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A B S T R A C T   

Background and purpose: The intraprostatic urethra is an organ at risk in prostate cancer radiotherapy, but its 
segmentation in computed tomography (CT) is challenging. This work sought to: i) propose an automatic 
pipeline for intraprostatic urethra segmentation in CT, ii) analyze the dose to the urethra, iii) compare the 
predictions to magnetic resonance (MR) contours. 
Materials and methods: First, we trained Deep Learning networks to segment the rectum, bladder, prostate, and 
seminal vesicles. Then, the proposed Deep Learning Urethra Segmentation model was trained with the bladder 
and prostate distance transforms and 44 labeled CT with visible catheters. The evaluation was performed on 11 
datasets, calculating centerline distance (CLD) and percentage of centerline within 3.5 and 5 mm. We applied this 
method to a dataset of 32 patients treated with intensity-modulated radiation therapy (IMRT) to quantify the 
urethral dose. Finally, we compared predicted intraprostatic urethra contours to manual delineations in MR for 
15 patients without catheter. 
Results: A mean CLD of 1.6 ± 0.8 mm for the whole urethra and 1.7 ± 1.4, 1.5 ± 0.9, and 1.7 ± 0.9 mm for the 
top, middle, and bottom thirds were obtained in CT. On average, 94% and 97% of the segmented centerlines 
were within a 3.5 mm and 5 mm radius, respectively. In IMRT, the urethra received a higher dose than the 
overall prostate. We also found a slight deviation between the predicted and manual MR delineations. 
Conclusion: A fully-automatic segmentation pipeline was validated to delineate the intraprostatic urethra in CT 
images.   

1. Introduction 

Prostate cancer (PCa) is the most common cancer worldwide in men 
over 45 years old [1]. Despite its high prevalence, PCa has a survival rate 
of 98%, all stages combined [2]. Radiation therapy (RT) is one of the 
primary treatments for PCa, contributing to improved results and sur
vival. However, the exposure of surrounding organs to ionizing radia
tion has been associated with acute and late adverse events, including 
urinary, rectal, and sexual toxicities [3]. 

Recent breakthroughs, including intensity-modulated radiotherapy 
(IMRT), stereotactic body radiotherapy (SBRT), and image-guided 
radiotherapy (IGRT), have enabled more precise tumor targeting while 
better sparing nearby organs at risk (OARs). Nonetheless, the intra
prostatic urethra, which transverses the prostate gland, is inevitably 
exposed to the maximum delivered dose. Emerging dose escalation 
protocols, ranging from moderate to extreme hypofractionation, may 
increase disease control; however, they may also cause degeneration and 
tissue necrosis in urethral structures [3,4]. As a result of RT-induced 
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urethral injury, acute and late symptoms arise, including dysuria, he
maturia, nocturia, and urinary incontinence [5,6]. 

Urethra-sparing techniques and dose constraints have been proposed 
for reducing the risk of long-term genitourinary toxicities [7–9], but 
require accurate segmentation of the intraprostatic urethra. However, 
this structure is entirely invisible on the planning computed tomography 
(CT) images due to the lack of contrast between the urethra and prostate 
[10,11]. A Foley catheter, an indwelling catheter used to drain the urine, 
is typically inserted to allow detection of the urethra but is invasive 
producing patient discomfort, is inconvenient for daily routine practice 
and can damage the urethra [12]. Besides, its placement may shift the 
actual urethral position [13]. 

Only a few studies have attempted to segment the prostatic urethra 
in planning CT images. Initially, surrogate models were used to estimate 
the urethra location relative to the prostate midplane based on empirical 
assumptions [10,14]. Multi-atlas-based segmentation methods using 
deformable image registration were able to better approximate the po
sition of the prostatic urethra [15,16], but computation times hamper 
their application in routine clinical practice. 

Recently, Deep Learning (DL) algorithms have shown their potential 
to revolutionize prostate cancer diagnosis, prognosis, and treatment 
[17]. In diagnostic imaging, DL models have demonstrated state-of-the- 
art performance for automating segmentation tasks, including prostate 
cancer RT-relevant structures [18–20]. Meyer et al. [20] developed a 
semi-supervised domain adaptation pipeline for segmenting the prostate 
and other structures, including the neurovascular bundles and external 
urethral sphincter. In another study [21], the distal prostatic urethra and 
zonal anatomy of the prostate were segmented through a multi-class 
segmentation. To the best of our knowledge, DL-based models have 
never been used for the automatic segmentation of the intraprostatic 
urethra from CT scans. 

Segmenting the urethra is important for i) prostate RT planning, ii) 
dosimetric analysis, iii) toxicity prediction. The main hypothesis in this 
study is that DL models can surpass the existing state-of-the-art atlas- 
based algorithms for intraprostatic urethra segmentation both in terms 
of accuracy and computation time. With this aim, we propose a DL- 
based pipeline for efficiently and accurately estimating the intra
prostatic urethra. The proposed method exploits bladder and prostate 
contours to anatomically guide the model, which learns the location of 
the urethra directly from computed Euclidean Distance Maps. The 
framework was trained and evaluated on a previously published CT 
database [15]. Since the method depends only on the OAR contours, we 
also analyzed the feasibility of segmenting the urethra from MR images. 

2. Materials and methods 

2.1. Proposed pipeline 

Fig. 1 depicts the proposed workflow (freely available at https://gith 
ub.com/BSEL-UC3M/DLUS). First, Localization Network predicts a 
coarse prostate segmentation from the CT and generates a volume of 
interest (VOI) of 224x224x224 voxels centered on the generated con
tour. This VOI is the input to OARs Segmentation Network, which pre
dicts the delineations of the rectum, bladder, prostate, and seminal 
vesicles. These binary contours are finally used to generate the 
Euclidean Distance Maps, which are the input to Deep Learning Urethra 
Segmentation (DLUS) Network to delineate the intraprostatic urethra. 

The following sections will describe the databases employed to train 
each network, and its architecture and parameters. All the experiments 
were performed on a CUDA-enabled Nvidia Quadro RTX 8000 GPU with 
48 GB RAM. DL models were implemented in PyTorch 1.11. 

2.1.1. Databases 
Data were gathered from four different databases (Table 1) in the 

context of a European research consortium (PerPlanRT) supervised by 
ethics committees ensuring all patients had given prior consent for data 
sharing. Databases UryTOX [6,15], INT [22], and IHU [23,24] were 
used to train Localization and OARs Segmentation Networks, 
comprising a total of 351 patients treated with IMRT. Data included CT 
scans and manual ground truth delineations for the rectum, bladder, 
prostate, and seminal vesicles. On the other hand, 55 CT scans from 
MABUS dataset [15] were employed to train DLUS framework. This 
database comprised CT and manual delineations for the bladder, pros
tate, and intraprostatic urethra via Foley catheter. 

2.1.2. Localization and OARs segmentation 
To train Localization and OARs Segmentation Networks, 351 images 

from the three databases were divided into train (278) and test (73) 
following a random 80:20 division. Models were trained (tested) with 
120 (34), 62 (15), and 96 (24) datasets from UryTOX, INT, and IHU. 

First, Localization Network was trained to generate a coarse prostate 
segmentation, from which a VOI centered on this organ was created. 
This model was implemented with a modified 3D U-Net [25], using as 
inputs the CT image and manual prostate segmentation resized to 
128x128x128. The network was trained with a batch size of 2 for 500 
epochs, weighted cross entropy loss assigning weights of 0.1 and 1 to the 
background and prostate, Adam optimizer with a learning rate of 10-3, 
and He normal initializer, which draws the weights randomly from a 

Fig. 1. Proposed framework. First, the Localization Network localizes the volume of interest centered on the prostate. Then, the OARs Segmentation Network auto
matically segments the four OARs (rectum, bladder, prostate, and seminal vesicles). Finally, the predicted binary contours are used to generate the Euclidean 
Distance Maps, which serve as the input to the Deep Learning Urethra Segmentation Network to segment the intraprostatic urethra. 
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truncated normal distribution accounting for the previous neuronal 
layer’s size. 

Then, OARs Segmentation Network was trained to predict a fine 
delineation of the four OARs. It was trained with nnU-Net [26], a DL- 
based self-configuring framework. For a new given task, this method 
automatically optimizes all the steps for segmentation: preprocessing, 
network architecture, training parameters, and post-processing. We 
trained a 3D full-resolution U-Net within this framework with 5-fold 
cross-validation for 500 epochs per fold. We used the CT VOIs and 
multi-class masks englobing the four OARs manual contours as inputs. 
The model was trained with a combination of Dice and Cross-Entropy 
losses and Adam optimizer with a learning rate of 10-4. 

The trained OARs Segmentation Network was evaluated in the multi- 
institutional test set measuring Dice Score Coefficient (DSC) and 
Average Surface Distance (ASD) between manual and predicted seg
mentations. The DSC was also computed independently for each in
stitution’s test data to analyze if the model was underperforming in any 
database due to differences in segmentation protocol. For two binary 
volumes V1 and V2, the DSC is the relative spatial overlap between V1 
and V2 [27]; whereas the ASD is the average of all the Euclidean dis
tances between the boundary voxels of V1 and V2 [28]. 

Localization and OARs Segmentation Networks provided a fully- 
automatic pipeline. However, to obtain the intraprostatic urethra (as 
described in the following section), manual contours of the bladder and 
prostate could also be used if available, skipping these two first steps. 

2.1.3. Intraprostatic urethra segmentation 
The development of Deep Learning Urethra Segmentation (DLUS) 

Network was similar to the work of Balagopal et al. (2021) [29], in 
which they segmented the Clinical Target Volume in post-operative 
prostate RT patients using the Euclidean distances between neigh
boring organs. 

In a first attempt, we trained DLUS with binary masks, expecting that 
it would learn the spatial relationships between the urethra and other 
OARs. This yielded a low accuracy, since the model was not able to learn 
this geometrical information from the binary masks. To improve the 
segmentation, we trained the network on Euclidean distance transforms 
for each predicted segmentation of the bladder and prostate. For each 
organ, we computed two distance maps, i) from its centroid to the 
boundaries (zero in the centroid and higher closer to the boundary), ii) 
from the boundary (zero values) to the pixels outside the organ (the 
further, the more negative). The Euclidean distance transform was also 
computed for the joint bladder and prostate masks. The final distance 
maps were obtained as the sum of three distance transforms: joint 
prostate and bladder, prostate, and weighted bladder (voxel weight 
depending on its distance to the prostate: the closer the higher). We also 
tested the performance of a model with a Laplacian distance map, 
obtaining less accurate results with longer computational times. 

To train DLUS nnU-Net network, MABUS database was randomly 
divided into train and test following 80:20 partitions, resulting in 44 
train and 11 test cases. nnU-Net was trained with a 3D full-resolution U- 
Net with 5-fold cross-validation for 500 epochs per fold. As inputs, we 
used the combined distance maps and ground truth segmentations of the 

urethra. DLUS was trained with a combination of Dice and Cross- 
Entropy losses and Adam optimizer with a learning rate of 10-4. 

The predicted urethra contours were evaluated with the Centerline 
Distance (CLD), Percentage of Centerline Points (PWR), and time needed 
to obtain the segmentation. The centerline was computed as a 3D cubic 
spline curve of equidistant points describing the urethra within the 
prostate. The CLD was the average of the differences between the pre
dicted and ground truth urethral centerlines. It was computed for the 
whole segmented path and each region after dividing the ground truth 
central path into three equivalent segments from the apex to the base 
(top, medium, and bottom regions). The PWR was calculated as the 
percentage of segmented centerline lying within a radius of 3.5 mm and 
5 mm around the ground truth centerline. 

2.2. Study of the dosimetric impact 

An independent series of 32 prostate cancer patients treated with 78/ 
80 Gy IMRT was employed in an illustrative dosimetric study to analyze 
if the urethra had received a higher dose than the whole prostate during 
treatment. This database included the CT and manually-delineated 
rectum, bladder, prostate, and seminal vesicles. First, we automati
cally segmented the intraprostatic urethra with DLUS. Then, doses 
within the urethra and prostate volumes were obtained from the 3D 
planning dose distribution and compared in terms of Dose Volume 
Histograms (DVHs) and minimum dose delivered to 95% of the prostate 
(D95). 

2.3. Validation on MR data 

The main criticism of urethra segmentation methods trained on CT 
images with a Foley catheter is the possible shift in the urethra position 
[13]. To analyze if our predicted contours were too different from the 
position of catheter-free urethras, we validated our methodology on 15 
MR images without catheter where the urethra had been manually 
delineated in the same medical institution as MABUS database (Table 1). 

CT scans from similar dates were available for the 15 patients. MR 
and CT images were non-rigidly registered with MIMFUSION (MIM 
Software Inc., Ohio, United States), allowing the transfer of manual 
urethra contours from MR to CT. Then, the same steps as defined in 
Fig. 1 were followed. The manual and predicted delineations were 
compared by computing the CLD and PWR within 3.5 and 5 mm. 

3. Results 

3.1. OARs segmentation 

Table 2 shows the evaluation of OARs Segmentation Network. The 
average DSCs for the rectum, bladder, prostate, and seminal vesicles 
were 86.3%, 93.6%, 83.3%, and 70.0%, respectively. All predicted 
segmentations obtained an ASD below 2 mm. Between the three data
bases, the most substantial differences appeared in the prostate, for 
which the model slightly underperformed with IHU data (DSC = 80.4%). 
For the seminal vesicles, the results obtained for UryTOX (DSC = 72.5%) 

Table 1 
Specifications of the three databases for OAR segmentation (UryTOX, INT, IHU) and the database for intraprostatic urethra segmentation (MABUS).   

Name Center CT images (n) RT treatment Image dimensions (X Y Z pixels) 
Pixel size (XY Z mm) 

OAR segmentation UryTOX CLCC Eugène Marquis (France) 154 IMRT/IGRT 512 512 (84 ~ 189)      
(1.008 ~ 1.172) (2 ~ 3)  

INT Istituto Nazionale dei Tumori (Italy) 77 IMRT/IGRT 512 512 (94 ~ 263)      
(0.977 ~ 1.172) (2 ~3)  

IHU San Raffaele Scientific Institute (Italy) 120 IMRT/IGRT 512 512 (55 ~ 115)      
(0.826 ~ 0.977) (1.626 ~ 3) 

Urethra segmentation MABUS CLCC Eugène Marquis (France) 55 Brachytherapy 512 512 48      
0.633 3  

L. Cubero et al.                                                                                                                                                                                                                                  



Physics and Imaging in Radiation Oncology 26 (2023) 100431

4

were superior to both INT and IHU databases (DSC ≤ 68.0%). 

3.2. Urethra segmentation 

The performance of DLUS was superior to the state-of-the-art multi- 
atlas approach [15] (Table 3a). This was a direct comparison, as the 
same data were evaluated. However, the results for the multi-atlas 
approach corresponded to a leave-one-out cross-validation (n = 1), 
while DLUS was evaluated on a test set with 11 images to avoid over
fitting and ensure more robust results. With DLUS, the CLD in the whole 
urethra was 1.6 mm, compared to the 3.3 mm with multi-atlas. The PWR 
within 5 mm also improved from 53% to 97%. Moreover, our method 
was 20 times faster: the urethra contour was calculated in 1.8 min, 
compared to more than 35 min for the multi-atlas approach (running on 
i7-8700 workstation with 32 GB RAM). Fig. 2 shows the best and worst 
segmented cases. 

3.3. Dosimetric impact 

The calculated D95 and DVHs for the prostate and intraprostatic 
urethra predicted volumes differed. This showed that the urethra 
received a statistically significant (p = 0.019) higher dose than the 
whole prostate (Fig. 3). 

3.4. Validation on MR data 

After an initial assessment, we excluded two patients from the 
evaluation as their CLD was above 10 mm; therefore, we considered that 
the model failed to segment them. The evaluation was performed for the 
remaining 13 patients. We observed a mismatch in the last part of the 
urethra between some predictions and their corresponding ground truth 
contours, probably due to the differences between the urethra and 
prostate in MR and CT. We post-processed our predicted urethra con
tours by removing the slices outside the prostate segmentation. The CLD 
and PWR within 5 mm revealed a worse performance when using the MR 
contours (3.9 mm and 62.3%, respectively) compared to CT (1.6 mm 
and 97.4%, Table 3b). Our results are closer to those from Belue et al. 
(2022) [30], who trained a 3D U-Net model with 798 T2-weighted MR 
images obtaining a CLD of 2.6 mm on 140 test MR scans. 

4. Discussion 

In this paper, we proposed a fully automatic DL-based methodology 
to segment OARs and intraprostatic urethra in CT for prostate cancer RT, 

comparing our results with the previous baseline approach and with 
manual segmentations on MR. 

Our automatic OARs segmentation facilitates the workflow’s 
implementation into the clinical setting. If we compare our DSC results 
(Table 2) for rectum, bladder and prostate (86.3%, 93.6%, 83.3%) to 
previous works [31–34] (best in [32] 84.0%, 95.0%, 90.0%), the only 
organ with more than 5% difference is the prostate. This is probably 
explained by the clinical and multicentric origin of our databases, with 
segmentations that have not been curated. In the case of the seminal 
vesicles, only [31] has reported a DSC of 70.1% on this region, equiv
alent to our DSC of 70.0%. These results show how our automatic OARs 
segmentation could replace manual contouring as a previous step for 
automatic urethra prediction. 

Our DLUS approach does not require any catheter to estimate the 
position of the urethra, as it uses the OARs distance maps to guide the 
delineation. Segmenting and reporting the dose to the urethra is 
important for studying its involvement in toxicity studies, but also to 
conduct personalized plannings with reduced radio-induced toxicity and 
improved tumor control, which is feasible with the new highly 
conformal intensity-modulated irradiation systems [35]. Our analysis on 
predicted urethra contours showed that it received a higher dose during 
treatment than the whole prostate (Fig. 3), depicting the importance of 
considering the urethra as an independent organ in prostate RT, since 
several authors have shown that a high dose to the urethra increases the 
risk of long-term genitourinary toxicities [7–9]. 

When compared to the reference multi-atlas-based approach on the 
same database, the CDL decreased from 3.3 mm to 1.6 mm, demon
strating the superiority of our framework in accuracy and computational 
requirements, which are tightly related to clinical integration feasibility. 
Even if these results are favorable, the urethra in the reference database 
was contoured via Foley catheter delineation, which could imply a de
viation from the anatomical position. The results obtained when 
applying the whole workflow to 15 CTs with urethra position obtained 
from MR increased the CLD to 3.8 mm. PWR was also smaller: 93.6% vs 
46.7% within 3.5 mm, and 97.4% vs 62.3% within 5 mm. These values 
indicate that the intraprostatic urethra had possibly been slightly dis
placed by the catheter. Nonetheless, other error sources could justify this 
disagreement: the registration inaccuracy and the bladder filling dif
ference between CT and MR images of the same patient. 

A recently published study where the urethra was segmented with a 
3D UNet trained only with MR data [30] obtained a CLD of 2.6 mm over 
the whole urethra. This value falls between our metrics on CT and MR 
data, showing that the urethra is a complex organ to segment even in 
MR. Nonetheless, we had to exclude two MR images from this evaluation 

Table 2 
Evaluation results (Dice Score Coefficient (DSC) and Average Surface Distance (ASD)) between the predicted segmentations obtained with the OARs Segmentation 
Network and the ground truth contours. The DSC is also depicted for each individual database.  

Database  Rectum Bladder Prostate Seminal Vesicles 

UryTOX (n = 34) DSC (%) 86.7 ± 5.2 94.0 ± 2.3 84.2 ± 5.6 72.5 ± 10.9 
INT (n = 15) DSC (%) 85.1 ± 6.7 96.0 ± 2.2 85.9 ± 9.7 68.0 ± 9.9 
IHU (n = 24) DSC (%) 86.4 ± 4.7 91.5 ± 7.7 80.4 ± 6.7 67.7 ± 11.1 
Average (n = 73) DSC (%) 86.3 ± 5.4 93.6 ± 5.0 83.3 ± 7.3 70.0 ± 11.0 

ASD (mm) 1.44 ± 1.11 0.95 ± 0.37 1.63 ± 0.63 1.76 ± 1.20  

Table 3 
Comparative results (Central Line Distance (CLD), Percentage of Centerline Points (PWR), and computation time) between the predicted and ground truth contours. 
The first two methods (MABUS multi-atlas approach [15] and DLUS) were trained with manual delineations performed on CT. The following approach only with MR 
data (Belue et al. [30]). The last one corresponds to the evaluation of DLUS when comparing against manual contours delineated on MR images.    

CLD (mm) PWR (%) Time 
(min)  Whole Top Middle Bottom <3.5 mm <5mm 

(a) CT MABUS [15] (n = 1) 3.3 ± 1.2 3.7 ± 1.7 2.5 ± 1.6 3.0 ± 1.8 53 ± 29 53 ± 29 >35  
DLUS (n = 11) 1.6 ± 0.8 1.7 ± 1.4 1.5 ± 0.9 1.7 ± 0.9 93.6 ± 12.4 97.4 ± 8.2 1.8 

(b) MR Belue et al. [30] (n = 140) 2.6 ± 1.3 3.7 ± 2.6 2.3 ± 1.4 1.5 ± 1.0 – – –  
DLUS (n = 13) 3.9 ± 1.3 3.9 ± 2.1 3.9 ± 1.8 3.3 ± 1.4 46.7 ± 28.4 62.3 ± 26.9 1.8  
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as their CLD was above 10 mm, indicating that our model was unable to 
segment these cases. One explanation for this underperformance could 
be the presence of tumors close to the urethra, pushing the structure to 
one of the sides of the prostate and inducing a geometrical asymmetry. 
Belue et al. (2022) [30] also found that asymmetric cases were more 
challenging to segment. 

DLUS was successfully validated with both catheter-guided and 
catheter-free urethras. Its main advantage is that it only uses the con
tours of the bladder and prostate to generate their Euclidean distance 
maps and guide the urethral segmentation. The slight underperformance 
of DLUS when tested on MR-delineated urethras would possibly be 
solved by retraining our workflow with manual MR contours. Even if RT 
is moving towards MR-guided treatments, most medical centers still 
depend on planning CTs to calculate the estimated dose in the OARs and 
urethra, which supports the clinical need of our framework. 

One limitation of this study is that the presence of the catheter in the 
training images might have slightly modified the real anatomy of the 
urethra. To mitigate this effect, we evaluated the methodology by 
computing the CLD and PWR. Other factors have to be further studied, 
such as position changes in the urethra for different bladder-filling sit
uations or the introduction of uncertainty maps to improve confidence 
in the results. 

In conclusion, this study validated a fully-automatic pipeline to es
timate the intraprostatic urethra in CT and MR images. The methodol
ogy outperformed previous approaches, opening the option to include 
the urethra as an independent organ in prostate cancer treatment plans, 
which could reduce long-term toxicity for the patients. 
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