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Manual image segmentation is a time-consuming task routinely performed in radiotherapy to
identify each patient’s targets and anatomical structures. The efficacy and safety of the radio-
therapy plan requires accurate segmentations as these regions of interest are generally used
to optimize and assess the quality of the plan. However, reports have shown that this process
can be subject to significant inter- and intraobserver variability. Furthermore, the quality of
the radiotherapy treatment, and subsequent analyses (ie, radiomics, dosimetric), can be sub-
ject to the accuracy of these manual segmentations. Automatic segmentation (or auto-seg-
mentation) of targets and normal tissues is, therefore, preferable as it would address these
challenges. Previously, auto-segmentation techniques have been clustered into 3 genera-
tions of algorithms, with multiatlas based and hybrid techniques (third generation) being
considered the state-of-the-art. More recently, however, the field of medical image segmen-
tation has seen accelerated growth driven by advances in computer vision, particularly
through the application of deep learning algorithms, suggesting we have entered the fourth
generation of auto-segmentation algorithm development. In this paper, the authors review
traditional (nondeep learning) algorithms particularly relevant for applications in radiother-
apy. Concepts from deep learning are introduced focusing on convolutional neural networks
and fully-convolutional networks which are generally used for segmentation tasks. Further-
more, the authors provide a summary of deep learning auto-segmentation radiotherapy appli-
cations reported in the literature. Lastly, considerations for clinical deployment
(commissioning and QA) of auto-segmentation software are provided.
Semin Radiat Oncol 29:185−197� 2019 Elsevier Inc. All rights reserved.
Introduction

Image segmentation is an important task routinely per-
formed in radiotherapy (RT) to identify treatment targets

and anatomical structures (organs-at-risk). In a typical clinical
workflow, a radiation oncologist manually segments these
regions of interest (ROI) on an RT simulation scan. Tradition-
ally, computed tomography (CT) scans have been used for RT
simulation; however, with the advent of magnetic resonance
(MR)-guided RT, MR simulation scans are being adopted for
RT planning in some clinics. The manual segmentation of
these ROIs is a time consuming process with some studies
reporting several hours of physician time per patient.1-3 This
could lead to significant delays in start of RT treatment, partic-
ularly in clinics with limited resources, which has been corre-
lated to worse locoregional control and overall survival
rates.4,5 Furthermore, the significant time commitment
required to segment each patient’s ROIs has been regarded as
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a hindrance, or rate-limiting step, for adaptive RT, as it is nec-
essary for the ROIs to be segmented on new imaging reflecting
patient’s anatomical changes to ensure accurate dose accumu-
lation estimates for the RT treatment.

The efficacy and safety of the RT plan requires accurate
segmentations as these regions of interest are generally used
to optimize and assess the quality of the plan. However,
inconsistencies in target and organs-at-risk segmentations
have been reported for both inter- and intraobserver segmen-
tation variability.1,6-8 These inconsistencies may arise from
the fact that the segmentation task is subjective in nature as
the expert performing the segmentations evaluates the avail-
able imaging and then makes the decision, based on prior-
knowledge and/or experience, of what voxels to include as
part of the ROI being segmented. Subsequently, the inherent
variability observed in manual segmentations could have a
significant impact on quantitative9-13 (eg radiomics) and
dosimetric analyses.1,14-16 Automatic segmentation (or auto-
segmentation) is, therefore, preferable as it would address
these challenges.

Auto-segmentation algorithms have to overcome several
image-related problems to ensure accurate predictions.
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First, medical images are subject to noise that can affect the
intensity of a voxel. Secondly, tissues within a patient typi-
cally exhibit intensity nonuniformity, meaning that voxel
intensities within a single tissue may gradually vary over
the extent of the image. Lastly, medical images are recon-
structed during acquisition to have a predefined voxel size
which leads to partial volume averaging. Limited by a finite
image resolution, voxels may contain more than one tissue
such that the voxel intensity may not be representative of
either tissue class. Furthermore, there are imaging modal-
ity-related challenges that may be specific to individual
modalities. While MR scans provide exquisite soft-tissue
contrast, image intensities tend to vary between acquisi-
tions due to magnetic susceptibility artifacts. These prob-
lems, along with the large anatomical presentation and
tissue distribution among different individuals in a popula-
tion, suggest that some degree of uncertainty is expected
for both manual and auto-segmentations.

The field of medical image auto-segmentation has rapidly
evolved over the past 2 decades. Previously, auto-segmenta-
tion segmentation techniques have been grouped into first,
second, and third generation algorithms, representing a new
standard in algorithm development.17 However, more
recently, deep learning based auto-segmentation techniques
have shown to provide significant improvements over more
traditional approaches suggesting we have entered the fourth
generation of auto-segmentation algorithm development
(Fig. 1).

The field of deep learning became more mainstream after
the seminal paper by Krizhevsky et al. (2012) showed that
using a deep convolutional neural network architecture
(AlexNet) could significantly improve predictions in image
classification and recognition tasks.18 In their work, the
authors employed graphical processing units (GPU) to per-
form convolutional computations significantly reducing the
time to train their model. Shortly after, research showed that
using convolutional neural networks (CNN) for image seg-
mentation tasks could outperform previously preferred
algorithms, resulting in the swift adaptation of these archi-
tectures for medical image auto-segmentation.

This review provides a brief overview of traditional (pre-
Deep Learning era) auto-segmentation techniques, introduces
concepts behind deep learning-based auto-segmentation algo-
rithms and commonly used architectures, and presents con-
siderations for clinical implementation of auto-segmentation.
Traditional Auto-Segmentation
Techniques

The development of auto-segmentation algorithms is along-
side with the capability of the algorithms in using prior
knowledge for new segmentation tasks. In an early stage,
limited by the computer power and the availability of seg-
mented data, most segmentation techniques used no or little
prior-knowledge, referred to as low-level segmentation
approaches. These include intensity thresholding, region
growing, and heuristic edge detection algorithms.
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 algorithm, have been used in medical imaging
auto-segmentation. Active contours and level-set algorithms
are considered deformable models as they use closed surfa-
ces that are able to contract or expand to conform to distinct
image features within an image; whereas graph cuts and the
watershed algorithm employ principles behind graph theory
to maximize interconnections between image voxels. Proba-
bility-based auto-segmentation techniques, such as Gaussian
mixture models, clustering, k-nearest neighbor, Bayesian
classifiers, and shallow artificial neural networks, rose in
popularity with the turn of the century thanks to advances
in the statistical community and the availability of higher
computing power. These approaches are characterized by
their ability to classify individual voxels in an image as
belonging to one of a known set of classes; however, these
typically lack contextual information from neighboring vox-
els (as voxels are classified independently) which is often
mediated by implementing hidden Markov random fields.19

In the last 2 decades, a large amount of exploratory work
has been invested in making use of prior knowledge. An
example is the use of shape and appearance characteristics of
anatomical structures to compensate for insufficient soft tis-
sue contrast of CT data, which prevents accurate definition
of the anatomical boundary. Depending on how much prior
knowledge is used in the algorithms, the approaches can be
grouped as (multi)atlas-based segmentation, model-based
segmentation, and machine learning-based segmentation.20

Single atlas based segmentation uses one reference image
with structures of interest already segmented, referred to as
atlas, as prior knowledge for new segmentation tasks.21 The
segmentation of a new image relies on deformable registra-
tion finding the optimal transformation between the atlas
and the new image to map the atlas contours onto the new
image. Varied deformable registration algorithms have been
used for this purpose22-27 and most of them are intensity-
based algorithms in order to achieve full automation. The
segmentation performance solely depends on the perfor-
mance of deformable registration, which is influenced by the
similarity of the morphology of organs of interest between
atlas and the new image. To achieve good segmentation
results, varied atlas selection strategies have been pro-
posed.28-34 Alternatively, using an atlas that reflects an aver-
age patient anatomy can potentially improve segmentation
performance.35,36

Atlas-based segmentation is often impacted by intersub-
ject variability. Instead of using a single atlas, multiatlas
approaches use a number of atlases (usually around 10) as
prior knowledge for new segmentation tasks.37-42 Similar to
single atlas-based approaches, deformable registration is the
enabling technique to map individual atlas contours to the
new image. An additional step, frequently referred as to
label/contour fusion, is performed to combine the individual
segmentations from multiple atlases to produce a final
segmentation that is the best estimate of the true



Figure 1 Number* of medical image segmentation peer-reviewed papers published since the turn of the century.
*Data was collected using Scopus with the following search criteria: Total Published − ((TITLE-ABS-KEY((segmen-

tation OR delineation) AND (organ OR target OR tumor))) AND (ALL(“automatic segmentation” OR “auto-segmenta-
tion” OR “auto-delineation” OR “automatic delineation” OR auto-segmentation OR auto-delineation OR “automated
segmentation” OR “automated delineation”)) AND(PUBYEAR > 1999) AND (ALL((ct OR mr OR “computed tomogra-
phy” OR “magnetic resonance”)))), Deep Learning Techniques − ((TITLE-ABS-KEY((segmentation OR delineation)
AND (“deep learning” OR cnn OR convolution OR fcn) AND (organ OR target OR tumor))) AND(ALL(“automatic seg-
mentation” OR “auto-segmentation” OR “auto-delineation” OR “automatic delineation” OR auto-segmentation OR
auto-delineation OR “automated segmentation” OR “automated delineation”)) AND(PUBYEAR > 1999) AND(ALL((ct
OR mr OR “computed tomography” OR “magnetic resonance”)))), RegistrationTechniques − ((TITLE-ABS-KEY((seg-
mentation OR delineation) AND (registration OR atlas-based OR atlas OR multi-atlas) AND (organ OR target OR
tumor))) AND(ALL(“automatic segmentation” OR “auto-segmentation” OR “auto-delineation” OR “automatic delinea-
tion” OR auto-segmentation OR autodelineation OR “automated segmentation” OR “automated delineation”)) AND
(PUBYEAR > 1999) AND(ALL((ct OR mr OR “computed tomography” OR “magnetic resonance”)))).
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segmentation.34,43-46 Multiatlas segmentation has been
shown to minimize the effects of intersubject variability and
improve segmentation accuracy from single atlas approaches.
In the past decade, multiatlas segmentation has been shown
as one of the most effective segmentation approaches in sev-
eral grand challenges.47-49 This approach has been validated
for clinical radiation oncology applications in contouring
head and neck normal tissue,50 cardiac substructures,51 bra-
chial plexus,39 and among others. Commercial implementa-
tion of multiatlas segmentation is also available, eg Elekta
ABAS (Elekta Oncology Systems, Crawley, UK) and RaySta-
tion (RaySearch Laboratories, Stockholm, Sweden) multiat-
las segmentation.

When more contoured images are available, characteristic
variations of shape or appearance of structures of interest
could be used to train statistical shape models or statistical
appearance models for auto-segmentation. These approaches
can restrict the final segmentation results to anatomically
plausible shapes described by the models.52 However,
model-based segmentation is less flexible due to the limita-
tion of specific shapes characterized by the statistical models.
Also, size and content of the training data limit the segmenta-
tion performance. In radiation oncology applications, model-
based segmentation is mostly used for the segmentation of
structures in the pelvic region.53-55

On the other hand, when more contoured images are
available, machine learning approaches can aid in segmenta-
tion by learning appropriate priors for structures and organs
or image context and tissue appearance for voxel classifica-
tion.56-58 Support vector machines59-63 and tree ensemble
(ie random forests)64-70 algorithms have shown promising
results in thoracic, abdominal, and pelvic tumor and normal
tissue segmentation. These generally employ human-engi-
neered features, usually derived from the image intensity his-
tograms, from a large patient database as inputs to train the
segmentation model.
Deep LearningAuto-Segmentation

Deep learning is part of the broader field of machine learning
where algorithms are able to learn data representations on
their own. More specifically, deep learning uses deep neural
network architectures with multiple (2 or more) hidden layers
(those between input and output layers) to learn features from
a dataset by modeling complex nonlinear relationships. Using
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deeper networks allows for improved generalization (predic-
tion) on unseen data. Previously, deep architectures were
prone to model overfitting; however, algorithmic advances
over the past decade has allowed for the use of very deep
architectures (100+ layers) to achieve “superhuman” perfor-
mance in some tasks. Furthermore, the application of GPUs
to speed up computations has fueled the field forward.

CNN are of particular interest in computer vision tasks (ie
segmentation, detection, classification) as these learn the fil-
ters or kernels that were previously engineered for use in tra-
ditional approaches. These architectures are usually formed
by stacking several types of layers (convolutional layers,
pooling layers, fully-connected layers, etc.) that transform
the input (image) into the desired output (Fig. 2). An impor-
tant feature of convolutional layers is that they provide local
connectivity between neurons of adjacent layers exploiting
spatially local correlations. This allows the networks to learn
features both globally and locally allowing the network to
detect subtle variations in the input data.

Previously, CNNs allowed for the classification of each
individual pixel in the image; however, this becomes
Figure 2 Illustration of convolutional neural network (CNN)
that the FCN has a decoding path that brings the output of the
ponents (convolutional, pooling, deconvolutional, and fully-co
computationally expensive as the same convolutions are
computed several times due to the large overlap between
input patches from neighboring pixels. Fully-convolutional
networks (FCNs) were introduced by Long et al. to over-
come the loss of spatial information resulting from the
implementation of fully-connected layers as final layers of
classification CNNs.71 FCNs have both an encoding (as in
traditional CNNs) and decoding paths (Fig. 2). The encoding
path takes the input image and generates a high-dimensional
feature vector which learns high layer (coarse) and low layer
(high) feature representations of the input data. The decod-
ing path replaced the fully-connected layers of CNNs to
apply a learned up-sampling, through the pixelwise loss, to
produce accurate segmentations.

FCNs are generally trained using supervised learning
meaning that each input image has a corresponding labeled
output. The learning process is made possible by the back-
propagation algorithm72 which can be summarized as fol-
lows: First, the data is passed through the network (forward-
propagation) and an output prediction (inference) is made.
Then a loss function is used as an error metric to compare
and fully-convolutional network (FCN). These differ in
network back to the original input size. Individual com-
nnected layers) are demonstrated in the bottom panel.
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the predicted and labeled (known) output. The objective of
the backpropagation algorithm is to minimize this loss. The
backpropagation algorithm propagates the errors backwards
through the network, calculating the error signal at each
node, and updating each node’s weights at each training iter-
ation. Traditionally, a small portion of the input data, com-
monly referred as the batch size, is used at each iteration.
These networks may require many epochs, or pass through
the full training set, to converge on a combination of weights
that produce a satisfactory level of accuracy.

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 efficiency and hardware, in particular the fast
increase in available GPU memory, have promoted the
extension of these methods to 3D imaging. Patch-wise archi-
tectures, those using 2D (Nx x Ny) or 3D (Nx£Ny£Nz)
patches centered around the voxels in an image, were intro-
duced to address these bottlenecks. In this simple approach,
patches extracted from the whole image, along with their
corresponding label maps, are used to train the segmentation
network. Several approaches (shift-and-stitch, fusion, etc.)
are being used to combine individual patch segmentation
probability maps to create dense outputs.71,73,74 Some
results have suggested that the performance of patch-wise
architectures can be improved by using multiscale inputs
(multiple inputs with different patch sizes) which provide
the network with global and local context.75,76

It remains to be determined what the minimum number
of patient scans is needed to produce clinically acceptable
results; however, one could argue that a robust dataset (one
that includes large variability in patient anatomy approxi-
mating population variability) would suffice for this task (it
has been shown that reasonable results can be achieved with
as little as 12 patient scans77). In addition, determining this
number of scans could be task dependent as some anatomies
may be easier to identify than others (ie lungs vs esophagus).
Furthermore, it should be noted that the quality of the data
(both the images and segmentations) could be closely corre-
lated with algorithm results; therefore, one should visually
inspect patient data prior to training a model. The use of dif-
ferent contouring guidelines between institutions could have
significant impact on the performance of an algorithm when
tested on a new dataset.

Unfortunately, there are very few publicly-available data-
sets to train and test these algorithms. Due to this limitation,
it is very important to follow proper resampling methods to
prevent over-fitting on a test dataset.78 While bootstrap and
k-fold cross-validation are usually the preferred methods
used in statistical learning to optimize model parameters
during training,79 these are computationally expensive and
therefore not commonly used for medical image segmenta-
tion. The hold-out method is the most commonly used
method for image segmentation. In this approach the data is
divided into training, cross-validation, and test sets. It is
well-understood that the training set performance tends to
overestimate the test set accuracy, therefore it is advanta-
geous to use a cross-validation set to evaluate the trained
model’s performance during hyper-parameter search and
model optimization. This prevents from “peeking” into the
test set data, which should only be used after the final model
is determined. Evaluating the training model’s performance
on the test set prior to identifying the final model could
introduce bias and result in poor generalization on unseen
datasets. There are many possible ways to split the original
dataset (ie 80/10/10 meaning 80% training, 10% cross-vali-
dation, and 10% test) and this task could be dependent on
data availability. Using a 56/24/20 split (20% test, and 70%
train, and 30% cross-validation from the remaining 80%)
has been shown to produce good generalization from the
cross-validation to test set accuracy.80

The literature on architectures used for medical image
segmentation is already very broad with many applications
being investigated for the majority of anatomical regions
(thoracic, abdominal, pelvic, head-and-neck, brain, etc.) and
across different imaging modalities (CT, MRI, FDG-PET,
etc.). A comprehensive summary of deep learning auto-
segmentation radiotherapy applications by anatomical region
is provided in Table 1.
Popular Architectures Used
in Medical Imaging
Auto-Segmentation

The most popular medical image segmentation FCN archi-
tecture is the U-net.81 While previous works had already
proposed the use of encoding and decoding paths to create
dense outputs, Ronneberger et al81 combined this approach
with skip-connections, which concatenate features from the
encoding to the decoding layers, to provide the architecture
with higher resolution features from the encoding path with
the up-sampled features from the decoding path to better
localize and learn representations from the input image.
Furthermore, the U-net allowed for efficient end-to-end
training, meaning that it did not require a pretrained net-
work as others had previously proposed, and showed that
the network could be trained to produce accurate segmenta-
tions with very little labeled training data.81 The original 2D
application of the U-net was extended by Cicek et al82 to
allow the use of 3D images to train this network. Other
groups have introduced variants of the original U-net archi-
tecture. Milletari et al83 proposed the V-net, a 3D version of
the U-net architecture that introduced the use of a Dice
coefficient loss function and implemented residual learn-
ing84 at each resolution stage. Kamnitsas and collabora-
tors75 introduced the DeepMedic architecture which used
multiscale 3D CNNs with fully-connected conditional ran-
dom fields85 for brain lesion segmentation. Their dual path-
way architecture provided the network with local and more
global context from the input images by using image
patches at multiple scales simultaneously. Currently, there
are two open-source platforms, Deep Learning Tool Kit86

and NiftyNet,87 which provide code to train and test these
architectures.



Table 1 Summary of Deep Learning Auto-Segmentation Applications by Anatomical Region

Architecture Type Image Modality Test Cases Results per ROI

Thoracic
2.5D FCN CT 10 Aorta (DSC = 0.77), Bladder (DSC = 0.84), Esophagus (DSC = 0.43), Gallblad-

der (DSC = 0.65), Heart (DSC = 0.93), Inferior Vena Cava (DSC = 0.68), Left
Lung (DSC = 0.94), Left Kidney (DSC = 0.91), Liver (DSC = 0.95), Pancreas
(DSC = 0.62), Prostate (DSC = 0.52), Right Lung (DSC = 0.93), Right Kidney
(DSC = 0.92), Spleen (DSC = 0.92), Stomach and Duodenum Lumen
(DSC = 0.76), Uterus (DSC = 0.17)

96

2D FCN MR 600 Left ventricle cavity (DSC = 0.94, MSD = 1.04)
Left ventricle myocardium (DSC = 0.88, MSD = 1.14)
Right ventricle cavity (DSC = 0.90, MSD = 1.78)

97

2D U-net MR 66 Breast (DSC = 0.944, MSD = 2.9)
Fibroglandular tissue (DSC = 0.811, MSD = 3.1)

98

3D FCN CT 30 Esophagus (DSC = 0.76, HD = 10.68) 99

2D FCN +CRF CT 30 (CV) Aorta (DSC = 0.89), Esophagus (DSC = 0.69), Heart (DSC = 0.90), Trachea
(DSC = 0.87)

100

2.5D CNN CT 893† Lung Node (DSC = 0.78, MSD= 0.24) 101

2D CNN CT 20 Left and Right Lungs (DSC»0.98+), Esophagus (DSC»0.72+), Heart
(DSC»0.89+), Mediastinum (DSC»0.93+), Spinal Cord (DSC»0.82+)

102

2D FCN CT 800 (CV) Breast cancer CTV (DSC = 0.91, HD = 10.5) 103

Abdomen
2D FCN CT 43 Liver (DSC = 0.89) 104

3D FCN CT 32 Liver (DSC = 0.97, MSD = 0.84) 105

2.5D CNN CT 73 Portal Vein (DSC = 0.7, MSD = 2.94) 106

2.5D CNN & 3D FCN CT 36 Aorta (DSC = 0.77), Bladder (DSC = 0.70), Esophagus (DSC = 0.12), Gallblad-
der (DSC = 0.65), Heart (DSC = 0.91), Inferior Vena Cava (DSC = 0.58), Left
Lung (DSC = 0.95), Left Kidney (DSC = 0.96), Liver (DSC = 0.94), Pancreas
(DSC = 0.53), Prostate (DSC = 0.47), Right Lung (DSC = 0.96), Right Kidney
(DSC = 0.87), Spleen (DSC = 0.87), Stomach and Duodenum Lumen
(DSC = 0.59), Uterus (DSC = 0.34)

107

2D FCN CT 12 Liver (DSC = 0.90), Right Kidney(DSC = 0.89), Left Kidney (DSC = 0.89),
Spleen (DSC = 0.89)

77

2D CNN CT 90† Liver Lesions (DSC = 0.77, MSD = 1.6) 108

2D FCN CT 70 Liver (DSC = 0.96, MSD = 1.1)
Liver Lesion (DSC = 0.66, MSD = 1.2)

109

3D FCN CT 140 Liver (DSC = 0.96, MSD = 1.3)
Spleen (DSC = 0.94, MSD= 1.2)
Kidneys (DSC = 0.95, MSD= 1.0)

110

3D FCN CT 30 Liver (MSD = 0.91) 111

2D/3D FCN CT/MR 78 CT − Liver (DSC = 0.94, MSD = 1.5)
MR − Liver (DSC = 0.91, MSD= 5.3)

112

2D CNN CT 100 (CV) Liver (DSC = 0.97, MSD = 1.77) 113

3D CNN MR 10 Bowel (DSC = 0.866, HD = 5.9), Duodenum (DSC = 0.655, HD = 7.99), Liver
(DSC = 0.953, HD = 5.41), Kidneys (DSC = 0.931, HD = 6.23), Stomach
(DSC = 0.85, HD = 6.88)

114

(continued on next page)
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Table 1 (Continued)

Architecture Type Image Modality Test Cases Results per ROI

3D V-net CT 90 (CV) Duodenum (DSC = 0.63, MSD = 4.1), Esophagus (DSC = 0.71, MSD = 1.7),
Gallbladder (DSC = 0.73, MSD= 1.6), Left Kidney (DSC = 0.93, MSD= 0.9),
Liver (DSC = 0.95, MSD = 1.6), Pancreas (DSC = 0.75, MSD = 1.9), Spleen
(DSC = 0.95, MSD= 0.8), Stomach (DSC = 0.87, MSD = 2.5)

115

2D FCN MR 9 Left Kidney (DSC = 0.73), Liver (DSC = 0.91), Right Kidney (DSC = 0.78),
Spleen (DSC = 0.93), Stomach (DSC = 0.56)

116

2D CNN CT 10 Liver (DSC = 0.97,MSD = 1.48) 117

3D FCN CT 150 Liver (DSC = 0.95)
Spleen (DSC = 0.93)
Pancreas (DSC = 0.82)

76

2.5D CNN CT 20 Pancreas (DSC = 0.81, MSD = 0.42) 118

Pelvis
3D V-net MR 30 Prostate (DSC = 0.87, HD = 5.7) 119

2D CNN CT 126† Bladder tumor (DSC = 0.53, MSD= 4.7) 120

AE MR 21 Prostate (Sensitivity = 91.51%, Specificity = 88.47%) 74

AE +DM MR 66 Prostate (DSC = 0.878, MSD = 1.59) 121

2D CNN MR 250 Prostate (DSC = 0.8977, MSD= 0.16 tmm) 122

2D FCN CT 60 Bladder (DSC = 0.93), Colon (DSC = 0.62), Intestine (DSC = 0.65), Left femoral
head (DSC = 0.92), Right femoral head (DSC = 0.92), Rectal CTV
(DSC = 0.88)

123

2D FCN MR 70 Rectal Tumor (DSC = 0.69) 124

3D CNN MR 30 Prostate(DSC = 0.89) 125

3D CNN MR 26 Prostate(DSC = 0.88) 126

Head and Neck
2.5D CNN CT 50 (CV) Eye Left (DSC = 0.88), Eye Right (DSC = 0.88), Larynx (DSC = 0.86), Mandible

(DSC = 0.99), Optic_Nerve_L (DSC = 0.639), Optic_Nerve_R (DSC = 0.645),
Optic_Chiasm (DSC = 0.374), Parotid_L (DSC = 0.766), Parotid_R
(DSC = 0.78), Pharynx (DSC = 0.693), Submandibular_L (DSC = 0.697), Sub-
mandibular_R (DSC = 0.730), Spinal Cord (DSC = 0.87)

127

2D CNN CT 46 Nasopharynx CTV (DSC = 0.83, HD = 6.9)
Nasopharynx GTV-primary (DSC = 0.81, HD = 5.1)
Nasopharynx GTV-nodal (DSC = 0.62, HD = 25.8)

128

Multi-scale 3D CNN CT 48 Chiasm(DSC = 0.58, 95HD = 2.81)
Optic_nerve_L(DSC = 0.72, 95HD = 2.3)
Optic_nerve_R(DSC = 0.70, 95HD = 2.1)

129

3D FCN CT 15 Parotids (DSC[median] = 0.87) 130

3D FCN CT 20 Brain_Stem (DSC = 0.92, MSD= 0.84), Cochlea_L (DSC = 0.75, MSD = 0.34),
Cochlea_R (DSC = 0.73, MSD = 0.41), Esophagus_Upper (DSC = 0.35,
MSD = 7.7), Lyranx_Glottic (DSC = 0.39, MSD = 2.4), Larynx_Supraglottic
(DSC = 0.71, MSD= 2.2), Mandible (DSC = 0.96, MSD = 0.60), Oral_Cavity
(DSC = 0.84, MSD= 10.1), Parotid_L (DSC = 0.86, MSD = 1.4), Parotid_R
(DSC = 0.90, MSD= 1.1), Pharynx_Cons_Inf (DSC = 0.58, MSD= 2.0), Phar-
ynx_Cons_Mid (DSC = 0.61, MSD = 2.0), Pharynx_Cons_Sup (DSC = 0.46,
MSD = 2.1),
Submandibular_L (DSC = 0.79, MSD = 1.5), Submandibular_R (DSC = 0.88,
MSD = 0.83), Spinal_Cord (DSC = 0.96, MSD = 0.39)

131
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Table 1 (Continued)

Architecture Type Image Modality Test Cases Results per ROI

3D CNN CT 46 Brain_Stem (DSC = 0.87), Chiasm (DSC = 0.53), Mandible (DSC = 0.93),
Optic_Nerve_L (DSC = 0.72), Optic_Nerve_R (DSC = 0.71), Parotid_L
(DSC = 0.88), Parotid_R(DSC = 0.87), Submandibular_L (DSC = 0.81), Sub-
mandibular_R (DSC = 0.81)

132

3D FCN CT 75 Brain (DSC = 0.99), Brain_Stem (DSC = 0.88), Cochlea_L (DSC = 0.63),
Cochlea_R (DSC = 0.75), Lacrimal_L (DSC = 0.69), Lacrimal_R (DSC = 0.70),
Lens_L (DSC = 0.81), Lens_R(DSC = 0.80), Lung_L (DSC = 0.99), Lung_R
(DSC = 0.99), Mandible (DSC = 0.96), Optic_nerve_L (DSC = 0.76), Optic_-
nerve_R (DSC = 0.77), Oribit_L (DSC = 0.95), Orbit_R (DSC = 0.95), Paro-
tid_L (DSC = 0.85), Parotid_R (DSC = 0.85), Spinal_Canal (DSC = 0.95),
Spinal_Cord (DSC = 0.88), Submandibular_L (DSC = 0.85), Submandibular_R
(DSC=0.85)

133

AE CT 52 (CV) Oropharyngeal Cancer high-risk CTV (DSC = 0.81, MSD= 2.9) 134

3D U-net CT 75 Oropharyngeal Cancer low-risk CTV (DSC = 0.82, MSD = 3.3) 135

Brain
3D CNN MRI 220 (CV) Tumor (DSC = 0.90) 75

2D CNN MRI 460 (CV) Tumor_Core (DSC = 0.71)* 136

Tumor (DSC = 0.82) 137

2D CNN MRI 44 Tumor (DSC = 0.72)* 138

2D CNN MRI 244 Tumor (DSC = 0.86)* 139

DSC, dice similarity coefficient, MSD, mean surface distance (in mm), HD, Hausdorff distance (in mm).
† Number of lung/liver/bladder tumor/nodules.
+ Mean value estimated from figure.
* Metric’s average over multiple dataset’s results.
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Progress Through Publicly
Available Image Datasets

It could be argued that the availability of publicly available
datasets with ground-truth labeled segmentations has pro-
moted advances in deep learning segmentation algorithms.
These datasets are generally published as part of “grand chal-
lenges” that are usually hosted by organizations such as the
American Association of Physicists in Medicine, the Medical
Image Computing and Computer-Assisted Intervention Soci-
ety, and the International Society for Optics and Photonics.
These segmentation challenges allow participants to evaluate
their algorithm’s performance on a common benchmark
image dataset. Recent challenges have reported on the supe-
rior segmentation performance of deep learning based
algorithms when compared to previous generation techni-
ques.49,88 Yang and colleagues reported on the results from
the American Association of Physicists in Medicine 2017
Thoracic segmentation challenge.49 In this challenge, the
top-3 performing algorithms were deep learning based (4th
place was multiatlas based). While deep learning and atlas-
based algorithms performed similarly for some normal tis-
sues, there was a significant improvement in esophagus
auto-segmentation when using deep learning approaches.
Bernard et all showed how deep learning auto-segmentations
in the “Automatic Cardiac Diagnosis Challenge” produced
overlap and distance metrics that were well within the inter-
and intraobserver variability scores suggesting that the state-
of-the-art deep learning techniques’ results may reach a pla-
teau in performance due to the inherent variability observed
in the input manual segmentations.88
Segmentation Software
Commissioning and Quality
Assurance

When contours are used in the radiotherapy process, any
errors in the segmentation can have a serious impact on the
patient treatment. Depending on the location and extent of
the error, normal tissues (eg cord) could receive unintended
doses, or targets could be under-treated. Thus, it is impor-
tant to perform appropriate commissioning of the system,
routine procedural maintenance, and patient-specific verifi-
cation of the auto-segmentation.

The commissioning process involves testing of the func-
tions of a given piece of software and documentation of its
different capabilities. The most obvious test for segmentation
software is an evaluation of the accuracy of the segmentation,
probably by comparison with manually drawn contours
using overlap and distance metrics. Examples for many ana-
tomical sites have been reported above. Commissioning for
clinical use, however, involves a more comprehensive evalu-
ation than these analyses. The commissioning process
should include extensive testing with patient data from the
local institution, to ensure that the software works as
expected for their range of image types, patient anatomies,
etc. Additionally, it is important to ensure that segmentations
created within one software tool are exported/imported
properly to other systems, with all segmentations informa-
tion being transferred consistently and accurately to the
treatment planning system. If the segmentation does not
work sufficiently accurately or reliably for any of these com-
binations, then this limitation should be clearly documented
so that the users are aware and vendors can address these
issues.

Once the commissioning process is complete, and the
user has verified that the segmentation software works suffi-
ciently well in their environment and any limitations have
been identified, the software can then be released for clinical
use. Some routine maintenance is necessary after that to
ensure that the software continues to perform in a consistent
manner. The focus on quality is, however, now performed
on an individual patient-by-patient basis. All segmentations
should be carefully reviewed and approved by the local clini-
cal staff (eg radiation oncologists) before use in a treatment
plan. During the initial stages of deployment, the output of
the automatic segmentation software should be treated as if a
trainee had performed the contouring − that is, it is probably
a reasonable starting point, but careful review is essential.
The benefits of peer-review assessment through quality
assurance contouring rounds have been previously
reported,89-91 and establishing similar practices to assess
auto-segmentation results, even for algorithms that have
been shown to give excellent segmentations, could ensure
the overall safety of the radiotherapy treatment.

Automatic quality assurance of auto-segmentations has
also been investigated.92-94 These measure ROI specific char-
acteristics (centroid, volume, shape, etc.) and use statistical
approaches to determine any large deviations in segmented
volumes. Another suggested approach, for example, could
use the results of a primary segmentation algorithm and
compare these to a secondary verification algorithm.95 This
approach requires the two algorithms to be independent, as
the assumption is that they will fail in different ways.
Although this approach does not replace the need for careful
review of contours by the attending physician, it may help
flag cases that require extra attention.

While deep learning auto-segmentation techniques
have been shown to be very promising, comprehensive
commissioning and QA of deep learning auto-segmenta-
tion software − or any other auto-segmentation tech-
nique − is critical prior and during clinical deployment
to ensure patient safety. Furthermore, we recommend
any auto-segmentation software to be used as a decision
support tool which requires expert visual inspection and
approval during clinical deployment.
Current Limitations of Deep
Learning Auto-Segmentation

There are several important limitations to deep learning
auto-segmentation. One significant limitation is that deep
learning algorithms provide very little interpretability
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(black-box algorithm) to understand how and which fea-
tures (anatomical and/or image intensity-based) affected
the trained network during segmentation prediction. This
hinders the ability to fully understand and identify the
cause behind inaccurate segmentations. Many data-related
challenges are presented for deep learning applications,
especially the requirement of high-quality segmented data-
sets. Deep learning approaches depend on the quality of
the segmentations (prior-knowledge) used to train a model.
This limitation could be addressed through standardization
of manual contours via the adoption of established interna-
tional consensus guidelines. A reduction in inter- and intra-
observer contouring variability could further improve the
prediction accuracy of an existing model. Lastly, variations
in image acquisition protocols could potentially affect the
performance of a deep learning algorithm; however, this
limitation is applicable to all auto-segmentation techniques.
Conclusion

Deep learning auto-segmentation algorithms have quickly
become the state-of-the-art in medical image segmentation
suggesting we have entered the fourth generation of algo-
rithm development. These algorithms have been applied to
auto-segment targets and normal tissues in many anatomical
sites including the thorax, abdomen, pelvis, head and neck,
and brain with some applications producing better results
than the measured inter- and intraobserver contouring vari-
ability. Over the next few years we expect increased availabil-
ity (commercial and open-source) of deep learning-based
auto-segmentation tools for radiotherapy treatment plan-
ning, as well as increased acceptance and implementation of
auto-segmentation tools in clinical practice. While these
tools have been shown to be very promising, commissioning
and periodic QA of these systems should be performed to
ensure patient safety.
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