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ABSTRACT

Background: Prostate cancer is the fourth most common cancer worldwide and the second most common in men. 
Accurate identification of organs at risk (OARs) is crucial for improving treatment planning, making the process 
faster and more efficient. Artificial intelligence has become a vital tool in medicine, reducing delays and improving 
treatment workflow by enabling precise, consistent automatic organ delineation.

Objectives: This study investigates and compares the performance of deep learning models for automatic OAR 
segmentation in CT images of prostate cancer patients.

Materials and methods: Using 2,011 CT images from the Prostate-Anatomical-Edge-Cases dataset, the U-Net, 
Dense V-Net, and DeepMedic models were evaluated under the same parameters for segmenting the bladder, rectum, 
and left and right femoral heads. Performance was assessed using the Dice Similarity Coefficient (DSC), 95th percentile 
Hausdorff Distance (HD95), and Mean Surface Distance (MSD).

Results: The Dense V-Net outperformed the other models, achieving the highest DSC (0.99) and the lowest HD95 
(0.00) and MSD (0.00) for the bladder. U-Net performed well for well-defined structures, such as the femoral heads, 
while DeepMedic demonstrated the most stability.

Conclusion: Dense V-Net’s superior performance highlights its effectiveness in medical image segmentation,  
particularly in prostate cancer treatment.

Introduction
	 Prostate cancer is one of the most common 
malignancies in men,1 ranking second in global 
incidence according to the World Cancer Research 
Fund International.2 It predominantly affects older 
men and continues to represent a major global health 
burden. Radiation therapy is a cornerstone treatment 
for localized and advanced prostate cancer, but its 
success depends on precise treatment planning that 
ensures maximum tumor control while minimizing 
damage to surrounding organs.3 In this process, 
accurate delineation of the prostate and organs at risk 
(OARs) such as the bladder, rectum, and femoral heads 
is essential for delivering therapeutic doses effectively 
while reducing radiation-induced complications that 
can significantly impair patients’ quality of life.
	 Traditionally, radiation oncologists have manually 
delineated OARs. Although this remains the clinical 
standard, manual contouring is labor-intensive, time- 
consuming, and subject to inter- and intra-observer 
variability. These inconsistencies may affect treatment 
planning and result in inadequate tumor coverage or 
unnecessary irradiation of healthy tissues. Artificial 
intelligence (AI), particularly deep learning, has therefore 
emerged as a promising approach for automatic organ 
segmentation, improving efficiency, accuracy, and 
reproducibility.4 Recent studies have demonstrated 
encouraging results in deep learning–based prostate 
OAR segmentation; however, challenges remain because 
of heterogeneous tissue contrast, complex pelvic 
anatomy, and variations in organ shape and position. 
In addition, direct comparison of reported results 
is difficult because previous studies have used 
different datasets, preprocessing procedures, training 
strategies, and evaluation protocols.
	 Several deep learning architectures have been 
developed for medical image segmentation. 5-16 U-Net is 
widely used because its encoder–decoder architecture 

with skip connections effectively combines contextual 
and fine spatial information.17 However, conventional 
2D U-Net processes CT images slice by slice and may 
have limited ability to capture inter-slice anatomical 
information. Dense V-Net extends the V-Net architecture 
by incorporating dense connections that facilitate 
feature propagation and mitigate vanishing gradient 
problems.18,19 DeepMedic uses a multi-scale, patch-
based architecture to capture contextual information 
at different spatial resolutions. These models 
represent different approaches to feature learning and 
anatomical representation.20,21 Nevertheless, although 
each has demonstrated promising segmentation 
performance, direct comparisons of U-Net, Dense 
V-Net, and DeepMedic for prostate OAR delineation 
remain limited. It remains unclear whether their 
relative advantages hold under the same experimental 
conditions.
	 This gap matters because differences in datasets 
and experimental protocols can affect segmentation 
performance and obscure the network architecture’s 
contribution. Furthermore, OARs differ in anatomical 
complexity: femoral heads generally have relatively 
distinct boundaries, whereas the rectum shows greater 
variation in shape, position, and surrounding tissue 
contrast. Therefore, overall performance alone may not 
adequately characterize the strengths and limitations 
of different architectures. 
	 This study systematically compares U-Net, Dense 
V-Net, and DeepMedic for automatic segmentation of 
the bladder, rectum, and bilateral femoral heads on 
CT images for prostate cancer radiotherapy planning. 
Unlike previous studies that primarily evaluate 
individual architectures, this study compares the three 
models under consistent experimental conditions 
using the same dataset, preprocessing procedures, 
data partitioning, and evaluation criteria. The models 
are evaluated within a common 2D framework to enable 
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a controlled, computationally feasible comparison. 
Performance was evaluated using the Dice similarity 
coefficient (DSC), 95th percentile Hausdorff distance 
(HD95), and mean surface distance (MSD), providing 
complementary measures of segmentation overlap 
and boundary accuracy. 
	 This study’s original contribution is the controlled 
characterization of the relative performance and organ- 
specific strengths and limitations of these architectures, 
along with evaluation across different training configurations. 
The findings may provide practical evidence for selecting 
suitable deep learning architectures for efficient and 
reliable automated OAR delineation in prostate cancer 
radiotherapy planning.

Material and methods
Patient data collection 
	 A total of 2,011 CT images of the bladder, rectum, 
and left and right femoral heads were obtained from 
the Prostate-Anatomical-Edge-Cases dataset (Cancer 
Imaging Archive), which comprises prostate adenocarcinoma 
patients treated with definitive radiotherapy between 
2011 and 2019.22 Images were excluded if patients had 
prior bladder surgery or urinary catheters, hernias, or if 
images were affected by metal artifacts from surgical 
implants. Four organs at risk (OARs) bladder, rectum, 
and left and right femoral heads were selected due 
to their proximity to the prostate and susceptibility 
to radiation, making accurate delineation critical to 
minimize complications such as urinary toxicity, rectal 
injury, and femoral head necrosis. After applying the 
inclusion criteria, we retained 67 patient cases, yielding 
2,011 CT images including bladder (600), rectum (602), 

right femoral head (406), and left femoral head (403).

Deep learning models and experimental design 
	 For this study, three representative deep learning 
architectures (U-Net, Dense V-Net, and DeepMedic) 
were selected based on their complementary strengths 
in medical image segmentation. To ensure a fair 
comparison and accommodate the 2D nature of the 
CT slices, all models, which were originally conceived 
or are often implemented in 3D, were adapted to a 2D 
framework.
	
Model architectures
Modified U-Net
	 The U-Net architecture, a convolutional neural 
network renowned for precise localization in medical 
imaging, was implemented with a key modification.17 
Our version features a lighter encoder-decoder structure 
that begins with 16 filters, increases sequentially to 
128 in the bottleneck, then decodes back to 16 filters. 
Unlike the original U-Net, which starts with 64 filters, 
this design significantly reduces trainable parameters 
and computational cost, making it well-suited to 
environments with limited hardware resources while 
preserving segmentation accuracy. The modified model 
in Figure 1 comprises an Encoder, Bottleneck, and Decoder. 
The Encoder reduces spatial dimensions while increasing 
filters (16→32→64→128), capturing progressively complex 
features. The Bottleneck learns critical representations 
before the Decoder restores resolution using up-sampling 
and skip connections. During decoding, filters are reduced 
(128→16) as the image size is restored to 256×256.

Figure 1. Architecture of the modified U-Net.
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Modified Dense V-Net
	 We adapted the 3D Dense V-Net,23 an extension of 
V-Net,3 to a 2D architecture. The model’s core strength lies 
in its dense blocks, which facilitate strong gradient flow 
and extensive feature reuse through direct connections 
between layers. This dense connectivity is particularly 
effective for segmenting heterogeneous tissues. Figure 
2 shows the modified Dense V-Net, adapted from the 
original 3D Dense V-Net  by converting it to 2D for CT 
image segmentation.19 It consists of dense blocks, a 
down-sampling path, a bottleneck, and an up-sampling 
path. Dense blocks use stacked 2D convolutions with 

Figure 2. Architecture of the modified Dense V-Net.

ReLU activations to promote feature reuse and gradient 
flow. The down-sampling path extracts hierarchical 
features via max-pooling, while the up-sampling path 
restores resolution with transposed convolutions and 
skip connections to preserve spatial detail. Compared 
with the original V-Net, the modified version uses dense 
connectivity to improve feature propagation, reduce 
vanishing gradients, and improve efficiency. Compared 
to U-Net, Dense V-Net achieves richer feature reuse and 
stronger gradient flow, resulting in higher segmentation 
accuracy with a similar parameter count.

Modified DeepMedic
	 The DeepMedic architecture, originally a 3D-CNN, 
was re-engineered for 2D analysis. Its defining feature 
is a multi-scale processing pathway.20,21 The model 
processes inputs at two resolutions simultaneously: 
a normal-resolution path (256×256) to capture fine 
details and a down-sampled, low-resolution path 
(128×128) to capture broader contextual information. 
The network merges feature from both pathways, 
upsamples them, and passes them through a fully 
connected layer to produce the final segmentation. 
This explicit multi-scale design distinguishes it from 
the implicit hierarchical feature extraction of U-Net 
and Dense V-Net, offering a potential advantage in 

delineating structures by integrating both local 
and global context. Figure 3 shows that the model 
includes a Normal Resolution Path, a Low-Resolution 
Path, a Merged Path, a Fully Connected Layer, and an 
Output Layer. The Normal Resolution Path processes 
full-resolution images (256×256) with 3×3 and 5×5 
convolutions, while the Low-Resolution Path captures 
broader context from down-sampled images (128×128). 
Features from both paths are merged, upsampled to 
256×256, and passed through a fully connected layer 
before generating segmentation outputs. Compared 
to the original 3D DeepMedic, this 2D version reduces 
computational cost while retaining multi-scale feature 
extraction.
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Figure 3. Architecture of the modified model.

Preprocessing and study design
	 All CT images were resampled to an isotropic 
voxel size of 1×1×1 mm³ and cropped or padded to 
256×256 pixels. Intensities were normalized to (-1, 1) 
without additional augmentation. A radiologist with 
over 15 years of experience delineated the bladder, 
rectum, and left and right femoral heads. The dataset 
was split into 70% training and 30% testing. Models 
were implemented on Google Colaboratory with 
hyperparameters tuned across batch sizes 4-15 and 
epochs 50-200. 

Model training
	 Model development, training, and evaluation 
were conducted in Python using Google Colaboratory. 
Three CNN architectures, U-Net, Dense V-Net, and 
DeepMedic, were implemented for image segmentation. 
The CT slices were randomly divided at the slice level 
into 70% for training and 30% for testing. During model 
training, 20% of the training subset was reserved for 
validation using “validation_split = 0.2”, resulting in 
approximate proportions of 56% training, 14% validation, 
and 30% testing data. The models were compiled with 
the Adam optimizer, binary cross-entropy loss, and 
accuracy as the training metric. Training was performed 
using the specified combinations of batch sizes (2, 4, 8, 
10, 12, 15) and epochs (50, 100, 200), and we checked 
the model architecture before training. Trained models 
were saved with identifiers reflecting their parameters. 
Performance was evaluated on the test set using 
statistical metrics, and the procedure was repeated for 
all three models to allow direct comparison.

Evaluation
	 The deep learning model for defining risk organ 
regions from this study was tested on the prepared 
test dataset. The testing process begins by loading the 
saved model. Load data for testing, create contours 
from the predicted mask, create contours from ground 
truth, and calculate average values used in testing,23 
including DSC, HD95, and MSD values.

Dice similarity coefficient (DSC) 
	 DSC measures the overlap between predicted and 
reference segmentations and ranges from 0 to 1, with  

values above 0.7 generally indicating good performance.3 

Since it provides no spatial information, it should not be 
used alone.3,24 The DSC value is defined as:

	 DSC =
2|x| ∩ |y|
|x| + |y|

	 (1)

	 where X and Y are the predicted and reference 
masks, and |X|∩|Y| is their overlap. A value of 1 indicates 
perfect agreement.

95th percentile Hausdorff distance (HD95) 
	 HD95 is the 95th percentile of distances from 
points on the predicted contour to the nearest points 
on the reference contour, used to evaluate boundary 
accuracy.3 The direct Hausdorff distance from X to Y is 
defined as the maximum distance from each point in X 
to its closest point in Y, as shown in Equation 2.

	 HD95(x,y) = max{supxєXinfyєY(x,y),supyєYinfxєXd(x,y)}
		  (2)

Mean surface distance (MSD) 
	 MSD is the average distance between the 
predicted and reference surfaces, quantifying boundary 
deviation.14,24 It is defined as:

	 MSD(A,B) =
ΣaєAs

d(a,Bs)+ΣbєBs
d(b,As)

|As| + |Bs|
	 (3)

	 where d(a,Bs) = minbєBs
||a-b|| is the Euclidean 

distance from point a on surface As to the nearest point 
on surface Bs Here, |As| + |Bs| denote the number of 
surface pixels in A and B. 

Results
	 The performance of the three models was quantitatively 
evaluated using the average Dice Similarity Coefficient 
(DSC) for volumetric overlap, together with the average 
95th percentile Hausdorff Distance (HD95) and Mean 
Surface Distance (MSD) for boundary accuracy. 
	 U-Net demonstrated its highest average DSC 
performance for the femoral heads, with values ranging 
from 0.83 to 0.96 for the right femoral head and 0.87 to 
0.94 for the left femoral head. For the bladder, average 
DSC values ranged from 0.86 to 0.94, whereas the 
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DSC values of 0.87-0.90 for the right femoral head and 
0.87-0.92 for the left femoral head. For the bladder 
and rectum, average DSC values ranged from 0.83 to 
0.85 and 0.78 to 0.84, respectively. Overall, Dense 
V-Net achieved the highest average DSC values across 
most OARs, followed by U-Net, whereas DeepMedic 
generally showed lower average DSC values.

rectum showed values of 0.84-0.88 (Figure 4). Dense 
V-Net achieved the highest average DSC values overall, 
particularly for the bladder, with values ranging from 
0.74 to 0.99 and a maximum of 0.99. For the right and left 
femoral heads, average DSC values ranged from 0.74 
to 0.98 and 0.74 to 0.94, respectively, while the rectum 
ranged from 0.66 to 0.95. DeepMedic yielded average 

Figure 4. Box plots of average DSC values for the bladder, rectum, and femoral heads across different batch sizes and 
training epochs using U-Net, Dense V-Net, and DeepMedic. Marker shapes indicate the number of training epochs 
(50, 100, and 200), and colors represent the three network architectures.
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	 For boundary accuracy, Dense V-Net generally 
achieved lower average HD95 and average MSD values 
(Figure 5 and Figure 6) than U-Net and DeepMedic, 
particularly for the bladder, where average HD95 and 
average MSD reached 0.00 mm (0.004749 and 0.002579) 
under some training configurations. However, Dense 
V-Net showed greater variability in boundary accuracy 
under specific training conditions. The highest average 
HD95 value observed for Dense V-Net was 8.26 mm 
for the right femoral head at a batch size of 2 and 100 

epochs. U-Net showed comparatively consistent boundary 
performance across the evaluated OARs, while DeepMedic 
demonstrated a narrower range of DSC values and 
relatively consistent boundary-distance measurements. 
Overall, the results indicate that Dense V-Net provided 
the most favorable segmentation performance across 
the evaluated OARs, whereas U-Net showed competitive 
performance and DeepMedic exhibited comparatively 
lower volumetric overlap.

Figure 5.  Box plots of average HD95 values for the bladder, rectum, and femoral heads across different batch sizes 
and training epochs using U-Net, Dense V-Net, and DeepMedic. 
Marker shapes indicate the number of training epochs (50, 100, and 200), and colors represent the three network 
architectures.
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Figure 6. Box plots of average MSD values for the bladder, rectum, and femoral heads across different batch sizes and 
training epochs using U-Net, Dense V-Net, and DeepMedic. Marker shapes indicate the number of training epochs 
(50, 100, and 200), and colors represent the three network architectures.

	 Average HD95 and average MSD represent the 
distance between predicted and ground-truth segmentations; 
smaller values indicate better performance (Figure 5 
and Figure 6). For the U-Net model (blue markers), the 
best-performing organs were the right and left femoral 
heads. The right femur achieved average HD95 values 
of 0.19-3.21 mm and average MSD values of 0.05-
0.58 mm, while the left femur had an average HD95 of 
0.25-2.55 mm and an average MSD of 0.05-1.73 mm. 
The bladder and rectum showed comparable results, 

with an average HD95 of 0.32-2.27 mm and an average 
MSD of 0.32-1.42 mm. For the Deepmedic model 
(red markers), the left femur performed best, with an 
average HD95 of 0.10-1.24 mm and an average MSD 
of 0.10-0.94 mm. The rectum ranked second (average 
HD95 0.23-3.10 mm, average MSD 0.23-1.36 mm), 
followed by the right femur (average HD95 0.21-2.75 
mm, average MSD 0.14-1.05 mm). The bladder showed 
the highest distances, with an average HD95 of 2.31-
3.17 mm and an average MSD of 0.49-0.87 mm.
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	 Figures 7 and Figure 8 illustrate the segmentation 
of the bladder, rectum, and femoral heads, comparing 
the ground truth (red contour) with the predicted 
segmentation (green contour). The top row of each 
figure presents the worst-performing models (lowest 
average DSC, highest average HD95 and average MSD), 
while the bottom row shows the best-performing 
settings. For the bladder (Figure 6), U-Net performed 
worst at a batch size of 2 with 50 epochs and best 
at a batch size of 8 with 200 epochs. Dense V-Net 

performed worst at a batch size of 2 with 50 epochs and 
best at a batch size of 4 with 200 epochs. DeepMedic 
performed best at a batch size of 2 with 50 epochs. For 
the rectum, U-Net performed worst at a batch size of 15 
with 50 epochs and best at a batch size of 15 with 200 
epochs. Dense V-Net performed worst at a batch size of 
2 with 50 epochs and best at a batch size of 12 with 200 
epochs. DeepMedic performed best at a batch size of 
12 with 200 epochs.

Figure 7. Image delineation of bladder and rectum. Red ground-truth contour, Green: model-predicted contour.
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Figure 8.  Image delineation of the right and left femoral heads. Red ground-truth contour, Green: model-predicted contour.

	 Figure 8 illustrates the segmentation evaluation 
for the right and left femoral heads. For the right femur, 
U-Net performed worst at a batch size of 4 with 100 
epochs and best at a batch size of 2 with 200 epochs. 
Dense V-Net performed worst at a batch size of 2 with 
100 epochs and best at a batch size of 12 with 200 
epochs. DeepMedic performed best at a batch size of 
15 with 100 epochs. For the left femur, U-Net performed 
worst at a batch size of 15 with 200 epochs and best 
at a batch size of 10 with 100 epochs. Dense V-Net 
performed worst at a batch size of 4 with 50 epochs and 
best at a batch size of 12 with 100 epochs. DeepMedic 
achieved its best results at a batch size of 15 with 100 
epochs.

Discussion
	 This study evaluated three deep learning models: 
U-Net, Dense V-Net, and DeepMedic for automatic 
segmentation of organs-at-risk (OARs) in prostate 
cancer radiotherapy using CT images. Accurate OAR 
delineation is critical for treatment planning, as it 

ensures precise dose delivery while sparing healthy 
tissue. Dense V-Net consistently outperformed the 
other models, achieving an average DSC of up to 0.99 
and near-zero average HD95 and average MSD for the 
bladder, reflecting its large, well-defined anatomy. 
All models segmented the femoral heads accurately, 
given their simple, symmetrical structures. In contrast, 
rectum segmentation remained challenging due to its 
variable shape, flexible boundaries, and proximity to 
surrounding tissues. Parameter optimization strongly 
influenced segmentation accuracy. Larger batch sizes 
(10-12) improved performance for complex organs 
like the bladder and rectum, while smaller sizes (2-
4) worked better for simpler structures such as the 
femoral heads. Increasing epochs generally improved 
accuracy but sometimes led to overfitting, as observed 
with DeepMedic, where average MSD worsened for 
femoral heads after prolonged training. These findings 
highlight the importance of careful tuning to balance 
learning and prevent performance degradation.
	 Dense V-Net’s performance exceeded accepted 
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clinical thresholds (DSC>0.90, HD95<2-3 mm, 
MSD<1 mm), underscoring its clinical viability.24 High-
quality OAR segmentation supports patient safety 
by ensuring accurate dose delivery and reducing the 
risk of complications such as radiation-induced cystitis, 
proctitis, and femoral fractures.25 Its robust performance 
is especially valuable in adaptive radiotherapy, where 
bladder and rectum anatomy can vary across sessions. 
Reliable, automated delineation enables rapid replanning, 
reduces clinician workload, and improves efficiency in 
high-volume or resource-limited settings.
	 U-Net offered a balance between accuracy and 
computational efficiency, making it suitable for faster 
or resource-constrained applications. DeepMedic, 
though less accurate in volumetric segmentation, 
occasionally achieved low average MSD values, 
indicating strong boundary detection despite weaker 

overall performance. These differences reflect how 
model architecture, parameter tuning, and organ 
complexity shape segmentation outcomes.
	 Comparison with prior studies (Table 1) further 
demonstrates Dense V-Net’s superiority. For the 
bladder and rectum, it achieved average DSC values of 
0.99 and 0.95, respectively, with lower average HD95 
and average MSD than previously reported using U-Net, 
3D U-Net, or DeepMedic on CT,6,8,25-28 or MRI datasets.29 
For the femoral heads, average DSC values reached 
0.98 (right) and 0.94 (left), outperforming earlier MRI-
based studies while maintaining very low average HD95 
and average MSD. These results confirm the strong 
performance of Dense V-Net, even in a 2D adaptation, 
and highlight improvements over both CT- and MRI-
based approaches.

Table 1.  Comparison of previous studies on automatic organ-at-risk segmentation in prostate cancer radiotherapy 
with average DSC, HD95, and MSD values.

Study Modality Model
Bladder Rectum

DSC HD95 MSD DSC HD95 MSD

Balagopal25

CT

U-Net 0.95 17.00 0.50 0.84 4.90 0.80

Sultana8 U-Net 0.88 7.20 2.34 0.83 9.20 3.91

Nemoto26 U-Net 0.94 - - 0.83 - -

Wang28 U-Net 0.94 - - 0.89 - -

Kawula27 3D U-Net 0.96 2.50 - 0.89 5.00 -

Savenije29

MRI
Dense V-Net 0.95 3.90 1.05 0.85 7.92 2.10

DeepMedic 0.95 3.80 0.95 0.85 8.34 2.07

This study CT

U-Net 0.94 0.84 0.25 0.88 1.43 0.32

Dense V-Net 0.99 0.00* 0.00** 0.95 0.54 0.10

DeepMedic 0.85 2.31 0.49 0.84 1.36 0.23

Study Modality Model
Right head of femur Left head of femur

DSC HD95 MSD DSC HD95 MSD

Savenije29 MRI
Dense V-Net 0.97 1.50 0.50 0.97 1.60 0.50

DeepMedic 0.96 2.15 0.61 0.96 1.89 0.55

This study CT

U-Net 0.96 0.19 0.05 0.94 0.58 0.10

Dense V-Net 0.98 0.19 0.03 0.94 0.80 0.17

Deepmedic 0.90 1.05 0.14 0.92 0.94 0.10
Note: *0.004749, **0.002579
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Limitations
	 Several limitations should be considered when 
interpreting the findings. Firstly, the study included 67 
cases from a single dataset, which may limit the 
generalizability of the results across different institutions, 
imaging protocols, and patient populations. Secondly, 
the authors partitioned data at the CT-slice level, 
allowing images from the same patient to be distributed 
across different subsets. This approach may introduce 
data leakage and potentially result in optimistic 
estimates of segmentation performance. Patient-
wise data partitioning, together with an independent 
validation dataset or nested cross-validation for model 
selection, would provide a more rigorous evaluation of 
model generalizability. Therefore, future studies should 
adopt patient-wise partitioning to mitigate this potential 
risk and provide a more robust assessment of model 
performance. Thirdly, Dense V-Net and DeepMedic 
were adapted from their original 3D architectures to 
a 2D framework, which may have reduced their ability 
to exploit inter-slice spatial information, particularly 
for anatomically variable structures. Evaluation of 
fully 3D or hybrid architectures may provide a more 
comprehensive assessment of volumetric contextual 
learning. Fourthly, we did not apply data augmentation 
to maintain consistent training conditions across 
the three architectures. Nevertheless, augmentation 
may improve model robustness and generalizability, 
particularly when patient-level sample diversity is 
limited. Fifthly, hyperparameter optimization was restricted 
to predefined combinations of batch size and training 
epochs. Consequently, the reported performance 
may not reflect the optimal performance achievable 
for each architecture. In addition, segmentation was 
analyzed using aggregate metrics rather than patient-
level metrics, precluding assessment of inter-patient 
variability and formal statistical comparison between 
models. Finally, validation used data from the same 
dataset and did not include external validation, clinical 
acceptability assessment, contour-editing time analysis, 
or dosimetric evaluation. 
	 Accordingly, interpret the findings as internal 
segmentation performance estimates rather than 
evidence of clinical readiness or generalizability to 
independent populations. Future studies should 
employ patient-wise data partitioning, larger multi-center 
datasets, external validation, systematic hyperparameter 
optimization, and data augmentation. Clinical evaluation 
should also incorporate contour-editing time, expert 
assessment, and dosimetric analysis. Although Dense 
V-Net showed the most favorable performance under 
the conditions evaluated, further validation is required 
to establish its clinical applicability.

Conclusion
	 Accurate segmentation of organs at risk (OARs) 
is critical in prostate cancer radiotherapy to ensure 
precise dose delivery while minimizing radiation-
induced toxicity. This study compared three deep 

learning models: U-Net, Dense V-Net, and DeepMedic 
for automatic delineation of the bladder, rectum, and 
femoral heads on CT images. Dense V-Net consistently 
performed best, with bladder average DSC up to 0.99 
and average HD95 near 0 mm; rectum average DSC 
of 0.95 with average HD95 of 0.54 mm; and femoral 
head average HD95 and average MSD as low as 
0.20 mm and 0.04-0.10 mm. These results exceed 
clinically acceptable thresholds (DSC>0.90, HD95 
<2 mm, MSD<1 mm), confirming Dense V-Net as the 
most clinically reliable model. While U-Net offered a 
good balance between accuracy and efficiency, and 
DeepMedic showed stable but lower performance, 
Dense V-Net outperformed both across all organs. Its 
consistent accuracy supports integration into clinical 
workflows, particularly for automated and adaptive 
radiotherapy planning. Future work should focus on 
improving model generalizability and efficiency to 
enhance clinical applicability.
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