 
performance. In this sense, the registration error also affects the delineation accuracy ultimately. 
Thus, this kind of method relies on the accurate deformable image registration. 

Hybrid methods can be practical for clinical applications since hybrid methods do not need a 
large number of training multi-modality data samples to provide comprehensive information or a 
large number of manual delineated contours for learning the target annotations (the annotation of 
multiple organs in 3D volumes requires massive labor from radiologists). Testing of hybrid methods’ 
performance in segmentation of multiple complex anatomical structures, such as the 2017 AAPM 
Thoracic Auto-segmentation Challenge, will be a future research direction. 

7.3 BENCHMARK 

Benchmarking, such as the 2017 AAPM Thoracic Auto-segmentation Challenge [149], can be help-
ful to understand the advantages and disadvantages of each method and compare architectures. 
Figure 7.8 shows a visual result of one patient using a DL-based method from the challenge [12]. 

From the report of this challenge [149], there were seven participants who completed the online 
challenge. Five out of seven participants used DL-based methods. In addition to those reported 
DL-based methods participating in this challenge, a review of recent studies using this benchmark 
data was performed. The numerical results of different DL-based methods are listed as follows: 

There was not a single method or architecture that outperforms others in every organ structure. 
This highlights the inherent challenge of multi-organ segmentations. From Table 7.8, it seems that 
U-net-GAN has the best performance in esophagus, lungs, and spinal cord, yet gives heart contours 
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FIGURE 7.8 Visual result of one patient’s data via DL-based method: (a) shows the CT image in axial view, 
(b) and (c) show the manual contour and segmented contour in axial view, respectively; (d) and (e) show the 
manual contour and segmented contour in 3D view. 

trailing behind other methods. The results in this table also seem to indicate that 3D methods tend 
to perform better than the 2D counterpart. This is studied further in Chapter 8. It is worth noting 
that, except for the esophagus, most methods reach the level of accuracy equivalent to interobserver 
variability within clinical use. 

7.4 CONCLUSION 

This chapter covered the current state-of-the-art DL-based auto-segmentation architecture used 
for auto-delineation. Detailed discussion was given to cover all proposed DL-based methods found 
in the literature. Comparisons were made to highlight the novelty of each architectural approach 
and contrasted the pros and cons of them. In general, multi-organ segmentation is a challenging 
topic and currently there is not a clear architectural solution. The 2017 AAPM Thoracic Auto-
segmentation Challenge can be used as a benchmark to show the relative performance of recent 
DL-based methods. It further demonstrates the diffculty of this problem. Although there is no sin-
gle architecture that outperformed others for all organs, the data do provide some insights towards 
the superiority of certain methods. 

Judging from the statistics of the cited works, there is a clear trend of using FCNs to perform 
end-to-end semantic segmentation for multi-organ automatic segmentation. Recently, GAN-based 
methods have been used to enhance the reliability of segmented contours. R-CNNs and hybrid 
methods have started to gain popularity in medical image segmentation, although only a few meth-
ods surveyed were applied to multi-organ segmentation. 

DL-based multi-organ segmentation techniques represent a signifcant innovation in daily prac-
tices of radiation therapy workfow, expediting the segmentation process, enhancing contour consis-
tency, and promoting compliance to delineation guidelines [4, 12, 52, 86, 88, 91, 96]. Furthermore, 
DL-based multi-organ segmentation could facilitate online adaptive radiotherapy to improve clini-
cal outcomes. 
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TABLE 7.8 
Comparison of the Results from DL-Based Methods Using Datasets from the 2017 AAPM 
Thoracic Auto-segmentation Challenge 

Metric Method Esophagus Heart Left Lung Right Lung Spinal Cord 

DSC DCNN 0.72 ± 0.10 0.93 ± 0.02 0.97 ± 0.02 0.97 ± 0.02 0.88 ± 0.037 
Team Elekta 

3D U-net [150] 0.72 ± 0.10 0.93 ± 0.02 0.97 ± 0.02 0.97 ± 0.02 0.89 ± 0.04 

Multi-class CNN 0.71 ± 0.12 0.91 ± 0.02 0.98 ± 0.02 0.97 ± 0.02 0.87 ± 0.110 
Team Mirada 

2D ResNet 0.61 ± 0.11 0.92 ± 0.02 0.96 ± 0.03 0.95 ± 0.05 0.85 ± 0.035 
Team Beaumont 

3D and 2D U-net 0.55 ± 0.20 0.85 ± 0.04 0.95 ± 0.03 0.96 ± 0.02 0.83 ± 0.080 
Team WUSTL 

U-net-GAN [12] 0.75 ± 0.08 0.87 ± 0.05 0.97 ± 0.01 0.97 ± 0.01 0.90 ± 0.04 

MSD DCNN 2.23 ± 2.82 2.05 ± 0.62 0.74 ± 0.31 1.08 ± 0.54 0.73 ± 0.21 
(mm) Team Elekta 

3D U-net [150] 2.34 ± 2.38 2.30 ± 0.49 0.59 ± 0.29 0.93 ± 0.57 0.66 ± 0.25 

Multi-class CNN 2.08 ± 1.94 2.98 ± 0.93 0.62 ± 0.35 0.91 ± 0.52 0.76 ± 0.60 
Team Mirada 

2D ResNet 2.48 ± 1.15 2.61 ± 0.69 2.90 ± 6.94 2.70 ± 4.84 1.03 ± 0.84 
Team Beaumont 

3D and 2D U-net 13.10 ± 10.39 4.55 ± 1.59 1.22 ± 0.61 1.13 ± 0.49 2.10 ± 2.49 
Team WUSTL 

U-Net-GAN [12] 1.05 ± 0.66 1.49 ± 0.85 0.61 ± 0.73 0.65 ± 0.53 0.38 ± 0.27 

HD95 DCNN 7.3 + 10.31 5.8 ± 1.98 2.9 ± 1.32 4.7 ± 2.50 2.0 ± 0.37 
(mm) Team Elekta 

3D U-net [150] 8.71 + 10.59 6.57 ± 1.50 2.10 ± 0.94 3.96 ± 2.85 1.89 ± 0.63 

Multi-class CNN 7.8 ± 8.17 9.0 ± 4.29 2.3 ± 1.30 3.7 ± 2.08 2.0 ± 1.15 
Team Mirada 

2D ResNet 8.0 ± 3.80 8.8 ± 5.31 7.8 ± 19.13 14.5 ± 34.4 2.3 ± 0.50 
Team Beaumont 

3D and 2D U-net 37.0 ± 26.88 13.8 ± 5.49 4.4 ± 3.41 4.1 ± 2.11 8.10 ± 10.72 
Team WUSTL 

U-net-GAN [12] 4.52 ± 3.81 4.58 ± 3.67 2.07 ± 1.93 2.50 ± 3.34 1.19 ± 0.46 

*Note: Methods not followed by a reference were from the 2017 AAPM Thoracic Auto-segmentation Challenge report [149]. 
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8.1 INTRODUCTION 

Convolutional neural networks (CNNs) have become one of the most successful tools in the feld 
of medical image processing. In recent years, typical CNNs originating from the feld of computer 
vision [1–5] have found their application in segmenting medical images for quantitative analysis 
[6–9]. Among these methods, fully convolutional networks (FCNs) [10, 11] have been used for 
pixel-wise image segmentation. FCNs are only built using convolution, pooling, and activation lay-
ers, and use a patch-wise sliding window on the original input images. A detailed exploration of 
deep-learning architectures is given in Chapter 7. One of the drawbacks of FCNs is that segmenta-
tion must be performed for each pixel for a given position (center) of the sliding window. This was 
resolved by the U-net architecture [12], which modifes the FCN using an encoder and decoder 
structure that yields better segmentation in both digital natural image and medical image segmen-
tation. The U-net has a symmetric multi-resolution structure and skips connections between the 
down-sampling path and the up-sampling path at each resolution. These skip connections combine 
local information at each resolution with the global information from the up-sampling blocks. The 
network has a large number of feature maps in the up-sampling path because of its symmetry. 
Therefore, it is sometimes necessary to reduce the number of channels in subsequent convolution 
layers to reduce memory usage. 

The original U-net is entirely implemented for 2D or multi-channel 2D images (such as color 
images with RGB channels). However, in most biomedical image segmentation tasks, 3D or multiple 
volumes need to be processed. The extension of 2D U-net to 3D is straightforward, and almost all 
the basic functions and network building blocks required have been included in popular deep learn-
ing packages. 
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The purpose of this chapter is to explore and evaluate the performance of organ segmentation 
by comparing 2D and 3D U-nets based on performance on the lung CT segmentation challenge 
(LCTSC) datasets [13]. Such a dataset makes it possible to develop and benchmark deep learning 
segmentation algorithms for multi-organ segmentation. 

In this chapter, the architectures of the 2D U-net and 3D U-net are presented and implemented. 
Then, these models are trained with a range of image resolutions, and the respective results are 
compared using the Dice similarity coeffcient and the Hausdorff distance. The 2D networks are 
trained using axial plane images at resolutions 2 mm and 1 mm, and 3D networks are trained using 
isotropic 5 mm, 2 mm, and 1 mm resolutions. The networks are trained frst with fve simultaneous 
outputs as there are fve organs to be segmented, and then the parameters of the networks are used 
as an initialization for training each organ-based segmentation so that the fnal networks are sepa-
rately trained for each organ. This chapter will share the experiences of challenges and present the 
reader with detailed comparison between 2D and 3D U-nets. 

8.2 STRUCTURES OF 2D AND 3D U-Nets 

8.2.1 2D U-NET 

Many studies have been accomplished processing volumetric images slice by slice [14] to train 
networks for 3D image segmentation. The advantages of 2D networks are that there are more train-
ing samples and variability (each slice is treated as an independent sample), and the requirement 
for graphics processing unit (GPU) memory is less. Figure 8.1 illustrates the architecture of the 2D 
U-net used in this chapter. The input of the network is a 2D slice, and the output consists of one or 
more probability maps dependent on the number of organs to be segmented. The in-plane resolution 
of the input images may vary between cases, such as 1 mm × 1 mm, 2 mm × 2 mm, etc. Therefore, 
linear interpolation is performed for each input image slice to convert patient data to a standardized 
resolution, and the nearest neighbor interpolation is performed for the corresponding ground truth 
masks. 

Each block (rectangular boxes in Figure 8.1) of the network consists of a convolution layer, a 
batch normalization layer, and a ReLU layer. The size and the number of the channels are denoted at 
the bottom of the blocks. Arrows in the fgure represent a direct feeding operation or a convolution 
layer to match the number of channels of two connected blocks. The down-sampling layer halves 
the size of the feature map and doubles the number of channels. Similarly, the up-sampling layer 
doubles the size of the feature map and halves the number of channels. The up-sampled feature 
maps are concatenated with the skip connection maps. As a result, on the decoder side, the number 
of channels is reduced for the frst convolution block. The fnal output of the network consists of two 
channels by using a softmax layer. The two channels correspond to the foreground and background 

FIGURE 8.1 Illustration of the 2D U-net structure. 
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for organ segmentation. Compared to training a network that can simultaneously segment all the 
organs, experiments show that separate segmentation networks may perform better. Thus, the net-
works are trained for each type of organ in this chapter. Chapter 9 investigates the performance of 
multi-class and multi-label segmentation further. 

The 2D U-net was implemented using PyTorch by following the initial design by Alexandre [15], 
with modifcations to the number of channels, the skip connections, and the dataset class. The loss 
function used for training the network was the Dice loss. The training was performed in different 
resampled resolutions, i.e. the axial-plane resolutions used are 1 mm × 1 mm and 2 mm × 2 mm, 
respectively. For 2D segmentation, no interpolation was performed along the z-direction. 

In the testing stage, each axial slice of the input CT volume was extracted and resampled accord-
ing to the desired in-plane resolutions to match the model. The network yields a probability map 
through a fnal softmax layer for each organ. The output slices of probability maps were then resam-
pled to the original input resolution based on linear interpolation. All the slices were fnally stacked 
together to form a new volumetric probability map, with the same resolution of the input volume. A 
simple threshold was set to 0.8 empirically and applied to the probability map followed by morpho-
logical operations to extract the largest connected region as the segmentation result. 

8.2.2 3D U-NET 

The architecture of the 3D U-net (Figure 8.2) is similar to that of the 2D U-net (Figure 8.1). However, 
since the amount of GPU memory is limited, the numbers of channels at each level are set smaller 
than those in 2D U-net. The input of the 3D U-net is a 3D CT volume, and three spatial resolutions 
are used for training: 1 mm × 1 mm × 1 mm, 2 mm × 2 mm × 2 mm, and 5 mm × 5 mm × 5 mm. 
Trilinear interpolation was used for resampling input images, and nearest neighbor interpolation 
was used for resampling the ground truth masks. Each block of the network consists of a convolu-
tion layer, a batch normalization layer, and a RELU layer. In Figure 8.2, the size of kernels and 
number of channels are shown under each block. The down-sampling, up-sampling, pooling, and 
activation layers are the same as the 2D U-net except that 3D operations are used. The fnal output 
of the network is a 3D probability map of the softmax layer; 3 × 3 × 3 kernels are used for all the 
networks, with stride of 1, and padding of 1. Dice loss was chosen for optimization of the network. 
The combined segmentation network was frst trained for simultaneous fve-organ segmentation 
and used as the initial network for each organ. 

During the testing stage, the original CT volumes were frst resampled to the desired resolution 
and fed to the 3D U-net to generate the probability map for each organ. These probability maps 

FIGURE 8.2 The structure of 3D U-net used in this chapter. 
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were then resampled to the original CT volume resolution for evaluation. Trilinear interpolation was 
used because the resampling was performed on probability maps rather than binary segmentation 
masks. Similarly, thresholding is performed, and the largest connected region is chosen as the fnal 
segmentation result. 

8.3 EXPERIMENTAL RESULTS 

8.3.1 DATASETS 

The LCTSC datasets consist of 36 volumetric CT images for training and 24 images for testing. 
Each volume has fve regions of interest (ROIs) to be segmented: the left and right lungs, the heart, 
the esophagus, and the spinal cord. All the ground truth masks are available for training and evalu-
ation. Because some of the masks can slightly overlap each other (e.g. between the heart and the left 
lung masks), the ROI fles are used separately and are not combined. Full details of this dataset are 
given in Chapter 1 and in Yang et al. [13]. 

The CT images from different patients do not have the same resolution and have different in-
plane and z-direction pixel distances. Therefore, resampling is necessary before feeding to each 
network. Isotropic resolutions of 1 mm, 2 mm, and 5 mm were used for training and testing the 3D 
networks. For 2D U-net, resampling along the z-axis is not necessary. Thus, 36 training volumes 
were split into 5858 axial slices/images and resampled to desired in-plane resolutions to train the 
2D U-net. These slices were similarly resampled into isotropic resolutions for training the 3D U-net. 

8.3.2 EVALUATION METRICS 

The Dice similarity coeffcient and the 95% Hausdorff distance were used to evaluate the perfor-
mance of segmentation on the original CT image spaces. Denoting the segmentation mask of an 
organ as S and the corresponding ground truth mask as T, the Dice coeffcient is calculated by: 

S TÇ
Dice (S T, ) = 

2 
, (8.1) 

S + T 

where ∥ represents the cardinalities or the number of voxels of the two masks. 
The directed 95% Hausdorff distance is the point in S with distance to its closest point in T is 

greater or equal to exactly 95% of the other points in S. The undirected 95% Hausdorff distance is 
the average of two directed 95% Hausdorff distances. Mathematically, denoting the rth percentile 
as Kr, it is given as: 

é ù é ùK min  d s t( ))," Î  Kr (min , ),"t T( , s S  d t s( ) " Îr ú +ê t T  ê s SÎ úë Î û ë ûd (S,T ) = . (8.2) H r, 2 

Besides the metrics of each subject, their average and standard deviation values are also computed. 
Chapter 15 further considers measures for the evaluation of auto-segmentation and alternative 

defnitions and implementations are considered within that chapter. 

8.3.3 IMPLEMENTATION DETAILS 

Since CT intensities (corresponding to Hounsfeld units) should be standard across different devices, 
they were not normalized but were cropped to the range of −1024 to 700 before training and testing. 
The pseudo code for the Pytorch Dataset class’s __getitem__() function is summarized as follows: 
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Image = read_image(image_filename) 
Image = intensity_clip(Image) 
Segmentation = read_image(ground_truth_filename) 
Image = resample(Image) 
Segmentation = resample(Segmentation) 
Index = generate_index(Segmentation) 
Imaget = patch_sampler(Image, Index).cuda() 
Segmentation = patch_sampler(Segmentation, Index).cuda() 
Return {‘image’: Image, ‘segmentation’, Segmentation } 

Note that the image patches used for training are randomly picked according to the ground truth 
segmentation. The sampling rule was that half of the patches picked would have their center points 
located within the region of interest of ground truth masks, and another half would not. In this way, 
the training data sampler was well balanced between the background regions and the ROIs. 

The training procedure is illustrated by the following pseudo code: 

for epoch in range(Number_Of_Epochs + 1): 
for i, data in enumerate(dataLoader): 

image = data[‘image’] 
segmentation = data[‘segmentation’] 
… (prepare tensor data) 
output = model(image) 
… (prepare output) 
loss = dice_loss(output, segmentation) 
optimizer.zero_grad() 
loss.backward() 
optimizer.step() 

The major parameters and confguration of the experiments are shown in Table 8.1. No validation 
set was used to choose which model will be used fnally, since the number of samples available was 
limited. The model selected was the last trained model after reducing the learning rates from 0.0001 
to 0.00001 and when the Dice loss plots are reasonably stable. 

The training of all the fve networks was fairly straightforward. However, due to limited GPU 
memory, only one 3D patch with size 256 × 256 × 256 could be fed to the training per batch, result-
ing in bumpy Dice loss plots. Therefore, the maximum patch size chosen was set to 128 × 128 × 
128. For training the 3D U-net at resolution 1 mm, the results of 2 mm model on the training set 
were cropped to get smaller volumes, and the 1 mm 3D U-net model was trained only using the 
cropped images. It is in this context that the 1 mm 3D U-net is considered a refnement step for the 
corresponding 2 mm model. 

Theoretically, the size of patches does not change network behavior. However, behavior may be 
dependent on the padding and how deep the network is. Each network has an effective feld of view 
dependent on the network depth. Therefore, if one uses zero padding, a 128 × 128 × 128 patch will 
yield a resultant probability map with size 80 × 80 × 80 for the 3D U-net. Thus, the boundary effects 
or effective covering range for a voxel in the segmentation map could be 2.4 cm wider in radius for 
1 mm resolution, which is fairly small. In other words, the network used here may not be deep enough 
to cover a large spatial region. Thus, the 3D U-net at 1 mm resolution could generate false positive 
regions outside the ROI. However, the U-net may detect image boundaries and detailed information 
with greater accuracy because of the fne resolution, and therefore improve performance. 

Thus, to capture both global and local information using a U-net is diffcult despite it being 
inherently multi-resolution. Increasing the depth so that the network has a wider effective feld of 
view may better handle such situations and improve the performance. However, a consequence is 
that the computational cost and memory requirement become very high. An alternative solution 
is to apply the network on multi-resolution images. For example, a coarse-resolution network can 

http://dx.doi.org/optimizer.step
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be frst used to segment the ROI so that the ROI region can be cropped at high-resolution, and the 
fne-resolution network can be applied in a subsequent refnement step. Such an implementation 
actually works like a cascade model – the frst stage has a wider feld of view, and the last stage can 
be considered as fne tuning the results within a smaller spatial domain. 

8.3.4 RESULTS 

Before reporting the quantitative metrics, segmentation results of a subject produced using the 2D 
network are visualized in Figure 8.3. Overall, the two segmentations at resolutions of 2 mm and 
1 mm were similar, but the segmentation of the high-resolution model is more accurate. For exam-
ple, the 1 mm model yielded a more detailed segmentation shape and could match the boundaries 
better. It is also noted from the sagittal views that esophagus masks were not smooth along the 
z-direction for either 2D U-net models. 

When comparing different organ segmentations, the overall segmentations of the lungs and the 
heart were much better than those of the esophagus and the spinal cord. This can be quantifably 
confrmed from Figure 8.4, which plots the average and standard deviation values of (a) the Dice 
similarity coeffcient and (b) the 95% Hausdorff distances between the segmentation results and the 
ground truth. For convenience, the results of 3D U-net are also plotted in this fgure. By comparing 
all the 2D cases, especially for the esophagus, the spinal cord, and the heart, the high-resolution 
model outperformed the low-resolution one. The 95% Hausdorff distances of the left and right lungs 
were much smaller in the high-resolution model. 

Figure 8.5 shows the segmentation results for the same subject for the 3D U-net segmentation. 
For convenience, the same ground truth is shown. Overall, the 1 mm U-net model yielded a more 

FIGURE 8.3 Comparison of low-resolution (2 mm, top) and high-resolution (1 mm, bottom) 2D U-net 
segmentation results. The last row shows the ground truth. 
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FIGURE 8.4 Comparison of the mean and the standard deviation values of Dice coeffcients of 2D and 
3D U-nets at different resolutions. For each organ, the segmentation model from left to right are 3D coarse 
(5 mm), 3D coarse (2 mm), 2D coarse (2 mm), 3D fne (1 mm), and 2D fne (1 mm), respectively. 

detailed segmentation, and compared to the 5 mm model, both the 2 mm and 1 mm models better 
matched the organ boundaries. The 2 mm model may have 1~2 voxel shifts because of the resam-
pling procedure. Notice that there were some occasional disconnected spots for the 1 mm model. 
As discussed previously, this is a result of the selection of smaller patch sizes. Network inference 
must be performed by cropping the images into pieces and then stitching the results together as a 
consequence of the graphic card memory limitation and the size of the image. This would not be a 
problem with larger GPU memory if the images could be input as a whole. 

The average and standard deviation of Dice coeffcients and 95% Hausdorff distances between 
the segmentation results and the ground truth for the 3D U-net models are shown in Figure 8.4. In 
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FIGURE 8.5 Comparison of 3D U-net results using three resolutions: 5 mm, 2 mm, and 1 mm. 

all the fve organs, the high-resolution 1 mm model outperformed the 2 mm and 5 mm low-resolu-
tion models for both Dice and 95% Hausdorff distances. The segmentation performance increased 
along with the resolution. The segmentation results of the lungs and the heart were much better than 
those of the esophagus and the spinal cord. 

When comparing the 2D and 3D U-nets, Dice of the spinal cord and the heart in the 2 mm 3D 
model was higher than those in 2 mm resolution 2D model. However, the 2 mm 3D model achieved 
a better 95% Hausdorff distance across all the fve organs compared to the 2 mm 2D model. When 
comparing the Dice values for the 1 mm resolution, the 3D model did not perform as well as the 
2D model. This may have been caused by the cropping patch operation and padding effect. Overall, 
the results of 2D model and 3D model were comparable, and a signifcant improvement was not 
observed by using a 3D U-net for the dataset. This may seem counter-intuitive, however there were 
limited volumetric samples for the 3D model. Data augmentation could improve the performance of 
both models and are discussed in Chapter 11. 

8.3.5 DISCUSSIONS 

There are many variations for U-nets in the literature [6–9, 11, 14, 16–22], and it should be noted 
that this chapter does not intend to fully evaluate every confguration of the network structures 
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or compare them. Rather, this chapter seeks to evaluate two basic 2D and 3D U-nets so that their 
effectiveness can be better understood. Similarly, it is also an open question about how to choose 
comparable network structures and blocks so that a 2D U-net and a 3D U-net have similar capacity. 
In the work of this chapter, 2D and 3D U-nets have been confgured to be as similar as possible in 
terms of network structures, but with a different number of channels to fully use the capacity of the 
GPU memory. An alternative would be to keep the number of channels the same and reduce the 
capacity of the 2D network according to the memory constraint of the 3D network. 

Selection of batch size could also affect the learning ability. One cannot use as many batches for 
3D U-net as for the 2D U-net on account of the GPU memory limit. Moreover, the size of patches 
must be restricted for 3D U-net for the same reason. In this chapter, the patch size was set to 128 × 
128 × 128 for 3D models. This limits the training of 3D U-net by using a relatively smaller patch 
size compared to the size of the image (typically 500 pixels along each axis after resampling to 1 
mm isotropic resolution). The selection of patch size is also closely related to the padding in the con-
volution blocks as previously mentioned. Ideally, one should not use padding and only compute the 
loss for the reduced size patches after network output to eliminate padding discrepancies. However, 
as the network becomes deeper and deeper, the resultant feature map becomes very small in size. 
An effective way to overcome this problem is to use a cascade model whereby a coarse resolution 
segmentation is used to crop the fne-resolution images so that segmentation on isotropic 1 mm 
resolution can be performed with a fne resolution network. 

8.4 SUMMARY 

By using the LCTSC datasets, the performance of 2D and 3D U-net segmentation were compared 
for fve organs from CT volumes. The comparison was performed by training the image data in 
different spatial resolutions. For 2D U-net, only axial plane images were used and resampled, and 
for 3D U-net, this was performed by isotopically resampling all the images into desired resolutions. 
The advantage of 2D U-net is that training is faster, more channels can be used in the network 
hierarchy, and more training samples can be provided with the same size dataset. The disadvantage 
is that it has less continuity along the z-direction. On the other hand, the anatomical structures are 
smoother in 3D space. The drawback for 3D U-net is that the network may need more epochs to 
train, and there is less variability in the training samples due to a limited number of training vol-
umes. The network also requires more GPU memory. If one looks into the details of the 3D U-net 
results, although Dice for low resolution models is lower than that of high resolution models, low 
resolution models capture global image information better and generate less ambiguity in terms 
of localization of ROIs. A multi-stage segmentation approach is therefore recommended so that 
low-resolution models frst capture the shape of the structure of interest, and then a high-resolution 
model can further refne the segmentation. 
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9.1 INTRODUCTION 

In clinical practice of radiation treatment planning, multiple organs need to be segmented from the 
CT to calculate the dose distribution on each organ. Deep convolutional neural networks (DCNN) 
represented by U-net have been widely used in this application and demonstrated far superior per-
formance than all traditional methods [1]. To achieve the multi-organ segmentation task, there can 
be two design choices: a single network can be designed and trained with direct multi-class seg-
mentation output or multiple organ-specifc networks can be trained with each one performing a 
binary class segmentation. This study aims to perform a comparison of these two options using the 
data from the 2017 AAPM Thoracic Auto-segmentation Challenge and evaluate the advantages and 
disadvantages of each method. 

9.2 MATERIALS AND METHODS 

9.2.1 DATASETS 

The 2017 AAPM Thoracic Auto-segmentation Challenge dataset was used in this study. Details of 
this dataset are provided in Chapter 1 and in Yang et al. [1]. The organs to be segmented included 
the esophagus, heart, left and right lungs, and spinal cord. The Radiation Therapy Oncology Group 
(RTOG) contouring guideline [2–3] was used for the ground truth labeling and evaluation of the 
output. 
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9.2.2 NETWORK STRUCTURE 

As CT images are often acquired in three dimensions (3D), a 3D U-net was used as the backbone 
network structure to more effectively exploit the full 3D spatial information directly from the image 
volume. Chapter 8 evaluates the performance difference between two-dimensional (2D) and 3D 
networks. All 2D operations were replaced with their 3D counterparts [4]. Padding was used during 
convolution to maintain the spatial dimension of each layer so that the output labels would have the 
same size as the input images. The dimensions of the input image were set to be 72 × 208 × 208 
determined by the graphic processing unit (GPU) memory available and the average aspect ratio of 
the chest CT. The 72 corresponds to the craniocaudal direction and the number of features at the 
frst layer was set to 24. Two sets of 3D convolution flters of 3 × 3 × 3, batch normalization layer, 
and the rectifed linear activation function were used for each encoding block. With each pooling 
step, the spatial dimension was reduced in all directions and the number of features was doubled. 
The fnal segmentation map contained p classes. For the organ-specifc networks, p is 2 as it only 
contains the target organ and background; for multi-organ networks, p is 6 to represent fve organs 
and the background. Figure 9.1 shows the network structure. 

9.2.3 PRE-PROCESSING AND DOWNSAMPLING 

As the CT imaging protocol including pixel spacing, axial slice thickness, and feld-of-view in the 
z-direction can vary from different scans, to reduce the variability within the dataset including both 
training and testing cases and to ft the same input matrix size to the network, image pre-processing 
was performed. In addition, limited by the GPU memory, downsampling of the original images was 
performed. As the axial feld-of-view (FOV) of CT images is often larger than the body, for all axial 
slices, it was frst resampled to have the in-plane resolution of 1.9512 mm × 1.9512 mm2 and center-
cropped the resulting images to 208 × 208. The number of slices was resampled to be 72 without 
cropping or padding as some organs extend to the very top or bottom slices. Thus. the resulting 3D 
input image size was 72 × 208 × 208, matching the network architecture input. The ground truth 
labels were processed using the same workfow to be consistent with the CT images. Finally, to 
normalize the image intensity, the voxel values outside of −1000 to 600 Hounsfeld units (HU) were 
set to −1000 and 600, respectively. The resulting images were then normalized to the range [0, 1]. 

9.2.4 QUANTITATIVE EVALUATION METRICS 

When ground truth contours are available, the automatic segmentation results can be evaluated 
using quantitative measures. A detailed discussion of quantitative evaluation measure is given in 
Chapter 15. The measures used in the 2017 AAPM Thoracic Auto-segmentation Challenge, the 
Dice coeffcient, mean surface distance, and 95% Hausdorff distance, were used in this study. The 
defnitions of these measures follow those used in the challenge and may vary from the defnition or 
implementation given in Chapter 15, therefore the defnitions are provided here. 

The Dice coeffcient (D) is calculated as: 

2 X YÇ
D = 

X Y+ 

where X and Y are the ground truth and the algorithm segmented contours, respectively. The directed 
average Hausdorff measure is the average distance of a point in X to its closest point in Y, given as: 

 
ådH a, vg ( X,Y ) = min  d  x y, 

1 ( )y YÎX 
x XÎ 
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FIGURE 9.1 General structure for 3D U-net used in this application. Each encoding block consists of two 
sets of consecutive convolutions: batch norm and rectifer linear activation layers. Padding was used to main-
tain the spatial dimension during convolution. The number of features was doubled after each pooling layer. 
Long range connections were used by concatenating the outputs from the corresponding encoding blocks with 
the decoding blocks. For multi-organ segmentation network, p = 1 + number of organs; for organ-specifc 
networks, p = 2. 

The mean surface distance (MSD) is then defned as the average of the two directed average 
Hausdorff measures: 

  
d ( X,Y ) + d (Y X  ),H avg, H avg,

MSD = 
2 

The 95% directed percent Hausdorff measure is the 95th percentile distance over all distances from 
points in X to their closest point in Y. Denoting the 95th percentile as K95, this is given as: 

 
d x y ) x XÎdH ,95 (X Y, ) = K 95 (miny Y  ( , )  " Î 

The undirected 95% Hausdorff distance (HD95) is then defned as the average of the two directed 
distances: 

  
dH ,95 ( X Y, ) + dH ,95 (Y X, )

HD95 = 
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9.2.5 IMPLEMENTATION AND COMPARISON EXPERIMENTS 

Both the multi-organ network and each organ-specifc network model were implemented using 
the TensorFlow framework. To reduce the effects of the unbalanced voxels of different organs, the 
weighted cross-entropy loss was used. For multi-organ network, the relative weights for background 
and fve organs were: background: 1.0, spinal cord: 2.0, right lung: 1.0, left lung: 1.0, heart: 1.0, 
esophagus: 3.0; for the organ-specifc network, the same relative weights were used but the back-
ground was defned to include all voxels other than the specifc organ. In practice, as smaller organs 
have much fewer corresponding voxels, their weights in the cross-entropy loss function are often 
increased to avoid gradient vanishing in learning these structures. However, a very large weight can 
also lead to increased false positives. The weights for the spinal cord were thus empirically set to 
be 2.0 and for the esophagus to be 3.0 without a very deep investigation into the actual effect on the 
performance. The Adam optimizer [5] with a learning rate of 0.0005 was used. The training process 
ran for 200 epochs in which each epoch looped through all the training cases once. During training, 
data augmentation was performed by applying random translations, rotations, and scaling to the 
input images and the corresponding ground truth label maps at each iteration. Further discussion of 
data augmentation is given in Chapter 11. 

It is noted that the multi-label maps, although often using integer values from 0 to 5 to denote the 
different classes, they are not continuous numerically. Therefore, in order to avoid any interpolation 
errors, such as two neighboring voxels having labels of 0 and 6 may generate an intermediate voxel 
with value of 3, which corresponds to another class, the multi-label map to multiple binary maps 
for each organ were frst converted and then applied the transformations to each one separately. 
Furthermore, after applying the random transformations to the binary maps, a threshold value of 0.5 
was applied to each interpolated organ segmentation to convert back to binary values. The trained 
networks were then deployed to the testing dataset. As a simple post-processing step, isolated voxels 
labeled as pertaining to a specifc organ which were not connected to the majority of the voxels 
belonging to that organ were regarded as false positives and removed during post-processing. 

In the experiments, 24 cases were randomly selected for training both networks and the remain-
ing 12 were used for performance evaluation and comparison. The Dice coeffcient, MSD, and 
HD95 were calculated, respectively. Students’ t-tests were used and p < 0.05 was used as the criteria 
for statistical signifcance. 

9.3 RESULTS 

Tables 9.1, 9.2, and 9.3 show the Dice scores, MSD, and HD95 of the multi-organ network and 
organ-specifc networks. No statistically signifcant differences were observed for all organs, indi-
cating that the multi-organ and organ-specifc networks yielded comparable results. Furthermore, 
although the organ-specifc networks showed slightly better Dice scores for the spinal cord and 
esophagus, the MSD and HD95 of the spinal cord were larger, confrming that it is diffcult to claim 
the superiority of one method over another. 

Figure 9.2 shows the Dice scores for training and validation datasets during the training process. 
For the multi-organ network, the mean values of all organs are shown. Comparing different organs 

TABLE 9.1 
Dice Scores of Multi-Organ Networks and Organ-Specifc Networks 

Spinal Cord Lung_R Lung_L Heart Esophagus 

Multi-organ 0.807 ± 0.056 0.972 ± 0.007 0.965 ± 0.012 0.899 ± 0.032 0.512 ± 0.141 

Organ specifc 0.816 ± 0.044 0.973 ± 0.007 0.964 ± 0.009 0.892 ± 0.027 0.543 ± 0.125 

p-value 0.449 0.207 0.819 0.310 0.054 
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TABLE 9.2 
MSD (mm) of Multi-Organ Networks and Organ-Specifc Networks 

Spinal Cord Lung_R Lung_L Heart Esophagus 

Multi-organ 1.832 ± 0.903 0.996 ± 0.236 1.102 ± 0.471 3.380 ± 1.373 6.693 ± 5.934 

Organ specifc 1.964 ± 1.119 0.936 ± 0.236 1.158 ± 0.449 3.653 ± 1.214 5.681 ± 4.664 

p-value 0.705 0.267 0.534 0.277 0.152 

TABLE 9.3 
HD95 (mm) of Multi-Organ Networks and Organ-Specifc Networks 

Spinal Cord Lung_R Lung_L Heart Esophagus 

Multi-organ 8.268 ± 7.717 3.798 ± 0.897 4.498 ± 3.084 9.677 ± 3.921 20.884 ± 18.00 

Organ-specifc 9.801 ± 9.158 3.525 ± 0.875 4.737 ± 3.091 11.44 ± 5.508 19.44 ± 15.94 

p-value 0.585 0.416 0.730 0.136 0.121 

with the organ-specifc networks, the spinal cord and esophagus are the two organs that are more 
diffcult to learn as the training and testing Dice scores showed sudden jumps around iteration 1000 
while the jumps happened at a much earlier stage for the other three organs. This is due to the fact 
that the spinal cord and esophagus are relatively smaller organs and the network learned to seg-
ment background frst. The multi-organ networks also showed a stepwise increase with the second 
jump during iteration 1300–1800, which are assumed to be due to spinal the cord and esophagus. 
Comparing with organ-specifc networks, the time it took to reach the fnal performance was also 
longer due to the reduced gradients as only two organs were not learned, which contributed to the 
gradient descent process. Despite the differences in convergence speed, the plots showed that all 
networks were able to converge to the optimal performance with less than half of the total number 
of iterations. 

9.4 DISCUSSION 

In this study the performances of the multi-organ segmentation network and organ-specifc network 
were compared when all other settings such as input images, network structure, and training and 
testing augmentations were kept the same. The only difference between these two strategies is the 
last layer, as the former aims to simultaneously segment all organs while the latter segments one 
organ every time by treating all voxels not pertaining to the target organ as background. Intuitively, 
the multi-organ network has more information provided during training as a multi-label segmen-
tation map is provided; therefore, ideally it is possible to utilize the label information from other 
organs to help the segmentation of the target organ. On the contrary, in the organ-specifc network, 
the detailed information of other organs is not available but is merged with the background. This is 
similar to the concept of multi-task learning vs single-task learning [6–7]. It is generally regarded 
that multi-task learning can yield better performance than single-task learning if the parallel tasks 
are strongly correlated, or share common features, so that one task can beneft from other tasks. 
However, it is often challenging to perform a rigorous proof in CNN, as although there are many 
shared parameters of the different tasks, the detailed correlations are hard to analyze. For this 
specifc application of thoracic organ segmentation, although the voxels of each organ are mutually 
exclusive and segmenting one organ may beneft from the contours of another organ, the segmen-
tation criteria mostly relies on the target organ itself, or a combination with some key anatomical 
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FIGURE 9.2 Dice scores of the training cases and testing cases during training for the multi-organ network 
and organ-specifc networks. The Dice scores of the multi-organ network showed a stepwise increase, mean-
ing that the segmentation of different organs was learned consecutively rather than simultaneously. The spinal 
cord and esophagus were more diffcult to learn as the performance only increased after iteration 1000. 

biomarkers. Therefore, it is hard to justify how much beneft the segmentation of one organ can get 
from the availability of the segmentation of other organs. The experiments in this study suggest that 
there is negligible beneft, as both strategies yield almost the same results on the validation datasets. 

Comparing the two strategies, the multi-organ segmentation network ensures that all output 
labels are mutually exclusive, as the class with the highest probability is assigned to each voxel; 
therefore, no potential confict exists. For organ-specifc networks, as each network yields a binary 
label map, it is possible that one voxel is classifed as belonging to the specifc organ by multiple 
networks so that confict resolving is needed. This often happens for boundary voxels between two 
organs. In this case, the heart shares some boundaries with both lungs so that conficts may happen, 
as shown in Figure 9.3 of a fnal segmentation. One solution is to record the probabilistic output of 
each organ-specifc network and compare among different networks to follow the network yielding 
the highest foreground probability for a given voxel. In addition, although organs are very unlikely 
to overlap, the organ-specifc networks provide a convenient way to handle overlap regions of inter-
est (ROIs) such as organ and lesion within the organ as separate networks can be trained for organ 
and lesion segmentations. However, one signifcant disadvantage of the organ-specifc network is 
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FIGURE 9.3 Five organs automatically segmented on a validation case. All OARs have satisfactory con-
tours with no obvious mistakes. Minimal human interaction is needed. 

the prolonged training and testing time as multiple models need to be trained and deployed to 
accomplish the same task. 

Although the multi-organ and organ-specifc networks did not show any differences in perfor-
mance, a key factor that can affect the performance is the spatial resolution of the input images. 
In a previous study [8], the output of a multi-organ network was used to crop the images to only 
contain one organ and trained organ-specifc networks on each cropped image; the performance 
was signifcantly improved compared to the multi-organ network. It is expected as more spatial 
details become available to make organ segmentation more accurate. This strategy is only possible 
with the organ-specifc networks as many organs will be missing in the cropped images so that the 
multi-organ network will not be able to make correct segmentations. Alternatively, although it is 
possible to use patch-based strategy [9] to extract small patches and slide over the whole volume to 
train the multi-organ network, the spatial dimension is limited by the patch size so that no global 
information can be learned. 

In this study, the Dice curves were analyzed during the training process to investigate the conver-
gence of the networks. As expected, the smaller organs are more diffcult to learn as they converge 
slower, even with organ-specifc networks. The curves on the multi-organ networks also showed 
that instead of gradual learning for all organs, it frst learned to segment the easy organs with a sud-
den increase, during which the segmentation of hard organs is learned. A detailed comparison did 
show that the organ-specifc networks can learn the segmentation more rapidly with fewer iterations 
between the “not learned” and “learned” states. However, as all models converge rather rapidly, 
these differences are not likely to make a signifcant impact in practice. 

One signifcant limitation of this study is the relatively small datasets, as only 36 cases were 
used in the experiments. While such a small training set may be insuffcient to perform high quality 
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segmentation, this dataset is suffcient to make a comparison between multi-organ networks and 
organ-specifc networks, which is the main focus of this chapter. Furthermore, both strategies are 
able to yield acceptable performance for all organs with the exception of the esophagus which suf-
fers the most from the reduced spatial resolution. 

Another limitation is that this study only investigated the comparisons for thoracic organ seg-
mentation. It is possible that for other body parts, where the inter-connection of different organs is 
more apparent such as in the head and neck region, a multi-organ segmentation network can beneft 
more from multi-task learning, especially with a greatly increased number of organs. 

9.5 CONCLUSIONS 

In conclusion, the chapter has demonstrated that in thoracic organ segmentation, there are no differ-
ences between a multi-organ segmentation network and organ-specifc networks in terms of perfor-
mance. This is likely due to the fact that the organ segmentation is largely independent. However, 
organ-specifc networks are more attractive as they can be used to take high resolution images that 
only contain the specifc organ as the input to improve the performance, but at the cost of prolonged 
training and testing times. 
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10.1 INTRODUCTION 

Traditional problem-solving algorithms defne a problem and a specifc set of steps required to 
arrive at a solution. In contrast, a deep learning model is a statistical framework, which, when 
trained stochastically, arrives at a solution. For the model to effectively converge to a solution, it 
must be able to evaluate the quality of candidate solutions as it learns. Loss functions, also called 
objective functions or cost functions, quantify the quality of a candidate solution during the model 
training process. For each step during training, the model’s weights are progressively updated to 
yield predictions which minimize the loss function. Because the loss function dictates the model’s 
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measure of success and the degree to which the weights are updated, choosing the proper loss func-
tion for a given task is vital. 

At the beginning of training a model, the weights are randomly initialized and generally incapa-
ble of making any useful predictions. However, through backpropagation training, models can learn 
to solve tasks across many divergent domains. Take, for example, the simple problem of segmenting 
the skull on a CT image, as shown in Figure 10.1. 

The backpropagation training process is broken into three steps: prediction, evaluation, and back-
propagation. During the frst step, the training input data fows through the model which is simply 
a series of mathematical operations, most commonly convolutional operations. The data which is 
returned from the model is referred to as a prediction. In the skull segmentation example, the model 
is provided with a two-dimensional CT image slice as input, from which it generates a prediction 
for a segmentation mask. From the example in Figure 10.1, the current model’s skull prediction is 
non-ideal and further training, or updates to the model’s weights, is warranted. Next, the error of the 
prediction, in relation to the ground truth, is calculated using the loss function. In the fnal training 
step, the gradient of the error is calculated with respect to each model weight. Then every weight is 
updated by the scaled gradient of the error, with the intent of minimizing each weight’s contribu-
tion to the error in subsequent predictions. The scaling factor, commonly called the learning rate, 
is represented by λ in Figure 10.1. Therefore, to allow for backpropagation training, a loss function 
must have scalar-valued output and be differentiable with respect to the model weights. A complete 
training process repeats these three steps until the output of the loss function, or prediction error, is 
minimized. Ideally, upon fnishing training, the model weights should converge upon a state capable 
of robustly solving the given task. 

In addition to dictating what is learned, a loss function can infuence how easily a model con-
verges upon a solution. Like many optimization problems, the training of deep learning models 
utilizes a multi-dimensional gradient descent. A simple visual representation of the training pro-
cess would be the act of navigating to the lowest point on an uneven plane, such as those shown in 
Figure 10.2. If the plane possesses many depressions in addition to the true lowest point, it would be 
diffcult to detect the lowest point globally or merely locally; after all, the only knowledge is of the 
local surroundings, not if there is a deeper depression elsewhere on the plane. 

To adapt this to deep learning terminology, the x–y axis of the surface represents all potential 
model weight combinations, and the z-axis indicates the loss function performance of the current 
weight combination. During training, the model is initialized randomly within the weight possibil-
ity space. Then, as the model trains, it explores the space of its possible weight combinations to 
minimize the loss function. Optimal loss functions therefore have an easily computed gradient path 
towards the global minimum. 

The set of weights which minimize the loss function are referred to as the global minimum, and 
the other sets of weights which produce loss functions lower than their surroundings as the local 

FIGURE 10.1 The steps in training a deep learning model. Step 1, from the training data, a prediction is 
made. Step 2, using the loss function, the ground truth and prediction are compared, and an error is deter-
mined. Step 3, each weight is updated proportionally to the gradient of the error. 
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FIGURE 10.2 A visual depiction of loss functions where the x-y axis is model weight combinations, and the 
z-axis is the loss function. With an incorrectly chosen loss function (A), a poorly suited loss function (B) and 
an easily trainable loss function (C). 

minima. If a loss function completely unsuited to the data is selected, it is unlikely the model will 
train at all. Such a visualized loss space [1] example is given in Figure 10.2a. If a poorly suited, but 
trainable, loss function is chosen instead, there will be both a global minimum and local minima, 
as in Figure 10.2b. However, if a carefully chosen a loss function well suited for the task is used, 
fnding the global minimum will be both simple and effcient, as seen in Figure 10.2c. 

A well-chosen loss function has a signifcant role in reaching an optimal solution for a given deep 
learning task. This chapter will cover the necessary elements of a loss function, the challenge of 
segmentation tasks for loss functions, common loss functions, and their applications, dealing with 
imperfect data, choosing a starting loss function, and troubleshooting methods to help overcome 
frequent challenges in medical image segmentation. 

10.2 ADMISSIBILITY OF A LOSS FUNCTION 

To understand the importance of admissibility, imagine that two people are bidding to build a fence 
enclosure for a farmer’s sheep. The farmer only tells both designers that whoever designs the fence 
with the shortest length will be hired. The frst designer, using his knowledge of geometry, designs 
a circular fence, large enough to encircle the fock. On the other hand, the second designer proposes 
to build a fence only around himself, declaring himself ‘outside’ the fence. Clearly, this second solu-
tion fails to enclose the fock, which is the original purpose of a building fence. However, the farmer 
presented the ideal solution as that which minimized fence distance, not that which minimized the 
danger to the sheep. In a deep learning context, the farmer’s loss function, length of fence, was not 
admissible to his true intentions behind building the fence. 

While the second solution may seem outlandish, deep learning models are inherently prone to 
converging upon these lazy solutions. For segmentation tasks, common lazy solutions are models 
which do not predict every structure, predict highly smoothed structures, or models which uni-
formly predict a single structure. To prevent these lazy solutions, a loss function must be carefully 
chosen which defnes the ideal solution to the task, minimizes the risk of unintended results, and 
ensures effective convergence to a robust solution. 

10.3 PRESENTING THE PROBLEM 

The remainder of this chapter covers the proper combination of ground truth data and loss func-
tions and presents a selection of different losses useful for image segmentation. For discussion, a 
segmentation task is considered where a ground truth label mask is available in which each voxel is 
designated as either a member of the class or not. These ground truth label masks can be organized as 
either a multi-label or multi-class segmentation tasks, both of which can be used to train a deep learn-
ing model. Multi-label and multi-class segmentation are discussed further in Chapter 9, but a brief 
discussion is included here, since the defnition of the problem impacts the choice of loss function. 
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A multi-label segmentation allows for each voxel to be a member of multiple classes, as well 
as not a member of any class. An example of a multi-label segmentation is a patient with multiple 
thoracic structures and a body contour. In this case, every voxel classifed as “heart” would also be 
member of the “body” class. And, for any voxel exterior to the body, class membership would not 
be required. 

A multi-class segmentation is a restriction of a multi-label segmentation task, where each voxel is 
a mutually exclusive classifcation. This means that each voxel must, and can only, be a member of a 
single segmentation class. For example, when contouring the left and right lung, each voxel will be 
one of three classes: left lung, right lung, or neither lung. Through the inclusion of the “neither”, also 
referred to as the “background” class, the problem allows for every voxel to be a member of a class. 
To restrict voxels from having membership of multiple classes, or likewise to reduce a multi-label 
to a multi-class segmentation problem, binary operators (i.e. AND, OR, and NOT) can be utilized. 

Strict adherence to the multi-class labeling rules is important because any mislabeled voxels 
will interfere with the model’s training. Take, for example, a voxel which was not assigned any of 
left lung, right lung, or neither. During the training process, a prediction of any class membership 
will falsely be evaluated as an error and will be backpropagated into the model weights, potentially 
interfering with the otherwise properly trained parameters. 

Although multi-class labeling restricts the preparation and data organization of the ground truth 
labels, doing so also restricts the complexity of any prediction. By reducing the degrees of freedom 
possible in a solution, the overall solution space is restricted, and the gradient descent is simplifed. 
This means that, for most tasks, preparing the ground truth as a multi-class problem will result in 
quicker convergence to a solution. 

As a depiction of both label types, Figure 10.3 demonstrates different representations of an arbi-
trary 2D image composed of a partially overlapping circle and triangle. Figure 10.3b shows a “one-
hot encoded” multi-label data set representation of the original image, Figure 10.3a. In this case, a 
third dimension is added to the 2D image, with each position along this dimension called a channel, 
where each channel represents membership of the pixel position to different categories, or classes, 
of data. A pixel value of 1 in channel 1, Figure 10.3b left, would indicate that the pixel belongs to the 
circle region, and a pixel value of 1 in channel 2 would indicate that the pixel belongs to a triangle 

FIGURE 10.3 (A) The original image of a circle and triangle sharing an overlapped region is shown. (B) 
A one-hot encoded multi-label representation of image A. (C) A multi-class label encoding (LE) representa-
tion of image A. (D) A one-hot encoded multi-class representation of image A. 
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region. It is important to note that in a multi-label representation of the data, a given pixel position 
may hold a value of 1 in either channel, indicating that the pixel position belongs to both the circle 
region and triangle region. This contrasts the with multi-class representation of the dataset, which 
must hold mutually exclusive classifcations. In Figure 10.3c, a multi-class label-encoded data repre-
sentation of Figure 10.3a is shown. In this representation, a unique integer label is assigned to each 
pixel, which indicates to which classifcation category the pixel belongs: 0 – background, 1 – circle 
only, 2 – triangle only, 3 – intersection region of the circle and triangle. Because this is a multi-class 
representation, a new classifcation is needed to indicate membership of the pixel in the overlapping 
region. In Figure 10.3d, a one-hot encoded multi-class representation of Figure 10.3a is shown. In a 
similar fashion to Figure 10.3b, multiple channels are again utilized to indicate the category a given 
pixel belongs to (from left to right): channel 1 – background, channel 2 – circle only, channel 3 – 
triangle only, channel 4 – circle and triangle intersection. As will be discussed later, though similar 
in their composition, the use of either a multi-label or multi-class representation (Figure 10.3b vs 
Figure 10.3d) for a dataset may hold distinct advantages for loss functions and their application. 

The output of a neural network needs to match the dimensionality of the target ground truth 
labels. For segmentation, this requires a special output layer to convert the regression from the 
network into class probabilities for each voxel in the input. Multi-class segmentation requires a 
softmax function, which is a scaled activation which maps the neural network to a normalized 
distribution function representing the per-channel estimation of class membership (the sum of the 
classes for a given voxel predication is equal to one). Despite the output of a softmax activation 
being normalized, the model output should not be confused with a probabilistic (i.e. Frequentist or 
Bayesian) output for class membership. This means that probabilistic statistical tests or utilizing a 
probabilistic determination to inform clinical decisions is not a valid interpretation of a network’s 
output. Instead, in order to make an inference, each voxel has a class assigned to the channel with 
the highest value, typically by applying a maximum argument (argmax) function, ensuring each 
voxel is a member of only a single class. However, during model training, the loss is computed from 
the raw outputs (without the argmax function applied) to compute and backpropagate the gradient 
of the error with respect to all possible classes. 

For a model to achieve multi-label segmentation, the model should conclude with a sigmoid 
function as the fnal activation. This ensures that the model outputs normalized, class-independent, 
per-voxel class membership predictions. Since the sigmoid function is independent for each output 
channel, a voxel having membership in multiple classes is a valid prediction. Then, during infer-
ence, a sigmoid-activated prediction is rounded to the nearest binary value, allowing each voxel the 
potential of being a member of multiple classes. And, similarly to multi-class segmentation training, 
the loss function should be computed on the raw, or unrounded, predictions. 

10.4 COMMON LOSS FUNCTIONS 

10.4.1 MEAN SQUARED ERROR 

Mean squared error (MSE) is one of the simplest loss functions used in deep learning. MSE is 
computed by the mean of the squared loss between the prediction and ground truth, given by 
Equation 10.1: 

n 
2

MSE = 
1 å( X Yi - i ) (10.1) 
n 

i=1 

Throughout the chapter, X will denote the prediction and Y the ground truth. For each tensor, X and 
Y, there exist n classes, encoded as channels. Because it does not require multi-class or multi-label 
segmentation input, MSE is applicable to both prediction types. However, unlike other functions 
(e.g. Dice loss), the MSE loss scores during training are not correlative to common segmentation 
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comparison metrics, limiting MSE’s overall interpretability. While MSE is an acceptable loss func-
tion for certain situations, more specialized loss functions are available for segmentation tasks. 
Mean squared error has a built-in implementation in Keras with keras.losses.mean_squared_error, 
in TensorFlow with tf.compat.v1.losses.mean_squared_error and in PyTorch using torch.nn.MSELo 
ss. 

10.4.1.1 Cross Entropy 
The term “cross entropy” describes a family of logarithmic loss functions, typically referring to one 
of two types: binary cross entropy and categorical cross entropy. For both functions, they follow 
the same basic formula, as given by Equation 10.2, but differ by the expected input prediction type. 

n 

åY 
= 

( )CE log X (10.2) =- i i 

i 1 

10.4.1.2 Binary Cross Entropy 
Binary cross entropy is a logarithmic loss function designed for multi-label problems, where the 
data is limited to a binary value designating class membership. This is most commonly utilized 
with ground truth data which has been one-hot encoded. This is paired with a model with a sigmoid 
function as the fnal activation, providing an output vector with values from zero to one. To reiter-
ate, a multi-label problem would be a task which has volumetrically overlapping segmentations. An 
example of this is the BraTS Challenge MRI dataset [2–4], a brain lesions dataset with structure for 
the enhancing tumor (ET), tumor core (TC), and whole tumor (WT). To allow for predictions with 
overlapping structures, the model should output a three channel mask, with each channel corre-
sponding to one of ET, TC, or WT. Binary cross entropy has native implementations in TensorFlow 
with tf.compat.v1.losses.sigmoid_cross_entropy, in Keras using keras.losses.binary_crossentropy, 
and in PyTorch with torch.nn.BCELoss. 

10.4.1.3 Categorical Cross Entropy 
Like binary cross entropy, categorical cross entropy is a logarithmic function. Categorical cross 
entropy is designed to work with multi-class problems and is compatible with models that have 
softmax fnal activation. These models then predict the certainty that any given voxel belongs to 
each class. Typically, multi-class problems are most useful for segmentation tasks which do not have 
overlapping classes, such as segmentation of either left or right lung. To prepare the ground truth 
and model for a softmax activation, the output should have n + 1 channels, where n corresponds 
to the number of segmented structures. This leaves an additional channel to correspond to voxels 
which are not a member of any class, referred to as the background. Categorical cross entropy has 
native implementations in TensorFlow with tf.compat.v1.losses.softmax_cross_entropy, Keras with 
keras.losses.categorical_crossentropy and in PyTorch with torch.nn.CrossEntropyLoss. 

10.4.2 DICE LOSS 

The Sørensen-Dice coeffcient, commonly referred to as the Dice similarity coeffcient (DSC), was 
developed for biostatisticians to determine the similarity between two populations [5]. Although it 
was originally designed to work with tabular binary data, it has proven to be a useful tool for binary 
segmentation analysis as well [6]. For a set of two contours, the prediction X and the ground truth Y, 
the Dice similarity coeffcient can be determined with Equation 10.3: 

2 X YÇ + ˜ 
DSC = (10.3) 

X Y+ + ˜ 

http://dx.doi.org/keras.losses.mean_squared_error,
http://dx.doi.org/tf.compat.v1.losses.mean_squared_error
http://dx.doi.org/torch.nn.MSELoss.
http://dx.doi.org/torch.nn.MSELoss.
http://dx.doi.org/tf.compat.v1.losses.sigmoid_cross_entropy,
http://dx.doi.org/keras.losses.binary_crossentropy,
http://dx.doi.org/torch.nn.BCELoss.
http://dx.doi.org/tf.compat.v1.losses.softmax_cross_entropy,
http://dx.doi.org/keras.losses.categorical_crossentropy
http://dx.doi.org/torch.nn.CrossEntropyLoss.
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where ϵ represents a small value to prevent from having zero division errors when both X and Y are 
empty and to ensure that DSC = 1 in that instance. Then, the Dice loss function is simply 1 – DSC, 
or the negative of the Dice similarity coeffcient. 

An implementation of the Dice similarity coeffcient and Dice loss in Python code using Numpy, 
Keras, and PyTorch implementations are available at https://github.com/Auto-segmentation-in-
Radiation-Oncology/Chapter-10. It is noted that each implementation looks somewhat different. 
This is partially because of the different functions and syntax of each library, but also because both 
the PyTorch and Keras implementations are designed to work with non-binary output data during 
the training process. 

# Numpy compatible dice loss 
import numpy as np 

def dice_coef(output, labels): 
# Computes the dice coefficient of two numpy arrays 
eps = np.finfo(float).jpg 
intersection = np.sum(output * labels) 
denominator = np.sum(output) + np.sum(labels) 
return (2 * intersection + eps) / (denominator + eps) 

def dice_loss(output, labels): 
# Computes the dice loss of two numpy arrays 
return 1 - dice_coef(output, label) 

10.4.3 HAUSDORFF DISTANCE LOSS 

With the previously discussed loss functions, the prediction agreement was determined by the rela-
tive similarity of the structures. This means a well performing prediction could be quite volumetri-
cally accurate but have little penalization for discontinuities in the volume. 

Take Figure 10.4 for example, where the prediction is generally in strong agreement with the 
ground truth, but the prediction also includes a small region with large spatial separation from the 
ground truth. To translate this to radiation oncology segmentation for treatment planning, while 
Figure 10.4 has a high DSC, if this were a target volume, the resulting treatment plan would differ 

FIGURE 10.4 A visual comparison of two volumetrically similar contours with poor Hausdorff distance 
agreement. The dark region represents a ground truth contour whereas the light region indicates the prediction. 

https://github.com
https://github.com
http://dx.doi.org/np.finfo
http://dx.doi.org/np.sum
http://dx.doi.org/np.sum
http://dx.doi.org/np.sum
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vastly from the ground truth’s plan. For radiation oncology treatment planning, an accurate segmen-
tation is primarily one with relatively minimal spatial difference from the ground truth. 

To robustly determine the maximum spatial separation between two structures, Hausdorff dis-
tance (HD), as provided by Equation 10.4, can be computed: 

HD =max sup infx XÎ d y x) sup infy YÎ , )}Î ( , ,  x X  d ( y x  (10.4) { Îy Y  

where sup, inf represent the supremum and infmum of the distances, and the distances represented 
as d(y,x) are computed between a point from each contour set. Effectively, this metric computes the 
minimum distance between every point from surface one to two and from surface two to one. Then, 
the HD is the maximum distance separation from the mappings in either direction, which is the 
greatest spatial discrepancy between the two surfaces. Unlike previous loss functions such as Dice 
loss, HD is only dependent on the contour surfaces, meaning a ring and a flled contour could yield 
the same HD. Thus, HD is particularly sensitive to disjoint segmentations and, when used as a loss 
function, will reinforce accurate contour boundary predictions. The simplest way to create a HD 
loss is to compute the negative HD [7]. An implementation of HD is contained within the excellent 
MedPy library [8]. 

A shortcoming of the Hausdorff distance loss function is that it is spatially dependent and highly 
sensitive to outliers. If the individual image and segmentation masks used to train the model vary 
in feld of view, or have inconsistent voxel dimensions, the HD will be non-uniform across the 
training set. Most commonly, image voxel dimensions vary in the z-axis, which, if uncorrected, 
could yield inconsistent results on the superior or inferior boundaries of a contour. Correction can 
be achieved by either resampling the image to uniform voxel dimensions or generating the training 
data sets with corresponding voxel dimensions and passing them into the loss function. Further, the 
Hausdorff distance metric is sensitive to outliers, which may be overcome by substituting a percen-
tile or mean Hausdorff distance, instead of the traditional total maximum distance. 

10.5 DEALING WITH CLASS IMBALANCE 

Despite the amazing capabilities of deep learning models, they can also be lazy and will frequently 
take any available shortcuts to get nearest to the correct answer. Consider the lazy approach to the 
task of segmenting Figure 10.5 into one of three classes: square, circle, and triangle. 

Between the structures in Figure 10.5, the triangle is 0.5% of the total area, the circle is 23.3% of 
the total area, and the background square is 76.2%. Now, if the deep learning model’s performance 

FIGURE 10.5 A representation of an unbalanced segmentation task. 
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is graded with an unbalanced loss function, the deep learning model could omit learning of the 
triangle completely and be within 99.5% accuracy of the ideal prediction. In this case, if each shape 
represented an anatomical structure, failing to segment any necessary structure would constitute a 
clinically unacceptable prediction, independent of the accuracy of the other structures. 

When choosing a loss function, the task’s inherent class balance should be considered to prevent 
overftting to only the most dominant classes. While there is no rule-of-thumb for when to choose 
a balanced or unbalanced loss function, when a task is in fact balanced, the majority of imbalance 
adjusted loss functions asymptotically approach their unbalanced counterparts. It is recommended 
to begin with one of the following loss functions if the signifcance of class imbalance is unknown. 

10.5.1 WEIGHTED CROSS ENTROPY 

For tasks with a known and constant magnitude of class imbalance throughout the samples, the 
imbalance can be compensated for using weighted cross entropy [9]. In similar fashion to the stan-
dard cross entropy, weighted cross entropy is a logarithmic function compatible with either multi-
label or multi-class data. However, the implementation differs by having a per-class scaling or 
weighting factor. A cross entropy a binary problem is given in Equation 10.5: 

n 

CE =-å
=i 1 

w Yi i log X (10.5) ( )i 

where wi represents the per-class weighting to compensate for class imbalance. If wi > 1, then the 
model will decrease false negatives and if wi < 1 then the model will decrease false positives. To 
understand false negatives and false positives in the context of segmentation, see Section 10.5.5 on 
sensitivity specifcity loss. Weighted cross entropy is natively implemented in TensorFlow, acces-
sible at tf.nn.weighted _ cross _ entropy _ with _ logits, and in PyTorch, the 
standard torch.nn.CrossEntropyLoss function accepts weights as a parameter. A Keras-
compatible implementation is below: 

import tf.keras.backend as K 

class weighted_cross_entropy: 
def __init__(self, weights): 

self.weights = weights 
def binary(y_true, y_pred): 

y_true = y_true * self.weights 
y_pred = y_pred * self.weights 
y_pred = K.clip(y_pred, K.jpgilon(), 1-K.jpgilon()) 
logit = K.log(y_pred / (1. – y_pred)) 
term0 = logit*y_true 
term1 = K.log(1 + K.exp(-1 * K.abs(logit))) 
bce = K.maximum(logit, 0) – term0 + term1 
return bce 

def categorical(y_true, y_pred): 
y_pred /= K.sum(y_pred, axis=-1, keepdims=True) 
y_pred = K.clip(y_pred, self.jpg, 1 – self.jpg) 
cce = -1 * K.sum(self.weights * y_true * K.log(y_pred)) 
return cce 

Using a similar implementation as weighted cross entropy, other weighted loss functions exist 
(e.g. weighted Hausdorff distance [10]). Furthermore, it is feasible that any multi-class loss func-
tion could be manually adapted to account for class imbalance by including defned class specifc 
weightings. 

http://dx.doi.org/tf.nn.weighted_cross_entropy_with_logits,
http://dx.doi.org/torch.nn.CrossEntropyLoss
http://dx.doi.org/tf.keras.backend
http://dx.doi.org/self.jpg,
http://dx.doi.org/self.jpg
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10.5.2 GENERALIZED DICE LOSS 

Dice loss is one of the most common loss functions, but it unfortunately is not entirely robust to class 
imbalances. To account for imbalances, the generalized Dice loss weights the per class Dice score with 
the inverse square of that class’s ground truth volume [11]. This metric is then given by Equation 10.6: 

2* w X  YÇ +Î 1lå lGDL = - where w1 l = 
2 

(10.6) 
w X  + +Y Î Yllå l 

where the summation in numerator and denominator represents calculation on a per-class basis. 
Through inclusion of the weighting factor, the generalized Dice score biases towards classes with a 
smaller volume proportional to their under-representation. 

The strength of the generalized Dice loss function is that it does not require user hyperparameter 
tuning to compensate for class imbalance. Generalized Dice loss is a good imbalance compensating 
loss function to test frst due to this lack of required tuning. After experimenting with generalized 
Dice loss, other loss functions with greater tunability can be explored to determine if any potential 
performance gains exist. A Numpy, Keras, and Tensorfow compatible implementation of general-
ized Dice loss are provided. 

# Numpy compatible generalized dice loss 
import numpy as np 

def generalized_dice_coef(output, labels): 
# Computes the generalized dice coefficient of two numpy arrays 
eps = np.finfo(float).jpg 
total = np.sum(labels) 
sum_dims = tuple(range(labels.ndim)) 
w = 1 / (np.sum((labels/total), axis=sum_dims[:-1])**2 + eps) 
numerator = np.sum(w * np.sum(output * labels, axis=sum_dims)) 
denominator = np.sum(w * np.sum(output + labels, axis=sum_dims)) 
return (2 * numerator + eps) / (denominator + eps) 

def generalized_dice_loss(output, labels): 
# Computes the generalized dice loss of two numpy arrays 
return 1 - generalized_dice_coef(output, labels) 

10.5.3 NO-BACKGROUND DICE LOSS 

The no-background Dice loss function is a boundary condition of the generalized Dice loss function 
for when only small structures and the background exist. To address the foreground-background class 
imbalance, the Dice loss can be calculated on only the structures of interest, excluding the background 
altogether. During training, the reported loss function is then simply one minus the average Dice coef-
fcient of the structures. Considering that this utilizes the standard Dice similarity coeffcient, the loss 
function only accounts for large imbalances between structures and the background class, not imbal-
ances which may exist between classes. As such, this loss function is best suited for a model conclud-
ing with a softmax activation used to segment a single or paired small volume structure. 

# Numpy compatible dice loss 
# Requires the standard dice loss implementation as well 
import numpy as np 

def no_bkgd_dice_loss(output, labels): 
# Computes the dice loss from arrays with background channel at 0 
return 1 - dice_coef(output[…, 1:], label[…, 1:]) 

http://dx.doi.org/np.finfo
http://dx.doi.org/np.sum
http://dx.doi.org/labels.ndim
http://dx.doi.org/np.sum
http://dx.doi.org/np.sum
http://dx.doi.org/np.sum
http://dx.doi.org/np.sum
http://dx.doi.org/np.sum
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10.5.4 FOCAL LOSS 

Focal loss, as the name implies, adds a focusing mechanism into cross entropy loss which reduces 
the relative importance of high-confdence predictions [12]. This is particularly relevant for multi-
class problems with a fnal softmax activation where the predictions are certainties of class mem-
bership. As the model trains and confdence increases for the membership of certain voxels, those 
highly confdent predictions are down-weighted in the loss function. When applied to imbalanced 
problems, the model will quickly and confdently learn that much of the image volume is a part of 
the background class. Once this occurs, the focal loss function will shift signifcance away from the 
background and on to the accuracy of the remaining structures. 

Focal loss achieves dynamic rebalancing by including a scaling factor which decays to zero as 
probability approaches one. In a simple n-class case, the focal loss is given by Equation 10.7: 

å 
n 

g i( - log XFL = - a 1 X ) ( )  (10.7) i i i 
i=1 

where in the equation, Xi is the predicted class membership certainty, αi is a user adjustable per-class 
weighting factor and γi is a user-adjustable per-class focusing parameter, although most implemen-
tations leave the focusing parameter equal across all classes. When the focusing parameter is γ = 
0, the loss function is equivalent to the cross-entropy loss function. But, as γ becomes larger, the 
magnitude of focusing increases. 

10.5.5 SENSITIVITY SPECIFICITY LOSS 

To understand sensitivity specifcity loss, it is necessary to frst understand how sensitivity (recall), 
specifcity, and precision relate to medical image segmentation. During the calculation of each of 
these metrics, the voxel-wise accuracy of the segmentations is considered. With this in mind, four 
classes of predictions to foreground or background class can be assigned (see Table 10.1). 

Table 10.2 shows how sensitivity, specifcity, precision, and recall are defned to represent for the 
quality of segmentation from these classes. 

The Dice loss could be represented as the product of recall and precision, as shown in 
Equation 10.8. 

2 X YÇ
Dice = = 

TP 
* 

TP (10.8) 
X + Y TP + FP TP + FN 

TABLE 10.1 
Classifcation Types for Binary Segmentations 

Classifcation Type Description 

True Positive (TP) Indicates a voxel correctly classifed as a member of the class 

True Negative (TN) Indicates a voxel correctly classifed as not a member of the class. Depending on encoding, this 
may represent the background 

False Positive (FP) Indicates a voxel incorrectly classifed as a member of the class, when the ground truth designates 
it as not a member, or as the background 

False Negative (FN) Indicates a voxel incorrectly classifed as not a member of the class, typically representing 
background over-prediction 
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TABLE 10.2 
Metrics to Evaluate Binary Segmentations 

Statistic Equation Description 

Sensitivity or TP/(TP + FN) Represents a model’s ability to correctly segment the ROI, with score penalization 
Recall due to structure under-segmentation, or the prediction of false negatives 

Specifcity TN/(TN + FN) Measures the background segmentation accuracy, with penalization due to ROI 
over-segmentation 

Precision TP/(TP + FP) A measure of a model’s capabilities to segment the ROI, with scoring penalization 
resulting from over-segmentation of the structure, or the prediction of false positives 

To calculate sensitivity specifcity loss (SSL) [13], the balance between the two terms can be 
adjusted with a factor, in this case r. This would then give the sensitivity specifcity loss function as 
in Equation 10.9: 

TP TN
SSL =r * 1( - r ) (10.9) 

TP + FP TN + FP 

which is computed as a combination of the mean squared errors between the prediction (sensitivity) 
and the background (specifcity), which is provided in Equation 10.10: 

X Y- ) X - ( X )å ( 2 å (X Y  )2
1-i i i i i i 

SSL = r i + -1 r i (10.10) ( )  
å Xi å (1- Xi )i i 

where the background to foreground weighting can be accounted for with the r factor, where a 
higher value of r places a larger emphasis on the sensitivity, or foreground voxels. Like weighted 
cross entropy, this loss function allows for user adjustable weighting to compensate for class imbal-
ances present in the task. 

10.5.6 TVERSKY LOSS 

If the segmentation task requires higher sensitivity to either false negatives or false positives, 
a variable index, such as the Tversky loss can be utilized [14]. The Tversky index is given in 
Equation 10.11: 

Tversky 
X Y  

X Y  Y X 

TP 

TP FP FN 
= 

Ç 

Ç +  + 
= 

+ +~ ~ * *a b a b 
(10.11) 

where the ~ operator indicates the relative complement of the Boolean array and the values of α 
and β are hyperparameters corresponding to the magnitude of the penalization for FP and FN, 
respectively. Through adjusting the ratio of α/β, the performance of the loss function can be modi-
fed. In the instance that α = β = 0.5, the Tversky loss function becomes equivalent to the Dice loss 
function. 

The Tversky loss function’s strength is, if the user is so inclined, it that can be adjusted to exactly 
counteract the task’s class imbalance or segmentation needs. For example, segmentation tasks 
which prioritize ROI coverage could have a lower ratio of α/β, whereas tasks which require minimal 
over-expansion of segmentations would utilize a higher ratio. 
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# Numpy compatible Tversky coefficient and loss 
class losses: 

def __init__(self, alpha=0.5, beta=0.5, loss=True): 
self.alpha = alpha 
self.beta = beta 

def tversky(self, output, labels): 
# Calculates the tversky coefficient or loss 
eps = np.finfo(float).jpg 
true_pos = np.sum(output * labels) 
a_false_pos = self.alpha * np.sum(labels * (1 - output)) 
b_false_neg = self.beta * np.sum(output * (1 - labels)) 
tversky = (true_pos + eps) / (true_pos + a_false_pos + b_false_neg 

+ eps) 
return tversky 

def tversky_loss(self, output, labels): 
return 1 – self.tversky(output, labels) 

10.6 COMPOUND LOSS FUNCTIONS 

Many of the loss functions discussed in this chapter exhibit unique properties which make them 
well suited for segmentation tasks. Occasionally, however, problems require properties at the inter-
section of multiple loss functions. Fortunately, different loss functions can be combined to span a 
larger set of properties. 

10.6.1 DICE + CROSS ENTROPY 

The combination of cross entropy and Dice loss is a popular pairing for loss functions [15]. Alone, 
the Dice loss is robust to minor class imbalances but does not allow for weighting of false positives 
or false negatives. The two terms within a weighted binary cross entropy function, however, can be 
modifed to increase or decrease the penalty for false negative or false positive values. When Dice 
loss and cross entropy losses are combined, the result is a partially class imbalanced loss function 
with variable sensitivity for false predictions. 

10.6.2 DICE + FOCAL LOSS 

A further example of combined loss function is Dice loss and focal loss [16]. More precisely, this 
loss function implementation utilized the Tversky loss function with α = β = 0.5, although these 
hyperparameters could have been tuned differently for this task. Through the combination, this 
joint loss function combines both the volumetric dependency of the Dice loss and the focal loss 
property of increased importance of highly uncertain predictions. 

10.6.3 NON-LINEAR COMBINATIONS 

To generate the most utility from a combined loss function, the balance between the terms should 
exhibit non-linear behavior. A strong loss function combination should choose loss functions which 
each possess unique properties. For some tasks, these behaviors can be more powerful at the early 
or late stages of training. 

For example, take the Hausdorff loss function. Traditionally, the 100th percentile Hausdorff 
distance is highly sensitive to spatial outliers which limits the usefulness during early training. 
However, this becomes an asset during late training stages, as it can accurately discriminate against 
spatial outliers, thus fne-tuning performance. 

http://dx.doi.org/self.alpha
http://dx.doi.org/self.beta
http://dx.doi.org/np.finfo
http://dx.doi.org/np.sum
http://dx.doi.org/self.alpha
http://dx.doi.org/np.sum
http://dx.doi.org/self.beta
http://dx.doi.org/np.sum
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Another example of a potential non-linear combination is Dice and focal loss. In the original 
loss function implementation, the Dice loss term dominates for epochs with poor validation set per-
formance. Then, the importance of the focal loss term increases as the validation set performance 
improves. This gradual shift in balance allows the model to partially train on Dice loss before 
becoming dominated by focal loss and being penalized for high prediction uncertainty. 

It should be noted that non-linear loss function combinations will require additional hyperpa-
rameter tuning and are more likely to train inconsistently. A suggested workfow is to begin training 
the model with only the initially dominant term. Then, once hyperparameter-tuned, the loss func-
tion can be expanded with the minor terms, before re-tuning the hyperparameters. 

10.7 DEALING WITH IMPERFECT DATA 

For most medical image segmentation tasks, the training data set must be large, diverse, and high 
quality. Unfortunately, particularly in medicine, creating such a training set is a time-consuming 
undertaking. This is particularly problematic when the generation of ground truth labels requires an 
expert, whose time is likely at a premium. 

An ongoing feld of research attempts to create methods and loss functions to train high quality 
models from imperfect data. In many clinical cases, only the relevant selection of all organs-at-risk 
are segmented. This means that the original clinical dataset may not be densely populated with all 
structures on all cases. For cases that lack a labeled structure, gradient backpropagation will penal-
ize a model’s potentially accurate prediction due to imperfections in the ground truth. 

A few attempts to account for imperfect data, particularly sparsely labeled ground truths, have 
achieved success through modifcation of the loss function. For example, Bokhorst et al. [17] trained 
a U-net model from sparsely labeled histology images by only backpropagating the loss function 
from channels which had “valid” ground truth labels. Zhu et al. [16] extended this concept by not 
only masking for only “valid” ground truths but weighting each class at the inverse of their occur-
rence. In doing so, the loss function compensated for the inter-class imbalance deriving from the 
sparsely labeled ground truth. Although these are promising frst steps, the further adaptation of 
loss functions to train robustly on imperfect data will continue to garner interest for medical image 
segmentation. For further discussion on data set preparation, see Chapter 14. 

10.8 EVALUATING A LOSS FUNCTION 

In the proceeding sections, many differing loss functions and their application were discussed. 
With the numerous loss function choices, picking a starting point can be overwhelming. A decision 
tree to help choose an initial loss function is provided in Figure 10.6. However, to get the most out 
of the chosen loss function, a user should understand how to evaluate and tune the loss function’s 
performance. 

Typical deep learning strategy dictates a dataset be separated into three unique subsets: training, 
validation, and testing. The training set, as the name implies, is used to train the model and is the 
largest of the three subsets. During the training process, predictions made from this data are used for 
backpropagation weight updates. Following every epoch, the training model makes predictions from 
a smaller subset of data, the validation set, where predictions are made without updating the model’s 
weights. It should be repeated that deep learning models are lazy and will take whatever shortcuts 
are available. Commonly, this shortcut is overftting by memorization. When a model memorizes, 
it begins to perform outstandingly on the training dataset without learning generalizable features, 
which means it cannot replicate this performance equally on an unlearned dataset, such as the valida-
tion set. The model’s progress can be monitored in real time by frequently predicting the validation 
dataset, preventing time from being wasted when the training is non ideal. Typically, the relationship 
of training and validation loss falls into one of four categories, as shown in Figure 10.7. 
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FIGURE 10.6 A fowchart to aid in determining the proper loss function for a given task. 

FIGURE 10.7 A representation of different types of relationships between the training loss (slightly lighter) 
and validation loss (slightly darker). Top-left: A model which does not train. Top-right: A highly imbalanced 
data set with a poorly suited loss function. Bottom-left: A model which overfts on the training set. Bottom-
right: A model which trains. 
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A model that consistently performs poorly on both losses across all epochs, as seen in the top-
left of Figure 10.7, is indicative of a model that is not training. Unfortunately, there is no clear-cut 
reason why a model does not train, but troubleshooting should progress through the training pro-
cess. Beginning with the data, this issue may arise from training data or ground truth labels that are 
incorrectly formatted or not properly corresponding. Within the model, errant graph connections or 
incorrect fnal activation and loss function pairings can prevent the model from properly backpropa-
gating the gradient. Finally, hyperparameters may be poorly selected, causing weights to change too 
quickly or coarsely to successfully converge to the minima. 

A model which immediately produces outstanding and desirable results, like that shown in the top-
right of Figure 10.7, is indicative of a highly unbalanced task paired with an unbalanced loss function. 
At the start of training, a model’s weights are randomly initialized, and are never expected to perform 
perfectly after only a few iterations of the training cycle. This behavior is typically characterized by 
a model becoming trapped in an overwhelming local minimum, such as predicting one class for the 
entire volume. This can be troubleshot through experimentation with alternative loss functions. 

An overftting model, as given in the bottom-left of Figure 10.7, has a loss function that con-
sistently decreases while the validation loss remains unchanged. To prevent overftting, common 
techniques may be to introduce dropout into the model or utilizing optimizer regularization. 
Additionally, the training data can be augmented to simulate a more diverse dataset. Approaches to 
data augmentation are discussed in Chapter 11. 

When everything comes together, and a deep learning model learns properly, both loss func-
tions are expected to decrease relatively steadily and asymptotically to the same value, as shown 
in the bottom-right of Figure 10.7. It is important to note that the rate of convergence will vary 
based on task, model, and optimizer. In this instance, the model was able to learn a generalizable 
feature from the training data and perform equally well on the validation set. The possibility exists, 
however, that the chosen loss function is not indicative of desired performance. To check this, the 
model’s predictions on the validation set should be compared to the ground truth with additional 
metrics. If these metrics also indicate strong performance, a fnal prediction on the test set can be 
made. A more detailed discussion of evaluation of model performance is presented in Chapter 15. 

For a deep learning model to converge upon a generalizable solution, the method by which it 
gauges performance, the loss function, must be carefully chosen. The loss function dictates the 
backpropagation process, and in turn how a model learns, because the loss function quantifes the 
ftness of the model’s predictions. While educated guessing may assist in selecting a loss function, 
fnding the ideal function typically requires experimentation with different loss functions or com-
binations. The most popular loss functions were described within this chapter, but there exist many 
niche functions which were not discussed. As techniques for medical image segmentation evolve, 
pioneering individuals will continue to develop novel loss functions capable of greater admissibility 
and ease of trainability. 
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11.1 OVERVIEW 

Data augmentation is a popular technique for reducing overftting and improving the generalization 
capabilities of deep neural networks. Augmentation encompasses a suite of techniques that enhances 
the size and diversity of training datasets. It plays a critical role when the amount of high-quality 
ground truth data is limited, and acquiring new examples is costly and time-consuming, a very com-
mon problem in medical image analysis, including auto-segmentation for radiation therapy [1]. This 
chapter reviews current advances in data augmentation techniques applied to auto-segmentation 
in radiation oncology, including geometric transformations, intensity transformation, and artifcial 
data generation. In addition, an example application of these data augmentation methods for train-
ing deep neural networks for segmentation in the domain of radiation therapy is provided. 

11.2 INTRODUCTION AND LITERATURE REVIEW 

With the support of big data, deep convolutional neural networks have performed remarkably well 
on many computer vision tasks [2–8]. However, many application domains do not have access to big 
data, such as medical image analysis. It is especially diffcult to build big medical image datasets 
due to the rarity of diseases, patient privacy, the requirement of medical experts for labeling, and the 
expense and manual effort needed to conduct medical imaging processes. In order to successfully 
build well-generalizing deep models, a huge amount of ground truth data is needed to avoid the 
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FIGURE 11.1 The taxonomy of data augmentation methods in auto-segmentation for radiation oncology 
applications. 

overftting of such a large-capacity neural network method, and “memorizing” the training set [9]. It 
is a generally accepted notion that bigger datasets result in better deep learning models [10–12]. To 
combat the problem of limited size medical training sets, data augmentation has been widely used 
in medical image analysis [13–16]. It encompasses a series of techniques that enhance the size and 
diversity of training datasets so that better deep learning models can be built using them. 

Shorten and Khoshgoftaar [17] summarized general data augmentation algorithms in natural 
images, including geometric transformations, color space augmentations, kernel flters, mixing 
images, random erasing, feature space augmentation, adversarial training, generative adversarial 
networks, neural style transfer, and meta-learning. However, in radiation oncology, the images 
involved are medical images such as computed tomography (CT), magnetic resonance imaging 
(MRI), and positron emission tomography (PET), which are different from natural images. For 
example, CT is grayscale while natural images are color. In addition, there are also some differences 
in the data augmentation methods for different learning tasks. In this chapter, considering data aug-
mentation for auto-segmentation in radiation oncology, the literature is reviewed, and several types 
of data augmentation methods are summarized. Figure 11.1 illustrates the range of methods that 
can be employed for data augmentation. Geometric transformations, intensity transformation, and 
artifcial data generation are considered in this chapter. 

11.3 GEOMETRIC TRANSFORMATIONS 

The most commonly used geometric transformations for data augmentation include fipping, rota-
tion, translation, scaling, shearing, and cropping. The fipping operation creates a mirror refection 
of an original image along one or more selected axes. The rotation operation is done by rotating 
the image right or left on an axis between 1° and 359°. The translation operation shifts the entire 
image by a given number of pixels in a chosen direction, while applying padding accordingly. The 
scaling operation zooms in or out an image along one or more selected axes. The shear operation 
displaces each point in an image in a selected direction. This displacement is proportional to its 
distance from the line which goes through the origin and is parallel to this direction. The cropping 
operation can be used as a practical processing step for image data with mixed height and width 
dimensions by cropping a central patch of each image. Additionally, random cropping is usually 
adopted to increase the variety of training examples [18–20]. The arbitrary combinations of the 
fipping, rotation, translation, scaling, and shearing are usually called affne transformations [21]. 
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FIGURE 11.2 Applying geometric transformations to CT images. 

FIGURE 11.3 Applying intensity transformations to CT images. 

Affne transforms preserve the parallelism of lines in the input and output images. Those operations 
are the easiest to implement and have proven useful on datasets such as ImageNet [3]. They are also 
widely used in the medical image segmentation task [22–27]. 

Another common geometric transformation is elastic transformation, which can lead to the dis-
tortion of shapes in the image and bring the different training examples from the affne transforma-
tion [28]. Considering the great variability in the shape and appearance of the tissue, organ, and 
tumor, this operation can be especially useful in medical image analysis. Elastic transformations 
are often used in combination with affne transformations [29–32], which can greatly increase the 
diversity of the training examples. Figure 11.2 presents examples by applying these geometric trans-
formations to a CT image. 

11.4 INTENSITY TRANSFORMATION 

Intensity transformation refers to change of pixel intensity values, either locally or across the entire 
image. Methods include adding Gaussian noise, random dropout, shifting, and scaling of pixel-
intensity values (for example modifying the image brightness), sharpening, blurring, and more [33– 
36]. Such operations can be especially useful in medical image analysis, where different training 
images are acquired in different locations and using different scanners, hence they can be intrinsi-
cally heterogeneous in the pixel intensities or intensity gradients. Figure 11.3 shows some examples 
of intensity transformation on a CT image. 
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11.5 ARTIFICIAL DATA GENERATION 

Oversampling is a traditional method for data augmentation by synthesizing new samples using the 
existing training data. This approach primarily focuses on alleviating problems due to class imbal-
ance. Random oversampling (ROS) is a naive approach which duplicates images randomly from 
the minority class until a desired class ratio is achieved. Intelligent oversampling techniques date 
back to the synthetic minority over-sampling technique (SMOTE), developed by Chawla et al. [37]. 
SMOTE created new instances by interpolating new points from existing instances via k-nearest 
neighbors. Later, Inoue [38] introduced a simple but surprisingly effective data augmentation tech-
nique named SamplePairing. A new sample was synthesized from one image by overlaying another 
image randomly chosen from the training data (i.e. taking an average of two images for each pixel). 
Zhang et al. [39] introduced a data oversampling routine, termed mixup, which blended two exam-
ples drawn at random from the training data by weighted summation. Their experiments showed 
that mixup improves the generalization of state-of-the-art neural network architectures. 

Generative adversarial nets (GANs) are a method for synthesizing data using deep neural net-
works. GANs consist of a generator, which synthesizes samples, and a discriminator, which eval-
uates the reality of synthetic samples. GANs were frst introduced in 2014 [40], and since then 
various works on GAN extensions, such as DCGANs [41], WGAN [42], and CycleGANs [43], were 
published. GANs have been widely used for data augmentation. Sandfort et al. [44] used a Cycle-
GAN-based data augmentation to improve generalizability in CT segmentation tasks. Frid-Adar 
et al. [45] used GAN-based data augmentation for liver lesion classifcation. This improved clas-
sifcation performance from 78.6% sensitivity and 88.4% specifcity using classic augmentations 
to 85.7% sensitivity and 92.4% specifcity using GAN-based data augmentation. Tang et al. [46] 
used pix2pix-GAN-based data augmentation to enhance lymph node segmentation; the Dice score 
increased about 2.2% (from 80.3% to 82.5%). Zou et al. [47] used a CycleGAN-based framework 
to generate domain adaptive images to realize unsupervised segmentation of images in the target 
domain. 

11.6 APPLICATIONS OF DATA AUGMENTATION 

11.6.1 DATASETS AND IMAGE PREPROCESSING 

In this chapter, two datasets were used: The 2017 Lung CT Segmentation Challenge (LCTSC) 
[48–50] detailed in Chapter 1, and a Pancreas-CT (PCT) dataset, which contains 43 abdominal con-
trast enhanced CT scan patients with eight segmented organs (the spleen, left kidney, gallbladder, 
esophagus, liver, stomach, pancreas, and duodenum) [22, 30, 49, 51] 

For each patient in these datasets, the Hounsfeld unit (HU) values were processed using a mini-
mum threshold of −200 and a maximum threshold of 300 prior to being normalized to yield values 
between 0 to 1. In order to focus on organs and suppress the background information, the image was 
cropped to a region of interest according to the body contour in the original CT images and used as 
training data. Finally, to circumvent computer memory limitation, data resampling was performed 
using linear interpolation for CT images and using nearest interpolation for the labels. The resulting 
resolution after resampling was 2.0 mm × 2.0 mm × 2.5 mm for the LCTSC dataset, and 2.0 mm × 
2.0 mm × 1.0 mm for the PCT dataset. 

11.6.2 TRAINING, VALIDATION, AND TESTING FOR ORGAN SEGMENTATION 

The network used in this study was based on the 3D U-net [52, 53] shown in Figure 11.4; the 
network consists of an encoder and a decoder. The role of the decoder network is to map the 
low-resolution encoder feature maps to full input resolution feature maps for pixel-wise clas-
sifcation [54]. The encoder contains four repeated residual blocks. Each block consists of four 
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FIGURE 11.4 The network architecture used in the chapter. 

convolutional modules. Each convolutional module is composed by a convolution layer with the 
kernel of 3 × 3 × 3, an instance normalization, and a leaky rectifed linear unit with coeffcient of 
0.3. For each residual block, the stride of convolution layer in the convolutional modules is 1 × 1 × 
1 with the exception of the last convolutional module in which the stride is 2 × 2 × 2 to achieve 
downsampling. There is a spatial dropout layer between the early two convolutional modules to 
prevent the network from overftting. The decoder contains four repeated segmentation blocks. 
Each block consists of two convolutional modules and one deconvolutional module. The four 
dashed arrows in the fgure indicate four skipping connections that copy and reuse early feature-
maps as the input to later layers that have the same feature-map size by a concatenation operation 
to preserve high-resolution features. In the fnal three segmentation blocks, a 1 × 1 × 1 convolu-
tion layer is used to map the feature tensor to a probability tensor with the channels of the desired 
number of classes before all the results are merged by the upsampling operation to enhance the 
precision of segmentation results. Finally, a softmax activation is used to output a probability of 
each class for every voxel [55]. 

A fve-fold cross-validation method was adopted for this work [56]. The entire dataset is ran-
domly split, using the “random.shuffe()” function in Python, into fve non-overlapping subsets 
for training, validation, and testing in the ratio of 3:1:1 (i.e. three subsets for training, one subset 
for validation, and one subset for testing). The validation process is used to monitor the train-
ing process and to prevent overftting. To reduce the potential for bias, the fve randomly split 
subsets were rotated fve times to report the average performance over these fve different hold-
out testing subsets, as illustrated in Figure 11.5. The fve-fold cross validation strategy is key 
to ensuring the independence of the testing data, i.e. each sample is used in the testing subsets 
only once. 

To assess the value of data augmentation, the segmentation model is trained with and with-
out data augmentation. Geometric transformations, including fipping, rotation, and random crop-
ping were used for data augmentation. Patches are frst randomly extracted from the resampled CT 



 

 

  

     
   

  

 

156 Auto-Segmentation for Radiation Oncology 

FIGURE 11.5 Example of splitting and rotation using the fve-fold cross-validation method for the dataset 
involving fve subsets [53]. 

FIGURE 11.6 An example to illustrate patches from LCTSC, the database used in the training in terms of 
axial, sagittal, and coronal views [53]. 

images, and then fipped or rotated along some axes. In this experiment, the rotation angles are 0°, 
90°, 180°, or 270°, and the patch size is 96 × 96 × 96. Figure 11.6 shows an example of such patches 
from LCTSC used in the training in terms of axial, sagittal, and coronal views. Finally, the network 
was trained with the patches and their corresponding labels. The weighted Dice similarity coef-
fcient was used as the loss function, defned as: 

V 

1 N K 2*å (p , , *yi k v. . ) + ei k v  v=1Loss = - ,
N K å åi=1 k=1* p + yi k v + ei k v, ,  , ,å

V 

å
V 

v=1 v=1 

where pi,k,v is the predicted probability of the voxel v of the sample i belonging to the class k, yi,k,v is 
the ground truth label (0 or 1), N is the number of samples, K is the number of classes, V is the num-
ber of voxels in one sample, and ε is a smooth factor (set to be 1 in this study). The initial learning 
rate was 0.0005, and the Adam algorithm [57] was used to optimize the parameters of the network. 
The validation loss was calculated for every epoch, and the learning rate was halved when the 
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validation loss no longer decreased after 30 consecutive epochs. To prevent overftting, the training 
process was terminated when the validation loss no longer decreased after 50 consecutive epochs. 

At the testing stage, patches were frst extracted from each CT image with a moving window. 
The window size was 96 × 96 × 96 and the stride was 48 in each direction. In other words, multiple 
patches are extracted from one patient and fed into the network. The output of the network was a 
probability tensor for each patch. Then all probability tensors were merged from the same patient 
with a mean operator in the overlapping area to obtain the fnal probability tensor. Next, the class of 
each voxel was determined by the largest probability. This resulted in preliminary results of organ 
segmentation. Using the nearest neighbor interpolation, the preliminary segmentation results were 
resampled to the size of original CT images to obtain the fnal organ segmentation result. 

All experiments described above were performed on a Linux computer system. Keras with 
TensorFlow as the backend was used as the platform for designing and training the neural network 
[58]. The hardware includes (1) GPU – NVIDIA GeForce Titan X Graphics Card with 12 GB 
memory, and (2) CPU – Intel Xeon Processor X5650 with 16 GB memory. 

11.7 EVALUATION CRITERIA 

The Dice similarity coeffcient (DSC) was used to evaluate the performance of organ segmentation [59]: 

2 ÇA B  
DSC = 

+A B  

where A is the manually segmented organ (i.e. the ground truth) and B is the automatically seg-
mented organ by the network. The DSC ranges from 0 to 1 with the latter indicating a perfect per-
formance. Chapter 15 gives alternative measures that could be used for this evaluation. 

11.8 RESULTS 

The performance of the network with and without data augmentation in organ segmentation was 
evaluated in terms of the DSC. The segmentation results of all organs are summarized in Figure 11.7 
and Table 11.1. The Dice scores showed signifcant improvement after data augmentation, especially 
for small or indistinguishable organs. A visual comparison of manual segmentation and automatic 
segmentation (with and without data augmentation) for all organs from both LCTSC and PCT is 
shown in Figure 11.8a and b. The results indicate that data augmentation can boost the segmentation 
performance for deep neural networks. 

11.9 DISCUSSION 

In this chapter, a range of data augmentation methods are summarized. It was found that the affne 
transformations are still the most widely used in practice, because they are easy to implement and 
operate in real time due to low time complexity. In addition, an interesting characteristic of these 
augmentation methods is their ability to be combined. For example, samples taken from GANs can 
be augmented with geometry transformation such as fip, rotation, and translation to create more 
samples. Such hybridizing techniques from various data augmentation algorithmic groups have the 
potential to further boost the performance of large-capacity deep learning model. 

Data augmentation can be applied not only to the training stage but also the test stage. Test-
stage augmentation is analogous to ensemble learning in the data space. Instead of aggregating the 
predictions of different learning algorithms, predictions are aggregated across augmented images. 
For example, all segmentation results can be predicted after the CT image is fipped, rotated, and 
scaled, then the segmentation results are averaged to form the fnal segmentation result of the CT 
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FIGURE 11.7 Evaluation of organ segmentation performance in terms of DSC. (a) Data based on 60 patients 
from the LCTSC database. (b) Data based on 43 patients from the PCT database. 

image. Such an approach focuses more on the high segmentation accuracy instead of the prediction 
speed. 

Combined with self-supervised learning, data augmentation can effectively improve the perfor-
mance of a deep learning model. A common practice for data augmentation is to assign the same 
label to all augmented samples of the same source. However, if the augmentation results in large 
distributional discrepancy among them (e.g. rotations), forcing their label invariance may be too 
diffcult to solve and often reduces the performance. To solve this challenge, Lee et al. [60] pro-
posed a simple yet effective idea of learning the joint distribution of the original and self-supervised 
labels of augmented samples. The joint learning framework is easier to train, and enables an aggre-
gated inference combining the predictions from different augmented samples for improving the 
performance. 

In the two application examples, the data augmentations such as fipping, rotation, and random 
cropping were all used to train a 3D CNN model to automatically segment multiple organs in 
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TABLE 11.1 
Comparison of the Segmentation Results (Mean ± Standard 
Deviation) between Models with and without Data Augmentation 

Dice Dice 
Dataset Organ (with Augmentation) (without Augmentation) 

LCTSC Spinal cord 0.853 ± 0.043 0.842 ± 0.041 

Right lung 0.965 ± 0.017 0.963 ± 0.015 

Left lung 0.961 ± 0.014 0.957 ± 0.020 

Heart 0.916 ± 0.030 0.895 ± 0.035 

Esophagus 0.723 ± 0.118 0.657 ± 0.139 

PCT Spleen 0.951 ± 0.043 0.950 ± 0.032 

Pancreas 0.764 ± 0.105 0.736 ± 0.091 

Left kidney 0.941 ± 0.038 0.932 ± 0.047 

Gall bladder 0.812 ± 0.161 0.784 ± 0.217 

Esophagus 0.713 ± 0.121 0.676 ± 0.133 

Liver 0.954 ± 0.016 0.946 ± 0.033 

Stomach 0.876 ± 0.074 0.857 ± 0.085 

Duodenum 0.586 ± 0.175 0.565 ± 0.143 

patient-specifc CT images using two datasets. The segmentation performance of most of organs 
was acceptable – the Dice was over 0.8 – but for some organs such as the duodenum, esophagus, 
pituitary, the segmentation performance of the network was found to be relatively poor, despite 
augmentation, because the organ and its surrounding tissues have similar pixel values in CT image, 
making the boundary diffcult to detect by the CNN model. The results indicated that the data aug-
mentation may not be suffcient to solve this problem. To improve the segmentation performance of 
these organs, more high-quality data or multi-modality data may be needed. 

Although data augmentation has become a key part in training deep neural networks for auto-
segmentation, there are still promising and unexplored research pathways in the literature. For 
example, there is no consensus about the best strategy for combining various data augmentation 
methods. One important consideration is the intrinsic bias in the initial, limited dataset. There 
are no existing augmentation techniques that can correct a dataset that has very poor diversity 
with respect to the testing data. All these data augmentation algorithms perform best under the 
assumption that the training data and testing data are both drawn from the same data distribution. 
If this is not true, it is very unlikely that these methods will be useful. Additionally, an interesting 
question for practical data augmentation is how to determine augmented dataset size. There is 
no consensus as to which ratio of original-to-fnal dataset size will result in the best performing 
model. 

11.10 SUMMARY 

Deep learning models rely on big datasets to avoid overftting. Data augmentation is a very 
useful technique for constructing bigger datasets. In this chapter, the state-of-the-art data aug-
mentation methods applied to automatic segmentation for radiation oncology were reviewed, 
including geometric transformation, intensity transformation, and artifcial data generation. In 
addition, an example of data augmentation in segmentation was demonstrated on two datasets. 
The results indicated that data augmentation can be very important for training the organ seg-
mentation model. Data augmentation has become a critical part of the deep learning-powered 
methods. 
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FIGURE 11.8 Examples for visual comparison of organ segmentation between manual methods from 
LCTSC or PCT database and the automatic methods, in terms of axial, sagittal, coronal, and 3D views (from 
left to right). (a) LCTSC database showing left lung (yellow), right lung (cyan), heart (blue), spinal cord (green), 
and esophagus (red). (b) PCT database showing spleen (green), pancreas (white), left kidney (yellow), gall-
bladder (blue), esophagus (red), liver (bisque), stomach (magenta), and duodenum (purple). 
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12.1 BACKGROUND 

12.1.1 SITE-SPECIFIC MODELS 

A majority of radiation oncology auto-segmentation studies focus on developing algorithms for 
single anatomical sites. This is driven by several reasons, some of which include limited scan feld-
of-view (FOV), availability of expert contours, and an increase in complexity to account for in 
multi-site solutions. 

In radiotherapy, image acquisition FOV of treatment simulation scans is driven by preset imag-
ing protocols for each disease site (defned based on disease site, the tumor location, and the extent 
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of the disease as imaging the patient outside of these regions would deliver an unnecessary radiation 
dose to the patient). Limiting the FOV potentially reduces an unnecessary radiation dose in a com-
puted tomography (CT) scan or could drastically reduce the scanning time in magnetic resonance 
imaging (MRI). 

Generating manual contours for normal tissues outside of the treatment region offers little beneft 
in the treatment planning process. For example, most commercially available treatment planning 
systems do not calculate doses outside of the treatment region, so contouring the lungs for a prostate 
cancer patient’s plan offers no beneft as a dose to the lungs (if visible in the simulation scan) would 
not be calculated and, therefore, not refect accurate dose estimates for that organ. Additionally, it 
is well established that manual contouring is time-consuming, and it would be cost prohibitive to 
contour all normal tissues outside of the treatment region in routine clinical practice. 

The location and size of a tumor play a critical role in determining patient setup during simula-
tion and the course of treatment. Patient setup could be standard for certain sites (i.e. head and neck 
cancers are supine with thermoplastic mask) whereas many options can be available for others. For 
example, rectal cancers can be treated either in the supine or prone positions, depending on the 
treatment delivery technique 3D conformal radiotherapy (3DRT) or Volumetric Modulated Arc 
Therapy (VMAT) and individual treatment centers preferences for clinical practice. Furthermore, a 
wide range of immobilization devices are used in radiotherapy, playing a role in treatment simula-
tion setup, with some devices designed to pull/compress organs in or out of the treatment feld. The 
wide-variability in patient setup and the effects of some immobilization devices (i.e. use of a belly 
board on prone setup for treatment of rectal cancers) on patients’ anatomy increase the complexity 
in developing a multi-site auto-segmentation solution. 

12.1.2 LIMITATIONS OF TRAINING DATA 

Despite the success and superior performance of deep learning-based auto-segmentation algorithms 
[1], individual model performance and generalizability on unseen data is often overlooked and 
unreported. As detailed in the previous subsection, several factors such as a scan’s craniocaudal 
FOV, patient setup, and anatomical variabilities due to immobilization devices could have a sig-
nifcant impact on a model’s ability to produce clinically acceptable segmentations. Other factors 
such as image quality, presence of medical devices, implants or hardware, and anatomical changes 
from prior patient history (i.e. collapsed lung), or due to surgical procedures have not been widely 
investigated. 

At the time this chapter is written, a single study has reported results highlighting the limitations 
caused by the lack of diversity in publicly available data when used for thoracic organ segmenta-
tion [2]. Feng et al. used the 2017 AAPM Thoracic Auto-segmentation Challenge data to train a 
two-stage 3D convolutional network model [3] using a variant of the 3D U-net [4]. This model 
(trained on the challenge data) was then evaluated on institutional data where some discrepancies 
between clinical and auto-segmented volumes were noticed, with signifcant differences reported 
for heart contours [2]. In their study, the authors found that differences in motion in the management 
technique between the challenge data and institutional patient scans resulted in unacceptable auto-
segmentations for the heart. Figure 12.1 illustrates differences between challenge and institutional 
data from the study by Feng et al. The authors explain that most of their thoracic cancer patients are 
treated using an abdominal compression immobilization technique resulting in the heart (shown as 
manually contoured in the fgure) being pushed cranially into the thoracic cavity. Utilization of this 
immobilization technique leads to over-contouring of the heart, as shown in Figure 12.2a. 

It remains unknown how deep learning auto-segmentation models trained using limited datas-
ets (n < 50) behave when used for a wide variety of clinical applications. In this chapter, the 2017 
AAPM Thoracic Auto-segmentation Challenge data was used as a case study to train a commonly 
used deep learning auto-segmentation method and evaluate its performance on a variety of treat-
ment sites (i.e. non-thorax) and clinical presentations (i.e. atelectasis). 
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FIGURE 12.1 Figure from Feng et al. [2] illustrating differences in motion management techniques between 
challenge data (left) and institutional data (right) using sagittal views from thoracic CT scans. Most patients at 
their institution were treated using an abdominal compression technique which the hardware can be seen on 
the bottom right corner of the right panel. To highlight these differences, the heart contour is provided (purple) 
for both patient images. 

FIGURE 12.2 Adapted fgure from a study by Feng et al. [2] Both panels show clinical (dark) and auto-
segmented (light) heart contours, (a) highlights disagreement between the clinical and auto-segmentation 
when the model is only trained using the challenge dataset, whereas (b) shows an improvement in agreement 
between clinical and auto-segmented heart contours after the model has been re-trained using both challenge 
and an additional 30 thoracic cancer patient scans with abdominal compression immobilization techniques. 
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12.2 DEEP LEARNING ARCHITECTURE 

12.2.1 TWO-STAGE U-NET MODEL 

In this chapter, a two-stage U-net model similar to the approach previously introduced by Feng et al. 
[3] is used. The two stages each employ 3D U-net architecture to frst localize the normal tissues 
using a multi-class (background and fve normal tissues) model, and then to segment individual 
normal tissues about the regions identifed in the localization stage (Figure 12.3). This approach 
of combining neural networks that focus on localization frst and then perform the segmentation is 
widely used in the literature [5–9]. The following subsections describe in more detail the selected 
image preprocessing steps and the two stages (localization and fne-detail segmentation neural net-
works) used for this case study. 

12.2.1.1 Image Preprocessing 
Image preprocessing is a critical step in any image-related task. To account for the variability in 
pixel spacing and slice thickness, the voxel size is standardized to be 1.25 mm × 1.25 mm × 2.75 mm 
(in the x-, y-, and, z-directions) for both CT images and their corresponding region of interest (ROI) 
masks which are shaped to have size n × n × n ; this convention of ordering images in z-, y-, and z y x 

x-directions is used for all inputs in the model. These values were chosen as it ensures that every 
input image goes through this standardization process as none of the provided images used these 
pixel spacing or slice thickness values. To reduce the Housfeld unit (HU) range of the CT images, 
all voxels outside of −500 HU and +500 HU were set to have values of −500 and +500, respectively. 
The threshold pixel values were then linearly transformed to be within the range [0, 1]. 

For the frst stage in this approach, the standardized voxel image and ROI masks were resized to 
64 × 128 × 128 using a tri-linear interpolator. Prior to this resizing step, a binary 3D dilation was 
applied to the esophagus and spinal cord masks to ensure these ROIs are preserved and not averaged 
out during downsampling. This 3D dilation is only applied when generating input data for the frst 
stage of this model as this model is only intended for localizing these normal tissues rather than 
getting an anatomically correct segmentation. 

In the second stage of this approach, the standardized voxel image and ROI masks were used 
as “full resolution” inputs for the fne-detail segmentation models. Here, the individual ROIs were 
cropped by identifying their left-right (LR), superior-inferior (SI), and anterior-posterior (AP) bor-
ders and then a margin was applied to ensure that there was a buffer space large enough to encom-
pass the random translations applied during training. Individual ROI input sizes are determined 
based on the volume sizes on the standardized voxel masks. For all cases in the training set, the 
displacement in the RL, CC, and SI directions was calculated for a specifc ROI. Then, Equations 
12.1–12.3 were used to determine the optimal value for each individual direction. 

a percentile A, 80th) (12.1) = ( 

quotienta = floor (a * /2 3) (12.2) 

sizea = (quotienta +1 *) multiple (12.3) 

Here A is a vector containing all displacements for a specifc direction (either LR, SI, or AP) and 
multiple is a constant used to ensure that the input size values have a base 2. This constant was cho-
sen to be 32 (25). The resulting input sizes for each ROI are listed in Table 12.1. 

12.2.1.2 Stage 1: Localization through Coarse Segmentations 
Several studies have demonstrated the effectiveness of segmentation networks to initially localize a 
region of interest prior to generating a fnal segmentation. Detection networks require large amounts 



 

 

169 Failure Scenarios in Auto-Segmentation 

FIGURE 12.3 (A) Illustration of two-stage approach in this chapter. The frst stage generates coarse seg-
mentations for all OARs, whereas the second stage uses these coarse segmentations to focus individual seg-
mentation networks about the desired OARs to be automatically segmented. (B) The U-net network used in 
this work. Input sizes are detailed in Table 12.1. The numbers at each resolution stage represent the number 
of flters used for the stage; concatenation layers combine features from encoding path with decoding path 
features. The number of features is doubled at each max pooling layer and halved at each de-convolutional 
layer. The fnal number of features in the softmax layer depends on the stage (i.e. six features/classes each 
representing an OAR + background in frst stage, and two features/classes representing background and fore-
ground in second stage). 
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TABLE 12.1 
Input Size for 3D U-Net Networks Used in this Chapter. For 
Individual Segmentation Networks, Input Sizes Were 
Determined Individually for Each Normal Tissue by Sampling 
Volume Sizes for Each Structure on the Training Dataset 

Network SI Direction (z) AP D(y) LR Direction (x) 

Localization 64 128 128 

Esophagus 96 96 64 

Heart 64 128 128 

Left Lung 96 160 128 

Right Lung 96 160 128 

Spinal Cord 128 96 64 

SI: superior-inferior (i.e. cranio-caudal), AP: anterior-posterior, LR: left-right 

of training data to identify useful patterns to accurately localize objects within an image. In a dif-
ferent manner, segmentation networks can take advantage of the label map information to train a 
network with higher accuracy than detection networks, especially when training data is limited, to 
localize an ROI within an image. It is for this reason that several works have highlighted the success 
of using this approach in medical imaging segmentation. 

There are several advantages to using a segmentation network to localize an ROI as a frst step 
in a segmentation model. First, the localization network is being used to fnd a specifc ROI within 
the image space, which can be compared to “fnding a needle in a haystack” for some volumes. 
In medical imaging, the image space can be large, and reducing this FOV through a localization 
(and then cropping to this ROI) can lead to faster and more effcient training of a neural network. 
Secondly, since the localization network is used to fnd a region to focus on during the segmentation 
stage, there is no requirement in maintaining the original resolution of the image space (i.e. pixel or 
slice spacing). This allows for the resizing of the medical image to a smaller input size which can 
then better accommodate graphics processor unit (GPU) memory limitations when training a net-
work. There are a few things to consider when resizing an image to a smaller size. One unintended 
consequence of reducing the image size in medical imaging is that small or thin volume masks can 
often lose useful information or be completely averaged out by the interpolation method chosen dur-
ing the resizing process. Another disadvantage of using a localization stage in a segmentation task 
is that it can be computationally expensive during training and increase the time to auto-segment 
a new patient. Lastly, using a multi-class localization stage assumes that all cases in the training 
data have ground truth volumes available for all normal tissues or structures to be auto-segmented. 
While this is true for well curated datasets such as those often found in public segmentation chal-
lenges, this may not be necessarily true for clinical data where often only critical organs at risk 
within or near the treatment region are contoured. A way to address this could be to use multiple 
localization networks for organs that are less frequently contoured or contoured under a specifc 
protocol for a limited number of cases. 

In this chapter, a generic implementation of the 3D U-net was used for the localization stage 
(Figure 12.3). This network uses an input size of 64 × 128 × 128 (see Table 12.1), a kernel size of 
3 × 3 × 3, and has two convolutional layers at each resolution level (all convolutional layers apply 
padding), which are followed by a max pooling operation. The network has a depth of six resolu-
tion levels; the frst level uses eight convolutional flters for each convolutional layer, which then are 
doubled after each max pooling operation. Each convolutional layer (Conv3D) is followed by batch 
normalization (BN), which is then followed by the rectifed linear unit (ReLU) activation function 
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TABLE 12.2 
Limit Values Selected for 
Augmentations Used During Training 

Augmentation Type Limits 

Roll (rotation) ±15° 

Pitch (rotation) ±5° 

Translationa [−24, 24]b 

Zoom [90%, 110%] 

Gaussian (sigma) [0, 0.5] 

a x, y, and z translations were independently defned. 
b In some cases, this could have been smaller to pre-

vent cropping outside of the image space. 

(Conv3D + BN + ReLU) prior to the next convolutional layer or max pooling layer. The localization 
network outputs coarse segmentations for six classes which include the fve organs-at-risk (OARs) 
(left and right lung, heart, esophagus, and spinal cord) and the background. 

During training, resized volumes (Table 12.1) were used and traditional augmentations such 
as translation, pitch and roll rotations, and zoom were applied. In addition, a Gaussian flter was 
applied with randomly selected sigma values to make the network robust to variations in contrast 
and sharpness. Values used for augmentations were randomly generated using a uniform distribu-
tion within the predefned limits shown in Table 12.2. Image padding was applied when needed 
using the refection of the edge of the image requiring padding. Here, a batch size of four per itera-
tion was used. To train the model, the commonly used Dice loss function was used as it generally 
converges faster than categorical cross-entropy. Chapter 10 gives more details regarding the use of 
loss function in training deep learning for auto-segmentation. The Adam optimizer was used with a 
learning rate of 0.001, with β1 and β2 values of 0.9 and 0.999, respectively. Early stopping was used 
to prevent overftting by randomly selecting six training cases (out of 36) prior to the start of train-
ing and these were used to independently assess the progress of the model during training. 

When running an inference on a new patient, the resulting segmentations of the localization 
stage are used to identify which regions of the “full resolution” image contain individual OARs to 
focus individual segmentation models for the resulting fne-detail segmentations using a cropping 
approach. 

12.2.1.3 Stage 2: OAR Segmentation through Fine-Detail Segmentation 
The second stage of this approach focuses on fne-detail segmentations by training individual ROI 
3D U-net models using “full resolution” inputs. There are a few advantages to using individual mod-
els per ROI. First, is that each model can be trained to focus on learning intensity features that are 
characteristic of each ROI. Second, using individual models per ROI allows for additional fexibility 
in model design and input size. Third, individual ROI models can be updated independently without 
making changes to other ROI models. This is advantageous when a segmentation model produces 
high quality segmentations for most ROIs but produces inaccurate segmentations for a few, more 
challenging, ROIs. Lastly, using individual models per ROI allows for the use of segmentations from 
sparse datasets where most cases do not contain the full list of ROIs to be auto-segmented. Using 
individual ROI models has its disadvantages though; training individual ROI models can be compu-
tationally expensive and less effcient when computational resources are limited. Also, using mul-
tiple models can result in an increase in the time required to auto-segment a large list of ROIs; here, 
individual models need to be loaded to the GPU, individual ROI input data have to be generated, 
with this input data then fed through the neural network to predict the resulting auto-segmentations. 
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During training, the CT images were cropped to regions around the ground truth segmentations 
for each individual ROI provided in the training data. Individual ROI models use different input 
sizes, which were determined based on training data volumes (see Section 12.2.1.1), except for the 
left and right lung where the image size is the same (Table 12.1). The architecture used to train 
each ROI model has identical parameters to the 3D U-net model trained for the localization stage; 
here, the training details (loss, optimizer, etc.) and image augmentations remain the same as those 
described in Section 12.2.1.2. 

In the testing phase, a clustering approach was used to identify cropped CT image inputs for each 
model by using the segmentations generated from the localization stage network. This approach is 
described in more detail in Section 12.2.2. 

12.2.2 TEST-TIME CLUSTER CROPPING TECHNIQUE 

Instead of using a traditional tile and stitch approach, a cluster cropping technique was introduced in 
order to focus the cropped CT image volumes within the localized region identifed in the frst stage 
of the model. Here, the resulting coarse segmentation masks (size of 64 × 128 × 128) from the frst 
stage model were resized back to the standardized voxel size for a specifc patient. Then, K-means 
clustering was used on the coarse segmentations to identify cluster centroids which will serve as the 
center of the region of the standardized voxel CT image to be cropped and used as inputs for testing 
using the weights trained for the second stage models (Figure 12.4). The K-means clustering assigns 
individual voxels within an ROI to the nearest cluster centroid by distance resulting in an even dis-
tribution of clusters (and therefore centroids) throughout a volume mask. Using many clusters and/or 
a large input size will ensure large overlap between patches which will then increase the confdence 
in the probability of belonging to the foreground assigned to individual voxels. To increase the con-
fdence in the predictions, the number of clusters (K) was set to 24 for all ROIs. 

The predictions of the cluster patch inputs are then stacked so that individual voxel averages 
can be calculated using the overlapping prediction values for each voxel. The resulting probability 
prediction map is resized from the “full resolution” image back to the original image size for that 
patient. Here probabilities are converted to a mask (using p ≥ 0.5) where post-processing takes place 
prior to converting the auto-segmentations to Digital Imaging and Communications in Medicine 
(DICOM) format. 

12.3 QUANTITATIVE AND QUALITATIVE REVIEW OF AUTO-SEGMENTATIONS 

12.3.1 PERFORMANCE ON CHALLENGE TEST SET 

The model’s performance was evaluated on the live test challenge data by comparing the ground 
truth and auto-segmented volumes using the DSC, MSD, and 95HD. These results are summarized 
in Table 12.3 and are comparable to other published results using this dataset [3, 10]. Overall, the 
auto-segmented volumes agreed well with the ground truth volumes. The most challenging volume 
to auto-segment was the esophagus. This was expected as the esophagus is a diffcult volume to 
segment manually due to the elasticity of this volume and the potential lack of tissue contrast which 
prevents a clear visualization of this organ’s boundaries. 

For the lungs, most disagreement between the ground truth and auto-segmented volumes was 
found to be within the most caudal and cranial extent of the lungs. These differences were minor 
for most cases (Figure 12.5); however, some disagreement was found for cases (LCTSC-S2-203 
and LCTSC-S3-203, Figure 12.6) where lung volumes were affected by patients’ disease. When 
considering the heart, the worst performing auto-segmentation (based on DSC, DSC = 0.88) was 
on case LCTSC-S3-204 (Figure 12.7). Here, the auto-segmentation lacks anterior coverage of the 
pericardium (top left and bottom left panels) which is properly covered by the ground truth heart 
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FIGURE 12.4 Illustration of K-means clustering approach to generate cropped CT image patches for testing. 
The left and right panels represent the approach in 3D and 2D (single slice for illustration purposes), respec-
tively. Using the coarse segmentation masks, clusters were generated, and the cluster centers (dark circles in 
2D illustration) were used to center the image crop input for the fne-detail segmentation network. 

TABLE 12.3 
Summary of Overlap and Distance Metrics Calculated between Auto-
Segmentations and Ground Truth Volumes from the Live Test Challenge Data 

DSC MSD (mm) 95HD (mm) 

Lung_L 0.97 +/− 0.03 0.6 +/− 0.4 2.5 +/− 1.4 

Lung_R 0.97 +/− 0.02 0.8 +/− 0.6 3.0 +/− 2.5 

Heart 0.93 +/− 0.02 2.0 +/− 0.6 5.8 +/− 1.2 

Esophagus 0.67 +/− 0.11 2.4 +/− 1.8 9.5 +/− 8.5 

Spinal Cord 0.84 +/− 0.05 0.8 +/− 0.3 2.4 +/− 0.7 
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FIGURE 12.5 Comparison between the ground truth (darker) and auto-segmented (lighter) lungs. The top 
row shows minor differences between these volumes towards the cranial extent of the lungs, whereas the bot-
tom row highlights differences in the most caudal extent of the lungs. 

volume. In some cases, there were slight differences between the ground truth and auto-segmented 
volumes around the apex of the heart. 

When considering the spinal cord and esophagus, poorer performance (in terms of the over-
lap and distance metrics) was noticed compared to that found for the heart and lung segmen-
tations. The Radiation Therapy Oncology Group (RTOG) contouring guideline, RTOG 1106, 
defnes the spinal cord by the bony limits of the spinal canal starting at the level just below the 
cricoid. The auto-segmentation model produced contours that followed the spinal cord and, in 
some slices, failed to fully encompass the spinal canal (Figure 12.8). Interestingly, the cranial 
extent of auto-segmented spinal cord volumes varied widely sometimes reaching the base of the 
skull as shown on Figure 12.8a. After review of esophageal auto-segmentations, it was noticed 
that auto-segmentations often fail on the CT slices where the heart is present. As the esophagus 
runs behind the heart, it tends to vary widely in appearance as it is compressed between the heart 
vessels, vertebral bodies, and the trachea. Interestingly, the esophagus auto-segmentations were 
more consistent with ground truth volumes when air bubbles are present throughout the esopha-
geal cavity (Figure 12.9). 

12.3.2 DIFFERENT ANATOMICAL SITES 

In this section, the model’s ability to auto-segment all fve OARs on CT scans from non-thoracic 
primary tumor sites was qualitatively evaluated. A subjective evaluation of the auto-segmentation 
model could highlight potential problems when translating the trained thoracic OAR auto-segmen-
tation model to auto-segment these normal tissues on simulation CT scans from other treatment 
sites. 
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FIGURE 12.6 Highlight of disagreement between ground truth (darker) and auto-segmented (lighter) lung 
volumes due to the presence of different pathologies. 

12.3.2.1 Head and Neck Scans 
Head and neck radiotherapy treatment planning requires manual contours for several organs at 
risk and target volumes. For the past 20 years, several approaches have been proposed for the auto-
segmentation of these volumes [5, 11–16]. More recently, several publications using deep learning 
approaches have shown that head and neck normal tissue auto-segmentations can be of high quality 
and may not require manual edits leading to an improvement over previously proposed techniques. 

From the fve organs at risk available in the challenge dataset, the heart is usually not included 
in the FOV of head and neck simulation scans, but the spinal cord, esophagus, and both lungs are 
typically (at least partially) present within the CT scan. For this reason, the qualitative evaluation 
focuses on the auto-segmentations of the spinal cord, esophagus, and both lungs. Here, fve head 
and neck cancer patients previously treated at MD Anderson Cancer Center with radiotherapy were 
randomly selected. DICOM fles for the simulation CT scans were exported and auto-segmentations 
were produced using the two-stage deep learning model described in Section 12.2. 

Visual inspection of the auto-segmentations showed similar results for the spinal cord as those 
observed in the challenge test data. For example, the cranial extent of the spinal cord auto-seg-
mentations varied across the cases inspected. For some cases it was found that the spinal cord 
auto-segmentation reached the brainstem while for others the spinal cord was only auto-segmented 
partially through the head and neck region. Esophagus auto-segmentations covered the organ at 
risk appropriately for all cases; this was consistent with the fndings on the challenge test that auto-
segmentations overlapped the ground truth volumes well in the cervical and upper thoracic sections 
of the esophagus. 
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FIGURE 12.7 Axial, coronal, and sagittal views of ground truth (darker) and auto-segmented (lighter) heart 
volumes. 

FIGURE 12.8 Illustration highlighting the differences between ground truth (darker) and auto-segmented 
(lighter) spinal cord volumes. All panels (a–h) are from challenge data case LCTSC-Test-S3-204. Panels (a) 
and (h) show sagittal views across different planes to encompass the curvature of the spine. Panels (b–g) show 
axial views of the spinal cord contours. Panels (b) and (f) show typical discrepancies between ground truth 
and auto-segmented volumes. 

Surprisingly, the lung auto-segmentations (Figure 12.10) failed to properly cover the lung 
volumes at the caudal edge of the CT scan. Upon inspection of the prediction probability maps, it 
was found that both U-net architectures used in the frst stage and second stage of the model under-
contoured the lung volumes in these cases. Interestingly, the most medial portions of the lungs were 
contoured properly in most cases, but the segmentations failed to cover the most lateral sides of the 
lungs even when these regions were sampled in the second stage of the model. 
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FIGURE 12.9 Comparison of ground truth (red) and auto-segmented (green) esophagus volumes. The two 
cases shown illustrate the difference between the 15th and 85th percentile DSC scores volumes. It is easy to 
visualize the disagreement for the case on the left half (LCTSC-Test-S2-203), the auto-segmentation fails to 
follow the curvature of the esophagus as it runs posteriorly to the heart. The auto-segmentation in the case dis-
played on the right half (LCTSC-Test-S1-201) follows the trajectory of the esophagus with higher agreement. 

12.3.2.2 Abdominal Scans 
Simulation CT scans of the abdomen are like head and neck CT scans in that they generally only 
provide a partial view of the thoracic organs at risk. Here, abdominal scans include the most caudal 
extent of these organs, whereas head and neck scans include the most cranial extent of these vol-
umes, as seen in Section 12.3.2.1. As the heart sits above the diaphragm, it is usually included in 
the scan’s FOV. 

For this subsection, liver cancer patients who were previously treated with radiotherapy at 
MDAnderson Cancer Center were randomly selected. The thoracic auto-segmentation model was 
applied to these patients’ simulation CT scans. Upon visual inspection of the auto-segmentations 
(Figure 12.11), it was found that most auto-segmented volumes were appropriately defned on these 
cases. In contrast to the fndings on head and neck scans (Section 12.3.2.1), the partial lung volumes 
were properly auto-segmented in the abdominal CT scans. The spinal cord auto-segmentations 
spanned from the most cranial to the most caudal extent of the CT scan for all cases. The esophagus 
auto-segmentations were of reasonable quality with some variability in coverage on the caudal edge 
near the gastroesophageal junction. In some cases, the full volume of the heart was present in the 
CT scan’s FOV; however, this was not true for all scans. When the heart was close to the edge of 
the FOV of the scan, slight inaccuracies in the heart auto-segmentations were noted, which can be 
appreciated in the top row (center) panel of Figure 12.11. This panel shows how the posterior portion 
of the heart is under-contoured as the heart volume gets closer to the most superior edge of the scan. 

12.3.2.3 Breast Cancer Simulation Scans 
Breast cancer patients’ simulation CT scans generally have a similar FOV to those found in thoracic 
cancer patients. A way thoracic and breast cancer patients’ radiotherapy simulation CT scans can 
differ is in how patients are positioned during simulation and treatment. For example, thoracic can-
cer patients are typically set up in the supine position with both arms above the head. Breast cancer 
patients’ setup can vary depending on the extent of the disease. At a minimum the ipsilateral arm 
is up, but sometimes both arms are placed above the head. An adjustable breast board is generally 
used to set up the patient in an incline (typically 5–15 degrees) to isolate the breast tissue below the 
clavicle. Specialized breast treatment immobilization devices such as breast compression paddles 
are often used throughout treatment. 
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FIGURE 12.10 Illustration of auto-segmented thoracic organs at risk on two (a and b) head and neck cancer 
CT simulation scans. The auto-segmented spinal cord (red), esophagus (pink), and right (yellow) and left 
(blue) lungs are displayed. For each case (a and b) a coronal and four axial views are displayed illustrating how 
the lung auto-segmentations result in under-contouring of the lung volumes. 

Auto-segmentations on breast cancer patient simulation CT scans were evaluated to deter-
mine the effect of the inclusion of breast cancer-specifc immobilization devices and patient set 
up on organs at risk auto-segmentations. The inclusion of breast compression paddles is evaluated. 
Figure 12.12 shows a patient simulated for treatment of the left breast (a) who was later simulated 
for a boost treatment using a compression paddle (b). The addition of the breast paddle did not show 
any noticeable effects on the auto-segmentations across multiple cases. 

Figure 12.13 shows two breast cancer patients who were treated using a similar setup during 
radiotherapy simulation. For these cases, a metal rod is used to mark and identify on the CT scan 
the superior border of the non-divergent felds used to treat these patients. Interestingly, it was 
noticed, for the case on the left column, that the presence of the rod infuenced the left lung auto-
segmentation (blue) as can be appreciated in the axial and coronal views. Here, the lateral border 
of the lung is under-contoured towards on adjacent slices where the rod is present. This effect is not 
observed for all cases where this rod marker is used as can be seen for the case on the right column 
of Figure 12.13. 
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FIGURE 12.11 Auto-segmented organs at risk on abdominal CT scans from two liver cancer patients 
(different patients separated by row). The auto-segmented spinal cord (red), esophagus (pink), heart (orange), 
and right (yellow) and left (blue) lungs are displayed on the coronal, sagittal, and axial views. 

FIGURE 12.12 Left breast cancer patient with two simulation scans for (a) whole breast irradiation and 
(b) boost radiotherapy plans. 
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FIGURE 12.13 Two breast cancer patients (different patients separated by column) using the same immo-
bilization device which includes a metal rod to identify the non-divergent border of the tangent felds on the 
CT scan. The heart (red) and left (blue) and right (yellow) lung auto-segmentations are displayed on the axial 
and coronal views. 

12.3.3 DIFFERENT CLINICAL PRESENTATIONS 

In this section, the effect of anatomical changes to the thorax produced by pre-existing conditions 
(atelectasis and pleural effusions) and patient immobilization techniques are investigated, as well as 
the effect of the presence of contrast and implanted devices on the auto-segmentation of OARs from 
a deep learning model trained using the challenge dataset. 

12.3.3.1 Atelectasis and Pleural Effusion 
Atelectasis and pleural effusions are not uncommon in cancer patients, with some studies report-
ing 7–22% of lung cancer patients presenting with these conditions prior to the start of treatment 
[visual inspection of challenge training data showed that 5/36 (14%) of cases showed signs of atel-
ectasis (LCTSC-S1-008, LCTSC-S1-011, LCTSC-S3-005, LCTSC-S3-008, and LCTSC-S3-012)]. 
Atelectasis is a condition in which the airways and air sacs in the lung collapse or do not expand 
properly. This condition can happen in the presence of a tumor or because of a pleural effusion 
which is a condition that affects the tissue that covers the outside of the lungs and lines the inside of 
the chest cavity. These occur when an infection, medical condition, or chest injury causes fuid, pus, 
blood, air, or other gases to build up in the pleural space. Both atelectasis and pleural effusions can 
greatly alter the anatomy within the thorax; therefore, the auto-segmented organs at risk in cases 
presenting with these conditions were qualitatively evaluated. 

Pleural effusions resulting in total collapse of the lungs showed to have an impact on the quality 
of the auto-segmentations. The left column on Figure 12.14 shows axial and coronal views from 
a patient who presented with pleural effusion and atelectasis of the left lung. Auto-segmentations 
on this patient’s CT scan did not produce accurate results; the left lung auto-segmentation fails to 
fully cover the remaining healthy lung whereas the heart auto-segmentation extends outside of the 
pericardium and into the fuid in the pleura. The patient shown in the axial and coronal views in 
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FIGURE 12.14 Auto-segmentation of organs at risk in the presence of atelectasis and/or pleural effusions. 
The heart (red) and left (blue) and right (yellow) lungs are displayed in the axial and coronal views for three 
lung cancer patients (columns). 

the center panel of Figure 12.14 presented with atelectasis of the right upper lobe of the lung (top 
center panel). For this case, the auto-segmentation model was able to accurately defne both lungs 
and the heart. The third case shown in Figure 12.14 (right panel) presented with atelectasis of the 
left lung due to the presence of a tumor. Upon visual inspection of this case, it was found that the 
auto-segmentations accurately contoured all organs at risk. 

12.3.3.2 Presence of Motion Management Devices 
Previously, Feng et al. [2] showed that the use of abdominal compressions at their institution led 
to an over-contouring of the heart in the caudal direction (Figure 12.2a). Here, replication of this 
failure mode is attempted by predicting on a case previously treated with abdominal compressions. 
Unfortunately, this immobilization technique is rarely used at MD Anderson Cancer Center and 
only a single case was found on the database to replicate their fndings. For this single case, good 
agreement was found between the auto-segmented (green) and clinically contoured (red) heart vol-
umes as shown in Figure 12.15. A difference between the model used in this chapter and the one 
used by Feng et al. is that the heart input size is larger in the SI direction (64 × 128 × 128 vs 32 × 
160 × 192). It is possible that the greater feld of view in the SI direction used in this chapter’s model 
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FIGURE 12.15 Comparison of ground truth (red) and auto-segmented (green) heart volumes on a lung can-
cer patient where abdominal compression immobilization was used. 

allows for a broader view of the SI borders of the heart; however, this remains to be investigated and 
is outside of the scope of this analysis. 

12.3.3.3 Use of Contrast and the Presence of Implanted Devices 
Contrast-enhanced CT scans are commonly used in cancer diagnosis, staging, and post-treatment 
follow-up. In radiotherapy, the use of intravenous (IV) contrast during treatment simulation CT 
scan acquisition can allow for enhanced visualization of target volumes and adjacent organs at risk 
facilitating more accurate delineations of these volumes [17]. For non-small cell and small cell lung 
cancers, the National Comprehensive Cancer Network recommends the use of IV contrast with or 
without oral contrast for better target and organ delineation in patients with central tumors or nodal 
disease [18]. The presence of contrast in CT imaging changes the local distribution of HU values 
which can have an impact on auto-segmentations. Previous works have addressed this challenge by 
using training sets that contain contrast-enhanced and non-contrast CT images [19]. In this subsec-
tion, the model trained on the challenge data was used to evaluate the quality of auto-segmentations 
in cases where there are high density regions such as those in contrast-enhanced CT images and 
implanted devices. 

Figure 12.16 shows three patients’ CT scans (axial and coronal or sagittal views) that illustrate 
the possible failure modes observed when auto-segmenting OARs in cases where contrast or hard-
ware are present. The patient shown on the left panel of Figure 12.16 had contrast in their bowels. 
Here, the left lung (blue) is not auto-segmented when it is near the high-density regions in the 
scan (as seen on coronal and axial views). In contrast, the right lung (yellow) was accurately auto-
segmented for this case. For this particular case, it was found that most CT image patches used to 
predict the left lung included regions where contrast was present; this was not the case for the right 
lung where the liver was found in the most caudal regions of a large number of image patches. The 
patient shown in the center panels of Figure 12.16 had a previously implanted pacemaker (as shown 
on the top two center panels). 
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FIGURE 12.16 CT images from a patient with contrast in the abdomen (left), pacemaker (center), and con-
trast in the heart (right). The heart (red) and left (blue) and right (yellow) lungs are displayed to illustrate 
failures in auto-segmentations. 

The pacemaker leads appear as bright wires that transverse from the collar bone to the cham-
bers of the heart. For this patient, the presence of the high-density leads traveling through the 
heart affected the quality of the heart auto-segmentation (as seen on the bottom axial and sagittal 
views). Lastly, the right panel of Figure 12.16 shows a patient who had a chest CT with contrast for 
radiotherapy simulation. Here the presence of contrast through the heart caused the deep learning-
based auto-segmentation algorithm to signifcantly under-contour the heart volume. Interestingly, 
the presence of contrast did not affect the quality of the auto-segmentations of the lungs. These 
fndings merit additional investigations to better understand the mechanisms for why the presence 
of high-density regions affects some auto-segmentations. 

12.3.3.4 Adapting to the Unseen 
When a deep learning auto-segmentation model fails to produce high-quality segmentations due 
to limitations on the training data (low number of training cases or limited anatomical diversity), 
there are several options to overcome these challenges. Feng et al. [2] showed how they adapted 
their previously trained convolutional neural network by retraining their model with both challenge 
and additional institutional data. In their study, the authors illustrate how both transfer learning 
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and end-to-end training can improve the quality of the segmentations (Figure 12.2b) by learning 
patterns from the additional training data. Other plausible options include changing the architec-
ture (see Chapters 7, 8, and 9), changing model parameters such as input size and loss function 
(see Chapter 10), or to change how training data is input through a model during training (see 
Chapter 11). All of these could have a signifcant impact on the resulting auto-segmentations. Lastly, 
curation of additional training data could help address many of the limitations observed due to 
diversity in anatomical presentations and/or model applications. 

12.4 DISCUSSION AND CONCLUSIONS 

In this chapter, a two-stage deep learning auto-segmentation model was trained using the 2017 
AAPM Thoracic Auto-segmentation Challenge data and the ability of this model to produce accu-
rate auto-segmentations on a variety of clinical uses and scenarios was evaluated. The model used a 
generic 3D U-net architecture that frst localizes (stage 1) the organs at risk and then auto-segments 
(stage 2) individual organs using cropped CT scan volumes about each organ. The resulting model 
was validated using the challenge test dataset producing similar results to those reported in the 
literature. 

To identify possible scenarios where the trained auto-segmentation model could fail, the model’s 
performance was evaluated on two types of scenarios. First, it was investigated whether using simu-
lation CT scans from other treatment sites would have an infuence on the accuracy of the auto-
segmentations. Potential issues were identifed with auto-segmentations that are near the edge of 
the scan’s FOV. Several reasons could be attributed to this observation and there is a high likelihood 
that these issues could be resolved by using a simple 2D architecture, yet this remains to be evalu-
ated. Another failure mode in the auto-segmentations was noticed when streaking artifacts from a 
breast cancer radiotherapy immobilization device were located near the lungs. Under-contouring in 
these regions near the artifact varied from patient to patient (Figure 12.13). 

The second type of scenario investigated was the potential effect of anatomical changes to the 
thorax produced by pre-existing conditions (atelectasis and pleural effusions) and patient immobi-
lization technique, as well as the effect of the presence of contrast and implanted devices on the 
auto-segmentation. When considering atelectasis and pleural effusions, it was found that the accu-
racy of the auto-segmentations was greatly reduced when there was signifcant buildup of fuid in 
the pleura. Only a single case was located at MD Anderson Cancer Center where the abdominal 
compression immobilization technique was used during radiotherapy simulation; all organs at risk 
were accurately auto-segmented for this case but additional cases are needed to confrm that slight 
parameter differences in approach resolved the auto-segmentation errors previously reported by 
Feng et al. [2]. Lastly, the presence of contrast and high-density materials from medical implants 
was shown to have a negative impact on the quality of the auto-segmentations. 

The case study presented has a few limitations. First, a single architecture is considered high-
lighting issues that might not be observed with other similar 3D approaches. Second, only a limited 
range of possible scenarios were considered in the qualitative evaluation of this case study. Potential 
scenarios such as anatomical changes from surgical procedures (i.e. pulmonary lobectomy) could 
have signifcant impact on the accuracy of auto-segmentations. Lastly, the analysis presented is 
limited as it only uses the 2017 AAPM Thoracic Auto-segmentation Challenge data for the case 
study. Expanding this analysis to other publicly available datasets could confrm the shortcomings 
observed in this study. 

In conclusion, while the model presented produced high quality auto-segmentations when com-
pared to the challenge test data, some shortcomings were observed when applying such a model to 
a diverse set of scenarios and clinical uses, highlighting the limitations of the proposed model and 
the use of limited training datasets. Identifying failure modes of a deep learning auto-segmentation 
model can be a critical step in the clinical deployment of such models and could improve patient 
safety throughout the radiotherapy treatment planning process. 
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13.1 INTRODUCTION 

Rapid advances in image-guided radiation therapy have brought forth a range of treatments includ-
ing high dose radiation therapy, whereby high dose radiation is delivered over a few fractions with 
high conformity to the target tumors. Clinical studies have shown excellent local control in multiple 
cancers and with it, the potential to improve progression-free and overall survival [1–4] of some 
patients. 

An important requirement for achieving highly conformal doses is very precise and accurate 
segmentation of the target and the nearby normal organ at risk (OAR) structures [5, 6]. In current 
clinical practice, targets and OARs are manually delineated by clinicians on CT images. Manual 
delineation is diffcult because of the low soft tissue contrast especially on non-contrast CT images 
[7, 8]. Manual delineation is also subject to inter-rater variabilities [9] that can adversely impact 
tumor control probability [10]. The advent of new image-guided treatments including magnetic 
resonance imaging (MRI)-guided radiotherapy have made manual delineation more accurate due 
to improved soft-tissue contrast on MRI [11]. Nevertheless, the problem of variable segmentations 
persists, and segmentation remains the most time-consuming step in radiotherapy [12]. 

The commonly used atlas-based methods have been shown to both reduce inter-rater variability 
[13, 14] and decrease the manual editing times [12, 14]. Clinical validation studies have shown 
that atlas-based methods produce excellent agreement with manual delineations and reduce user 
effort [15, 16]. However, these methods can have systematic biases in the segmentations, which may 
necessitate extensive user editing of some organs [15, 17]. For example, small organs may need con-
sistent manual editing [15], or certain organs like parotid glands may require re-segmentation [17]. 

More importantly, the large geometric uncertainties resulting from manual segmentation con-
strain the dose that can be safely delivered to target tumors. This is because of the large feld 
treatment margins [18] necessary to account for the geometric uncertainties, which invariably lead 
to higher doses delivered to the nearby normal OARs. In-treatment-room X-ray-based cone beam 
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computed tomography (CBCT) imaging is currently available as part of standard equipment. CBCT 
has been used for positional and setup corrections during treatments. Incorporating geometric cor-
rections has been shown to lead to improved accuracy of the conformal treatment [4, 19], and with 
it the potential for improving outcomes. However, a key obstacle for these treatments is a lack of 
robust, fast, and accurate segmentation methods. Atlas-based methods are computationally expen-
sive and are impacted by changing anatomy; anatomical changes are common during radiation 
therapy and imaging appearance may change, reducing the accuracy of atlas-based deformation 
techniques. 

The more recent deep learning methods are computationally fast (usually in the order of seconds 
or minutes, compared to minutes or hours for atlas-based methods), and are robust of inter-rater 
variability [20]. Importantly, deep learning methods have been shown to reduce the manual edit-
ing times for multiple OARs [21] more than atlas-based methods. As a result, deep learning has 
been applied very extensively in numerous image segmentation problems in radiation oncology [20, 
22–28]. 

However, the use of either deep learning or atlas-based methods in routine clinical care is highly 
limited. This is due in part to the diffculty in establishing the reliability of these methods for com-
missioning [29], as well as a lack of tools to identify when and where the algorithm fails, leading 
to manual override of the delineations. More importantly, while some of these methods may show 
phenomenal performance on limited testing sets, they fail to generalize in clinical datasets, as 
discussed in Chapter 12. Discrepancies in the performance may stem from large differences in the 
training/testing sets and the actual clinical use. For example, it is not uncommon to remove diff-
cult conditions like images with large artifacts, large tumors, or those with abnormal anatomy like 
collapsed lungs from limited training/testing cohorts to assess basic performance of the developed 
methods. However, methods developed under these conditions fail to scale to actual clinical sce-
narios when images may have large artifacts (like dental artifacts on head and neck CT images) or 
abnormal anatomy (e.g. collapsed lungs, missing structures due to surgery, mass effect due to the 
presence of large tumors). 

All this motivates the need for clear guidelines and metrics for evaluating auto-segmentation 
methods prior to clinical commissioning. In the rest of the chapter, the approaches used for clinical 
validation as outlined in some prior studies, and the challenges involved for clinical commissioning 
are briefy discussed, and some solutions towards mitigating these issues through better data cura-
tion and evaluation metrics are presented. 

13.2 STAGES IN CLINICAL COMMISSIONING 

A phased approach consisting of technique identifcation and verifcation, testing before clinical 
deployment, and ongoing clinical quality assurance (QA) is generally recommended when introduc-
ing a new technology into a clinic [30]. Clinical commissioning of an AI method at the minimum 
should include testing of the AI technique on the institution dataset prior to clinical implementa-
tion followed by routine QA of selected clinical cases with a group of multi-disciplinary experts. 
Prior to assessment of the auto-segmentation system, it is also important to obtain some details of 
the technique regarding the evaluations and quantitative performance of the metrics to be used. 
Evaluation of the system should include, where possible, testing with multi-institutional datasets, 
comparison against multiple methods, and evaluation on established metrics. In order to ensure that 
the most suitable methods are used in the clinic, there is a need for both robust and reliable metrics 
to evaluate these methods as well as well-curated datasets arising from multi-institutional and inter-
nal institution datasets. Next, after introduction into clinical use a frequent QA of selected cases 
should be done to determine that the system continues to perform at the desired level. Problems in 
performance should be logged and AI techniques may need to be retrained if the imaging technol-
ogy and imaging protocols change. 
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13.3 NEED FOR ROBUST AND CLINICALLY USEFUL METRICS 

The most commonly used metrics for evaluating the accuracy of segmentation methods are 
based on those used in computer vision, whereby the spatial and geometric overlap accuracy 
of the algorithm is measured against manual delineation by an expert. One such metric is the 
Dice similarity coeffcient that measures the overlap in the number of voxels that match between 
the algorithm and manual delineation [15, 16, 31–33]. Because of the need to guarantee spatial 
accuracy in terms of metric distances, Hausdorff distances have also been commonly used to 
assess medical image segmentation applied to radiation therapy. While these metrics are reason-
able when analyzing objects from real world images that have well defned boundaries and can 
be easily identifed and delineated by people, medical image analysis and delineations requires 
signifcant domain expertise. Also, even delineations by experts are subject to inter-rater vari-
ability, which inevitably results in a lack of an absolute gold standard segmentation [34, 35]. In 
medical images, there is no “gold standard” ground truth. More importantly, these metrics are 
neither clear indicators of clinical effciency, such as the amount of reduction in editing times 
[36], nor are they indicative of target coverage improvement [37]. This motivates the need for 
practical metrics that can be used for clinical commissioning of auto-segmentation methods. 
Chapter 15 further considers quantitative methods for evaluation of auto-segmentation in clini-
cal commissioning. 

13.4 NEED FOR CURATED DATASETS FOR CLINICAL COMMISSIONING 

A related problem is the lack of benchmark datasets to assess and compare different algorithms. 
Using a common reference dataset to establish performance allows direct comparison of the 
various methods. Benchmarking datasets that encompass the expected variabilities to be seen 
in the clinic, including imaging variations, imaging artifacts, and large deformations in patient 
anatomy are necessary to evaluate the utility of the auto-segmentation methods for clinical use. 
Such datasets, if available, are also useful to evaluate upgrades to auto-segmentation software 
already used in the clinic to ensure safe use for treatment planning. The recent push towards 
increased reproducibility in research initiated by multiple top-tier machine learning confer-
ences like Neural Information Processing Systems and some medical journals has accelerated 
the implementation of more advanced methods by biomedical scientists and the evaluation of the 
new methods against established state-of-the-art. However, there is a need for a community-wide 
testing framework with common datasets and common metrics to evaluate the various methods. 
Grand challenges [29, 38–40] that provide limited size datasets with clearly defned metrics for 
evaluation and delineations done using clearly defned criteria represent a successful frst step in 
this direction. 

More importantly, lack of well-curated and large datasets is a fundamental problem in the suc-
cessful application of data-hungry methods like deep learning. Variabilities in the delineation 
guidelines used across the institutions may make these methods less portable across institutions; 
the accuracy and robustness heavily depend on the size and quality of the training datasets [41]. 
Hence, well-curated datasets delineated according to published contouring guidelines, with reason-
able size, and arising from different institutions to capture the variability in the imaging is crucial 
to ensure the development of clinically useful deep learning methods. Chapter 14 addresses the 
challenges of data curation for auto-segmentation in more detail. 

On the fip side, internal commissioning within an institution would require a well-curated data-
set, where the contouring adheres to the clinical preferences and the needs of treated patients within 
that institution. More details on some of the considerations needed for clinical commissioning 
data curation are presented in the subsequent subsection on data curation guidelines for radiation 
oncology. 
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13.5 AUTO-SEGMENTATION CLINICAL VALIDATION 
STUDIES – CURRENT STATE-OF-THE-ART 

Although there are several studies for clinical validation, explored in depth in Chapter 15, a few 
representative studies are outlined here to describe the range of assessment metrics used to evaluate 
the auto-segmentation (atlas or deep learning methods). Most of the evaluated methods reported 
here are atlas-based, because deep learning methods are relatively new in radiation oncology. In 
general, the most common metric used for evaluating the auto-segmentation methods is the Dice 
similarity coeffcient (DSC) [15, 16, 31–33]. DSC compares the segmentations against a clinical 
“gold standard” manual delineation using a form of overlap ratio. DSC is simple to compute, and is 
used pervasively in the literature, which allows for easy comparison to prior state-of-the-art. 

In addition, the clinical usefulness has commonly been measured by evaluating the time sav-
ings in the contour editing [12, 14, 16, 21, 31]. This is a slightly more useful metric as it takes in 
to account the effciency of using an auto-segmentation in clinical practice. Another approach has 
been to employ visual grading of the segmentations to assess how useful they are likely to be for 
clinical use [16]. 

But these measurements do not consider the endpoint and do not provide any information on 
the impact of the auto-segmentation on improving treatment accuracy or outcomes. A different 
approach has been to compute whether the auto-segmentations improve the robustness with respect 
to multiple raters. For instance, editing variations between radiation oncologists were reported to be 
reduced when using auto-segmented contours as a starting point for segmentation [42, 43]. This is 
important because large feld margins are often the result of increased uncertainties. Finally, clini-
cal evaluation studies which studied the relation between the geometric metrics used for evaluating 
auto-segmentation, such as the DSC and Hausdorff distance, and the clinically relevant dosimetric 
metrics [13, 44] found that there is little correlation between these two types of assessment. For 
example, imperfect DSC scores did not necessarily translate to inferior normal organ dosimetry 
[44], especially if the OAR was in the low dose region, while even small deviations in the geometric 
accuracy could have a large impact if the organ in question was in the high dose region [13]. Novel 
metrics of geometric accuracy such as the surface DSC metric [45] and quantitative measures of 
time savings like the added path length [21] have been shown to be more clinically representative 
surrogates for the time-clock measures required for editing incorrect segmentations in the clinic. 
Table 15.1 in Chapter 15 summarizes representative studies with the metrics used for algorithm 
validation. 

13.6 DATA CURATION GUIDELINES FOR RADIATION ONCOLOGY 

A basic requirement for the application of auto-segmentation tools is that the defnition of volumes 
produced using these tools adheres to clinical contouring guidelines according to the anatomical 
region. However, adherence to such guidelines requires that the training set delineations were done 
following well-defned guidelines either defned institutionally, or better through community-wide 
agreed-upon guidelines. Methods developed on one set of training data from one institution may be 
diffcult to apply to a dataset from a different institution. Diffculties arise due to variabilities in the 
imaging acquisition protocols applied across institutions, but also due to differences in the clinician 
preferences for accepting contours for treatment. Finally, patient privacy concerns make it diffcult 
to share datasets across institutions. As a result, the algorithm evaluations and comparisons are done 
using methods developed and tested on widely different datasets, which makes the performances of 
various methods hard to compare. Even if the source code for performing evaluations are available, 
as the number of models grows, comparative evaluations themselves become quite laborious. 

“Grand challenges” offer an unbiased approach to reduce some of the aforementioned issues. 
Multiple grand challenges in the area of segmentation are becoming increasingly common, 
through which limited datasets with common scoring and editing guidelines are available to 
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compare the various algorithms. Some grand challenges publish the delineation guidelines, which 
could be used in creating the institutional and larger training datasets to allow for improved train-
ing of the deep learning methods as well as the comparison against multiple methods. Some 
issues to consider when developing datasets both for training and testing of auto-segmentation 
methods include: 

a. Adherence to well-defned clinical guidelines of target and normal OAR structures: There 
is inherent variability between users when performing segmentations. One approach 
to reduce variabilities is to use clearly defned guidelines such as use of the Radiation 
Therapy Oncology Group (RTOG) guidelines, RTOG 1106, in the 2017 AAPM Thoracic 
Auto-segmentation Challenge [29], RTOG 0920 in the Medical Image Computer and 
Computer-Assisted Intervention (MICCAI) Head and Neck Segmentation Challenge [39], 
as well as the AAPM RT MRI auto-contouring (RTMAC) 2019 grand challenge [40]. 
Another approach is to combine these descriptive guidelines with visual examples as done 
in web-based tools like the e-contour [46]. 

b. Use of multiple expert delineations: While it is diffcult to obtain even a single expert 
delineation on a reasonably sized dataset, one clinically useful measure to assess auto-
segmentation is whether or not it reduces the variability with respect to multiple experts 
[45]. Another approach is to use multiple algorithm delineations with manual editing to be 
used as benchmark for comparison against new methods [47]. While not a perfect substi-
tute to model inter-rater variabilities, such datasets are useful to estimate how well a new 
algorithm compares to others. 

c. Multi-institutional datasets for algorithm selection: While obtaining multi-institutional 
datasets is very challenging for individual researchers, grand challenges offer an eas-
ier option for a group of researchers to put together multi-institutional datasets. Multi-
institutional datasets are invaluable to evaluate the algorithms under a wider range of 
realistic clinical conditions used in these institutions as opposed to a specifc imaging 
protocol used for training and testing the algorithms. The algorithms, especially those 
using deep learning methods, have matured to a point that it is no longer useful to restrict 
their training and testing to homogenized imaging protocols without any corner cases. 
Particularly, if these methods are to be used in the clinic, it is imperative that the datasets 
consider the wider range of imaging variations. 

d. Creating an internal benchmarking dataset for internal acceptance: Multi-institutional 
datasets are useful for selecting the appropriate method among other methods. However, 
once selected, it is necessary that this method satisfes the requirements of clinicians and 
clinical preferences in segmentation. For example, the delineation requirements in an insti-
tution may require that the organs are never under-segmented such that the radiographer 
or dosimetrist do not have to spend additional time including the parts left out by the algo-
rithm. In the author’s own institutional experience in commissioning a head and neck auto-
segmentation method, it was found that the method trained on the well-known external 
institution Public domain database for computation anatomy (PDDCA) dataset produced 
segmentations closer to the inside boundary of the organs but the institution preference was 
to include the external boundary of the organs (like mandible, for instance). This is a small 
difference but can lead to excess additional work for individual cases. A more practical 
solution for this problem was to retrain the algorithm on the internally curated datasets. 

Other considerations for internal commissioning should include the range of cases seen 
in the institution. For instance, in a tertiary cancer center, the number of patients with 
abnormal anatomies are often higher than is encountered in multi-institutional challenge 
datasets. Ignoring abnormal anatomies can create problems as the algorithms fail to seg-
ment or even lead to false positives. Thus, it is necessary to include diffcult and abnormal 
conditions that are more commonly seen in the clinic as detailed below. 
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e. Inclusion of diffcult clinical conditions commonly seen in-clinic: As the goal of training 
deep learning methods is typically to develop an algorithm that achieves reasonable per-
formance, datasets often ignore or even remove diffcult conditions like images with arti-
facts, images with large tumors, or anatomical conditions like collapsed lungs, absence of 
structures like submandibular glands due to surgery, and large tumors. However, for clini-
cal use, the algorithms need to be robust to these clinical conditions. A common reason 
why the methods are not used in the clinic is because they fail to generalize even slightly 
outside the most homogenous conditions under which they were trained. Data curation, 
either institutional or for a grand challenge would beneft by combining datasets that incor-
porate some more challenging situations to “stress test” the algorithms. 

13.7 EVALUATION METRICS GUIDELINES FOR CLINICAL COMMISSIONING 

Auto-segmentation methods are usually evaluated with respect to contour similarity metrics and 
the potential for time savings in contouring when using these methods [35]. The commonly used 
metrics for evaluating contour similarity are the Dice similarity coeffcient, Jaccard index (which is 
related to the Dice similarity coeffcient), and spatial distance metrics like the Hausdorff distances, 
mean surface distance, and average distances. However, there is no clear consensus on the best 
method for assessing performance. Importantly, these metrics may not be effective in distinguishing 
random from systematic errors or to clearly separate false positives from false negative segmenta-
tions [35, 48]. Also, these metrics operate “out of context”, in the sense that these metrics are inde-
pendent of what impact their errors mean for treatment accuracies and the outcomes. 

Importantly, volume overlap-based metrics like DSC are not well suited for measuring geo-
metric deviations as they weight all misplaced segmentations, both internal and external, equally 
[45]. Similarly, volume comparison measures like volume ratio only give a rough idea of whether 
the segmentations are over and under the expected volumes as produced by an expert. However, 
these are not indicative of errors on the surface of the organs and target, which are more relevant 
for ensuring appropriate shaping of the treatment beams. Surface distance-based measures, such 
as the surface DSC that measures the extent of deviations of the algorithm contour from the man-
ual delineation at the surface may be more suitable to measure the absolute deviations (in mm) 
from the organ surface by the algorithm [45]. These measures have also been shown to be more 
correlated to clinical usability measured using the time to perform manual editing on the auto-
segmentations [21, 36]. 

The ultimate goal for clinical commissioning is whether or not the auto-segmentation method 
improves clinical effciency and whether it improves treatment accuracy. In this regard, the time 
savings-based metrics as used by several works on clinical validation [12, 13, 16, 21, 31] are more 
useful measures of clinical effciency improvements. However, measuring wall clock times in edit-
ing is also diffcult and may be problematic to require clinicians to time themselves. A non-invasive 
(in terms of additional work for clinicians), and more robust metric was recently introduced [36], 
which measured the added path length of the edited contours. These metrics can be directly mea-
sured after the clinician edits by comparing against the algorithm contours. Also, this measure 
together with the surface DSC metric was shown to be highly correlated with the time savings 
measurements. 

Ultimately, the real impact of the segmentations is in the dose calculations. In this regard, mea-
suring the dose impact using dose-volume histograms (DVH) computed from new treatment plans 
computed from the auto-segmentations when compared to the “gold standard” segmentation plans 
would be most useful. However, such an evaluation is diffcult to do as it requires access to fast 
treatment optimization plans that must be computed twice (once for the “gold standard” and second 
for the algorithm delineations). Also, average comparisons of the dosimetric measures derived from 
the DVH may not be suffciently informative as the real impact of these metrics is for organs that 
lie in the high dose regions. 
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Importantly, the metrics used to evaluate the algorithms are often uncorrelated with each other. 
For instance, a high DSC score achieved by an algorithm does not necessarily imply a low Hausdorff 
distance [34]. Similarly, high DSC accuracy does not necessarily correspond to the improved dosi-
metric accuracies, because dosimetric accuracies are impacted by the location of the organ in the 
high-dose region [13]. In this regard, a better strategy might be to come up with new and compre-
hensive measures that combine the various metrics. Grand challenges themselves typically use DSC 
and Hausdorff, and additional metrics based on one or more expert delineations [49]. These metrics 
could be treated separately or as a combination to create a combined score, as was used in the 2017 
AAPM Thoracic Auto-segmentation Challenge, also incorporating the inter-rater differences as a 
baseline in the accuracy calculation [29]. An advantage of using such combined metrics is that it 
provides one comprehensive score to compare multiple algorithms and provides an easier way to 
rank the performance of these methods. 

However, the combination of metrics is still only useful to assess how good the algorithms are 
with respect to each other. In the case of clinical commissioning and for clinical use, this may not 
necessarily be useful as a metric. This is because in day-to-day clinical use a more useful measure 
is the degree of confdence in different parts of the segmentation. Such a measure could be, for 
example, computed using a multi-atlas method comparing multi-atlas segmentations to the clinical 
contour (if available) to indicate areas that potentially need a second inspection to reduce inter-rater 
variability. Alternatively, segmentation uncertainties on the voxel-by-voxel basis could also inform 
users where corrections are necessary. These uncertainty metrics could be tied to the algorithm 
alone or could also consider how the algorithm contouring variability (due to different levels of 
uncertainty) impacts treatment plans (assuming fast treatment planning methods are available to 
automatically compute multiple plans). Figure 13.1 shows an example of a multi-atlas registration-
based segmentation uncertainty map [50] visualized for a selected organ (the left parotid gland). As 
seen, the voxel-level visualization of uncertainties, which can also easily be obtained using deep 

FIGURE 13.1 Voxel-wise segmentation confdences (red indicates higher certainty) visualized for a repre-
sentative case computed using multi-atlas registration-based segmentation. The geometric accuracy metrics 
are also shown by evaluating against clinical delineations. 
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learning methods, can potentially help ascertain where segmentation corrections may need to be 
done for QA in clinical workfows. The geometric uncertainties could also be combined with the 
dose volume histogram calculations to evaluate the extent of deviations between the various con-
tours as a measure of contour stability. 

In summary, the best metric or set of metrics needed for clinical commissioning is still an open 
research question. However, depending on the clinical requirements (accuracy vs time effciency), 
a combination of the aforementioned metrics could be used in a hierarchical manner. For instance, 
geometric metrics could be used on a common benchmark dataset to ascertain the best method. 
Next, clinical commissioning and ongoing evaluations during various algorithm upgrades or in the 
event of imaging protocol changes could be evaluated using time-based, dosimetric, or a combina-
tion of these metrics. 

13.8 COMMISSIONING AND SAFE USE IN THE CLINIC 

Finally, commissioning any auto-segmentation method should go through multiple phases start-
ing from identifying the appropriate method to ongoing evaluation and periodic testing. A typical 
commissioning procedure could use a two-phase approach, where the frst phase involves training/ 
validation and identifcation of a suitable method and the second phase involves testing and verifca-
tion for use in the clinic [30]. However, the algorithm development and training phase itself does not 
need to be done in the commissioning institution as long as the vendor providing the software can 
provide relevant details for evaluating the algorithm with the internal datasets. 

13.8.1 TRAINING AND VALIDATION PHASE 

The training/validation phase should consider evaluating a reasonable number of different meth-
ods, employ multiple metrics, including dosimetric metrics [35], and if possible evaluate the meth-
ods with open-source datasets to identify the best method and the general conditions in which the 
method works. 

13.8.2 TESTING AND VERIFICATION PHASE 

In the testing/verifcation phase, the method should be evaluated with an internally curated dataset. 
In this phase, prior to clinical implementation, it is useful to have a multidisciplinary team such as 
the algorithm developers, physicists, radiation oncologists, etc. who can review the method’s per-
formance under variable scenarios that are reasonably encountered in the clinic, and understand its 
performance and limitations. 

In Memorial Sloan Kettering Cancer Center, a similar training/testing schedule as proposed in 
Vandewinckele et al. [30] for clinical commissioning was employed. In addition to the training/ 
validation and the pre-commissioning testing, a feedback-oriented testing and developmental cycle 
for clinical commissioning of the deep learning segmentation methods was used. A team of multi-
disciplinary experts including computer scientists and developers involved in the algorithm devel-
opment, physicists, a radiation oncologist (for the specifc disease site), and an anatomy contourist 
meets on a weekly basis to visually review cases from the internal clinical datasets. Cases for review 
are selected from the internally curated dataset, as well as new or abnormal cases identifed by the 
radiation oncologist. Any problems encountered with the algorithm are discussed, and if necessary 
the algorithms are improved or retrained and reviewed the following week. This feedback-oriented 
development cycle continues until the team is satisfed with the algorithm’s performance and the 
algorithm is applied to a set of new incoming clinical cases for the following month and verifed in 
a blinded experiment by the anatomist, physicists, and radiation oncologist. If no issues are encoun-
tered in the new cases, the auto-segmentation method is commissioned for clinical use. The auto-
segmentation methods are periodically reviewed (every three months) and improved as necessary. 
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Any improvements are further reviewed before recommissioning of the improved method. This 
method has worked for the institution for two different deep learning auto-segmentation methods 
currently in use in the clinic for prostate and head and neck cancer treatments. 

13.9 SUMMARY 

Some of the issues related to clinical commissioning and data curation of auto-segmentation meth-
ods for radiation therapy treatments were reviewed. These issues are explored further in the next 
two chapters. Some guidelines were presented, and suggestions were proposed that could be imple-
mented for these aforementioned two issues and help with better and more effcient commissioning 
mechanisms in different institutions. 
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14.1 INTRODUCTION 

The last decade marks a signifcant leap in the capabilities of artifcial intelligence (AI) algorithms, 
with the advent of powerful processing units, open-source frameworks for deep learning, the avail-
ability of large-scale datasets [1–3]. These algorithms are capable of learning the output(s) of interest 
from raw/preprocessed data for a variety of tasks such as image classifcation, speech recogni-
tion, and natural language processing [4–6]. More specifcally, this state-of-the-art performance is 
accomplished through the chaining together of many layers of high-dimensional, non-linear trans-
forms (i.e. convolutions, activations, pooling, etc.) which together form a network that allows for the 
learning of complex patterns with a high degree of abstraction. Within the medical domain, a logi-
cal application of this technique is to medical imaging, where clinicians have long noticed the rela-
tionship between imaging patterns and diagnosis, prognosis, genomics, and treatment response. As 
such, AI has brought on a paradigm shift in automated methods for medical image processing, with 
recent studies showing its potential utility for clinical applications within dermatology, ophthalmol-
ogy, pathology, oncology, cardiology, infectious disease, radiation oncology, and radiology [7–12]. 

Although there are numerous possible tasks for AI algorithms within medical imaging, they 
generally fall into three main categories: classifcation, detection, and segmentation (Figure 14.1). 
Perhaps the most common task is segmentation, which may be considered the voxel or pixel-wise 
classifcation of anatomical areas into categories. In medicine, this is especially useful when the 
regions of abnormalities, tissues, and organs need to be precisely delineated, such as in the case 
of disease burden quantifcation, treatment response assessment, and radiation therapy planning 
[13–16]. 

Segmentation, referred to as contouring, is a critical step in development of a radiation ther-
apy treatment plan. Members of the radiology and radiation oncology team including technicians, 
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FIGURE 14.1 Within medical imaging, there are three general categories of tasks: classifcation, detection, 
and segmentation. 

dosimetrists, and radiation oncologists frequently delineate normal structures and lesions in a man-
ual or semi-automatic manner. These structures in turn inform the creation of a dose map, which 
is intended to deliver the maximal dose to target sites while sparing normal tissue. This highlights 
the importance of accurate segmentation of these structures. Additionally, radiation therapy is fre-
quently informed by characteristics of tumors which can be derived from the gross tumor volume 
(GTV) contour. These include the total volume (in voxels or milliliters), the maximal diameter (in 
pixels or centimeters), and the number of discontinuous lesions [17]. 

Advances in deep learning techniques for segmentation have been catalyzed in part by large-
scale competitions [18–21], which provide a common framework for comparison and evaluation. 
Specifc advances, such as the U-net architecture [22], ensembling [23], and adaptable input sizes 
[24] have shown to be particularly effective, elevating the performance of segmentation to the levels 
of inter-rater variability expected of human experts (Figure 14.2). Progress in methods development 
has also been expedited by availability of open-source code and software [25–27]. 

14.2 THE COMPLEXITY OF MEDICAL IMAGING 

It is an understatement to say that medical imaging is complex. Although medical imaging is com-
monly stored in the Digital Imaging and Communications in Medicine (DICOM) format which 
harmonizes meta-information and images, there are still many sources of variation. Firstly, imaging 
can come in various resolutions and bit-depths. While regulatory agencies and device manufactur-
ers recommend imaging parameters for stability and safety, many imaging settings are determined 
by the anatomy being imaged and the operator acquiring the image, to say nothing of environmental 
factors. Secondly, imaging can come in multiple views with the possibility of supplemental views 
in scenarios where the imaging contains artifacts, ambiguity, or suspicious pathology [28]. This can 
complicate the harmonization of segmentation labels, which may be superimposed on a single view. 
Imaging can also be acquired in a 2D format, such as x-ray or histopathology, a 3D format such as 
CT, magnetic resonance imaging (MRI) or ultrasound, or even a 4D format such as free-breathing 
CT (4DCT) and cine cardiac MRI. Furthermore, images can be stored and displayed as either 
grayscale (such as radiographs and computed tomography, CT) or color scale (positron emission 
tomography and doppler ultrasound), depending on modality [28]. Finally, the native dimension 
of the images directly infuences the construction of a deep-learning algorithm. High resolution 
multimodal 3D imaging must be treated differently to low resolution unimodal 2D data, primarily 
due to graphics processing unit (GPU) memory concerns. Even when considering only 3D imag-
ing formats, one must specifcally design networks to handle differences between isotropic and 
non-isotropic data. Moreover, other factors such as convolutional flter size and flter numbers must 
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FIGURE 14.2 (A) U-net architecture for image segmentation. The network is composed of an encoding arm, 
which repeatedly downsamples the input into a lower dimensional space, and a decoding arm, which recovers 
the output of interest. The skip connections between the encoder and decoder allow for feature re-use, which 
helps the network combine low-level with high-level information. (B) A schematic showing model ensembling 
across n models. The outputs of the individual models are averaged together to create a fnal, more refned 
prediction. (C) An example of a segmentation network that can accept variable input sizes, which can be useful 
for learning features at different scales. 

change accordingly with image dimension. Operations that decrease the dimension of the image, 
such as pooling layers, need to be carefully tracked to ensure that spatial information is preserved 
when expected. 

Image intensity values can have units with physical meaning (such as the Hounsfeld unit in 
CT) or be unit-less such as with conventional MRI. Studies can also have multiple sequences that 
need to be interpreted in combination such as diffusion weighted imaging (DWI) and apparent 
diffusion coeffcient (ADC) MRI sequences. Because of this, intensity values cannot be directly 
compared across sequences. For example, while an anatomical feature may be contrast-enhancing 
under certain imaging conditions (e.g. T1 post-contrast MRI), it may be more absorptive under 
different conditions (e.g. T2 MRI). When using a contrast-enhancing agent, or a molecular imag-
ing probe or fuorophore, the challenge of comparing images is compounded. Standardizing con-
centrations of reagents and imaging parameters such as feld depth and exposure, as well as 
normalizing by the size of the targets of the imaging (e.g. number of cells for molecular imaging) 
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can mitigate some of these differences. The diverse distributions of image intensity values call 
for standardization during preprocessing, as deep-learning models are more accepting of uniform 
values as input. 

The research setting often involves imaging across scales and model systems. The necessary 
technical differences when imaging cell culture, organoids, xenograft models, and humans, can 
limit the ability of the researcher to compare images across scales. In the clinical setting, images 
from different modalities often need to be considered when making a diagnosis. Additionally, 
disease can present across multiple anatomical regions, such as primary and metastatic disease. 
Lastly, the longitudinal tracking of disease is often critical for evaluation and current imaging 
must be compared with prior imaging [29]. When multiple scans are required for the develop-
ment of a machine learning model or for a granular view of the pathology of interest, the images 
acquired are not independent and the effect of repeated imaging on the subject should be ascer-
tained. This may involve movement of the subject, loss of contrast agent or fuorophore, or the 
molecular effects from ionizing radiation, among others. Unifying imaging information across 
scales, modalities, physiological sites, and time are some of the many challenges facing the data 
collector. 

14.3 THE CHALLENGE OF GENERALIZABILITY AND DATA HETEROGENEITY 

One critical hurdle that prevents the widespread utilization of deep learning models in clinical 
workfows is the lack of generalizability (or transferability) of trained models across datasets and 
institutions [30–33]. Indeed, this fact is masked within the medical literature, as very few published 
studies have external validation [34]. In general, the lack of generalizability is attributed to data 
heterogeneity, that is divergence between the distribution of data that was used for training and the 
distribution that was used for evaluation. 

Data heterogeneity can stem from several causes. Firstly, there may be differences in patient 
demographics (such as age, sex, and ethnicity) and disease prevalence between different institutions. 
The imaging acquisition can also vary. For example, different mammography systems can have 
different X-ray tube targets, flters, digital detector technology, and control of automatic exposure 
[35]. Along the same line, MRI at different institutions may utilize different feld strength, resolu-
tion, and scanning protocols. In fact, MRI acquisitions can differ even within an institution if there 
are machines from multiple different manufacturers. Lastly, there can be variability in the labeling 
by human annotators, a phenomenon that has been documented across many medical disciplines 
[36–38] (Figure 14.3). 

FIGURE 14.3 Various types of heterogeneity can exist in real patient data, such as (A) imbalanced labels 
or patient characteristics, (B) different image acquisition setting or scanner systems, and (C) inter-rater vari-
ability in labeling. 
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14.4 DATA SELECTION 

The choice of a well-defned sample population is important when beginning data curation. In order 
to obtain primary medical data of a pathology of interest, an authorized user must access the elec-
tronic medical record (EMR) with the approval of an institutional review board (IRB). This may not 
be the researcher themselves. Therefore, this requires clear communication and defnitions of the 
cohort of interest. The authorized user further needs to be able to search and harvest data from the 
EMR, which is complicated by heterogeneously tagged data and differing formats. When medical 
data is downloaded and saved, often in an anonymized fashion, relevant information may be lost, 
such as prior treatments, comorbidities, and genetic characteristics, all of which may have infuence 
data analysis. Importantly, the DICOM header may contain useful information such as the resolu-
tion, orientation, and acquisition settings that may be stripped away during anonymization. One 
other aspect of data selection that should be mentioned is concept drift, that is how the classifcation 
of disease (and thus, relevant annotations) changes over time as knowledge of medicine evolves over 
time. In addition, there can be technology shift, where newer imaging systems replace older ones. It 
is important that data selection captures the most recent clinical standards in order to ensure trained 
algorithms can be used prospectively. As such, data selection, curation, and annotation must be a 
continuous process. Broadening this statement, the training and testing data should be similar. If the 
training data signifcantly predates (or differs in other ways) from the testing data, the performance 
of the algorithm may degrade. Additionally, it is critical that the positive and negative cases are 
acquired under the same conditions. If not, the algorithm may learn differences in image acquisition 
instead of the disease of interest, achieving deceptively high performance [39]. 

14.5 THE NEED FOR LARGE QUANTITIES OF DATA 

The large quantities of data needed to train effective, robust models is mainly driven by this issue 
of data heterogeneity. This data requirement is further increased in use-cases where there is a high 
amount of anatomical and disease phenotypic variability. For general computer vision tasks, public 
datasets can be quite large (on the order of 105 – 109 samples) [2, 40, 41]. Conversely, publicly avail-
able medical imaging datasets are considerably smaller (on the order of 101 – 105 samples), and thus 
it becomes much more challenging to meet the data requirement [20, 21, 42, 43]. Furthermore, using 
publicly available data can introduce additional complexity. For example, the data may come with 
incomplete annotations or may have already been processed via some unknown transformations 
(which is effectively equivalent to adding unwanted noise to the input data distribution). Indeed, vari-
ous studies have shown that the performance of algorithms improves substantially with the incorpo-
ration of more training data [44, 45]. Importantly, the size of the dataset includes both the absolute 
quantity of data but also the number of images from patients that have the pathology of interest. For 
example, a very large dataset that only has a very small percentage of patients with disease may not 
be effective in training an algorithm as it may not be exposed to adequate phenotypic diversity. That 
said, curating matched “normal” data to serve as algorithm controls can likewise be limited due to 
the infrequency of healthy patient visits as well as the high prevalence of abnormalities that are not 
clinically signifcant [46]. Moreover, enough data to not only train the network, but also perform both 
internal and external validation to assess for model generalizability needs to be acquired. 

In cases where a minimum acceptable threshold of data is unable to be curated, pre-training can 
be a powerful tool. Pre-training is when a model is initially trained on a large, diverse dataset on 
a tangentially related task before being fne-tuned on the smaller dataset of the task of interest. In 
general, the upper layers of a neural network learn only generic, non-task-specifc information (i.e. 
edge flters, shape detectors, color flters, etc.), and thus can be transferred to other tasks without 
modifcation. Indeed, it is common to only fne-tune the fnal layers of the network on the new task 
of interest, freezing the rest of the network to preserve the pre-trained weights. This process of 
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FIGURE 14.4 Examples of common spatial and intensity data augmentation transforms that can be applied 
to imaging data. It is common to compose these transformations together to generate large amounts of varia-
tion from a potentially limited training dataset. 

utilizing large quantities of related data (also known as transfer learning) is an effective paradigm 
within medical imaging and has been shown to improve performance by allowing the network to 
learn domain-specifc imaging features without needing to learn generic flters [47, 48]. Pre-training 
can also be important with the occurrence of concept or technology shift, whereby historical data 
can be used for transfer learning. 

Regardless of access to the absolute quantity of data, training can still be improved with careful 
application of methods that artifcially augment the dataset. These methods rely on manipulations 
to the existing data to increase its diversity, such as random spatial transforms (translations, mirror-
ing, scaling, rotating, elastic deformations) and intensity transforms (gamma corrections, saturation, 
noise) [24, 49] (Figure 14.4). Other modulations such as random jittering, kernel flters, and erasing 
can be applied as well [24, 50–52]. One counter-intuitive approach that has been shown to be effective 
is to mix, or average, two images together, which allows the generation of N2 more training images 
from N training images [53, 54]. More advanced techniques include using neural networks to learn 
optimal augmentation policies, making alterations to the image via style transfer, or generating new 
training images [55–58]. While it is expected that augmentation will generally improve the general-
izability of the model, this is not necessarily the case for medical imaging [49, 50]. Specifcally, one 
needs to ensure that the chosen augmentations are physiologically possible. For example, the heart 
contracts and relaxes in a very regular pattern, and applying random elastic deformations that are not 
carefully constrained can produce augmented images that lie outside the true data distribution, which 
may in fact lower performance. Data augmentation is explored further in Chapter 11. 

14.6 BARRIERS TO SHARING PATIENT DATA AND 
DISTRIBUTED DEEP LEARNING 

Another major hurdle in data curation is the diffculty in sharing patient data, specifcally in deal-
ing with the concerns of patient privacy, data anonymization, patient consent, intellectual property, 
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and data storage requirements. Firstly, protection of patient privacy and confdentiality is of critical 
importance both within medical care as well as in research. Indeed, studies have shown that the 
leakage of just a few clinical variables or a single image can allow for reidentifcation of patients 
[59–61]. One approach to prevent leakage of information is to convert DICOM images into other 
formats, such as Joint Photographic Expert Group (JPEG), Neuroimaging Informatics Technology 
Initiative (NIfTI), and Portable Network Graphics (PNG), which removes identifable information 
that is present in the DICOM header [28]. In addition, other potentially identifable information 
can be removed through various approaches including defacing of imaging data, anonymization of 
clinical reports, and removal of patient health information imprinted into the image itself [62–64]. 
Despite the efforts in automation, there is still the possibility of information leakage and there is 
still the need for laborious manual audits. For example, there can be identity leakage from acces-
sories such as necklaces and wristbands [28]. In cases where there are no automated methods for 
patient de-identifcation, manual auditing and anonymization can be prohibitively expensive espe-
cially for large-scale datasets. Additionally, depending on the institution and their IRB, patient 
consent may be needed to share the data which adds an additional barrier [65]. Furthermore, data 
may be regarded as a valuable commodity and institutions may simply prefer not to share patient 
data with external groups due to the interests of the organization. Lastly, there may be a high cost 
of data storage, especially given the increasing utilization of high-resolution imaging with multiple 
modalities [66]. 

One alternative approach to sharing data is to train deep learning models via a distributed learning 
approach. Under this paradigm, the deep learning model weights, updates, or intermediate outputs 
are shared instead of the patient data. This would alleviate the need for full data anonymization and 
would eliminate the need for a secure central database. With this approach, each institution installs 
software that allows them to connect to other institutions for collaborative training. Techniques such 
as cyclical weight transfer, federated learning, and split learning have shown the potential to achieve 
performance comparable to sharing patient data [67–72]. Recently, proof-of-concept studies have 
demonstrated the utility of federated learning for brain tumor segmentation. [73, 74]. 

14.7 DATA QUALITY ISSUES 

Data quality issues are detrimental to all medical imaging applications. These issues can include 
motion artifact, reconstruction artifact, low signal, noise, out-of-focus imaging, low-resolution, 
operator error, technique limitations, and physical artifacts [75–78]. Additionally, conventional 
imaging formats that are not or historically have not been rendered digitally, such as pathology 
slides or X-rays, can result in batch differences that the researcher must address [79]. The use of 
an imaging standard, commonly called a “phantom”, can help differentiate issues in image quality 
stemming from the equipment and protocol from those arising from the subject matter. Registration 
to a template of fxed anatomy after an image has been taken can help identify deformations such 
as rotation, blurring, or shearing. 

As data is curated at scale, there will inevitably be low-quality images within the dataset. Just 
as a radiation oncologist cannot perform treatment planning on a severely motion-corrupted image, 
effective deep learning algorithms cannot be trained using low-quality images. Thus, it is of vital 
importance to be able to identify, and if possible correct, issues with low quality samples in the data-
set. Identifcation of such samples can be done via out-of-distribution detection methods, which aim 
at selecting samples that by some metric are classifed as outliers [80]. Another solution is to utilize 
novel deep learning uncertainty approaches, which aim at fagging samples that the algorithm is not 
confdent in [81–85]. 

After identifcation, correction should be applied when possible. For example, low resolution 
imaging/annotations should be appropriately resampled via spline interpolation (ensuring that 
annotations are resampled only using a spline of order 0). More modern approaches to this prob-
lem involve domain-specifc content-aware resampling (e.g. neural network trained specifcally to 
upsample low-resolution brain images to a higher resolution) [86]. Such methods come with the 
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same caveats of model brittleness and lack of generalizability that have been mentioned previously, 
and so should be used with caution. Other algorithms are capable of removing burned-in text, such 
as that from an ultrasound [64]. 

Overall, numerous algorithms have been developed to correct for artifacts or improve the resolu-
tion of images and it is the duty of the researcher to identify which of these algorithms or methods 
will work best on their data [87, 88]. If all else fails, then manual inspection of the imaging may be 
needed to remove them from the dataset. 

14.8 DATA ANNOTATIONS 

One important part of training a supervised deep learning algorithm is the need for ground truth 
labels. While the preferred ground truth would be manual expert annotations, these can be dif-
fcult to acquire at scale. Specifcally, labeling should be performed by trained clinicians with 
domain expertise and experience (which can include sub-specialty training and years of specialty 
practice). This labeling can be time-consuming and expensive to utilize. Unsurprisingly, stud-
ies have shown that annotators with more domain experience label more accurately than those 
with less experience [89–91]. A major challenge to manual expert annotation is the inherent 
human variability [36–38]. Even under highly controlled settings with well-defned annotation 
criteria, there will still be variable distributions of class frequencies across users, with some 
experts being more conservative and others being more liberal in their annotations (an observa-
tion known as inter-rater variability) [28]. Furthermore, certain annotators may even exhibit poor 
self-consistency (an observation known as intra-rater variability). Both inter-rater and intra-rater 
variability can weaken the ground truth labels, negatively affecting training due to the added 
noise. Additionally, these forms of variability can affect the generalizability of the model, since 
the “ground truth” in the external validation set may be produced differently than the “ground 
truth” for training. 

Another approach is to use natural language processing algorithms to extract labels from clini-
cal reports. Studies have shown that natural language processing approaches allow for accurate and 
high throughput extraction of labels from unstructured narrative reports [92–95]. Another alter-
native for high-throughput annotation is through citizen science and crowd-sourcing [96–99]. By 
decreasing the annotation burden on any individual, this approach is scalable. To ensure high qual-
ity annotations, consensus and verifcation approaches can be utilized [100]. 

As an alternative to requiring high quality annotations for the entire dataset, using methods 
under the umbrella of weakly supervised learning may also be considered [101]. Weakly super-
vised learning reduces the annotation burden by combining information learning from gold-
standard labels with that of unlabeled or weakly labeled information during the training process 
[101]. There are three major types of weakly supervised learning: incomplete, inexact, and inac-
curate. Incomplete weakly supervised learning is a scenario in which only a small subset of the 
entire dataset is labeled [101]. An example of this is active learning, where the algorithm suggests 
which images, if labeled, would be most informative to training the neural network. Ideally, this 
would identify highly diffcult or representative cases, either of which would help the algorithm 
learn [102]. Another example is semi-supervised learning, where the algorithm exploits unlabeled 
data by learning from the small subset of labeled data with the assumption that both the labeled 
and unlabeled data come from the same distribution [101, 103]. The second type of weakly super-
vised learning is inexact supervision, in which a coarse label is used for a more granular task. For 
example, image-level annotations can be utilized in a weakly supervised algorithm to produce 
pixel-level predictions [9, 104]. The third type of weakly supervised learning is inaccurate super-
vision in which there are non-negligible errors in the labels [105]. For example, labels that are 
automatically extracted from clinical reports using imperfect algorithms can still be used to train 
high performing algorithms [106, 107]. 
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14.9 DATA CURATION VIA COMPETITIONS 

Competitions can also be an effective means of compiling multi-institutional and multi-national 
datasets. In this approach, multiple institutions work together to collect, prepare, anonymize, pool, 
and annotate the dataset [96, 108–114]. This is part of a broader effort to incorporate citizen science 
for annotation of experimental datasets [99, 115, 116]. There are several advantages to creating a 
dataset from a competition approach. First, the resulting dataset is substantially larger than a dataset 
that can be curated at any single institution. Additionally, it is effcient because similar data curation 
workfows can be used across all institutions. Also, the fnal dataset is diverse in terms of patient 
populations and acquisition settings, which allows for robust training of algorithms and evaluation 
of the generalizability of algorithms across these dataset differences. Furthermore, a competition 
framework allows for fair and direct comparison of the performance of different algorithms. Lastly, 
competitions facilitate collaboration via open datasets and open-source code with the shared goal 
of integrating tools into the clinical workfow and improving patient care. This is catalyzed by 
social media, online forums, blogs, and preprint servers, all with the culture of sharing insight 
and experience. Notably, there has been cross-pollination of participants from a variety of back-
grounds, including clinicians, trainees, computer science, engineering, and data science [28]. Some 
recent examples of datasets curated using the competition framework include the RSNA Brain CT 
Hemorrhage [108], Pediatric Bone Age [109], and Pneumonia Detection Challenges [96] , and the 
2017 AAPM Thoracic Auto-segmentation Challenge used throughout this book. 

14.10 BIAS AND CURATION OF FAIR DATA 

While it is well documented that minorities are disproportionately underrepresented in clinical 
trials and population health profling studies [117, 118], these inequities also extend to medical AI. 
Since AI models learn the characteristics of training data, if the data provided are not equitable, 
they will not generalize well to unseen or minority classes. A study of published AI systems built 
on publicly available X-ray data found worse performance on minority genders when the model was 
not trained with a minimum gender balance [119]. When designed fairly, AI systems can mitigate 
inherent bias for race, age, gender, sexual orientation, and socioeconomic status. Proposed meth-
ods of bias mitigation include minimum quota of minority populations, subsampling of these data, 
careful consideration of label defnitions of “normal” and “abnormal”, and inclusion of minority 
populations in AI systems design [120]. Another source of bias mitigation is the use of an external 
validation cohort, as data gathered from a single institution represent a sample of the patient popu-
lation served and are therefore subject to geographic bias which can span demographic stratifca-
tions. Finally, thorough ethical review during problem formulation, model development, and system 
deployment can increase awareness of bias even when it cannot be corrected [121] (Figure 14.5). 

14.11 OVERVIEW OF DATA CURATION PROCESS 

As an overview, there are several key steps in the data curation process. The frst step is selection 
of pertinent data that is both diverse and captures the most recent clinical standards. Importantly, 
effort should be made to avoid biases from factors such as race, age, gender, sexual orientation, and 
socioeconomic status. The second step is obtaining appropriate approval to share patient data and 
ensuring patient privacy via anonymization. Alternatively, a distributed learning approach may be 
considered in scenarios where sharing patient data is diffcult. The third step is handling data qual-
ity issues via correction of artifacts and removal of low-quality images. The last step is data anno-
tation, either delineated manually from experts, extracted from clinical reports, or crowd-sourced 
from competitions. Alternatively, weakly supervised approaches can be considered in scenarios 
where labels are incomplete, inexact, or inaccurate. 
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FIGURE 14.5 (A) Distribution of mammographic breast density varies by race showing that different races 
have different attributes for the digital mammograms in the Digital Mammographic Imaging Screening Trial 
(DMIST) [122]. (B) Testing set performance of a deep learning model for mammographic breast density 
trained on DMIST, demonstrating that performance can be different across different races. Bias in deep learn-
ing models can occur when populations are underrepresented in the training set. 

14.12 CONCLUSION 

In summary, deep learning has changed the way researchers approach medical imaging analysis. 
Deep learning has brought on remarkable performance, on the level of human experts, but also 
requires large, high quality, and diverse datasets. The curation of such datasets is challenging, 
and factors such as the complexity of medical imaging data, patient privacy, data quality issues, 
and annotation must be considered. Automated anonymization methods and distributed learning 
can serve as two different approaches to protect patient privacy. Automated methods can also 
be used to fag and correct for data quality issues. Collection of high-quality annotations can be 
time-consuming and expensive but has been partially addressed by the advent of natural lan-
guage processing and weakly supervised learning algorithms. Lastly, competitions are a promis-
ing framework to facilitate collaboration in the construction of large, multi-institutional datasets. 
When beginning a medical imaging project, the clinician or researcher should bear in mind that 
the data corpus collected determines the quality and confdence of the results. In radiation oncol-
ogy, which is an imaging-driven discipline, amassing the data may not be rate-limiting, but care 
should still be given to data curation techniques in order to train fair, highly performant, and gen-
eralizable deep-learning algorithms. 
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15.1 INTRODUCTION 

A frst glance the evaluation of auto-contouring performance for radiotherapy seems straightfor-
ward: there is a wide range of quantitative measures that can be used to assess the correctness of an 
automatically generated contour against the ground truth. However, scratching the surface of this 
topic reveals numerous challenges that lead to a range of assessments being performed in practice. 
Even where essentially the same assessment has been performed the results may not be directly 
comparable as a result of implementation differences. 

Table 15.1 reviews publications considering the assessment of auto-contouring in the context 
of radiotherapy. This is not intended as a comprehensive review, and it should be noted that auto-
contouring is used in other contexts, such as neurology, and alternative assessments may have been 
performed. Therefore, Table 15.1 serves to review what has been applied in the domain of radio-
therapy, not what could be applied, with a view to illustrating current practices in this feld. Even 
at the high level of the information provided in the table, it can be observed that there is signifcant 
variation in the assessment of auto-contouring both in the approaches taken and in the scale of the 
evaluation performed. Nevertheless, there are commonalities between the assessments allowing 
broad categorization both by the purpose of the evaluation being performed and the type of evalu-
ation being performed. 

The purpose of the evaluation can be considered as falling into three classes: evaluation/ 
demonstration of the benefts of a technical method being developed (Development), compari-
son of two or more methods to ascertain relative performance (Comparison), or the assessment 
of auto-contouring performance with the intent of clinical use (Commissioning). Some evalua-
tions fall into more than one of these categories, for example it is common to show the benefts 
of a new method (Development) with respect to an existing benchmark method (Comparison). 
Although the purpose of evaluation may vary, there are common approaches to assessment used 
in each. 

As noted in Gooding et al. [1] the types of evaluation can be grouped into quantitative, subjective, 
and clinical. While subjective and clinical assessments are often quantifed in some way, e.g. time 
saving in minutes is a quantity, quantitative assessment can be defned as: the calculation of the 
similarity or difference of a test contour with respect to a defned “ground truth”. Notwithstanding 
the “ground truth” used for quantitative assessment may itself be a person’s subjective opinion as to 
the correct contour for an organ or region, subjective assessment can be defned as the evaluation 
made by an observer expressing their opinion of a contour’s quality. Finally, clinical assessment 
can be defned as the evaluation or measurement of the impact the use of auto-contouring has on 
the clinical workfow, although such clinical assessment may be both quantifed and/or dependent 
on subjective opinion. 

In this chapter, each of these categories of evaluation method will be explored in more detail. The 
strengths and limitations of each method will be considered, and implementational challenges and 
the corresponding impact will be discussed. 

15.2 QUANTITATIVE EVALUATION 

Quantitative evaluation is by far the most popular approach to auto-contouring assessment in pub-
lished papers. A likely reason for this is that publications around the development of auto-contouring 
precede those related to clinical implementation. For those developing auto-contouring methods 
having a quantifed measure of performance enables improvement in a system to be objectively 
monitored as research progresses. Thus, it could be expected that research focused on develop-
ment will use quantitative evaluation, and subsequent research considering clinical implementation 
will derive its methodology from what has gone before in addition to any subjective or clinical 
evaluation. 
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TABLE 15.1 
Summary of Papers Assessing Auto-Contouring in Radiotherapy. Papers are Categorized 
by the Purpose of Evaluation and the Type of Evaluation 

Purpose of Type(s) of Number of 
Reference Evaluation Evaluation Test Subjects 

Bondiau et al. Development Quantitative 6 
2005 [19] 

Levendag et al. Commissioning Quantitative 10 (Leave-one-out) 
2008 [33] Clinical 

Commowick Development Subjective 12 
et al. 2008 [42] Quantitative 

Isambert et al. Commissioning Quantitative 11 
2008 [5] 

Gorthi et al. 2009 Development Subjective 10 
[43] Quantitative 

Pekar et al. 2009 Comparison Quantitative 7 + 8 
[15] 

Reed et al. 2009 Development Clinical 1 
[36] Commissioning Quantitative 10 

Sims et al. 2009 Commissioning Quantitative 6 + 7 
[44] 

Pekar et al. 2010 Comparison Quantitative 7 + 8 
[2] 

Ramus and Development Quantitative 8 
Malandain 2010 
[45] 

Summary of Evaluation Methods 

Measurement of volume, and sensitivity 
and specifcity against average contour 
of seven experts. Comparison to 
inter-observer variability of these 
experts. 

Leave-one-out evaluation. 3D Dice 
similarity coeffcient and 3D Average 
Distance comparison with left-out case. 
Measurement of editing time for clinical 
correction. 

Visual inspection, sensitivity and 
specifcity against manual contour. 

Relative volume difference, absolute 
centroid difference, 3D Dice similarity 
coeffcient, and sensitivity and specifcity 
against manual contour. 

Visual inspection by oncologist. 
Sensitivity and specifcity, Dice 
similarity coeffcient, and Hausdorff 
distance (3D) against manual contour. 

Mean and median 2D Hausdorff distance, 
% of slices with 2D Hausdorff distance 
>3 mm, Mean & median 2D Dice 
similarity coeffcient per slice, and Total 
Dice (3D) similarity coeffcient against 
manual contour. 

Editing time recorded for eight observers 
with comparison to de novo contouring 
time. 3D Average distance and 3D 
coeffcient against single manual 
contour. 

Relative volume, Sensitivity and 
specifcity and 3D Dice similarity 
coeffcient against manual contours from 
one institution and against the edited 
contour from a second institution. 

Mean and median 2D Hausdorff distance, 
% of slices with 2D Hausdorff distance 
>3 mm, mean and median 2D Dice 
similarity coeffcient per slice, and total 
Dice (3D) similarity coeffcient against 
manual contour. 

Evaluation performed using challenge in 
Pekar et al. [2]. 

(Continued) 
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TABLE 15.1 (CONTINUED) 
Summary of Papers Assessing Auto-Contouring in Radiotherapy. Papers are Categorized 
by the Purpose of Evaluation and the Type of Evaluation 

Purpose of Type(s) of Number of 
Reference Evaluation Evaluation Test Subjects 

Stapleford et al. Commissioning Quantitative 5 
2010 [6] Clinical 

Hwee et al. 2011 Commissioning Quantitative 5 
[27] Clinical 

Subjective 

Teguh et al. 2011 Commissioning Quantitative 10 (leave-one-out) 
[14] Comparison Clinical 

Subjective 

Granberg 2011 Commissioning Quantitative 10 
[16] Clinical 

Subjective 

Acosta et al. 2011 Development Quantitative 24 (leave-one-out) 
[25] Comparison 

Young et al. 2011 Commissioning Clinical 10 
[32] Quantitative 

Voet et al. 2011 Commissioning Clinical 9 
[37] Quantitative 

Chen et al. 2012 Development Quantitative 20 (leave-one-out) 
[46] Comparison Subjective 

Summary of Evaluation Methods 

Absolute volume, 3D Dice similarity 
coeffcient, 3D average distance and 3D 
Hausdorff distance, sensitivity and % 
false positive against average contour of 
fve observers. 

Editing time compared to de novo 
contouring time. 

3D Dice similarity coeffcient against 
average contour of fve observers. 
Editing time compared to de novo 
contouring time. Visual assessment of 
acceptability and source of contours. 

Leave-one-out evaluation. 3D Dice 
similarity coeffcient and 3D average 
distance comparison with left-out 
patient. Measurement of editing time for 
clinical correction. Three-point scoring 
(Good, Moderate, Bad) of clinical 
contours. Four-point scoring (Poor, 
Major deviation, Minor deviation, 
Perfect) of auto-contours. 

3D Dice similarity coeffcient, 2D 
Hausdorff distance against manual 
contour. Volume. 

Editing time compared to de novo 
contouring time. Number of mouse-
clicks to edit or draw from scratch. 

Visual inspection. Grading on three-point 
scale (not helpful, a little helpful, very 
helpful) of the contours. 

3D Dice similarity coeffcient. 

Editing time compared to de novo 
contouring time. 3D Dice similarity 
coeffcient between multiple observers. 

Dose comparison between edited and 
unedited contours. 3D Dice similarity 
coeffcient. 

3D Dice similarity coeffcient, 2D 
Hausdorff distance, % of slices with 2D 
Hausdorff distance >3 mm against 
manual contour. Visual inspection of 
regions of edit. 

(Continued) 
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TABLE 15.1 (CONTINUED) 
Summary of Papers Assessing Auto-Contouring in Radiotherapy. Papers are Categorized 
by the Purpose of Evaluation and the Type of Evaluation 

Purpose of Type(s) of Number of 
Reference Evaluation Evaluation Test Subjects 

La Macchia et al. Comparison Clinical 15 
2012 [7] Quantitative 

Anders et al. Commissioning Quantitative 9 
2012 [9] Comparison 

Mattiucci et al. Commissioning Quantitative 10 
2013 [47] Clinical 

Gambacorta et al. Commissioning Clinical 10 
2013 [48] Quantitative 

Yang et al. 2013 Commissioning Clinical 80 
[10] Quantitative 

Sjöberg el al. Commissioning Clinical 10+10 

2013 [49] Comparison Quantitative 

Gooding et al. Commissioning Subjective 8 
2013a [50] 

Gooding et al. Commissioning Subjective 18 
2013b [29] 

Acosta et al. 2014 Development Quantitative 19 (leave-one-out) 
[51] Comparison 

Thomson et al. Commissioning Clinical 10 
2014 [52] Quantitative 

Duc et al. 2015 Development Quantitative 100 (leave-one-out) 
[53] Comparison Subjective 15 for clinical 

Clinical 

Summary of Evaluation Methods 

Editing time compared to de novo 
contouring time. 

Relative volume, 3D Dice similarity 
coeffcient, sensitivity and specifcity, 
and centroid displacement in each axis 
against manual contour. 

3D Dice similarity coeffcient and % 
overlap against manual contour. 

3D Dice similarity coeffcient. Editing 
time compared to de novo contouring 
time. 

Editing time compared to de novo 
contouring time. 3D Dice similarity 
coeffcient. 

Editing time compared to de novo 
contouring time. 2D and 3D Dice 
similarity coeffcients, 2D Hausdorff 
distance, mean 3D distance and 
correlation of DVH between edited and 
auto-contours. 

Editing time compared to de novo 
contouring time. 3D Dice similarity 
coeffcient and volume. 

Six observers. Four-point scale (“no 
useable contours, no time saving 
expected” to “most contours useful, 
signifcant timesaving expected”). 

Six observers. Four-point scale (“no 
useable contours, no time saving 
expected” to “most contours useful, 
signifcant timesaving expected”). 

3D Dice similarity coeffcient 

Five observers. Editing time compared to 
de novo contouring time. 3D Dice 
similarity coeffcient, mean 3D distance, 
and 3D Hausdorff distance against 
manual contour. 

3D Dice similarity coeffcient and 3D 
Hausdorff distance against manual 
contour. Three-point scale (clinically 
acceptable, reasonably acceptable, not 
acceptable). Editing time for “reasonably 
acceptable”. 

(Continued) 
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TABLE 15.1 (CONTINUED) 
Summary of Papers Assessing Auto-Contouring in Radiotherapy. Papers are Categorized 
by the Purpose of Evaluation and the Type of Evaluation 

Purpose of Type(s) of Number of 
Reference Evaluation Evaluation Test Subjects 

Van Dijk-Peters Commissioning Quantitative 10 
et al. 2015 [54] Subjective 

Clinical 

Liu et al. 2016 Commissioning Quantitative 6 
[55] 

Delpon et al. Comparison Quantitative 10 
2016 [56] 

Wardman et al. Development Quantitative 14 (leave-on-out) 
2016 [57] Commissioning 

Dipasquale et al. Commissioning Quantitative 27 
2016 [34] Clinical 

Raudaschi et al. Comparison Quantitative 10+5 
2017 [3] 

Fast et al. 2017 Development Quantitative 6 
[58] Comparison 

Ibragimov and Development Quantitative 50 
Xing 2017 [59] Comparison 

Men et al. 2017 Development Quantitative 60 
[60] Comparison 

Ibragimov et al. Development Quantitative n/a 
2017 [61] 

Men et al. 2017a Development Quantitative 46 
[62] Comparison 

Ciardo et al. 2017 Development Quantitative 47 
[20] Comparison 

Yang et al. 2018 Comparison Quantitative 12+12 
[4] 

Summary of Evaluation Methods 

3D Dice similarity coeffcient of 
auto-contours and four manual observers 
against manual reference. Three-point 
scale (no editing, minor editing, major 
editing). Editing time compared to 
manual contouring time. 

3D mean surface distance and 3D Dice 
similarity coeffcient against manual 
contours. 

Volume ratio, 3D Dice similarity 
coeffcient, and 3D 95% Hausdorff 
distance against manual ground truth. 

3D Dice similarity coeffcient, Mean 
surface distance, sensitivity index, 
inclusion index against manual 
delineation. 

3D Dice similarity coeffcient, sensitivity, 
inclusiveness index, center of mass 
difference, percentage volume 
difference. Editing time compared to de 
novo contouring time. 

3D Dice similarity coeffcient, 3D 95% 
Hausdorff distance, 3D Hausdorff 
distance, and 3D mean surface distance 
against manual contour. DVH parameter 
difference between contour sets. 

3D Dice similarity coeffcient, 3D 
Hausdorff distance, and 3D centroid 
difference against manual contour. 

Dice similarity coeffcient against manual 
contour. 

Dice similarity coeffcient against manual 
contour. 

Dice similarity coeffcient against manual 
contour. 

Dice similarity coeffcient against manual 
contour. 

Centroid distance, Dice similarity 
coeffcient, and mean surface distance 
against manual contour. 

3D Dice similarity coeffcient, 3D 95% 
Hausdorff distance, and 3D mean surface 
distance against manual contour. 

(Continued) 
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TABLE 15.1 (CONTINUED) 
Summary of Papers Assessing Auto-Contouring in Radiotherapy. Papers are Categorized 
by the Purpose of Evaluation and the Type of Evaluation 

Purpose of Type(s) of Number of 
Reference Evaluation Evaluation Test Subjects 

Gooding et al. Commissioning Subjective 60 
2018 [28] Comparison 

Nikolov et al. Development Quantitative 24 
2018 [21] 

Kazemifar et al. Development Quantitative 25 
2018 [63] 

Astaraki et al. Development Quantitative 20 
2018 [64] Comparison 

Kieselmann et al. Development Quantitative 12 (leave-one-out) 
2018 [38] Comparison Clinical 

Lustberg et al. Commissioning Quantitative 20 
2018 [30] Comparison Subjective 

Clinical 

Tong et al. 2018 Development Quantitative 10 
[65] 

McCarroll et al. Commissioning Subjective 128 + 166 
2018 [11] Quantitative 

Summary of Evaluation Methods 

Blinded questions on source of contour, 
acceptability (four-point scale), and 
contour preference. 

3D Dice similarity coeffcient and 3D 
surface Dice against manual contour. 

3D Dice similarity coeffcient, 3D 
Hausdorff distance, 3D mean surface 
distance and positive predictive value 
against manual contour. 

3D Dice similarity coeffcient, 3D 
Hausdorff distance, 3D mean surface 
distance, Percentage volume difference, 
and absolute volume difference against 
manual contour. 

3D Dice similarity coeffcient, 3D 95% 
Hausdorff distance, and 3D mean surface 
distance against manual contour. 
Compared with inter-observer variability 
for three observers. Dose difference 
between plan on manual and plan on 
auto contours evaluated with manual 
contours. 

3D Dice similarity coeffcient and 3D 
Hausdorff distance against manual 
contour. Four-point scoring (no results 
useful, no time saving expected; some 
results useful, little time saving 
expected; many results useful, moderate 
time saving expected; most results 
useful, signifcant time saving expected). 
Editing time compared to de novo 
contouring time. 

3D Dice similarity coeffcient, positive 
predictive value, sensitivity, 3D average 
surface distance, and 95% 3D Hausdorff 
distance against manual contour. 

Grading on three-point scale (no edits, 
minor edits, major edits) by one 
observer. Subset of ten graded by fve 
observers. 3D Dice similarity coeffcient, 
3D average distance, and 3D Hausdorff 
distance against manual contour. Same 
measures for second cohort against 
edited auto-contour. 

(Continued) 
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TABLE 15.1 (CONTINUED) 
Summary of Papers Assessing Auto-Contouring in Radiotherapy. Papers are Categorized 
by the Purpose of Evaluation and the Type of Evaluation 

Purpose of Type(s) of Number of 
Reference Evaluation Evaluation Test Subjects 

Cardenas et al. Development Quantitative 10 (leave-one-out) 
2018 [66] 

Simões et al. Commissioning Quantitative 87 

2019 [39] Clinical 

Elmahdy et al. Development Quantitative 6 
2019 [67] 

Ahn et al. 2019 Development Quantitative 10 
[68] 

van Rooij et al. Development Quantitative 15 
2019 [69] Commissioning Clinical 

Kaderka et al. Commissioning Quantitative 27 
2019 [39] Clinical 

Zhu et al. 2019 Development Quantitative 10 
[70] Comparison 

Lee et al. 2019 Commissioning Quantitative 10 
[71] Comparison 

Van Dijk et al. Commissioning Quantitative 104 
2020 [35] Comparison Subjective 20 

Clinical 14 

Summary of Evaluation Methods 

3D Dice similarity coeffcient, 3D 95% 
Hausdorff distance, 3D mean surface 
distance, false negative Dice, false 
positive Dice, and relative volume 
difference against manual contour. 

3D Dice similarity coeffcient, 3D 95% 
Hausdorff distance and volume against 
manual contour. DVH parameter 
difference between plans from each set 
of contours. 

3D 95% Hausdorff distance and 3D mean 
surface distance against manual contour. 

3D Dice similarity coeffcient, Hausdorff 
distance, volume overlap error, relative 
volume difference. 

Sensitivity. Proportion of false positives, 
3D Dice similarity coeffcient, dose 
difference. 

3D Dice similarity coeffcient. Absolute 
difference in dose. Correlation of DVH 
parameters. 

3D Dice similarity coeffcient against 
manual contour. 

3D Dice similarity coeffcient and 3D 
Hausdorff distance against manual 
contour. 

3D Dice similarity coeffcient, 95% 3D 
Hausdorff. Absolute dose difference 
between manual and auto-contour. 
Editing time compared to de novo 
contouring time. Three different 
questions for subjective evaluation; a 
single contour: “How was this contour 
drawn?”, “Which contour do you 
prefer?”, and “You have been asked to 
Quality Assure this contour. Would 
you…” with a four-point scale of quality. 

15.2.1 STRENGTHS AND LIMITATIONS 

Prior to considering specifc methods or implementational details, the strengths and limitations 
of quantitative assessment are frst considered given the general scope defnition of quantitative 
assessment as the calculation of the similarity or difference of a test contour with respect to a 
defned “ground truth”. 

The strengths of quantitative assessment come primarily from the calculation of the similarity 
or difference. In performing a calculation against a fxed “ground truth”, the derived score is both 
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objective and deterministic. As noted already, these properties mean that quantitative assessment 
approaches lend themselves to the development framework, whereby one auto-contouring method 
can to compared against another to demonstrate improvement resulting from research. To be able 
to measure this improvement, an assessment method is required that does not depend on the person 
running the evaluation (objective) and gives the same answer for the same experiment every time 
(deterministic). Without these properties a measure could suggest improvement where there has 
been no change. Furthermore, once the “ground truth” is available against which evaluation can be 
performed, the calculation itself requires minimal human effort to perform, an additional property 
which makes the use of quantitative assessment highly suited to the development framework. This 
is refected in the use of quantitative scoring extensively in “grand challenges” [2–4]. 

In contrast, the limitations of quantitative assessment stem from the similarity or difference … 
with respect to a defned “ground truth”. First, there is a challenge as to what “ground truth” is. 
While a region of an image is either part of a particular object or not – at least in an ontological 
sense, even if its anatomical boundary is hard to defne – determining the boundary on the image is 
a challenge not only for the computer but also for the expert human observer. Consequently, a single 
observer may draw a different boundary on a different occasion for the same image, whether this 
is from random fuctuations in the accuracy/precision of their drawing or from a change in percep-
tion as to what the image shows. This is known as intra-observer variation. Furthermore, different 
observers may also draw regions differently, again as a result of random variation in contouring 
or differences in perception, or additionally resulting from differences in their defnitions of the 
region. This is known as inter-observer variation. Therefore, the notion of “ground truth” is mis-
leading, as it suggests that the contour being used as the reference is in some way more correct than 
any other expert contour and does not allow for the possibility that the test contour has the potential 
to be more correct than the reference in some places. 

Second, the similarity or difference is defned in a way that makes it calculable and expresses 
something about the similarity or otherwise of the test contour with respect to the reference, how-
ever such a calculation does not necessarily relate to its suitability for clinical use. For example, 
the difference in volume of an auto-contoured region may be calculated compared to the reference; 
a difference shows that the auto-contour region has some error in size, yet no observed difference 
does not demonstrate that the auto-contoured region is accurate as it may not be in the right location 
or the correct shape. 

These limitations of a reference that is the subject of inter-observer variation and the clinical 
meaning of the similarity must be borne in mind as the implementation of quantitative assessment 
is discussed. 

15.2.2 IMPLEMENTATION 

There are many choices to make in the implementation of quantitative evaluation measures. Some 
of these are dependent on the measure being used and some will be dependent on the biological 
region being segmented, while other choices are independent of both. 

The frst choice to be made is the region representation to use for the assessment. A binary 
3D voxel-based representation is most commonplace in research, as this representation lends 
itself to simple implementation. However, regions are normally saved in the Digital Imaging 
and Communications in Medicine (DICOM) format as radiotherapy structure sets (RTSS) in 
radiotherapy clinical practice. Typically, radiotherapy imaging is stored in the DICOM image 
format as individual 2D slice instances, and the RTSS format refects this. The segmentation is 
stored as a series of ordered points per 2D image in real-world units. The neighboring points 
in the list are assumed to form a line segment. Thus, the RTSS implies a region representation 
that is a 2D irregular polygon. While other DICOM objects exist that represent segmenta-
tions as voxel masks, e.g. a DICOM segmentation object, these are not the standard format for 
radiotherapy. 
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In many implementations, including the 2017 AAPM Thoracic Auto-segmentation Challenge, 
the 2D polygon representation is converted to a voxel array for ease of implementation. This con-
version process itself can be subject to implementation variations between programs and therefore 
introduces uncertainty in comparing results from different implementations. Thus, it would be bet-
ter to defne any measures in real-world space using a 2D polygon region representation to reduce 
the potential for discrepancies. 

A second choice required is whether measures are implemented in 2D or 3D. While RTSS con-
tour representation is 2D, the biological objects are defned as 3D objects, therefore it is of interest 
to know the discrepancies in 3D. For example, volume differences are likely to be more meaningful 
than cross-sectional area ones. However, this choice depends both on the measure being used and 
on the biological structure being contoured. Some objects are well-defned in 3D, e.g. a lung has a 
clear superior/inferior extent in addition to inferior/anterior and left/right, while others, particularly 
tubular structures such as the spinal cord, are defned over the treatment region but poorly defned 
in superior/inferior extent. Therefore, surface distance measures may be meaningful for the lung in 
3D, but less meaningful for the spinal cord where a difference in contoured extent may be treated 
differently to inaccuracy in an individual slice. Yet, a 3D assessment is only meaningful when con-
sidering volume differences, regardless of the organ. 

While not able to provide a simple number, a visual slice-by-slice assessment, as shown in 
Figure 15.1, can be used to present multiple 2D measures in an easy-to-interpret form. This facili-
tates the assessment of extent differences, as can be seen in the fgure where the area for the com-
parison contour exceeds the zero area of the reference at the top middle plot, showing that the 
comparison contour over-segments the base of the heart. 

How measurements can be combined should also be considered. Assessment is more helpful if 
it is performed for multiple patient cases, to evaluate the performance over a range of variations in 

FIGURE 15.1 Example contour evaluation report, showing contour point density, area, and banded 2D 
Hausdorff distances over the range of the contours. It can be easily observed that will slice-by-slice area 
agreement is good over the majority of the organ, the comparison contour over segments at the base of the 
heart. Example courtesy of Akos Gulyban. 
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FIGURE 15.2 Example contours used to illustrate contour evaluation measures. The dark contour indicates 
the reference contour. The light contour indicates the test “auto-contour”. 

patient appearance. Where a mean and standard deviation can tell the average performance and 
its variation, for some measures it may be appropriate to combine results in a different way, for 
example the Hausdorff distance reports a maximum distance error, thus it might be appropriate to 
report the maximum Hausdorff distance across cases rather than the mean. It may also be desir-
able to implement quantitative measurements to allow comparison of auto-contouring methods for 
multiple organs and accounting for a range for measures. For example, for the 2017 AAPM Thoracic 
Auto-segmentation Challenge [4] a single score per method was required for all cases. The approach 
taken is discussed later. 

A range of quantitative assessment methods is now described, considering their clinical meaning, 
method/structure-specifc implementation details together, and how the assessment approach can be 
adapted for inter-observer variation. The measures selected are by no means comprehensive but are 
those that have been popular in the past or have recently been proposed and offer new potential. 

To work through each of the measures, a toy example will be considered. This is shown in 
Figure 15.2 – while not anatomically realistic, it is much easier to draw! 

15.2.3 CLASSIFICATION ACCURACY 

In earlier assessments of auto-contouring, measures relating to classifcation accuracy were popu-
lar. Such measures historically had been used in computer science where pixel-wise classifcation 
was considered, and clinically in computer-aided detection where the correct detection of lesions 
is important. Classifcation accuracy is normally evaluated by counting the proportion of correctly 
labeled pixels, true positive (TP) and true negative (TN), and the incorrectly labeled pixels, false 
positive (FP) and false negative (FN). In Figure 15.3, regions have been labeled for TP, FN, and 
FP. However, the evaluation of true negative pixels becomes a challenge with auto-contouring, as 
the extent of the background region outside a structure (i.e. the negative classifcation) is unclear. 
Assuming the background is the rest of the image, the true negative proportion is always (assuming 
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FIGURE 15.3 Various measures are based on pixel/voxel classifcation accuracy. True positive, False nega-
tive, and False positive are well defned for anatomical structures. True negative cannot easily be defned as 
the space outside the anatomical structure has no bounds. 

a competent system worthy of testing) high and will be dependent on the image size. Thus, true 
negative is not a helpful measure when evaluating auto-contouring unless a region is defned over 
which it will be measured (as in Isambert et al. [5]). However, the choice of defnition of such a 
region makes the comparison of systems by different researchers/clinics potentially inconsistent. 

Within a clinical context, such as Computer-Aided Detection (CAD), the performance of a sys-
tem is often cast into sensitivity and specifcity. Sensitivity, defned as TP/(TP + FN), measures the 
number of correct foreground labels as a proportion of the possible number of correct foreground 
labels. Thus, sensitivity will measure the ratio of the correctly identifed area of a structure as a 
proportion of the total expected structure area. Specifcity, on the other hand, defned as TN/(TN + 
FP), measures the correctly identifed area of background as a proportion to the total expected 
background. However, limitations of measuring TN in the context of auto-contouring, specifcity 
also becomes a diffcult measure to compare between implementations. Other alternatives that have 
been proposed are the percentage of FP [6], defned as FP/(TP + FN), and the inclusiveness index 
[7], defned as TP/(TP + FP). 

15.2.3.1 Implementation 
True positive, false positive, etc. are defned as the number of pixels/voxels – thus a correct imple-
mentation would be to convert RTSS to a voxel grid. However, the absolute values of TP counts will 
depend on the resolution at which this is done (which can be assumed to be the image resolution), 
therefore may vary between patients and clinical centers. 

A more consistent and natural implementation may be to compute these measures in terms of 
volume or area. These values can be directly computed from RTSS using simple Boolean opera-
tions: the true positive region is the intersection of the reference and test contours, and the FP and 
FN regions can be calculated as the difference between the intersection and the test contour and 
reference contour respectively. A 2D implementation may give information about performance of an 
auto-contouring system over a range of slices and indicate slices with better or worse classifcation 
performance. However, given the inherent assumption of spatial independence of the observations, 
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a volumetric implementation is more appropriate. A simple interpretation for RTSS is to convert 
the area to volume by multiplication by the slice thickness. While sensitivity is a ratio and is not 
dependent on this calculation, it is necessary if reporting TP, FP, or FN volume. 

15.2.3.2 Advantages and Limitations 
Such classifcation approaches have the beneft that measures such as sensitivity and specifcity 
are reasonably well understood both within the clinical domain and within the computer science 
community. However, the approach has limited usefulness in evaluation of auto-contouring since 
each pixel is treated as an independent observation. The importance of spatial location and the 
concept of the structure are not considered by these measures; thus, the measures do not provide 
any information about the utility of the contours – for example the same results can be measured by 
a random spattering of incorrectly classifed pixels and the same number of incorrectly classifed 
pixels systematically located. 

15.2.4 DICE SIMILARITY COEFFICIENT 

Closely related to the classifcation accuracy measures previously described, the Dice similarity 
coeffcient, often abbreviated as just Dice or DSC, is a measure of overlap of two structures. It was 
frst proposed as a measure looking at species overlap in ecological studies and is named after the 
author [8]. The measure evaluates the intersection of the two regions as a ratio to the total area of 
them both, such that where there is total agreement the measure is one and where there is no agree-
ment the value is zero. 

DSC A  B / ( += Ç  A B ) = ´ ( + N F )2 TP / 2 ́ TP F + P 

The Jaccard index, also known as a percent overlap [9], which is the intersection divided by the 
union, can be directly calculated from the DSC. 

( È ) / 2 - DSC )JI = ÇA B  / A B) = TP / (TP + FN + FP = DSC ( 
While these measures have the same bounds, and can be calculated from one another directly, care 
must be taken not to confuse or compare them directly on account of the non-linear relationship 
between them. 

15.2.4.1 Implementation 
It is relatively commonplace to voxelize the contour representation prior to calculating Dice. 
However, Dice can be easily calculated in the same way that the classifcation measures directly 
from RTSS contours using Boolean operations. 

Although a 2D implementation may enable slice-by-slice assessment – under the assumption 
of slice by slice contouring – as with classifcation measures, 3D implementation is intuitive since 
the measure does not really consider spatial context. The choice of 3D or 2D implementation may 
depend on the organ for which Dice is being calculated. For some structures, the extent in one axis 
may be operator dependent, such as the spinal cord, yet variation in this direction may be considered 
insignifcant. However, in this context steps can be taken to standardize the axial extent over which 
accuracy is assessed, mitigating this issue [10–11]. 

15.2.4.2 Advantages and Limitations 
This measure has been the most popular method to date for the assessment of auto-contouring, 
perhaps because it is a simple single value with a bounded range that can be more easily interpreted 
than sensitivity/specifcity. Nevertheless, the DSC suffers from the same main limitation as the clas-
sifcation accuracy measures from which it is derived. Namely, the measure is ambivalent to spatial 
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context and therefore does not give an indication of clinical utility of a contour. While its clinical 
interpretation is unclear, a consequence of its historical popularity for contour evaluation is that it 
is reasonably well accepted and understood. Success breeds success, and thus it has become the 
current de facto standard. 

15.2.5 DISTANCE MEASURES 

Measures of the distance between contour measures have also been very popular to date. These 
measures are typically based on the principle that the distance from a point on one structure to the 
other structure is measured as the shortest distance between them. Given two structures X and Y, the 
distance from point x to structure Y is given as: 

d x Y, min d x y,( ) = 
y Y  

( )
Î 

where d(x,y) is the Euclidean distance between points x and y. 

15.2.5.1 Hausdorff Distance 
The Hausdorff distance (HD) is defned as the maximum distance between these structures. 

d X,Y ) = max max  d x Y, ,max d X y,H ( ç
æ ( ) ( )÷

ö 

è x XÎ y Y  øÎ 

Figure 15.4 shows the maximum distance between the reference contour and test contours and vice 
versa. It should be noted that the Hausdorff distance is symmetric in taking the maximum of these 
two possible distances, therefore it is independent of the measure that is defned as the reference. 
There are a range of variants that have been proposed taking direction into account [12]. 

FIGURE 15.4 Distance between contours. The distance from one contour to another at a point is represented 
as the shortest distance from that point to the other contour. This is not symmetrical. The largest distances 
between the contours are shown by the dashed lines and are in very different locations. The maximum of these 
distances in the symmetric Hausdorff distance. 
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15.2.5.2 95% Hausdorff Distance 
While the Hausdorff distance gives the true maximum distance between two structures, in fnding 
the extreme it is very sensitive to small outliers [3]. The 95% Hausdorff distance [13] has been used 
as a more robust estimate of the maximum error. The defnition of the 95% Hausdorff distance is 
less well defned, but is widely considered as the 95th percentile of the ordered distance measures: 

th æ öd X( ,Y K Î ç min ( ,) = d x y)k  x X ÷
è y Y  øÎ 

thwhere Kx X  gives the kth percentile of the order distances over xϵX. However, this is unidirectional. Î 
Thus, following [13], a symmetric 95% Hausdorff distance can be defned as: 

dH95 ( X,Y ) = max (d95 ( X Y, ,) d95 (Y X )), 

noting that the two sets may have a differing number of surface points included. Again, alternatives have 

been proposed and used, for example the average 95% distance, defned as (d95 ( , ) + d95 ( , )) / 2,X Y  Y X  
was used in the 2017 AAPM Thoracic Auto-segmentation Challenge [4]. 

15.2.5.3 Average Distance 
Rather than looking at the extreme deviations, it is also helpful to know the average difference 
between the structures. Noting that structures X and Y may have differing length/surface area, the 
average distance can be defned as: 

æ ö 
dave ( X,Y ) = ç 

1 å d x Y( , ) + 
1 

d y X, ÷ / 2
Î

( )ç x XÎ å y Y  ÷X Yè ø 

This is also referred to as the average Hausdorff distance, although once again there is 
variation between authors, with the average Hausdorff distance also being defned as: 

1 1 
d y X, )÷.max ç 

æ
å ( , , å ( 

ö 
d x Y )ç x XÎ y Y  ÷ÎX Yè ø 

15.2.5.4 Implementation 
While distance measures may be easy to defne mathematically – even if these defnitions are incon-
sistent between publications – their implementation in a discrete manner is not. The range of choices 
that can be made can lead both to quite substantial variation in the value reported and the speed of 
calculation. Mathematical defnitions often consider a continuous contour or surface from which 
distance can be calculated. While it is possible to analytically calculate the distribution of distances 
between surface patches or line segments, extending such an approach to multiple elements quickly 
becomes non-trivial. Therefore, it is more convenient to discretize their calculation to implement 
these measures in practice, yet the resolution at which discretization takes place will affect the dis-
tances calculated and their distribution. 

While the RTSS format is defned in terms of points and thus provides an obvious set of points 
from which distance can be calculated, these do not necessarily need to be evenly spaced to repre-
sent a contour and therefore do not form a good basis for calculation. The resolution of the image on 
which the contours are defned provides a natural discretization under the assumption of voxelized 
implementation, yet this makes the quantization of the measurement potentially vary between test 
cases on which the calculation is performed. 

The choice of the dimensionality in which measurements are to be made affects both the result 
and the method of implementation. RTSS is an inherently 2D representation, thus calculation in 3D 
requires reconstruction of the contours into a volumetric surface. The most common approaches to 
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this are voxelization into a binary mask (e.g. [2]) or creation of a surface mesh (e.g. [14]). As noted 
already, the former carries diffculties with regards to quantization error but carries the beneft of an 
inherent discretization. Construction of a surface measure can lend itself to a discretized approach 
using the nodes of the mesh (as used in Teguh et al. [14]), and precision can be increased by using 
a fne mesh. However, meshing is normally achieved by converting to a voxel representation frst to 
enable the surfaces to be found, thus potentially introducing the error. 

Calculation of distance measures in 2D enables distance measures to be calculated from the 
RTSS polygon, albeit with some additional discretization. However, this risks ignoring errors 
whereby slices have or have not been contoured. This can lead to reporting of reduced values where 
the errors are mainly in the extent over which a structure should be contours, e.g. for the spinal 
cord. Conversely, it may lead to increased errors where the surface is a single slice-out in some loca-
tions. Figure 15.5 illustrates these sensitivities of using Hausdorff distance using data from the 2017 
AAPM Thoracic Auto-segmentation Challenge. In the left-hand example, a small difference in the 
axial extent of a small region of lung present on the auto-contour in the neighboring slice, results in 
a large 2D Hausdorff distance. In the other example, the difference in extent contoured for the spi-
nal cord results in a large 3D Hausdorff distance for an otherwise well-contoured structure. Various 
approaches have been taken to overcome some of these limitations, such as limiting the extent or 

FIGURE 15.5 Example of sensitivities of Hausdorff distance. The top row shows reference contour for case 
LSTSC-Test-102. The middle row shows auto-contour for evaluation. The bottom row illustrates the Hausdorff 
distance. The left-hand column illustrates 2D Hausdorff. The difference in a small part of the lung results in 
an 11 cm 2D Hausdorff distance. The right-hand column shows 3D Hausdorff distance, a difference in the 
extent contoured for the spinal cord results in a 3D Hausdorff of about 8 cm. In both instances the contouring 
might otherwise be considered good. 
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slices in which calculation is performed (e.g. [11, 15, 16]). However, these methods are effectively 
seeking the defnition of the Hausdorff distance; the maximum distance between structures. 

15.2.5.5 Advantages and Limitations 
Distance measures are generally welcomed within radiation oncology, as location error is a mean-
ingful concept in treatment planning. A treatment volume will have margins applied to account 
for clinical and operational uncertainty, and therefore it is appropriate that auto-contouring errors 
are put into this context. Nevertheless, there is a risk that the interpretation is incorrect; Hausdorff 
distance (and its 95% variant) represents a single large error. While this shows inaccuracy in a 
contour, it may not represent a bad volume in terms of clinical utility – the outlier may be clinically 
insignifcant in location or volume. The average distance may be small, suggesting good agreement 
between the contours, but does not indicate bias which could lead to volume distance. Taking addi-
tional measures, such as volume difference, into account may overcome some of these limitations. 

In the presence of contouring errors, distance measures also reveal little about the effort required 
to correct an erroneous contour to make it suitable for clinical use. A large Hausdorff distance may 
represent a large volume error requiring substantial recontouring, or a tiny outlier that could be eas-
ily deleted. A small average distance may represent an accurate unbiased contour with random error 
needing minimal editing, or a small but systematic error needing correction over a wide area. Thus, 
distance measures do not correlate well with clinical opinion [17] or with the time required to edit 
contours to a clinically acceptable standard [18]. 

From the perspective of comparing auto-contouring methods, the greatest challenge lies in the 
inconsistency between defnitions and approaches to implementation. The different defnitions can 
lead to substantial differences in the output value, making comparison between publications mean-
ingless unless full implementation details are known. 

15.2.6 GEOMETRIC PROPERTIES 

The focus on distance measures has appeal in radiation oncology, as these measurements bear 
some resemblance to a concept that is already used: treatment margins. Simple geometric proper-
ties, namely volume and centroid location, have been used from some of the earliest evaluations of 
auto-contouring [5, 19] following similar reasoning. In terms of treatment delivery, accurate dose 
delivery requires accurate positioning. Thus, it seems natural to measure the error in position of 
a centroid of a structure. Similarly, the interpretation of dose to a structure is tied to its volume 
through the dose volume histogram (DVH), thus the correct estimation of volume is required for a 
correct interpretation of dose. Therefore, these measures are familiar to those in radiation oncology, 
leading to their use. 

15.2.6.1 Centroid Location Comparison 
The center of mass/gravity, C, of a structure is defned as: 

C = r r rdV
1 òòò ( )
M 

where M is the mass of the structure, and ρ(r) is the density of the object at a point, r, within the 
volume, V. However, for any structure it is normal to assume constant density throughout, thus the 
center of mass is equivalent to the centroid, defned as: 

C = rdV 
V 

1 
òòò 

removing the need to know the density or mass. 
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In assessing auto-contouring, it is normal to consider either the difference in centroid location 
between the reference and the test contour in each direction (e.g. [5]): 

Dx cx  - cx  = ,Dy = cy - cy ,Dz = cz - cztest ref  test  ref test ref 

or the magnitude of the centroid error (e.g. [20]): 

2 2 2d = Dx + Dy + Dz 

15.2.6.2 Volume Comparison 
Various ways to compare volume have been used. The volume ratio, given by: 

V 
VR = test 

Vref 

assesses the relative volumes of the reference and test contours. The volume difference between the 
reference and test contour can be expressed as: 

DV V  -V= test ref 

A signed difference enables the identifcation of bias in the volume over multiple test subjects, while 
the absolute value enables the average magnitude of volumetric error to be determined. 

However, the volume difference is dependent on the size of the organ being contoured, thus 
comparison between organs is unhelpful. To overcome this the relative volume difference can be 
used (e.g. [5]): 

V -Vtest ref 
DV ( )% = ´100 

Vref 

15.2.6.3 Implementation 
The centroid and volume of a structure are inherently 3D properties, removing the decision as to 
whether to calculate these in 2D or 3D. 

Volume and volume ratio can easily be calculated using the classifcation parameters, as illus-
trated in Figure 15.2. The volume difference between the reference and test is given by FP − FN 
multiplied by a scaling factor. The scaling factor is the volume of a voxel if using a mask-based 
representation. If calculating directly from the RTSS contours, the total FP area and FN area can be 
calculated over all slices and multiplied by the slice thickness. The relative volume difference can 
be calculated using (FP − FN)/(TP + FN), while the volume ratio can be expressed as (TP + FN)/ 
(TP + FN). 

Using a voxel mask approach, the centroid can be calculated as the average voxel location 
given by: 

1
C = åéëx y ziV i , , i ùû 

Îi V  

To calculate the centroid directly from RTSS, break the contours into simple primitives and use the 
area-weighted average of their centroids to fnd the object centroid. This can be performed slice-
by-slice from the contours, then the overall centroid can be subsequently calculated using the area-
weighted average of these slices. 
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15.2.6.4 Advantages and Limitations 
Simple geometric measures are appealing since they give the appearance of relating to other mea-
sures used in radiotherapy. However, this presents a risk in reality; a difference in centroid position, 
might imply that a shift, as would be performed for the patient position on the day of treatment, 
would be suffcient to correct the auto-contour. Yet, this is very unlikely to be the case. Similarly, 
having no difference in volume, or a volume ratio of one, implies nothing about the spatial correct-
ness of the object indicating only that the test contour is of the same size as the reference. Taken 
together these measures demonstrate an object of the same size at the correct location, yet still they 
are uninformative as to the accuracy of the contour itself. For example, the test contour could be 
a rotation of the reference contour about its centroid. Thus, their familiarity as concepts in radia-
tion oncology is misleading, giving the impression of types of errors found elsewhere in the radio-
therapy process while at the same time providing very limited information as to the quality of the 
auto-contouring. 

15.2.7 MEASURES OF ESTIMATED EDITING 

More recently, two approaches have been proposed that try to take into account the end use of the 
contours that are being generated. For use in a clinical context it is reasonable to assume that the 
contours will be reviewed, and that any errors in the contours will be corrected before they are used 
in treatment planning. Thus, a good measure of contouring performance will be one that refects 
how much editing a contour requires. The Surface Dice [21] and Added Path Length [18] are mea-
sures that seek to achieve this. 

Surface Dice [21] assumes that any surface area outside of an acceptable tolerance, τ, will require 
editing. Therefore, the surface Dice duplicates the Dice measure but using the surface of the struc-
ture rather than the volume, with the intersection of areas as those within the tolerance. The standard 
Dice measure has no tolerance resulting in twice the intersection of the structures in the numerator. 
Two possible intersections can be defned when the tolerance is applied to each structure, as shown 
in Figure 15.6 and Figure 15.7. The surface Dice is then defned as: 

t tR TÇ + T Ç R 
DSC = surface R + T 

where |R| and |T| represent the surface area of the structures, and |R∩Tτ| and |T∩Rτ| represent the 
surface intersections as illustrated in the fgures. 

The added path length (APL) measure [18] builds on this, observing that most manual editing 
is performed on a slice-by-slice basis and that the total amount of editing is likely to relate to the 
time required for editing. It is also noted that in most treatment planning systems and contouring 
workstations it is much easier and quicker to delete a contour than to draw an additional contour. 
Therefore, the measure is designed only to evaluate the amount of contour to be added, rather than 
the length of contour to remove. 

No tolerance measure was applied in Femke et al. [18] as the authors were comparing the mea-
sure to timings of actual edits made to a contour. Therefore, the contours were in perfect agreement 
where no edit had been made. However, a tolerance must be applied where auto-contours are being 
compared to a reference with the assumption that editing will be performed in the future. In this 
case, it is assumed that the edit will be made to the path to match the reference, but that there is no 
cost to removing contour where the test contour needs deleting. Figure 15.8 illustrates this, shown 
the contour that would need to be added to correct the test contour to match the reference for sec-
tions outside the acceptance tolerance. Thus, the APL can be defned as: 

tAPL = R - R ÇT 
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FIGURE 15.6 Defnition of the intersection of the surfaces used for surface Dice with a tolerance applied 
to the test contour. 

FIGURE 15.7 Defnition of the intersection of the surfaces used for surface Dice with a tolerance applied to 
the reference contour. 

Three important differences between these measures can be noted; surface DSC is a 3D measure 
whereas APL is a 2D measure. Although it measures surface, it is surface in 3D, and must be imple-
mented in 3D to address differences in contours at the superior/inferior extents of a structure. APL 
on the other hand assumes slice-by-slice editing and is therefore calculated slice by slice. Second, 
APL is not symmetric in its evaluation unlike surface DSC. The APL measure only considers the 
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FIGURE 15.8 The boundary of the reference contour outside the acceptance tolerance of the test contour 
represents the length of contour that would need adding, i.e. the “added path length” 

path length added and applies a tolerance only to the test contour, whereas the surface DSC consid-
ers both addition and removal of surface by applying the tolerance to each surface in turn. Finally, 
surface DSC is a ratio of the editing to the total surface, whereas APL is an absolute measure. It 
might be assumed therefore that surface DSC aims to represent the proportional editing time, while 
APL seeks to represent the absolute editing time. 

12.2.7.1 Implementation 
Surface DSC is an inherently 3D measure, requiring a 3D representation of the structure for evalua-
tion. Nikolov et al. [21] implemented this measure using a mesh-based representation, with the mesh 
created using the marching cubes algorithm [22] from an initial mask-based representation. While a 
mask-based implementation would be easier to implement directly, it would quantize the tolerances 
that could be applied to the size the voxel. The use of a mesh allows for sub-voxel tolerances to be 
applied. With surface DSC being defned on a 3D surface, it is not obvious how this measure could 
be implemented from RTSS, without reconstructing a volumetric representation. 

Conversely, APL lends itself to an implementation that works directly on the RTSS. Although 
Vaassen et al. [18] opted for a 3D mask-based implementation the measure itself is naturally 2D. 
While it is non-trivial to apply margins and perform Boolean operations on a polygon, many soft-
ware libraries exist which enable this. The APL can be thought of as the sum of the segments of 
the reference contour that fall either fully inside the contracted test contour or fully outside of the 
expanded test contour. Having identifed the intersection of the refence contour with each of the 
expanded and contracted test contours, the mid-point along each line segment can be tested to iden-
tify if is outside or inside. This is illustrated in Figure 15.9, which shows the segments that would 
be generated by performing the contour intersection and their mid-points. The dark segments make 
up the APL. 
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FIGURE 15.9 Added path length can be calculated from the segments formed from the intersection between 
Reference and each of the expanded and contracted Test contours. A test on the mid-point to determine if it is 
fully inside or fully outside these contours reveals that the dark segments would constitute the APL. 

15.2.7.2 Advantages and Limitations 
Both the surface DSC and APL are encouraging new measures that have shown better correlation 
with the editing time for contouring compared to more conventional measures such as DSC and 95% 
Hausdorff distance [18], with APL showing a tighter correlation than surface DSC. Both measures 
however carry similar limitations; frst, the tolerance to use is unknown. The idea that a clinician 
would only adjust a contour that is suffciently incorrect seems a reasonable assumption. However, it 
is unknown what “suffciently incorrect” is. Inter-observer variation in contouring could be used to 
determine this, although it is not necessarily the case that one clinician would accept another clinician’s 
contours, or even their own – if blinded to its origin [1]. Experiments would be needed to calibrate the 
tolerance on these measures to maximize their correlation with editing time and to be able to predict 
the required editing time given a measurement. The tolerance might be expected to vary structure by 
structure, and therefore such experiments would need doing for all structures. Second, both measures 
assume a fxed tolerance for a structure. However, inter-observer variation in contouring is known to 
vary across a structure [23], therefore it might be reasonable to expect differing degrees of acceptable 
tolerance across a structure. This would be challenging to implement in practice for either method. 

Despite these limitations, these measures represent the state-of-the-art when it comes to quan-
titative assessment of auto-contouring. If the goal of auto-contouring is to save clinical contouring 
time, then these measures are closer to measuring performance in terms of that goal than others 
previously used. 

15.2.8 HANDLING INTER-OBSERVER VARIATION IN QUANTITATIVE ASSESSMENT 

All of the quantitative measures discussed here rely on having a reference contour for comparison. 
This reference is assumed to be correct. However, this is perhaps an unreasonable assumption, since 
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there is variation in manual contouring. Thus, is could be considered that a manually drawn refer-
ence contour is only one interpretation of correct. The quantitative assessment between two manual 
contours may not result in a perfect score as a result of inter- and intra-observer variation. In this, a 
suboptimal measurement reported for an auto-contour may not refect an incorrect contour necessar-
ily, merely a different contour. Although a very bad score would indicate a bad contour, a good score 
does not necessarily imply good contouring, while a perfect score is not achievable as a result of the 
variability affecting the reference. From the earliest publications accessing auto-contouring, attempts 
have been made to place quantitative measures in the context of this inter-observer variability [19]. 

A common approach is to generate a consensus contour, representing the average opinion of mul-
tiple experts. The popular Simultaneous truth and performance level estimation (STAPLE) method 
[24] seeks to achieve this while at the same time estimating the confdence that can be placed on 
any particular contour contributing to the consensus, down-weighting the contribution of experts 
who do not appear to agree with the rest. If the auto-contour is used within this STAPLE process, 
together with manual estimates then it is possible to get this performance (confdence) level for the 
auto-contour at the same time as the experts. In practice, however, the method is commonly used 
either to generate the consensus of multiple auto-contours (e.g. [25]), as a way of reducing random 
error, or to generate a single reference from multiple experts (e.g. [6]). This single reference is then 
used as a “hard” ground truth for quantitative assessment. Despite benefts in reducing random error, 
the use of a consensus contour as a reference does not overcome the challenges of inter-observer vari-
ability. The fnal contour is still a fxed reference and does not acknowledge that experts had variation 
between them and may even have disagreed as to what the correct boundary defnition should be. 

The introduction of a tolerance parameter in surface DSC [21] and APL [18] goes some way towards 
addressing this issue, acknowledging that a certain degree of variation in the contour position should 
be acceptable. This approach is benefcial in allowing a perfect score where there may be minor dif-
ferences and could potentially be applied to other quantitative measures. However, as noted previously, 
this tolerance is fxed (per structure), whereas inter-observer variation may be spatially varying. 

Various approaches have been used within “Grand Challenges” to address the problem of inter-
observer variation, seeking not to discriminant between participants on the basis of small error 
from an arbitrary reference rather to penalize signifcant errors. The 2010 Head & Neck Contouring 
Challenge [2] used a tolerance to allow for small errors, with the percentage of slices with a 2D 
Hausdorff exceeding 3 mm being evaluated among other measures. The observation that deviations 
below 3 mm are often considered acceptable by the clinicians was used to explain this scoring. The 
2017 AAPM Thoracic Auto-segmentation Challenge [4] applied a linear function to scores within 
twice the inter-observer variation for each structure, as shown in Figure 15.10. Scores showing per-
fect adherence to the reference scored 100, while scores twice, or more, the inter-observer variation 
away from perfect, scored zero. Although this approach still rewards adherence to the reference 
contour, the deviations from this reference are scaled according to expected human variation. The 
approach also has the added beneft of normalizing scores between measures and organs enabling 
an overall average score to be computed. 

The tolerance-based methods represent the state-of-the-art in handling inter-observer variation, 
however this approach does not fully allow quantitative assessment of what is acceptable or not. 
This is the greatest challenge for handling inter-observer variability using quantitative measures. 
Such measures are blunt tools incapable of distinguishing different types of error. Some larger 
errors (compared to the reference) may be considered reasonable interpretation of the underlying 
image data with which another observer may have agreed, while other small errors, although close 
to the reference, would not be considered a reasonable interpretation by any observer. This moti-
vates the qualitative subjective assessment discussed in the next section. 

15.2.9 SUMMARY OF QUANTITATIVE EVALUATION 

In this section, both popular and recent quantitative measures used for assessing auto-contouring 
in radiotherapy have been reviewed. It has been seen that these measures all have limitations in 
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FIGURE 15.10 Normalization of scores based on the inter-observer variation as used in the 2017 AAPM 
Thoracic Auto-segmentation Challenge. Measures within twice the inter-observer variation of the reference 
score in the range 0–100, with 100 representing perfect adherence to the reference. P represents the perfect 
measure score with respect to the reference. R represents the average score of 3 independent observers with 
respect to the reference contour. 

what they reveal about the clinical beneft of any particular contouring approach. The recently 
proposed surface Dice and APL measures come closest to showing clinical relevance, with some 
degree of correlation to the time required to fx any errors. Nevertheless, all measures are limited by 
their reliance on a “true” reference contour and understanding contouring accuracy with respect to 
inter-observer variation remains a challenge. Of the approaches discussed, the tolerance threshold 
appears to be the most useful, yet requires further research in the area of spatially varying tolerance 
to fully represent contouring quality compared to the human reference. 

15.2.10 EXAMPLE IMPLEMENTATION 

In this section, an attempt has been made to consider implementation choices that might impact 
the results of quantitative evaluation. While others have sought to develop libraries which would 
standardize measurements if used widely (e.g. [12, 26]), these all rely on converting from the RTSS 
format, either as part of the measurement calculation or to make use of the library. Throughout this 
section, thought has been given to how these measures might be implemented directly from the 
contours native RTSS format to avoid issues of conversion to other representations such as masks 
or meshes. Therefore, to facilitate use of these measures an open source implementation is provided 
at: https://github.com/Auto-segmentation-in-Radiation-Oncology/Chapter-15 

15.3 SUBJECTIVE EVALUATION 

Quantitative evaluation tries to measure the error in contouring, but until recently has failed to 
properly consider the endpoint of auto-contouring – the clinical use of those contours. Clinical use 
will depend on the acceptance or editing of those contours by a human, and this is inherently subjec-
tive. Subjective assessment of auto-contouring in radiotherapy has largely followed the same format 
since 2011, when a number of studies were published using this approach [14, 16, 27], but can be 
broadly broken down into considering the acceptance of contouring, the source of contouring, and 
the preference for contouring 

15.3.1 THE ACCEPTANCE OF CONTOURS 

The majority of investigations have posed the question as to whether the contours being evaluated 
are suitable for clinical use, although the exact framing of the question has varied. Hwee et al. [27] 
asked the question whether the contours were clinically acceptable, offering the binary choice of 
“yes” or “no”. In contrast, Teguh et al. [14] anticipated editing of contours asking experts to rate 

https://github.com
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contours on a four-point scale as: 0 poor, 1 major deviation (editable), 2 minor deviation (editable), 
3 perfect. Curiously, in the same study, a three-point scale was used to assess manual clinical con-
tours and edited auto-contours making direct comparison diffcult. In the same year, Granberg [16] 
asked clinicians to rate contours as to how helpful they perceived them to be on a three-point scale 
of: not at all, a little, very much. 

Table 15.2 summaries the studies in the domain of radiotherapy that have used a subjective 
approach to evaluate contour acceptability. In most papers the question asked is not explicitly stated 
but can be inferred from the answers available, thus the table may not refect the exact wording used 
by the investigators. 

Since Hwee et al. [27], few papers have explicitly stated the score that is considered clinically 
acceptable, with most opting to allow major editing in some way. This implicit expectation of edit-
ing could introduce bias in the interpretation of results, with contours being considered useful. 
Furthermore, most investigations since Hwee et al. have not hidden the source of the contours from 
the evaluators, also potentially introducing bias. Gooding et al. [28],* recognizing that there may be 
bias if the evaluator knows the source of the contouring, implemented their assessment in a blinded 
manner but also expressed the question so as to place the assessment within a clinical context. Peer 
review of contouring is considered best practice, yet to reject another person’s contours requires 
confdence in the signifcance of the error. Thus, the question was phrased to express a peer review 
context, with a balanced scoring scale between acceptance and rejection of the contours. It is inter-
esting to note that both Hwee et al. [27] and Gooding et al. [28] found that clinical observers will 
reject around 25% of clinical contours (ones that have been approved for clinical use previously) 
when blinded as to the source of contouring. 

However, the acceptance of contours still requires agreement as to what the correct contouring 
standard is. As a consequence, the assessment of acceptance of contours from an auto-contouring 
system may refect the style of contouring with which the system has been developed/trained, rather 
than the effcacy of the system itself. In Gooding et al. [29], wide variability between the acceptance 
of contours was found between institutions, despite the same contours being shown. 

15.3.2 THE SOURCE OF CONTOURING 

This blinding to the source of the contour, together with the use of AI (deep learning) in their auto-
contouring research [30], inspired Gooding et al. to frame the question not as one of acceptance but 
as one of identifcation [1, 28] following the idea of the Imitation Game proposed by Turing [31] and 
asking the question: Was this contour drawn by a human or a computer? While the question of the 
source of contours was also used by Hwee et al. [27], their purpose was to assess whether blinding 
observers to the source of contouring reduced potential bias in asking about contour acceptability. 
Gooding et al. propose that the inability to determine the source of the contours could itself be used 
as performance criterion [1]. 

They pose the argument that where quantitative measures are blind to the type of error, as dis-
cussed above, the human observer is not. If it is assumed that a clinically drawn contour is accept-
able, then the inability to distinguish the clinical contour from the auto-contour would suggest 
that the auto-contour is equally good. This is not to say that either are correct or incorrect, overcom-
ing the issue of inter-observer variability or disagreement, but that the types of error being made 
by the auto-contouring system are similar in nature to those made by a human expert. Thus, the 
auto-contouring requires no more editing than those of another clinical expert. In their initial study, 
they provide indicative results that the misclassifcation rate of the source of contouring is a better 
surrogate of editing time than quantitative measures such as Dice. One objection that can be lev-
eled at this approach is that it does not easily allow for the auto-contouring to outperform manual 

* The published abstract does not contain this detail. However, the survey questions are still available online at www.auto-
contouring.com/ 

http://www.autocontouring.com
http://www.autocontouring.com
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FIGURE 15.11 Preference for contouring for three different methods (clinical contours, atlas-based auto-
contouring, and deep learning contouring) after blinded side-by-side assessment, as reported in Gooding 
et al. [28]. 

contouring with the aim being to imitate human contouring behavior. To achieve immitigability, the 
auto-contour must be equally as good, but also equally as bad. 

15.3.3 THE PREFERENCE FOR CONTOURING 

The remaining type of subjective assessment used to date was also posed in the discussion by 
Gooding et al. [1] and used in practice in Gooding et al. [28]; this is to ask which contour is preferred 
when two contours are shown side by side in a blinded fashion. This approach again sidesteps the 
question of contour correctness, allowing contours to be incorrect and/or subject to inter-observer 
variability. Such a question allows the comparison of multiple contouring methods. A reference 
contour (or manual clinical contour) can then be used to benchmark performance yet allowing auto-
contouring to outperform this benchmark, as illustrated in Figure 15.11. 

15.3.4 CHALLENGES OF SUBJECTIVE ASSESSMENT 

Subjective assessment is very helpful in understanding the acceptance and utility of auto-contour-
ing. However, there are several limitations and challenges to using this approach. 

As has already been noted when considering Table 15.2, there is a substantial risk in introducing 
bias into any subjective study since human observers are involved. Consequently, any study must 
be carefully designed. Much research has been conducted in polling,* but as professionals in radia-
tion oncology, medical physics, medical devices, computer science, etc., the authors are no experts 
in the psychology behind the design of such studies. Therefore, caution must be exercised to avoid 
introducing bias in how questions are phrased, and the choice of answers given. As is commonplace 
in medicine, blinding, and controls are important to reduce bias and should be used for any subjec-
tive assessment. 

An additional factor that needs consideration is whether the assessment should be performed 
in 2D or 3D. 2D assessment refects slice-by-slice contouring and offers more data for the same 
number of patients yet does not allow the assessment of correctness of the axial extent of contour-
ing. However, 3D assessment will require more cases to be meaningful, and human slice-by-slice 
contouring results in telltale jaggedness on a coronal or sagittal view giving away the source of 
contouring. Similarly, efforts must be made to avoid clear differences resulting from the contouring 
method, but not related to the quality of the contouring. Some treatment planning systems and auto-
contouring solutions produce pixelized RTSS, while other produce smooth contours. Such artifacts, 
if different between methods, can provide evidence for assessment that divert the observer from the 
purpose of the assessment. 

The qualitative nature of these assessments introduces challenges in the development of 
auto-contouring methods. While results should be reasonably reproducible for large studies, 

* As an outsider to the feld of opinion polling, the most suitable review paper to cite is unknown to the author. Therefore, 
no reference is offered. 
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a degree of variation would be expected, particularly for smaller evaluations. Consequently, it 
may be diffcult to perform repeated assessments to demonstrate the improvement of a system 
over time as it is developed, or to assess the current performance during the development. 
This limitation is further impacted because subjective assessment requires the time of clinical 
experts. This time is valuable, and while their input is worthwhile where subjective assessment 
is useful in commissioning a clinical system, their involvement will be limited in the develop-
ment or comparison of systems. Consequently, studies focusing on the development or com-
parison of methods, such as the grand challenges [2–4], will resort to quantitative assessment 
over subjective assessment. 

15.3.5 SUMMARY OF SUBJECTIVE EVALUATION 

In this section the use of subjective assessment for evaluation of auto-contouring in radiation oncol-
ogy is considered. Three types of question have been considered relating to the acceptance of con-
touring, the source of contouring, and the preference for contouring. It has been highlighted that 
study design is an important factor in such investigations on account of the human element involved. 
Despite the challenges of implementing subjective evaluation well, this approach to assessing auto-
contouring can overcome some of the limitations of quantitative assessment in determining the suit-
ability of a system for clinical use, particularly those related to inter- and intra-observer variability. 

15.4 ASSESSMENT BASED ON INTENDED CLINICAL USE 

The end purpose of auto-contouring in radiation oncology is that those auto-contours are used 
in the clinic for treatment planning. To this end, the best form of assessment is to understand the 
impact that their use would have on clinical practice. Ideally, one would study the impact on patient 
outcomes since this is the endpoint for assessment of any intervention. It may be argued that such 
an assessment would be pointless anyway since auto-contours should be checked and approved 
before use in treatment planning. However, it is known that having an auto-contour as a starting 
point improves consistency between manual observers [32], therefore auto-contouring will be hav-
ing some impact on the treatment plan and thus the patient outcome. However, contouring is very 
early in the treatment planning processes, and other steps are likely to obscure any meaningful 
observation of differences in patient outcome that can be attributed only to the difference in con-
touring methodology. 

15.4.1 EVALUATION OF TIME SAVING 

If contours are to be edited following auto-contouring, as some have deemed inevitable [33], then 
the beneft of auto-contouring is in reducing the contouring time required as far as possible. Thus, 
it follows that evaluating the time saving to get to an acceptable clinical contour is a good way to 
quantify the clinical impact of using auto-contouring. Correspondingly, this is the most common 
approach used for clinical beneft assessment, as observed in Table 15.1. 

Most studies follow the same pattern; the structures for a set of patients are frst manually con-
toured, with the time taken for manual contouring being recorded. Subsequent to this, an auto-
contouring method is applied to the same set of patients, and the auto-contours are edited to an 
acceptable standard, with the time taken for this step also recorded. 

15.4.1.1 Challenges for Study Design 
To evaluate contouring time inherently takes time. As mentioned previously, the clinicians time is 
valuable, therefore, to ask them to contour the same cases twice only for evaluation purposes repre-
sents a barrier to performing a large assessment. Consequently, the size of study tends to be small, 
with the largest study listed in Table 15.1 only considering evaluation on 27 patients [34]. 
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Since the sample sizes are small, all investigations have used the same set of patients for manual 
contouring and editing of auto-contours. This introduces a risk that the observers become familiar 
with the case, and thus familiarity infuences the time required for contouring or editing. Steps 
can be taken to mitigate this risk, such as randomizing the order in which contouring is performed 
between cases or ensuring a large gap between de novo contouring and editing [35]. The scenario 
of repeated contouring is artifcial and introduces the risk that the time recorded is not refective 
of clinical practice – since observers know that they are being monitored for this evaluation. This 
could infuence the results (either positively or negative depending on the observers general feeling 
towards auto-contouring). Mitigation of this effect can be achieved to some extent by evaluating 
how similar contours are following manual contouring and after-editing, with comparison to inter-
observer variation. 

A better approach to overcome these risks could be to perform evaluation on a large number of 
consecutive patients, studying the time taken for contouring within the clinical workfow, before 
and after introducing an auto-contouring system. While the patient cases assessed will be different, 
and the structures required to be contoured for each patient will vary according to their treatment, 
such timing will refect an average clinical workfow. Such a study does not appear to have been 
performed to date. This perhaps is unsurprising as it is preferable to conduct a small cohort study 
for commissioning a system prior to clinical use, to avoid disrupting clinical workfow with an 
unproven system. Nevertheless, such an impact analysis study would be very benefcial in demon-
strating the true clinical impact of auto-contouring. 

A further consideration relates to what is being compared. Some studies (e.g. [7, 32]) compared 
to manual contouring, while other investigators have considered the impact to their current clinical 
practice which may already include a different form of auto-contouring (e.g. [35, 36]) or semi-auto-
matic tools (e.g. [30]). The study suggested above would also refect the impact of auto-contouring 
in clinical practice, rather than an artifcial use of manual contouring. However, changing existing 
clinical practice will also infuence the time taken. Where clinical staff are familiar with using a 
set of tools for manual clinical contouring, editing of auto-contouring may be best achieved with 
a different set of tools. Such a change in the suitability of the contouring/editing tools should be 
expected, and alongside that it would be anticipated that there would be a learning curve. Thus, the 
impact on clinical practice would need to be assessed after a period of adoption. 

15.4.2 IMPACT OF AUTO-CONTOURING ON PLANNING 

Beyond contouring, the contours themselves are an input to treatment planning. Thus, to get an 
indication of whether the use of auto-contouring is impacting the patient, it is necessary to look 
at the dosimetric impact in planning. To discuss what has been done more easily, what could be 
done will be considered frst. Figure 15.12 illustrates the combinations of assessments that could be 
calculated. Three possible contouring approaches can be considered: manual clinical contouring, 
unedited auto-contouring, and editing auto-contouring. A treatment plan can be created from each 
one of these contour sets, assuming these were the contours available to the planner. These plans 
will be referred to as A, B, and C. However, if one assumes that the true structure boundary could 
be any one of the contour sets, it is possible to calculate the DVH from any plan with any contour 
set, leading to nine possible DVHs. These combinations will be referred to in the form A1, A2, 
etc. where A1 would represent the DVH assessment of the plan made using contour set 1 with the 
contours of set 1, A2 would be the DVH of the plan created using the contour set 1 evaluated with 
the contour set 2. 

Voet et al. [37] asked the question as to whether auto-contours need editing by frst evaluating B3 
for the elective nodal volumes in the head and neck. B3 shows the impact of dose to structures should 
a plan be generated with unedited contours, on the assumption that the adjusted auto-contours are 
correct and represent the true anatomy. Therefore, this could be used to assess potential under-
dosage to the Planning Treatment Volume (PTV) resulting from not editing contours. Subsequently 
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FIGURE 15.12 Possible investigations into the impact on treatment planning. Three possible contour sets 
could lead to three different treatment plans. The dose to structures can be investigated assuming each contour 
set is correct, leading to nine possible DVH curves. The most common approach so far is to compare the dose 
from Plan A using contour sets 1 and 3. 

they compared C2 to C3. C3 represents the DVH for OAR doses that would be performed during 
clinical planning using edited auto-contours, whereas C2 gives the DVH that would be found if 
the contours were not edited. However, this comparison assumes that the OAR dose is not critical 
to the plan generated. Thus, they suggest that auto-contours of OARs only need editing if they are 
approaching a critical planning dose. 

Yang et al. [10] performed a comparison using A2 and A3 to assess the impact of editing on the 
reported OAR dose. Similarly, Van Dijk et al. [35] used A2 and A3 to study difference in the impact 
on OAR dose of two different auto-contouring approaches. Kieselmann et al. [38] compared the 
OAR dose using B1 and B2 for head and neck contouring on magnetic resonance imaging (MRI). 
However, the PTV was manually drawn. Thus, while the dose was optimized on unedited OAR and 
the DVH compared with those using the clinical contours, only clinical PTV were used in planning. 
Kaderka et al. [39] similarly compared OAR dose, using A1 and A2, for breast OAR contouring. 

For target contouring, Dipasquale et al. [34] made a target dose assessment using C3 to C1 for 
the whole breast PTV. Here, the aim was to assess whether the planning on edited contours would 
provide appropriate dose coverage, assuming manually drawn contours represent the true anatomy. 
In contrast, Simões et al. [40] compared dose using B3 and C3 to suggest that planning on unedited 
contours was acceptable for the whole breast PTV. 

In all cases, comparison between different doses was done measuring the difference in selected 
DVH parameters, typically those used for planning either as OAR constraint parameters, such as 
V20Gy for lungs, or as PTV coverage measures, such as the V95%. 

15.4.2.1 Challenges for Study Design 
As has been noted there are nine combinations of plans and contours sets that could be used to 
assess the dosimetric impact of planning. Table 15.3 summarizes these possibilities, showing that 
all the available options have been used in at least one research study. 
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TABLE 15.3 
Use of Plan and Contour Combinations in Studies of the 
Impact of Auto-Contouring 

Contour 1. Manual 2. Automatic 3. Adjusted Automatic 
Dose set 
plan on 

A. Manual [39, 69] [10, 35, 39] [10, 35] 

B. Automatic [37, 38] [38, 69] [37, 40] 

C. Adjusted [34] [37] [34, 37, 40] 
Automatic 

While there appears to be a broad choice of contour/plan combinations, the purpose of evaluation 
is similar for all studies; can auto-contours be used clinically, and do they require editing? Thus, 
most studies either hold the plan constant and vary the contours for assessment, or use the same 
contour set for evaluation but vary the plan. There is an underlying assumption in these assessments 
that the clinical contours, whether manual (1) or adjusted (3), and the plans based on these (A or C) 
represent the reference contours and the “correct” plan. Therefore, the choice becomes contour set 
1 or 3 vs 2 on a constant plan, or plan A or C vs B on a constant contour set. 

Only two studies fall outside of this. Dipasquale et al. [34] seeking to show that the plans on 
edited auto-contours are equivalent to those on manual contours – not considering the possibility 
that the contours would be use unedited. Voet et al. [37] evaluates B3 in isolation of a comparator 
for target volumes, since the plan has been optimized assuming the unedited contours are correct, 
and the “true” contours can be used to assess what the under-dosage would be. 

This assumption that the clinical contour is truth, raises the same concern as that of quantitative 
assessment: inter-observer variability. However, in addition to inter-observer variability in the con-
tours, the potential for inter-observer variability in the planning may come into play. Several studies 
take steps to address this through the use of auto-planning systems to produce plans from human 
subjectivity [38, 40]. The same studies seek to measure the impact of inter-observer variation in 
contours on the planning, so as to place the impact of the auto-contouring into context. 

While the need to edit contours and perform planning generally keeps studies small (<30 cases). 
The use of auto-planning reduces the demand for human effort, thus facilitating slightly larger stud-
ies, with Simões et al. [40] performing an evaluation on 87 patient cases. 

15.4.3 SUMMARY OF CLINICAL IMPACT EVALUATION 

The main purpose of auto-contouring is to reduce the burden of contouring. Therefore, to really 
evaluate the clinical impact of auto-contouring, it is natural to measure the time saving by using 
it. In this chapter, it has been considered that there are a number of challenges with implementing 
such experiments in practice – particularly with regard to inter-observer variability. Ultimately, 
auto-contouring would be of such a standard as to not require editing. Yet, human nature appears 
to be to correct within the margins of inter-observer variation, as was evidenced by subjective tests 
where blinded observers would edit original clinical contours. Therefore, a better clinical test of 
auto-contouring, or human editing, is to evaluate the dosimetric impact that editing, or the absence 
of editing, will have on the patient. An alternative approach would be to introduce clinical contours 
from another observer into the assessment blindly. This would demonstrate the potential impact of 
an auto-contouring method at human expert level. Nevertheless, all clinical impact studies are time 
consuming and challenging to implement for larger numbers of cases, and therefore might be best 
reserved for clinical commissioning rather than during algorithm development. 
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15.5 DISCUSSION AND RECOMMENDATIONS 

In this chapter the main approaches to assessing auto-contouring have been reviewed. Three main 
approaches were discussed: quantitative assessment, subjective studies, and the evaluation of clini-
cal impact. It was noted that all of these approaches have limitations and challenges, with the great-
est of these challenges being that of inter-observer variation. If experts cannot agree or be relied on 
to delineate contours in the same location, then auto-contouring methods cannot be expected to be 
able to do so. 

Recommendations as to how clinical commissioning and validation of auto-contouring should 
be performed have been proposed [41]. While many studies have been performed since these rec-
ommendations were made, they are still valid. However, these recommendations do not separate 
the various purposes of evidence gathering, and the nature of the evaluation required. Therefore, 
Table 15.4 adds to the recommendations of Valentini et al. [41], by proposing the type of evaluation 
that should be performed depending on the context. 

Noting the challenge inter-observer variation brings, the following statement from the previ-
ous recommendation is highlighted: “…must still be considered along with what we refer to as the 
‘benchmark trap’: are we confdent that the daily ‘human’ inter-observer variability could show 
better performances, in terms of dose and volumes, when considering a comparison with the same 
manual benchmark?” 

Any evaluation must consider the variability of the benchmark. Inter-observer variation should 
be considered in all studies to provide context for the results presented. 

TABLE 15.4 
Recommended Approaches for Validation of Auto-Contouring for the Different Purposes 
of Evaluation 

Purpose of Study Validation Approach(es) Suggested 

Development: The validation of a newly 
proposed method of auto-contouring 

Quantitative measures are the primary method since these do not require 
clinical time. Current state-of-the-art measures, added path length, or surface 
Dice should be used to place a clinical interpretation on results. Further 
measures should be reported for context. 

Inter-observer variation should be reported using the same measures. 
If expert opinion is available, blinded subjective evaluation to assess potential 
clinical performance is highly benefcial. Clinical contours should be assessed 
alongside auto-contours as a benchmark. 

Comparison: The validation of two or 
more auto-contouring methods for the 
purpose of determining their relative 
strengths 

For challenge type evaluation, only quantitative assessment can be performed 
effectively for multiple methods. Inter-observer variation must be considered 
prior to drawing strong conclusions as to a “best” method. Methods using 
tolerances, such as added path length or surface Dice, should be considered. 

Clinical commissioning: The validation 
of an auto-contouring method for the 
purpose of evaluating its suitability for 
clinical use 

Methods assessing clinical impact should be the primary mode of validation. 
Care should be taken in implementation of such evaluations to avoid bias. 
Consideration should be given to blinding to measure the impact that using an 
alternative clinical contour would have in the same setting. Evaluation should 
be performed against current clinical practice rather than artifcial contouring 
scenarios. 

Blind subjective assessment is recommended in addition to enable larger 
dataset and multiple observers to participate in validation. 

Quantitative evaluation could be performed to demonstrate similar performance 
in the clinic as was observed in development studies. However, quantitative 
measures cannot demonstrate clinical acceptability. 
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Absolute volume, 220, 223 
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Accuracy, see Evaluation measures 
Activation function, 73, 87, 126, 170 
Active contours, see Low-level segmentation 
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brachial plexus, 2, 49, 249 
brainstem, 175 
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