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A B S T R A C T   

In radiation therapy, a CT image is used to manually delineate the organs and plan the treatment. During the 
treatment, a cone beam CT (CBCT) is often acquired to monitor the anatomical modifications. For this purpose, 
automatic organ segmentation on CBCT is a crucial step. However, manual segmentations on CBCT are scarce, 
and models trained with CT data do not generalize well to CBCT images. We investigate adversarial networks and 
intensity-based data augmentation, two strategies leveraging large databases of annotated CTs to train neural 
networks for segmentation on CBCT. Adversarial networks consist of a 3D U-Net segmenter and a domain 
classifier. The proposed framework is aimed at encouraging the learning of filters producing more accurate 
segmentations on CBCT. Intensity-based data augmentation consists in modifying the training CT images to 
reduce the gap between CT and CBCT distributions. The proposed adversarial networks reach DSCs of 0.787, 
0.447, and 0.660 for the bladder, rectum, and prostate respectively, which is an improvement over the DSCs of 
0.749, 0.179, and 0.629 for “source only” training. Our brightness-based data augmentation reaches DSCs of 
0.837, 0.701, and 0.734, which outperforms the morphons registration algorithms for the bladder (0.813) and 
rectum (0.653), while performing similarly on the prostate (0.731). The proposed adversarial training framework 
can be used for any segmentation application where training and test distributions differ. Our intensity-based 
data augmentation can be used for CBCT segmentation to help achieve the prescribed dose on target and 
lower the dose delivered to healthy organs.   

1. Introduction 

About half of cancer patients are currently treated with radiotherapy. 
This treatment consists in delivering a prescribed dose of radiation, 
typically X-rays, to the tumor, while limiting the dose delivered to the 
surrounding healthy organs, also called organs at risk or OARs. The 
spatial distribution of the dose is optimized at treatment planning, 
which requires a computed tomography (CT) scan of the patient and the 
delineation of the tumor and OAR contours on the scan in order to 
evaluate the dose delivered to those regions. In current practice, trained 
clinicians delineate the contours manually on the CT. Then, the 
computed dose is split into different fractions, which are delivered to the 
patient during successive treatment sessions. However, variations in 
patient anatomy between sessions can impair dose conformity, with 

typically too large a dose delivered to the healthy organs or too low a 
dose to the tumor [47]. Those daily variation are particularly large in the 
pelvic region due to physiological function (e.g., bladder and rectal 
filling or voiding). This can jeopardize treatment optimality, with 
possibly lower tumor control probability or more acute secondary ef
fects, affecting quality of life, such as anal canal bleeding for prostate 
cancer. 

Adaptive radiation therapy is aimed at ensuring an optimal treat
ment by using daily images to monitor anatomical modifications and 
adapt the treatment plan accordingly. For this purpose, drawing new 
contours on this daily image is a crucial step [20,49]. Since drawing 
those contours manually takes too long to be carried out before each 
treatment session (2–4 h per volumetric image, with one image for each 
of the ~20 treatment sessions), an automated segmentation algorithm is 
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needed. Registration-based segmentation approaches are widely used 
for medical image segmentation due to their easy interpretation and 
high performance in regions with little anatomical variations [46,50]. 
However, these methods fail in the case of large deformations between 
scans to be registered, as it is often the case in the pelvic region [57,65]. 
Furthermore, they are rather slow, reaching 1.92 min per image for the 
ANACONDA algorithm [61] and 8.33 min per image for the diffeo
morphic morphons algorithm, which is suited for registering planning 
and daily images [25]. 

While deep neural networks such as U-Net provide state-of-the-art 
performance for medical image segmentation, their use in our applica
tion is not direct. Indeed, it consists of a supervised learning model 
whose internal parameters must be adjusted on a set of already con
toured images. Although such databases are available for CT scans, since 
contouring them has been part of classical clinical routine, the use of 
helical CT in the treatment room to position the patient is challenging 
because physical constraints prevent the CT scanner and the dose de
livery machine from being in the same place. Therefore, the daily image 
is often what can be seen as a noisy CT scan: a cone beam CT (CBCT) 
scan. Since these images are not contoured in clinical routine, there are 
no (or few) labeled CBCT scans on which a deep learning model can be 
trained for CBCT segmentation. This raises the question of how to 
leverage the large database of annotated CT scans in order to build a 
model able to segment images from a slightly different (see Fig. 1) 
domain: CBCT scans. 

The most direct way to do this is simply to train a network on a mixed 
training set made of both labeled CT scans and a small number of CBCT 
scans contoured specifically for model training [5,21,32]. In order to 
avoid the annotations of CBCT scans, pseudo-CBCT scans can be 
generated from annotated CT scans [52] and added to the CT scan 
training set. However, those approaches need either a small number of 
annotated CBCT scans or a physical model for the pseudo-CBCT scan 
generation, which requires thorough expertise in the field. In this paper, 
we report on training a deep neural network for male pelvic organs 
segmentation in CBCT scans using labeled CT and unlabeled CBCT scans, 
as available in the current treatment workflow, and limited physical 
expertise (i.e., it does not require deriving an explicit physical model for 
CT to CBCT conversion). For this purpose, we propose two different 
strategies. On the one hand, we follow an unsupervised domain adap
tation (UDA) learning strategy where the CT and CBCT scans are 
considered the source and target domains, respectively. In machine 
learning, unsupervised domain adaptation refers to strategies that train 
a model using labeled examples, a “source domain” (in our case, CTs), 
and only unlabeled examples in a similar yet different “target domain” 
(in our case, CBCTs). We extend the method proposed in Refs. [18,28] 
for learning domain-invariant features to a U-Net architecture. This lets 
us train a segmenter using the annotated CT scans while forcing the 

features to be transferable to the CBCT scans. On the other hand, we use 
standard (non adversarial) training with intensity-based data augmen
tation on the CBCT inputs in order to bring CT and CBCT intensity dis
tributions closer at the input level and enhance the learning of 
domain-invariant features. Then, the selected best method for 
intensity-based data augmentation is combined with adversarial 
training. In addition, the effect of database size on the model’s perfor
mance is analyzed for the intensity-based data augmentation approach. 
Our contribution is twofold:  

• Adversarial networks for unsupervised domain adaptation are 
implemented with 3D U-Net and applied to male pelvic organ seg
mentation on CBCT, including the bladder, rectum, and prostate. The 
model is trained using annotated CTs and non-annotated CBCTs, 
outperforming (for each of the three organs) a model trained only on 
CT (i.e., without adversarial networks). Our architecture for unsu
pervised domain adaptation with a gradient reversal layer uses (i) a 
3D end-to-end architecture (in contrast to slice-wise 2D ones) and (ii) 
U-Net as its base (while some previous works use simple autoen
coders or patch-based methods, without skip connections). Our code 
is made public and can be used for any segmentation application 
experiencing a shift of distribution between training and test images, 
a recurring problem in biomedical imaging.  

• Different strategies for intensity-based data augmentation are 
compared and we demonstrate that brightness, linear, and bilinear 
transformations improve generalization of CT-only models to CBCT 
data without requiring annotated CBCTs. For these strategies, neural 
networks are trained in a standard, non adversarial fashion. Applying 
intensity-based data augmentation during training achieves similar 
results to deformable image registration (DIR) for the prostate and 
outperforms existing automatic segmentation methods (trained with 
labeled CTs and unlabeled CBCTs) for the bladder and rectum. 
Moreover, our model is several orders of magnitude faster than DIR 
at inference, which is essential for online treatment adaptation. It 
also outperform a cycleGAN-based approach. 

2. Related works 

2.1. Deep domain adaptation 

While medical imaging datasets are becoming more available, the 
lack of annotated data (i.e., labels) remains a challenge for supervised 
machine learning algorithms. Therefore, different approaches have been 
proposed in order to learn with less supervision. Among those methods, 
transfer learning considers learning from related learning problems. In 
particular, domain adaptation is a transfer learning category where the 
training and test data are from different domains whereas the task 

Fig. 1. Radiotherapy relies on CT scans for treatment planning and on cone beam CT (CBCT) for treatment monitoring (these can be seen as noisy CTs). Current 
clinical workflow generates large databases of annotated CT scans on which neural networks can be trained for segmentation tasks. However, using these seg
mentation networks on CBCT scans at test time requires innovative methods due to differences in appearance between the two modalities. 
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performed by the model remains similar for both domains [11]. The 
source domain refers to the domain where labels are available and su
pervised learning can be performed. The target domain refers to the 
domain where no or few labels are available and where the actual task 
should be performed. 

When few labels are available in the target domain, supervised 
learning can be used in both source and target domains. Domain adap
tation with fine-tuning strategies has been studied and applied experi
mentally for the segmentation of brain lesions [19]. Also, cross-domain 
data augmentation has been proposed in order to segment male pelvic 
organs in CBCTs. This approach uses labeled CTs to augment the training 
set [32]. However, such approaches still require some labels in the target 
domain, which limits their use in applications where target labels are 
hard to collect. If no labels are available in the target domain, unsu
pervised domain adaptation (UDA) is considered. We generally divide 
current UDA methods into three categories: feature-level transferring, 
image-level transfer, and label-level transfer. 

2.2. Feature-level transferring 

Feature-level transferring was adopted by the first deep domain 
adaptation approaches and attempts to force the extraction of domain- 
invariant features. Those methods extend deep convolutional networks 
to domain adaptation either (i) by minimizing the maximum mean 
discrepancy (MMD) between the features learned from the source and 
target domains with one or more adaptation layers [38,59], (ii) by 
adding a domain discriminator determining whether the learned deep 
features are extracted from source or target data following a 
domain-adversarial learning strategy [1,18,58], or (iii) by minimizing 
the correlation distance between features [54]. Building 
domain-invariant features can also rely on disentanglement strategies to 
build a shared domain-invariant content space and a domain-specific 
style space [64]. However, feature-level transferring techniques suffer 
from several limitations, especially when it comes to a segmentation 
task. First, the semantic consistency is not enforced through the align
ment of the marginal distributions [66]. Second, the level of a deep 
representation to be aligned is not trivial to choose and not easily 
interpretable, which can lead to a tedious tuning process. Indeed, 
different choices of feature levels may result in different segmentation 
results. To tackle those limitations, a significance-aware feature purifi
cation before the adversarial adaptation was proposed recently [39], 
which eases the feature alignment and stabilizes the adversarial training 
course. Medical image segmentation has been performed using adver
sarial UDA between MR images [28] and between MR images and CT 
scans [15]. Adversarial UDA has also been used to segment MR images 
with both semantic and boundary information [34]. 

2.3. Image-level transferring 

Image-level transferring consists in adapting the source images to 
look as if they belong to the target domain [3]. Hence, the distribution 
alignment is performed in the raw pixel space. Domain adaptation can 
be formulated as the generalization to a new domain. From this model 
generalization perspective, data augmentation techniques can be used to 
make the source training samples look closer to the target samples. 
Image data augmentation for deep learning has been reviewed in 
Ref. [53] and, with a focus on medical image segmentation in Ref. [43]. 
Common data augmentation techniques consider affine, elastic and 
pixel-level transformations. Pixel-level transformation are especially 
useful for medical image processing since they can simulate the acqui
sition with different devices. Common transformation are noise in
jections, modification of the brightness, sharpening or blurring with a 
kernel and mixup [40,41,44,60]. Such methods are easy to implement 
and fast but may not be able to produce sufficiently realistic images in 
order to allow domain adaptation. 

In order to cope with those limitations, approaches allowing artificial 

images generation have been proposed. Image-to-image translation 
techniques, such as CycleGAN [69], can generate visually appealing 
results that maintain local content in natural scenes. Image-to-image 
transferring has been used prior to segment abdominal organs [24], 
lung tumors [27], cardiac [10,67] and knee [37] structures using 
domain adaptation between MR images and CT scans. It has also been 
used for chest X-ray [9] and fundus images [68] segmentation. Besides, a 
cycle-and shape-consistent GAN has been proposed for segmentation of 
cardiovascular and abdominal structures in CT scans and MR images, as 
well as mammography X-rays [6]. However, image-level transferring 
techniques also have several limitations. Indeed, for image alignment, 
the quality of the synthetic images is not guaranteed without large 
amounts of data from the target domain. Furthermore, those approaches 
tend to correctly deal with pixel or low-level domain shifts but some
times fail to capture high-level semantic information [23]. Some re
searchers attempt to overcome the limitations of feature and image 
alignment strategies by combining them for natural [23] and medical 
images [10]. In Ref. [10], cardiac substructures are segmented in MR 
images and CT scans. Alternatively, approaches attempt to improve the 
shape and appearance of the structures of interest [2,14,27,67]. 
Recently [26], models the co-dependency between images and their 
segmentation in order to improve both geometry and appearance con
sistency through the domain transfer process. 

2.4. Label-level transferring 

Label-level transferring consists in predicting pseudo-labels on target 
data and using them to generalize to the target domain. Self-training 
considers a model trained on the labeled source data to predict labels 
on the target data, then simply trains on some of those estimated pseudo- 
labels (e.g., the most confident ones) [30,36,71]. Self-ensembling uses a 
teacher and a student network, where the teacher model is an ensemble 
model obtained by averaging the weights of the student model over the 
training phase. More precisely, the student network is trained such that 
is produces predictions that are consistent with the teacher predictions 
on the target data. In this framework, the predictions of the teacher 
model are considered as pseudo-labels as the teacher model is an 
ensemble model, supposed to show good generalization capabilities. 
Even if current self-ensembling techniques are effective in a 
semi-supervised setting [56], these approaches need much 
manually-tuned data augmentation in order to succeed in domain 
alignment tasks [16]. Concerning semantic segmentation, appropriate 
data augmentation should be performed to avoid a spatial misalignment 
between the student and teacher predictions and is a limitation of the 
approach. Medical image segmentation in MR images based on 
self-ensembling was first performed by Ref. [48], followed by Ref. [45]. 
In Refs. [12,30], data augmentation is based on a GAN and allows 
improved semantic segmentation with self-ensembling. Besides 
self-training and self-ensembling, multi-view co-training has also been 
used for medical image segmentation and domain adaptation [63]. 

2.5. CBCT segmentation 

Image registration allows contours to be propagated from planning 
CT to CBCT scans [4,42,55,57,65]. However, those methods fail when 
large anatomical deformations occur between CT and CBCT scans. 
Therefore, more sophisticated registration-based approaches have been 
proposed. This includes deformable image registration (DIR) based on 
B-splines and mutual information [62]. This last approach uses six 
successive DIRs with different resolutions and, after visual examination, 
an optional last pass focusing around the region of interest. Another 
approach implements a DIR strategy where the deformation is rigidly 
constrained for bone and/or the prostate, while surrounding tissue can 
still deform elastically [31]. 

To eliminate registration-related errors, statistical shape models 
have been proposed for organ segmentation on CBCT scans [8,51]. 
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However, building such patient-specific shape models require several 
delineated CBCT scans and landmarks or meshes. More recently, deep 
learning approaches have been used for the segmentation of CT scans [7, 
29]. The 3D U-Net fully convolutional neural network has been used 
with CT and CBCT scans in the training set to segment female [21,22] 
and male pelvic organs on CBCT scans [5,32]. In order to avoid anno
tating CBCT scans, pseudo-CBCT scans have been generated from an
notated CT scans in order to build a training set including both CT and 
pseudo-CT scans [52]. In order to improve the segmentation of soft 
tissues [33], proposed a method to generate synthetic MR images from 
CBCT scans using a Cycle-GAN network [70]. Then the synthetic MR 
images are segmented using manual annotations obtained on the orig
inal CBCT scans as ground truth. This is extended in Ref. [17], where 
both CBCT scans and CBCT-generated synthetic MR images have been 
used to segment male pelvic organs and femoral heads. 

3. Materials and methods 

In this section, we introduce the dataset and the two main strategies 
investigated in this study: adversarial networks and intensity-based data 
augmentation. We also present the metrics used to assess the perfor
mance of the different methods, as well as the deep learning and regis
tration baselines. 

3.1. Data and preprocessing 

In this study, we use data from 134 different patients who underwent 
radiotherapy for prostate cancer in two different hospitals (41 patients 
at CHU-Charleroi Hopital André Vésale and 93 patients at CHU- 
UCLouvain-Namur). For the purposes of the study, we shuffled pa
tients from both hospitals and randomly split them in five cohorts, 
including four cohorts of 30 patients, denoted C 1, C 2, C 3, C 4 and one 
cohort of 14 patients, denoted C 5. We collected CT scans for cohorts 
C 1, C 2, C 4, and C 5 for a total of 104 CT scans. We collected the CBCT 
scans for cohorts C 3 and C 4 for a total of 60 CBCT scans. The CBCT 
scans coming from CHU-Charleroi Hopital André Vésale were acquired 
with a Varian TrueBeam STx version 1.5, while those coming from CHU- 
UCLouvain-Namur have been acquired with a Varian OBI Cone Beam 
CT. The use of these retrospective, anonymized data for this study has 
been approved by both hospitals’ ethics committees (May 24, 2017, for 
CHU-Charleroi Hopital André Vésale and May 12, 2017, for CHU- 
UCLouvain-Namur). In order to ensure data uniformity across the 
entire dataset, all the 3D CT and CBCT scans (as well as the 3D binary 
masks representing the manual segmentations) were re-sampled on a 
1.2× 1.2× 1.5 mm regular grid. All re-sampled image volumes and 
binary mask volumes were cropped to volumes of 160× 160× 128 
voxels containing the bladder, rectum, and prostate. 

The only processing applied to the scans prior to deep learning was 
normalization by the mean and standard deviation. More precisely, we 
computed the mean μtrain and the standard deviation σtrain over all pixels 
of all CT and CBCT scans used in the training set, indifferently. Before 
both training and inference, we subtracted from each CT or CBCT scan 
the mean μtrain and then divided by the standard deviation σtrain. 

3.2. Adversarial networks 

The feature-level UDA follows the adversarial learning strategy 
proposed in Ref. [28] and was implemented using the gradient reversal 
layer (GRL) approach proposed in Ref. [18]. A GRL is a custom layer for 
which the gradient is hard-coded to achieve a desired weights update 
rule (i.e., different from the weight update rule of “standard” back
propagation). A segmenter is trained in the source domain and a domain 
classifier connected to the intermediate features of the segmenter en
courages those features to be domain-invariant. Hence, the segmenter is 
further split into a feature extractor, which computes the features Lz 
provided as input to the domain classifier, and a label predictor, which 

exploits these features, in addition to a few upper skip connections – 
except for z = 1 (first layer) and z = 11 (last layer) – to produce a seg
mentation mask. The feature extractor is denoted Gf ( ⋅; θf ), the label 
predictor, Gy( ⋅; θy), and the domain classifier, Gd( ⋅; θd), where θf , θy, and 
θd are the weights of the feature extractor, label predictor, and domain 
classifier, respectively. The segmentation is performed by the composi
tion of the feature extraction and the label prediction. Formally, we 
define the segmenter as Gseg( ⋅; θf ,θy) = Gy(Gf ( ⋅; θf ); θy). The segmenter 
is implemented by following a classical U-Net architecture. The pro
posed architecture is shown in Fig. 2. The features computed at the 
output of every layer of U-Net are denoted by L1, L2, …, L11. The 
hyperparameter z defines the layer Lz at which the label predictor and 
domain classifier are connected to the feature extractor. 

Both the segmenter and domain classifier are updated with every 
batch of data. The first half of the batch contains annotated CT scans 
from patient cohort C 1 (i.e., source data), whereas the second half of the 
batch contains unlabeled CBCT scans for patient cohort C 3 (i.e., target 
data). Note that they are unpaired data (i.e., each batch contains at most 
one image of any given patient). The annotated CT scans are used to 
update the weights of the feature extractor and label predictor following 
a classical end-to-end supersized segmentation setting. Additionally, the 
CT and CBCT scans are used to train the feature extractor and domain 
classifier following an adversarial strategy. Following [18,28], this is 
achieved by finding the saddle point of the following function: 

Ltot
(
θf , θy, θd

)
=

∑

i=1..Ndi=0

Lseg

(
Ŷ

i(
θf , θy

)
,Yi

)
+

∑

i=1..2N
Ldom

(
d̂

i(
θf , θd

)
, di

)
,

(1)  

where d̂
i 

is the probability of the ith example to belong to the target 
domain and N is the number of examples for each domain (i.e., there are 
2N examples in total). In this loss, Lseg is the dice loss and encourages 
both the feature extractor and the label predictor to learn features useful 
for source domain image segmentation. The expression Ldom is the cross- 
entropy and encourages (i) the feature extractor to learn domain- 
invariant features and (ii) the domain classifier to predict whether the 
features in Lz are activated by a source or target domain input. 

The label predictor’s output is: 

Ŷ
i(

θf , θy
)
=Gy

(
Gf

(
Xi; θf

)
; θy

)
, (2)  

where Xi is the ith input image. The saddle point of (1) is estimated by 
backpropagation. To control the strength of the interaction between the 
feature extractor and the domain classifier, we follow [18] and use the 
gradient reversal layer, defined as Rλ(a) = a and dRλ(a)/da = − λI. The 
larger λ, the higher the interaction between domain classifier and 
feature extractor. The domain classifier’s output then is written as: 

d̂
i(

θf , θd
)
=Gd

(
Rλ
(
Gf

(
Xi; θf

))
; θy

)
. (3) 

In practice, setting λ to a fixed value throughout learning leads to 
instabilities. To address this issue, we set λ to zero during the first e0 

epochs (i.e., the feature extractor and domain classifier learn their tasks 
independently) and then increase λ linearly until it reaches the value 
λmax after the total number of epochs nepochs: 

λ(e)=max
(

0, λmax
e − e0

nepochs − e0

)

, (4)  

where e is the current epoch. In this expression, λmax, e0 and nepochs are 
hyper-parameters. 

In supervised learning, hyper-parameters are most often chosen by 
comparing the performance on a validation set for different values of 
hyper-parameters. When the training involves images from different 
distributions, the validation set must contain images from the distribu
tion on which we want the system to perform best (i.e., validation set 
contains annotated images from the target domain). In an unsupervised 
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domain adaptation setting, however, we need alternative ways to choose 
hyper-parameters (since annotations are assumed not to be available for 
the target domain). In our application, we assess the performance of our 
method by observing (i) the DSC on the test source data and (ii) the 
domain classifier accuracy (i.e., the proportion of images correctly 
classified as CT or CBCT). More specifically, we observe good perfor
mance on the target domain when the following conditions1 are met:  

• during the first e0 epochs, (i.e., when the feature extractor and 
domain classifier are trained independently), the test domain clas
sifier accuracy steadily reaches a test accuracy close to its theoretical 
maximum (i.e., its value at convergence when λ = 0 throughout 
training);  

• during the remaining training, the test domain classifier accuracy 
decreases to 0.5 and;  

• during the whole training, the DSCs of the bladder, rectum, and 
prostate on the source domain reach values close to their theoretical 
maxima (its value at convergence when there is no UDA). 

We selected hyper-parameter values that best meet these criteria. For 
the feature extractor and label predictor, our network starts with 16 
feature maps in the first level (corresponding to L1) and is doubled in 
each level. For the domain classifier, the number of feature maps in the 
first level is the number of feature maps in Lz divided by two, and then it 
doubles with each increase in level. In the example in Fig. 2, where the 
domain classifier is connected on L9 (which has 64 feature maps), the 
domain classifier has 32 feature maps in its first level, followed by 64, 
128, and 256 in the following levels. The number of units in the last fully 
connected layer is always equal to 256. Due to memory limitation, we 
choose a batch size of 2. Our model is optimized with Adam and a 
learning rate of 10− 4. For the trade-off parameter schedule, a value of 
e0 = 50 was chosen and λmax was set to 0.01, 0.03, 0.1 or 0.3 depending 
on the layer adapted. All networks were trained for 150 epochs. 

The source code is publicly available on https://github.com/eliott 
brion/unsupervised-domain-adaptation-unet-keras. 

3.3. Intensity-based data augmentation 

In the context of deep learning, data augmentation most often refers 
to the application of “geometric” transformations to images (i.e., small 
rotations, translations, and shear) in the training set in order to improve 
generalization on the test set. The rationale is that samples from the 
training and test sets are all generated by the same distribution, and the 
goal of geometric data augmentation is to mitigate the small number of 
training samples. However, when considering domain adaptation, 
training and test samples belong to different distributions. Hence, on top 
of the geometric data augmentation, we have performed an “intensity- 
based” data augmentation. The goal is to bring the source distribution 
closer to the target distribution. The following augmentations have been 
implemented:  

• Brightness: a random offset is added to the image: X←X+ uJ, where 
u ∼ U[ − 100,100] and J ∈ R160×160×128 is a tensor with all entries 
equal to one.  

• Contrast: the mean separation between low- and high-intensity 
voxels of the image is randomly modified: X←u(X − XJ) + XJ.  

• Sharpness: high-frequency detail is randomly strengthened or 
weakened: H = X − G(X,22) and X←X+ u(H − HJ), where H is a 
high-frequency image obtained by subtracting a Gaussian blurred 
(with standard deviation of 2 HU) version of the image and u ∼ U[ −

0.2,1.8]. 
• Noise: random Gaussian noise with zero mean and standard devia

tion 20 HU is added to each voxel of the image: for 1 ≤ i, j ≤ 160 and 
1 ≤ k ≤ 128, Xi,j,k←Xi,j,k + vi,j,k, where vi,j,k ∼ N(0,202).  

• Linear: we assume unknown linear correspondence between CT and 
CBCT intensities: X←mX+ pJ, where m ∼ U[0.5,1.5] and p ∼ U[ −

50,50].  
• Bilinear: the correspondence between CT and CBCT intensities are 

often best modelled by a piecewise linear function instead of a 
strictly linear function. This hinged line is inspired by typical cali
bration curves from Hounsfield units to other physical quantities. We 
model this correspondence during training: for 1 ≤ i, j ≤ 160 and 
1 ≤ k ≤ 128, 

Xi,j,k←
{

m1Xi,j,k + p, if ​ Xi,j,k ≤ 0
m2Xi,j,k + p, otherwise  

where m1,m2 ∼ U[0.5,1.5] and p ∼ U[ − 50,50]. 

Fig. 2. Our proposed adversarial architecture 
adapts 3D U-Net to unsupervised domain adaptation 
by backpropagation (in this figure, the layer Lz, z =

9 is adapted). The goal is to learn, from labeled 
source examples (in our case, CTs), features that are 
also useful for segmenting images from a different 
yet similar target domain (CBCTs). U-Net is split in 
two parts: a feature extractor and a label predictor. 
The feature extractor learns features from the whole 
batch (both source and target), with its final layer Lz 
to (i) be useful for the label predictor and (ii) fool 
the domain classifier. The label predictor learns 
feature from half the batch in the layer Lz (the 
source examples) aiming to predict a segmentation 
mask for these source examples. The domain clas
sifier uses these same features Lz to classify all im
ages in the batch (both source and target) as being 
either source or target.   

1 Note that these conditions do not require annotated target images, so that 
hyper-parameters can be selected using only annotated source images and non- 
annotated target images. In this study, the labeled CBCTs (30 images from 
cohort C 4) are used only to report the method’s performance. 
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To finish, the influence of the data size on the accuracy of the model 
is also studied by increasing the training size from 30 to 74. 

3.4. Performance metrics and comparison baselines 

Performance metrics. The performances of the different methods are 
measured with one overlap-based metric (the dice similarity coefficient, 
or DSC) and one distance-based metric (the symmetric mean boundary 
distance, or SMBD). They are respectively defined by: 

DSC=
2|M ∩ P|
|M| + |P|

, (5)  

SMBD=
D(M,P) + D(P,M)

2
, (6)  

where M and P are the sets containing the matricial indices of the 
manual and predicted segmentation 3D binary masks (respectively), 
D(M,P) is the mean of D(M,P) over the voxels of ΩM, and D(M, P) =

{minx∈ΩP ||s⊙(x − y)||, y∈ ΩM}, where ΩM, ΩP are respectively the 
boundaries extracted from M and P and s⊤ = (1.2,1.2, 1.5) is the pixel 
spacing in mm. 

Deep learning baselines. A naive strategy for learning to segment target 
domain images from a dataset of labeled source domain images would 
be simply to train a neural network on those source images (CTs from 
cohort C 1, C 2, or C 5, depending on the experiment) and then test it on 
test domain images (always the CBCTs from cohort C 4). The CBCTs 
from cohort C 3 are not used for tests since the images are already used 
for training the adversarial networks and we wish to report the perfor
mance on an independent test set. This “source only” strategy is a valid 
baseline and provides a lower bound on what can be achieved with 
adversarial networks or intensity-based data augmentation. As a second 
baseline, we (i) produce artificial CBCTs by passing CTs from cohort C 1 
through a cycleGAN [70] and (ii) use these artificial CBCTs to train a 
U-Net segmentation network. Code from Keras (https://keras.io/ 
examples/generative/cyclegan/) has been adapted to train the 2D 
cycleGAN slice-wise on CTs from cohort C 1 and CBCTs from cohort C 3 
for image translation. Finally, we compared our methods with PSIGAN 
[26], a UDA approach modeling the co-dependency between images and 
their segmentation as a joint probability distribution. 

Registration baselines. In the context of CBCT segmentation for 
radiotherapy, the contoured planning CT scan is an important available 
prior. Hence, using deformable image registration (DIR), we can map 
the contours of the planning CT scan to the daily CBCT scan. Different 
mapping rules define different registration algorithms, and in this paper, 
three registration algorithms are compared: rigid, the registration 
method implemented in RayStation (a commercial treatment planning 
system), and Morphons. Rigid and RayStation are parametric methods: 
they look for the parameters of a deformations model – either linear 
(rigid) or non-linear (RayStation) – that yield the best match between 
the planning CT and daily CT scan. The diffeomorphic morphons’ DIR 
algorithm, a non-parametric method, is implemented in OpenReggui 
(https://openreggui.org/) [25]. This method exploits the local phase of 
the scans to perform the registration. Therefore, it is suited for the 
registration of scans with different contrast enhancement, such as CT 
and CBCT scans. The diffeomorphic version of the algorithm forces 
anatomically plausible deformations. The registration has been per
formed between the CT and CBCT scans of patient cohort C 4. 

4. Results 

In this section, we investigate three different strategies for improving 
cross-domain generalization of deep neural networks: adversarial net
works, intensity-based data augmentation, and intensity-based data 
augmentation with a larger training set. 

4.1. Adversarial networks 

We train our adversarial networks with adaptations on L3, L6, L9, 
and L11, using the 30 CTs from cohort C 1 and the 30 CBCTs from cohort 
C 3. The CTs from cohort C 2 are used to monitor the performance of the 
segmenter on source domain images. The performance of the generated 
models on CBCTs from C 4 is compared with baseline methods (training 
on source and DIR algorithms) in Table 1. Compared with “source only” 
training, adversarial networks do not bring improvement when the 
adaptation is made on L3. An explanation is that since this layer corre
sponds to low-level features, discriminating between CT and CBCT does 
not make sense (detecting edges is relevant for both CT and CBCT). 
When the adaptation is performed on L6, a small improvement is 
observed for the bladder, while the performance for the prostate de
creases slightly. When adapted on L9, the performance is similar for the 
bladder and prostate and slightly better for the rectum. Finally, when we 
adapt on L11 (i.e., the pre-softmax activations), the model performance 
is improved for all three organs, both in term of DSC and SMBD. This 
means that adversarial learning forces the features learned on CT to 
align with CBCTs so that they generalize to CBCT better. The adaptation 
proves especially useful for the rectum, which experiences the most 
dramatic change in intensities between the source and target domain 
images (see histograms in Fig. 3). Although slightly outperforming the 
rigid and RayStation (RS) intensity-based registration baselines (similar 
DSC and smaller SMBD) for the bladder, the performance of adversarial 
networks (L11) remains below these algorithms for the rectum and 
prostate, and below the morphons registration baseline for all three 
organs. 

4.2. Intensity-based data augmentation 

4.2.1. Comparison of different intensity-based data augmentation types 
While adversarial networks align the features activated by source 

and target images, an alternative approach consists in altering the 
source images to align them with the target images. The performance of 
different intensity-based data augmentation strategies is compared in 
Table 2 using standard (non adversarial) training. In these experiments, 
we keep the same CTs (from cohort C 1) as in the previous section for 
training and the same CBCTs (from cohort C 4) for testing. Contrary to 
the previous section, images from cohorts C 2 and C 3 are not used. 
Strategies involving modification in levels of contrast, sharpness and 
noise are inefficient and perform similarly or worse than the “source 
only” baseline. Brightness, linear, and bilinear data augmentations, 
however, outperform the “source only” baseline on all three organs, in 
terms both of DSC and SMBD. Brightness and linear transformations 
perform similarly for all three organs, with slightly worse performance 
than morphons for the bladder, worse performance for the prostate, and 
better performance for the rectum. The bilinear method, finally, per
forms similarly to morphons for the bladder (larger DSC, larger SMBD) 
and worse on both the rectum and prostate. CycleGAN, when compared 
to the contrast, sharpness and noise transformations, performs better on 
some organs and worse on others. In contrary, the brightness, linear, and 
bilinear transformations all outperform cycleGAN. One possible expla
nation for the relative weakness of cycleGAN is that it generates blurry 
images. Blur is problematic because if decreases the contrast at organs 
boundaries, the most challenging areas for segmentation. An example of 
a slice of an original CT, as well as its transformation through cycleGAN 
and brightness operation is depicted in Fig. 4. 

Since adversarial networks and brightness-based data augmentation 
both yield improvements over the baseline “source only” method, we 
investigate the performance of the combined approaches. We chose 
brightness over other intensity-based data augmentation strategies 
because it has the best balance of performance over the three organs. 
Combining both approaches led to no improvement compared with 
brightness augmentation alone (see last raw in Table 2). 
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Table 1 
Performance (mean±std) on the 30 CBCTs from cohort C 4 for adversarial networks and for the baseline methods (train on source and DIRs). DSC: Dice similarity 
coefficient, SMBD: symmetric mean boundary distance, DL: deep learning, DIR: deformable image registration, RS: RayStation. ◊ For at least one patient, the model 
predicts no segmentation at all for the organ and therefore the SMBD of that patient (as well as the mean over all patients) is not defined.  

Method DSC SMBD (mm)   

Bladder 
Rectum Prostate Bladder Rectum Prostate 

DIR, Rigid image registration 0.757±0.150  0.629±0.087  0.721±0.130  5.48±3.53  5.77±1.96  3.90±1.67  
DIR, RS intensity-based 0.775±0.154  0.640±0.096  0.720±0.133  5.01±3.50  5.61±2.12  3.91±1.74  
DIR, Morphons 0.813±0.154  0.653±0.169  0.731±0.146  4.00±3.17  5.78±4.08  3.63±1.83  
DL, Train on source 0.749±0.212  0.179±0.241  0.629±0.169  5.76±5.96  Undefined◊ 4.96±2.29  
DL, Adversarial (L3) 0.764±0.180  0.168±0.243  0.636±0.137  5.63±5.21  Undefined◊ 5.04±2.19  
DL, Adversarial (L6) 0.771±0.164  0.193±0.263  0.609±0.145  4.88±3.48  Undefined◊ 5.41±2.08  
DL, Adversarial (L9) 0.735±0.192  0.210±0.261  0.624±0.158  4.98±3.50  Undefined◊ 5.26±2.42  
DL, Adversarial (L11) 0.787±0.166  0.447±0.181  0.660±0.158  4.60±3.74  8.04±3.13  4.72±2.40   

Fig. 3. Histograms differ significantly between the 30 CTs from cohort C 1 and the 30 cone beam CTs from cohort C 3 (the two cohorts used for training the 
adversarial networks), especially inside the rectum. 

Table 2 
Performance (mean±std) on the 30 CBCTs from cohort C 4 for intensity-based data augmentation and for the baseline methods (training on source and DIRs). DSC: dice 
similarity coefficient, SMBD: symmetric mean boundary distance, DL: deep learning, DIR: deformable image registration, RS: RayStation, Adv.: adversarial networks. ◊ 

For at least one patient, the model predicts no segmentation at all for the organ and therefore the SMBD of that patient (as well as the mean over all patients) is not 
defined.  

Method DSC SMBD (mm)   

Bladder 
Rectum Prostate Bladder Rectum Prostate 

DIR, Morphons 0.813±0.154  0.653±0.169  0.731±0.146  4.00±3.17  5.78±4.08  3.63±1.83  
DL, Train on source 0.749±0.212  0.179±0.241  0.629±0.169  5.76±5.96  Undefined◊ 4.96±2.29  
DL, CycleGAN 0.744±0.140  0.602±0.119  0.521±0.146  5.77±3.39  5.69±2.13  6.86±2.32  
DL, Brightness 0.791±0.191  0.690±0.121  0.658±0.135  4.38±4.08  4.78±2.03  5.08±3.08  
DL, Contrast 0.765±0.179  0.205±0.247  0.618±0.180  6.46±5.20  Undefined◊ 5.47±2.96  
DL, Sharpness 0.661±0.164  0.183±0.252  0.584±0.182  6.48±3.04  Undefined◊ 5.70±2.51  
DL, Noise 0.672±0.173  0.158±0.234  0.534±0.199  6.91±4.21  35.06±26.99  8.96±5.39  
DL, Linear 0.775±0.125  0.694±0.100  0.651±0.133  4.70±2.85  5.11±2.37  5.07±2.63  
DL, Bilinear 0.837±0.107  0.562±0.174  0.666±0.117  4.67±3.60  6.13±2.67  4.77±2.42  
DL, Brightness + adv. 0.777±0.157  0.694±0.097  0.654±0.137  4.83±3.72  4.78±1.92  5.08±2.52   

Fig. 4. Example of intensity-based data augmentations.  
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4.2.2. Brightness with the extended source dataset 
In Section 4.2, we used only 30 training CTs (from cohort C 1) in 

order to make a fair comparison with adversarial networks. As a last 
experiment, we investigated whether using all available CTs (74 ex
amples for cohorts C 1, C 2, and C 5) improved the performance. Table 3 
shows that the proposed method performs as well as morphons for the 
prostate, and outperforms it on the bladder and rectum. Actual seg
mentations on a representative patient are shown in Fig. 5. It also out
performs adversarial networks (L11) on all three organs. 

5. Discussion 

U-Net trained on CTs for bladder, rectum and prostate segmentation 
does not generalize well on CBCTs, as shown in Table 3. For the rectum, 
in particular, it produces many false negatives (this is illustrated in 
Fig. 5). This may be explained by the fact that deep learning learns 
correlations between patterns of intensities and presence/absence of a 
given organ, without prior information about anatomy. For instance, a 
network trained in a non-adversarial way has no incentive to avoid 
giving a zero prediction for the rectum, even if every patient has one. 
Image registration methods, in contrast, deform the anatomy from 
planning to the daily image. We show that adversarial networks 
applying adaptation of the pre-softmax activations (L11) yield minor 
improvements (compared to source-only training) on the bladder and 
prostate, and significant improvement on the rectum (for this last organ, 
the DSC more than doubles). For this organ, the improvement can be 
attributed to the introduction of an anatomical a priori. By encouraging 
the network to have indistinguishable pre-softmax activations between 
CT and CBCT, UDA forces the network to produce contours for the 
rectum, even if the intensities in the test CBCTs are not similar to the 
ones observed in the training CTs. 

In the context of radiotherapy, one disposes of an interesting a priori 
information to segment the CBCT, namely, the planning CT. Registration 
takes advantage of this information. This algorithm is a relevant baseline 
because, similar to the two methods proposed in this paper (adversarial 

networks and intensity-based data augmentation), it does not have to be 
trained on annotated CBCTs. Adversarial networks’ performance 
compared to registration’s is contrasted. We applied three registration 
algorithms to our dataset. Adversarial networks perform better than 
rigid registration and similar to the RayStation commercial software on 
the bladder and perform worse on the two other organs. Compared with 
the morphons algorithm, adversarial networks (irrespective of the layer 
adapted) perform worse on all three organs. We also compared our re
sults to other works on other datasets. For the bladder, the comparison is 
mixed, with adversarial networks (L11) performing worse [31,62], 
similarly [42] or better [55,57], depending on the study. For the rectum 
and prostate, adversarial networks (L11) perform worse than most other 
authors’ methods, with the exception of MIM intensity-based [42]. Note 
that those studies report results on a dataset different from ours. It is 
therefore difficult to determine what part of the difference in perfor
mance can be attributed to the method used, and what part to differ
ences in the degree of difficulty in the test datasets. A limitation of the 
comparison shown in Table 3 is that it does not compare our methods 
with other unsupervised domain adaptation frameworks on our data. 

An advantage of adversarial networks over registration is faster 
inference. For each new test image, registration requires iterative image 
alignment with gradient descent, which takes several minutes. This 
prevents its application in the context of adaptive treatment, when the 
patient lies on the couch while treatment adaptation is being computed. 
In contrast, while adversarial networks require long (a few hours) 
training times, prediction does not entail iterative optimization but only 
matrix multiplication, which takes less than a second. 

For the bladder, we compared adversarial networks with two 
patient-specific models. Here the conclusion is also mitigated, with 
adversarial networks (L11) performing worse than one [8] and better 
than the other [51]. A drawback of patient specific-models is that they 
require contouring several images of the target patient by hand, which is 
long, tedious, and therefore often not practical. This is not necessary for 
adversarial networks. 

While the performance of adversarial networks compared with 

Table 3 
Performance (mean±std) on the 30 CBCTs from cohort C 4 for adversarial networks, intensity-based data augmentation, baseline methods as well as the performance 
of previous works on other datasets. ◊ For at least one patient, the model predicts no segmentation at all for the organ and therefore the SMBD of that patient (as well as 
the mean over all patients) is not defined.† Results reported on a test set containing both CBCT and CT scans.,‡ The authors computed the root mean squared boundary 
distance rather than the SMBD.§ The authors computed the mean boundary distance and not the SMBD. For deep learning methods, nCBCT and nCT are the number of 
annotated CBCTs and CTs used for training (respectively).  

Study Method DSC SMBD (mm)   

Bladder Rectum Prostate Bladder Rectum Prostate 

Ours DIR, Morphons 0.813±0.154  0.653±0.169  0.731±0.146  4.00±3.17  5.78±4.08  3.63±1.83  
Ours DL, Train on source (nCBCT = 0,nCT = 30)  0.749±0.212  0.179±0.241  0.629±0.169  5.76±5.96  Undefined◊ 4.96±2.29  
Ours DL, Adversarial (L11) (nCBCT = 0,nCT = 30)  0.787±0.166  0.447±0.181  0.660±0.158  4.60±3.74  8.04±3.13  4.72±2.40  
Ours DL, Train on source (nCBCT = 0,nCT = 74)  0.775±0.138  0.173±0.235  0.628±0.145  5.11±3.25  Undefined◊ 6.65±3.78  
Ours DL, Brightness (nCBCT = 0,nCT = 74)  0.837±0.142  0.701±0.114  0.734±0.113  3.55±2.44  4.80±2.13  3.63±1.79   

Ours  DL, PSIGAN (nCBCT = 0,nCT = 30)   0.825±0.113   0.747±0.083   0.674±0.102   3.74±2.11   3.10±1.19   4.16±1.47  
Ours DL, PSIGAN (nCBCT = 0,nCT = 74)  0.868±0.094  0.762±0.093  0.719±0.083  2.90±2.09  2.96±1.23  3.66±1.36  
Ours DL, PSIGAN + Brightness (nCBCT = 0,nCT = 74)  0.850±0.110  0.697±0.140  0.685±0.101  3.98±2.86  3.62±1.69  3.90±1.66  
[17] DL (nCBCT = 80,nCT = 0)  0.96±0.03  0.93±0.04  0.91±0.08  0.65±0.67§ 0.72±0.61§ 0.93±0.96§

[32] DL (nCBCT = 42,nCT = 74)  0.874±0.096  0.814±0.055  0.758±0.101  2.47±1.93  2.38±0.98  3.08±1.48  
[52] DL (nCBCT = 300, nCT = 300)  0.932† 0.871† 0.840† 2.57 ± 0.54†,‡ 2.47 ± 0.64†,‡ 2.34 ± 0.68†,‡

[21] DL (nCBCT = 124, nCT = 88)  0.88 0.71 – – – – 
[42] DIR, MIM intensity-based ̃ 0.80  ̃ 0.40  ̃ 0.55  – – – 
[42] DIR, RS intensity-based ̃ 0.78  ̃ 0.70  ̃ 0.75  – – – 

[55] DIR, RS intensity-based 0.69 ± 0.07  0.75 ± 0.05  0.84 ± 0.05  – – – 
[62] DIR, Cascade MI-based ̃ 0.83  ̃ 0.77  ̃ 0.80  ̃ 2.6§ ̃ 2.3§ ̃ 2.3§

[31] DIR, Rigid on bone and prostate 0.85 ± 0.05  – 0.82 ± 0.04  – – – 
[57] DIR, Demons 0.73 0.77 0.80    
[51] Patient specific model ̃ 0.87  – – – – – 

[8] Patient specific model 0.78 – – – – –  
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registration and patient-specific models is contrasted, this method is 
interesting since, to our knowledge, this is the first time that UDA has 
been applied to segmentation using U-Net with two settings: long skip 
connections and fully 3D. Previous work chose to remove the long skip 
connections when performing UDA, probably out of the concern that the 
network could use them to “bypass” the features alignment constraint. 
Analyzing the impact of skip connections for adversarial networks in 
UDA settings remains to be addressed and would be interesting to 
investigate in future studies. A second interesting feature of our 
approach is that it is built on a 3D U-Net instead of aggregating the 
outputs from a 2D U-Net, which is what is most often done with UDA in 
segmentation. Using 3D leverages useful information from an additional 
dimension. A possible worry about using 3D instead of 2D is that it 
artificially reduces the number of different samples seen by the 

discriminator (by a factor equal to the number of slices per image). 
Again, although the comparison between 2D and 3D is beyond the scope 
of this study, we have shown that training a 3D network is possible, even 
if few samples are available for training. 

A challenge with adversarial networks is that their training is noto
riously unstable. In this paper, we also analyzed an alternative method 
where input images are transformed so that they look more like CBCTs. 
The method with best average performance across organs was 
brightness-based augmentation, which consists in adding a random 
offset on the training images. For fair comparison with adversarial 
networks, a model with brightness augmentation was first trained on 30 
CTs, performing similarly to adversarial networks (L11) for the prostate 
and better on the bladder and rectum. When training is performed on a 
larger set of 74 CTs, this method performs similarly to morphons on 

Fig. 5. Comparison of morphons, “train on source”, adversarial networks with adaptation on L11, brightness, and PSIGAN segmentation for a representative patient 
from cohort C 4. Each column corresponds to a slice of the same CBCT scan. Dark colors represent reference segmentations, while light colors show predictions from 
the different algorithms. Compared to “train on source”, Adversarial networks (L11) brings small improvements for the bladder (by detecting slightly larger portions 
of it) and the prostate (it is missed by “train on source” in the fourth column), as well as large improvement in rectum (since it is completely missed by “source on 
train” on most slices). Brightness performs similar to morphons for the prostate, slightly outperforms it for the bladder (fewer false negatives in the first column) and 
performs better for the rectum (no false negatives in the first column and more accurate delineation in the fifth). Color should be used for this figure in print. 
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prostate and better on the two other organs. Compared with previous 
studies based on DIR, brightness with the extended dataset performs 
generally similarly or better on the bladder. For the rectum and the 
prostate, however, our algorithm performs equally well or worse (it is 
better than MIM intensity-based from Ref. [42] only). To summarize this 
comparison between intensity-based data augmentation and previous 
work using other strategies, our method thus has relevance for the 
bladder, as well as for applications where short inference time matters, 
such as adaptive radiotherapy. 

Table 3 summarizes our better results, and presents the results ob
tained from DIR methods, as well as DL methods trained fully on CBCT 
data or a combination of both CT and CBCT. Our results cannot be 
directly compared with these DL methods due to the inherent challenge 
of training with unlabeled data, which is the bottleneck of current 
clinical practice. In addition, the number of patients used in these 
studies is often larger than our database (Schreier et al., for example, 
used 300 patients [52]). Acquiring databases of patients larger than 
50–100 also represents an added complexity for small to medium-sized 
hospitals. Given the small database and the challenge of training with 
unlabeled CBCTs, our method achieves very good results: a max. dif
ference of only 0.1–0.2 in the dice for the best reported results in the 
literature. In addition, the results in Section 4.3 suggest that increasing 
the size of the database for adversarial training, too, may lead to an 
improvement of the results. The PSIGAN method with 74 training CTs 
outperforms the brightness-based data augmentation on the bladder and 
rectum but performs worse on the prostate. This suggests that modeling 
the joint distribution of images and their segmentation can be useful for 
CT to CBCT adaptation. We investigated adding brightness-based data 
augmentation on top of PSIGAN, but it hurt performance. Similarly, we 
saw in Section 4.2.1 that adding brightness-based data augmentation on 
top of gradient reversal layer networks decreased performance for the 
bladder and prostate, even it brought improvement on the rectum. 
Eventually, brightness-based data augmentation is an interesting tech
nique that is simple and works well alone, but with ambiguous effects 
when combined with other UDA methods. 

We did not use batch normalization since it hurted performance. A 
similar situation was observed in the original 3D U-Net paper [13] for 
fully-automated segmentation. A possible explanation is that there is too 
little variety in the training batches with our training set of only 30 
images. For this reason, methods relying on batch normalization for 
domain adaptation [35] cannot be used in our situation. 

6. Conclusions 

In this study, we propose an extension of 3D U-Net on unsupervised 
domain adaptation, applying adversarial networks to the segmentation 
of organs (bladder, rectum and prostate) in cone beam CT. For a model 
trained on CT, this method improves generalization to CBCTs, using only 
non-annotated CBCTs. Our code is made public and can be used for any 
application experiencing a shift of distribution between training and test 
images, a recurring problem in biomedical imaging. Although less ac
curate than morphons, a registration-based algorithm, this method is 
faster (less than one second versus several minutes). This is essential for 
online treatment adaptation. We also show that when intensity-based 
data augmentations are applied to training CTs, the network general
izes better to CBCT, reaching a level similar to (prostate) or better 
(bladder, rectum) than the best registration-based algorithms. Intensity- 
based data augmentation is best used alone since it has ambiguous ef
fects when combined with other UDA methods. In the future, this could 
be used in radiotherapy treatment to measure and ultimately reduce the 
dose delivered to healthy organs, while delivering the prescribed dose to 
the target. 
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[22] A. Hänsch, V. Dicken, J. Klein, T. Morgas, B. Haas, H.K. Hahn, Artifact-driven 
sampling schemes for robust female pelvis cbct segmentation using deep learning, 
in: Medical Imaging 2019: Computer-Aided Diagnosis, International Society for 
Optics and Photonics, 2019, p. 109500T. 

[23] J. Hoffman, E. Tzeng, T. Park, J.Y. Zhu, P. Isola, K. Saenko, A. Efros, T. Darrell, 
Cycada: cycle-consistent adversarial domain adaptation, in: International 
Conference on Machine Learning, 2018, pp. 1989–1998. 

[24] Y. Huo, Z. Xu, H. Moon, S. Bao, A. Assad, T.K. Moyo, M.R. Savona, R.G. Abramson, 
B.A. Landman, Synseg-net: synthetic segmentation without target modality ground 
truth, IEEE Trans. Med. Imag. 38 (2018) 1016–1025. 

[25] G. Janssens, L. Jacques, J. Orban de Xivry, X. Geets, B. Macq, Diffeomorphic 
registration of images with variable contrast enhancement, Int. J. Biomed. Imag. 
(2011), 2011. 

[26] J. Jiang, Y.C. Hu, N. Tyagi, A. Rimner, N. Lee, J.O. Deasy, S. Berry, 
H. Veeraraghavan, Psigan: joint probabilistic segmentation and image distribution 
matching for unpaired cross-modality adaptation based mri segmentation, IEEE 
Trans. Med. Imag. (2020). 

[27] J. Jiang, Y.C. Hu, N. Tyagi, P. Zhang, A. Rimner, G.S. Mageras, J.O. Deasy, 
H. Veeraraghavan, Tumor-aware, adversarial domain adaptation from ct to mri for 
lung cancer segmentation, in: International Conference on Medical Image 
Computing and Computer-Assisted Intervention, Springer, 2018, pp. 777–785. 

[28] K. Kamnitsas, C. Baumgartner, C. Ledig, V. Newcombe, J. Simpson, A. Kane, 
D. Menon, A. Nori, A. Criminisi, D. Rueckert, et al., Unsupervised domain 
adaptation in brain lesion segmentation with adversarial networks, in: 
International Conference on Information Processing in Medical Imaging, Springer, 
2017, pp. 597–609. 

[29] S. Kazemifar, A. Balagopal, D. Nguyen, S. McGuire, R. Hannan, S. Jiang, 
A. Owrangi, Segmentation of the Prostate and Organs at Risk in Male Pelvic CT 
Images Using Deep Learning, 2018 arXiv preprint arXiv:1802.09587. 

[30] M. Kim, H. Byun, Learning texture invariant representation for domain adaptation 
of semantic segmentation, in: Proceedings of the IEEE/CVF Conference on 
Computer Vision and Pattern Recognition, 2020, pp. 12975–12984. 

[31] L. König, A. Derksen, N. Papenberg, B. Haas, Deformable image registration for 
adaptive radiotherapy with guaranteed local rigidity constraints, Radiat. Oncol. 11 
(2016) 122. 
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