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Impact of Image Pre-Processing and Optimizers on U-Net 
Segmentation of Prostate Cancer in MRI 

Anis Amira Abdul Aziz, Haniza Yazid*, Nazahah Mustafa, Saufiah Abdul Rahim and Mohd Hanafi 
Mat Som 

Abstract – Prostate cancer remains among the most 
frequently diagnosed cancers in men and is a 
significant issue in achieving timely and accurate 
diagnosis. Magnetic Resonance Imaging (MRI) is widely 
used because it can capture high-resolution anatomical 
information; however, cancer regions must be manually 
segmented, which is time-consuming and prone to 
variability among experts. This study proposes an 
automated segmentation algorithm utilizing the U-Net 
deep learning model, combined with image pre-
processing techniques, to address these deficiencies. 
Median filtering was applied to remove salt-and-pepper 
noise, followed by brightness enhancement to enhance 
the intensity contrast of the images. The pre-processed 
images were used to train a U-Net model for segmenting 
prostate cancer. The Dice Similarity Coefficient (DSC) 
metric was used to evaluate segmentation accuracy. 
Three optimizers, Adam, RMSprop, and Adagrad, were 
tested. All of them were trained between 10 and 100 
epochs. The Adam optimizer achieved the highest 
segmentation performance at epoch 90, with a DSC 
value of 0.9907, while RMSprop and Adagrad yielded 
0.9888 and 0.9655, respectively. Pre-processing raised 
the mean DSC from 0.8206 to 0.8733, confirming its 
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impact on image quality enhancement. Overall, the 
proposed method demonstrates high accuracy and 
reliability, offering a practical solution to support 
radiologists in prostate cancer diagnosis and treatment 
planning. 

Keywords—Prostate cancer, Magnetic Resonance Imaging 

(MRI), Image Segmentation, U-Net, Pre-processing, Dice 

Similarity Coefficient (DSC), Optimizer. 

 

I. INTRODUCTION 

 Prostate cancer is one of the most prevalent 
cancers to affect men in the world, particularly men 
above the age of 50 [1]. The prostate is a walnut-sized 
organ below the bladder and in front of the rectum. The 
prostate plays an important role in the male 
reproductive system by secreting seminal fluid to 
nourish sperm and transport them. With growing age 
in men, the prostate may alter size and functionality, 
and abnormal cell growth can lead to cancer 
development [2]. According to global health statistics, 
prostate cancer is the second most common cancer 
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diagnosed in men and remains one of the top causes 
of cancer-related death. Early detection is crucial for 
maximizing treatment outcomes and improving 
survival rates. Prostate-specific antigen (PSA) blood 
test, digital rectal examination (DRE), and other more 
advanced imaging studies, such as MRI, are routine 
screening methods for prostate cancer. Among these, 
MRI is highly effective as it can produce high-contrast, 
high-resolution images of soft tissues; hence, it is 
highly appropriate for identifying abnormalities in the 
prostate [3]. 

Even with benefits, prostate MRI image 
interpretation remains challenging. The internal 
anatomy of the prostate comprises several zones, 
namely the Peripheral Zone (PZ), Transitional Zone 
(TZ), and Central Zone (CZ). Each zone has unique 
tissue properties. Most prostate cancers occur in the 
peripheral zone [4]. However, the boundaries of the 
zones may not be clearly defined, especially in low-
quality imaging. Thus, radiologists manually segment 
prostate regions that are often labor-intensive, time-
consuming, and subject to variability depending on the 
expertise of the observer. To overcome these 
limitations, the use of automated segmentation 
techniques based on deep learning has gained 
considerable interest. Convolutional Neural Networks 
(CNNs), particularly the U-Net architecture, have 
demonstrated remarkable performance in biomedical 
image segmentation tasks due to their encoder–
decoder design and ability to learn spatial features 
effectively. 

This paper focuses on implementing a U-Net-based 
segmentation framework designed to identify and 
delineate prostate cancer regions in MRI images. The 
method incorporates pre-processing steps such as 
median filtering and brightness enhancement to 
improve image clarity before training the segmentation 
model. This approach aims to reduce reliance on 
manual annotation, improve segmentation accuracy, 
and support faster and more consistent diagnosis of 
prostate cancer. 

II.  REVIEW OF PROSTATE CANCER SEGMENTATION 

Prostate cancer segmentation on MRI images is 
important for correct diagnosis, treatment planning, 
and follow-up. Several computational procedures have 
been suggested over the years to improve the 
reliability and efficiency of prostate cancer 
segmentation. The procedures can be broadly 
classified under four categories: traditional 
approaches, machine learning, deep learning, and 
hybrid methods. 

A.  Conventional Techniques  

  Early segmentation techniques in medical imaging 
primarily employed conventional image processing 
algorithms such as thresholding, region growing, and 
edge detection. These algorithms use pixel intensity 
and basic geometric features to detect anatomical 
structures. Although computationally simple and fast, 
they work poorly for low-contrast images or intricate 
anatomical shapes. For example, Gong et al. [5] 
applied region-growing algorithms based on radiomic 
features but reported that they were MRI quality- and 
non-uniformity-sensitive across patients.  

Shanmugalingam et al. [6] employed multi-level Otsu 
thresholding, which successfully detected intensity 
transitions but was unable to capture fine anatomical 
details and was sensitive to noise. Similarly, the atlas-
based segmentation explored by Chen et al. [7] 
performed well for average prostate shapes but 
struggled significantly with anatomical distortions. 

Machine learning (ML) offered prostate cancer 
segmentation new hope by exploiting data-driven 
classification. Algorithms such as k-nearest 
neighbours (k-NN), support vector machines (SVM), 
and random forest models have been encouraging. 
However, these models were driven by manually 
crafted features, such as shape, texture, and intensity, 
which may lack a generalized ability across datasets. 
For instance, Anand et al. [8] utilized GLCM texture 
features in conjunction with k-NN, achieving 91.67% 
accuracy; however, the method proved to be 
extremely noise-sensitive and performed poorly when 
the datasets were large. Wang et al. [9] used a 
random forest classifier on radiomic features and 
achieved 88.2% sensitivity and 89.6% specificity. Li et 
al. [10] employed an SVM-based method utilizing 
radiomic intensity features, achieving 90.1% 
accuracy; however, its performance declined 
drastically in low-contrast conditions. 

B.  Conventional Techniques  

Recent years have seen a significant improvement 
in the task of medical image segmentation using deep 
learning, particularly with Convolutional Neural 
Networks (CNNs). In contrast to traditional ML 
methods, deep learning networks have automatically 
learned relevant features from data, restricting the 
need for manual feature engineering. The U-Net 
model, renowned for its encoder–decoder structure 
with skip connections, has become the most well-liked 
model for biomedical image segmentation. Several 
studies have shown the success of U-Net in 
segmenting prostate cancer regions from MRI scans. 
Aldoj et al. [11] proposed Zone-U-Net and CSPCa-U-
Net, achieving Dice scores of 0.78 (PZ), 0.86 (CG), 
and 0.89 (whole prostate), respectively, highlighting 
the benefits of zone-by-zone training. Pellicer-Valero 
et al. [12] proposed Retina U-Net, a combined 
detection and segmentation model that yielded an 
AUC of 0.96 with 1.00 sensitivity and 0.79 specificity. 
Rui Jin et al. [13] evaluated the baseline U-Net model 
on the PROSTATEx dataset, obtaining Dice scores 
ranging from 0.80 to 0.95, which confirmed U-Net's 
capability in handling challenging prostate anatomy 
and variability. 

In order to even further enhance segmentation 
performance, hybrid models have been proposed, 
combining different techniques such as deep learning, 
optimisation algorithms, and traditional image 
processing. These tend to increase the level of 
accuracy and boundary sharpening but require more 
computationally intensive processes. For example, 
Paulo Lapa et al. [14] introduced CRF-XmasNet, a 
model that combines Conditional Random Fields 
(CRFs) and CNNs, improving spatial coherence and 
reducing boundary errors. Nevertheless, the intricate 
nature of the model created challenges during 
integration. Reddy et al. [15] introduced the LHFGSO-
DMN model, which combined deep learning and 
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heuristic optimization, achieving higher accuracy 
(94.63%), sensitivity (93.46%), and specificity 
(95.72%). However, feature stability was a problem. 
Saqib Iqbal et al. [16] studied a hybrid ensemble 
involving ResNet-101, LSTM, SVM, k-NN, and Naïve 
Bayes. Of the above, the model with k-NN–Cosine 
similarity had an accuracy of 98.95% and an AUC of 
0.966. However, the complexity and computational 
cost of the ensemble were difficult for real-time clinical 
applications.  

A critical evaluation of existing segmentation 
methods reveals that while manual and machine 
learning-based methods have been significant 
contributors to the field, they are lacking in solving 
intricate anatomical variations, poor image contrast, 
and noise in prostate MRI scans. Deep learning 
methods, particularly those based on U-Net, have 
performed relatively better as they can learn 
hierarchical features and capture contextual 
information. However, the quality of such models is still 
influenced by image quality and pre-processing 
operations. This study proposes an enhanced 
segmentation framework utilizing a U-Net model, 
supported by pre-processing techniques such as 
median filtering and brightness adjustment, to improve 
the clarity and contrast of prostate MRI images. The 
technique aims to reduce segmentation error, enhance 
model generalizability, and improve overall accuracy in 
prostate cancer area detection. 

III.  PROPOSED METHODOLOGY 

This study presents a prostate cancer 
segmentation framework using a deep learning 
approach based on the U-Net architecture. The overall 
process consists of four main phases, as presented in 
the flowchart in Figure 1. All MRI slices were loaded 
as single-channel grayscale images and converted to 
tensors from the torchvision library, which scales pixel 
intensities to the {0,1} range. The images were used 
at their original resolution, and no data augmentation 
techniques were applied (rotation, flipping, scaling). In 
this work, all experiments were conducted directly on 
the pre-processed images after median filtering and 
brightness enhancement.  

A. Dataset  

 This study obtained the dataset from an open-
source repository hosted on GitHub, specifically the 
PROSTATEx dataset [17]. The dataset comprises 687 
prostate Magnetic Resonance Imaging (MRI) scans, 
each accompanied by a corresponding segmentation 
mask. It includes T2-weighted MRI sequences that 
provide high-resolution anatomical details of the 
prostate structure. In addition, the dataset includes 
Diffusion-Weighted Imaging (DWI), which provides 
functional imaging data that enhances the 
differentiation between cancerous and non-cancerous 
prostate tissues. The MRI data were acquired in three 
standard anatomical planes, which are axial, sagittal, 
and coronal. These planes are used to represent the 
spatial structure and orientation of the prostate gland. 
Although the PROSTATEx dataset includes T2 and 
DWI sequences, this study uses only T2-weighted 
axial slices, as it offers the most detailed visualization 
of prostate zones and provides clearer indications of  

 
 
FIGURE 1.  Flowchart of the MRI Segmentation for Prostate 

Cancer. 
 

cancerous regions. The segmentation masks 
provided in the dataset, which experienced 
radiologists annotated, serve as the ground truth and 
are used for training, validation, and evaluation of the 
deep learning segmentation model. The dataset was 
divided into 70% training, 15% validation, and 15% 
testing. Slices from the same patient were kept within 
the same partition to prevent data leakage. In this 
work, model selection and hyperparameter tuning 
were performed exclusively using the validation set. 

B. Image Pre-processing 

The prostate MRI images obtained from the 
PROSTATEx dataset may have several imperfections 
that negatively impact the performance of the 
segmentation task. These imperfections are typically 
caused by factors such as the patient's motion during 
scanning, imaging parameters, magnetic field 
inhomogeneities, and inherent anatomical variations. 
As a result, the images may exhibit noise, low contrast, 
and blurred tissue boundaries. To address these 
issues, a pre-processing phase was employed to 
enhance the overall image quality of the input images 
prior to training the deep learning model. The primary 
objective of this phase is to enhance visual clarity, 
highlight major anatomical structures, and reduce 
image noise, thereby enabling more accurate 
segmentation. This study employed a pixel-based pre-
processing method, where the intensity values of every 
pixel in the image were adjusted to better represent the 
features. Pre-processing involves two major 
operations: median filtering and illumination 
enhancement. These two operations are performed 
consecutively to ensure MRI images fed into the model 
for segmentation are optimized in terms of clarity and 
uniformity.  
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C. Median filtering 

Median filtering is applied as the initial step in the 
pre-processing pipeline to remove salt-and-pepper 
noise, a common artifact in MRI images. The noise, 
often caused by magnetic interference or acquisition 
artifacts, can obscure fine structural details and impact 
segmentation performance if left unaddressed. The 
median filter replaces each pixel value with the median 
of its surrounding neighborhood [18]. This method 
excels at removing isolated points of noise and 
preserving edges, making it suitable for medical 
images where anatomical boundary integrity must be 
preserved [19]. Median filtering, when applied, 
contributes to global visualization of the prostate region 
by deleting noise without creating significant blurring. 
The resulting image in Figure 2 is a cleaner image with 
less noise, and the deep model can achieve 
segmentation more effectively. 

 

  

FIGURE 2.  Pre-processing phase a) Original MRI image b) 
Median filtered image. 

 

D. Brightness Enhancement 

Brightness enhancement is performed after the 
noise reduction process to improve the overall visibility 
of prostate structures in the MRI images. Original MRI 
scans often suffer from low contrast, which can make 
it difficult to distinguish between healthy tissue and 
regions affected by cancer. Enhancing the brightness 
helps highlight important anatomical features, 
especially the boundaries between prostate zones 
[20]. This process adjusts the intensity values of the 
image to improve the difference between foreground 
and background areas. As a result, regions of interest 
become more visible, which supports better learning 
during the training phase of the segmentation model. 
Brightness enhancement also reduces the risk of 
under-segmentation or over-segmentation caused by 
low contrast input images.  Brightness enhancement 
was implemented per-slice as a linear intensity scaling 
operation, where every pixel value was multiplied by a 
fixed factor (default = 2.0) and clipped to the valid 0–
255 range. This simple global enhancement increased 
overall visibility and improved contrast of prostate 
boundaries without introducing non-linear distortions. 
As presented in Figure 3, brightness enhancement is 
applied after median filtering to improve the overall 
clarity of the MRI image.  

  

FIGURE 3.  Pre-processing phase a) Median filtered image 
b) Brightness enhanced image. 

 

E. U-Net Architecture 

The U-Net architecture is used in this study due to 
its strong performance in biomedical image 
segmentation. It is well known for its ability to work with 
small datasets and for preserving spatial information, 
which is important in segmenting complex anatomical 
structures such as the prostate. The architecture of the 
U-Net model is shown in Figure 4. Model training was 
performed on a workstation equipped with an Intel® 
Core™ i7-6700HQ CPU (2.60 GHz), 16 GB RAM, and 
an NVIDIA GeForce GTX 950M GPU (4 GB VRAM), 
running a 64-bit operating system with CUDA-enabled 
PyTorch. 

 

 

FIGURE 4.  U-Net architecture for prostate cancer 
segmentation 

 

The U-Net architecture consists of two main stages: 
the downsampling path and the upsampling path. The 
downsampling path is responsible for extracting 
features and reducing the image size using 
convolutional layers followed by max pooling. This 
helps the model understand the input image's overall 
context by capturing deeper features at each level. 
After the downsampling process, the upsampling path 
aims to recover the original image resolution. It utilizes 
upsampling layers to increase the spatial dimensions 
gradually and combines the upsampled features with 
those from the corresponding downsampling layers. 
This combination is achieved through skip 
connections, which enable the model to retain 
important spatial details that are often lost during 
downsampling. After undergoing several layers of 
downsampling and upsampling, the network 
concludes with a final convolutional layer, followed by 

a) b) 

a) b) 
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a sigmoid activation function, to produce a binary 
segmentation mask. This mask highlights the region of 
interest, which in this case is the cancerous area within 
the prostate [21].  

The U-Net model was trained to segment prostate 
cancer regions from MRI images using different 
optimization strategies. Three optimizers were 
compared in this study, namely Adam, RMSprop, and 
Adagrad. Each optimizer has a distinct update rule, 
which was tested to assess its impact on segmentation 
performance. Binary Cross-Entropy with Logits Loss 
was selected as the loss function, which is suitable for 
binary classification tasks, such as distinguishing 
between cancerous and non-cancerous tissue in MRI 
scans. The input images and their corresponding 
ground truth masks were loaded using a custom 
dataset class during training. A batch size of 4 was 
used to accommodate GPU memory constraints, and 
the learning rates were fixed at 0.0001 for Adam and 
RMSprop, while Adagrad utilized a higher learning rate 
of 0.004 to enhance convergence. The training 
process was carried out for 110 epochs for each 
optimizer. The model parameters were updated at 
each epoch through backpropagation and optimizer-
specific weight updates. The training loss was 
monitored throughout the training phase, and 
segmentation performance was evaluated based on 
the Dice Similarity Coefficient (DSC). The optimizer 
configurations used in this study are summarized in 
Table 1. 

TABLE 1.  A summary of the results with and without pre-
processing. 

 

Parameter ADAM RMSprop AdaGrad 

Learning 

Rate 

0.0001 0.0001 0.004 

Batch Size 

Epochs 

Loss 

Function 

 

Evaluation 

Metrics 

4 

100 

Binary 

Cross-

Entropy 

with Logits 

Dice 

Similarity 

Coefficient 

(DSC) 

4 

100 

Binary 

Cross-

Entropy 

with Logits 

Dice 

Similarity 

Coefficient 

(DSC) 

4 

80 

Binary 

Cross-

Entropy 

with 

Logits 

Dice 

Similarity 

Coefficient 

(DSC) 

 

Performance evaluation is a crucial step in 
assessing the effectiveness of the proposed 
segmentation model [22]. It is done by comparing the 
predicted segmentation output with the ground truth 
annotation, using a suitable metric to measure how 
accurately the model identifies the regions of prostate 
cancer. In this study, the Dice Similarity Coefficient 
(DSC) is used as the main evaluation metric. DSC is a 
widely accepted statistical measure that calculates the 

overlap between two binary segmentation results. It is 
especially suitable for medical image segmentation, 
where the accuracy of region boundary detection is 
essential for diagnosis and treatment planning. The 
DSC is calculated by measuring the size of the 
intersection between the predicted segmentation and 
the ground truth, relative to the total size of both sets. 
The formula for DSC is given in Equation (1).     

𝐷𝑆𝐶 =
2 ×|𝐴∩𝐵|

|𝐴|+|𝐵|
  (1) 

where: 

A is the predicted segmentation output 

B is the ground truth segmentation 

A ∩ B is the intersection area between the two masks 

The range of DSC is 0 to 1. A value of overlap of 1 
indicates that the predicted mask and ground truth 
completely overlap with each other, while a value of 
overlap of 0 indicates that no overlap exists. In the 
segmentation of prostate cancer, a high DSC value 
indicates that the model can effectively identify and 
delineate cancerous regions, which is essential for 
decision-making in treatment. Using DSC as the 
measurement criterion allows the model to be 
measured quantitatively and objectively. It can also be 
used to compare performance across optimizers, pre-
processing methods, and model configurations. 

IV. RESULTS AND DISCUSSION 

This section presents the experimental results of 
the prostate cancer segmentation model, utilizing the 
U-Net architecture. The evaluation was conducted on 
two levels, involving a visual inspection of 
segmentation outcomes and a quantitative analysis 
using the Dice Similarity Coefficient (DSC). The 
outcomes are organized to highlight the impact of the 
image pre-processing, the trend in the model 
performance throughout epochs, and comparisons 
among different optimizers. All results are presented in 
terms of the model's ability to learn and generalize from 
prostate MRI images. 

A. Effect of Pre-processing 

Pre-processing is a crucial step in medical image 
segmentation, as it significantly influences the clarity of 
the input data. In this study, two pre-processing 
techniques were applied, namely median filtering and 
brightness enhancement. These were designed to 
reduce noise and enhance the contrast of the MRI 
images. The original prostate MRI images contained 
considerable noise and low intensity contrast, which 
could negatively affect model learning. Median filtering 
was applied to reduce the presence of noise while 
preserving the important structural boundaries. This 
type of noise often appears due to acquisition 
conditions and can cause the model to misclassify 
pixels. The second pre-processing step involved 
brightness enhancement, which increased the contrast 
between the prostate tissue and its surrounding 
structures. This step helped highlight the prostate 
boundaries more clearly, making it easier for the model 
to distinguish between cancerous and non-cancerous 
regions. The visual improvements are shown in Figure 
5. The original image is difficult to interpret due to noise 
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and poor contrast. After filtering and brightness 
adjustment, the prostate structure becomes more 
defined.        

    

 

FIGURE 5.  Pre-processing phase a) Original MRI image b) 
After median filtering c) After brightness enhancement. 

 

A quantitative comparison was also conducted to 
evaluate the impact of pre-processing on model 
performance. When the model was trained without pre-
processing, the segmentation results were 
inconsistent and produced a lower average DSC 
value. After applying the pre-processing steps, the 
model achieved a more stable segmentation 
performance. This is evident in Table 2. 

 

TABLE 2.  Comparison of average DSC with and without pre-
processing. 

 

Pre-processing Average DSC 

With Pre-procesing 0.8733 

Without Pre-processing 0.8206 

 

B. Optimizer Performance Based on Image-Level 
DSC 

To compare the influence of each optimizer on 
model learning in more detail, the segmentation results 
were recorded at various training epochs on sample 
images. Segmentation output was visually compared 
and augmented with single DSC values. For the Adam 
optimizer, segmentation at epoch 10 was poor. The 
predicted mask was blurry, and the model was unable 
to differentiate the entire structure of the prostate. The 
model improved greatly at epoch 30. The prostate 
boundaries were more accurately segmented, 
although some small areas were still missed. The 
model performed best visually at epoch 90, with a well-
defined contour of the prostate and few false regions. 
The image-level DSC was 0.9899 at epoch 90, 
indicating that the predicted mask was nearly identical 
to the truth as denoted in Figure 6. The results are 
presented in Figure 7. 

 

FIGURE 6.  Ground truth for the sample result 
 

 

FIGURE 7.  Adam optimizer output at different epochs a) 
Epoch 10 b) Epoch 30 c) Epoch 90. 

 

At epoch 10, the segmentation was less accurate 
with a DSC of 0.7898, and the output appeared 
fragmented. The model improved at epoch 30 and 
reached its best performance at epoch 90 with a DSC 
of 0.9890. Compared to Adam, RMSprop took more 
epochs to achieve this level of accuracy. Figure 8 
illustrates this progression. 

 

 
FIGURE 8.  RMSprop optimizer output at different epochs a) 

Epoch 10 b) Epoch 30 c) Epoch 90. 
 

 Adagrad performed less consistently. In early 
epochs, the segmentation was poor, and the prostate 
shape was not clearly identified. Even though the 
model gradually improved, its best segmentation was 
achieved at epoch 70 with a DSC of 0.8659. Compared 
to Adam and RMSprop, Adagrad produced more false-
positive and false-negative regions, and its learning 
rate appeared to plateau earlier. Figure 9 presents the 
progression of Adagrad's results.  

 

FIGURE 9.  Adagrad optimizer output at different epochs a) 
Epoch 10 b) Epoch 30 c) Epoch 70. 

 

These results confirm that the choice of optimizer 
plays a crucial role in segmentation performance. 
Adam was the most stable and accurate, followed by 
RMSprop, while Adagrad was more sensitive to 
parameter settings and had slower learning. 

 

a) b) c) 
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C. Average DSC by Epoch   

In addition to visual inspection, the average DSC for 
each epoch was computed to evaluate the overall 
learning trend of each optimizer. This analysis helps 
determine the final accuracy, how quickly the model 
converges, and whether it exhibits any signs of 
overfitting or stagnation. Adam showed a steady 
improvement in average DSC from epoch 10 to epoch 
90, reaching a peak of 0.9907. This indicates that the 
model continuously learned more accurate features 
over time. After epoch 90, a slight drop in performance 
was observed, marking the beginning of overfitting. 
RMSprop also improved over time, reaching a 
maximum average DSC of 0.9888 at epoch 90. Its 
learning curve was slightly slower than Adam’s, but the 
final performance was still high and stable. The 
performance remained nearly constant after epoch 90. 
Adagrad showed faster early growth but plateaued 
earlier than the other two optimizers. The highest 
average DSC was 0.9655 at epoch 70. After that, no 
significant improvements were observed. This 
suggests that Adagrad may require further 
adjustments to its hyperparameters to perform at the 
same level as Adam or RMSprop. The comparison of 
average DSC values across optimizers is presented in 
Table 3. 

TABLE 3.  Summary of Average DSC for all Optimizers. 

Epoch ADAM RMSprop AdaGrad 

Epoch 10 0.9142 0.8825 0.8732 

Epoch 20 0.9534 0.9201 0.9180 

Epoch 30 0.9664 0.9498 0.9384 

Epoch 40 0.9749 0.9609 0.9444 

Epoch 50 0.9801 0.9722 0.9507 

Epoch 60 0.9836 0.9730 0.9529 

Epoch 70 0.9858 0.9780 0.9655 

Epoch 80 0.9876 0.9783 0.9578 

Epoch 90 0.9907 0.9888 - 

Epoch 100 0.9822 0.9887 - 

 

 

FIGURE 10.  Average DSC Values by Epoch for Adam, 
RMSprop and Adagrad. 

 

The results support the conclusion that Adam is the 
most effective optimizer for this task under the tested 
conditions. RMSprop is a good alternative, while 

Adagrad may require specific tuning to reach similar 
performance.   

To provide a clearer view of the segmentation 
accuracy progress over training, a line graph was 
plotted to show the mean Dice Similarity Coefficient 
(DSC) values for all epochs for each optimizer. As 
shown in Figure 10, the Adam optimizer achieved the 
highest DSC throughout the entire training period, 
consistently improving from epoch 10 to epoch 90 
before experiencing a slight drop. RMSprop showed 
similar growth, reaching its peak at epoch 90 as well. 
However, Adagrad showed slower improvement than 
the other optimizers, and its performance began 
stabilizing earlier, with the highest average DSC 
recorded at epoch 70. The graph also shows the 
stability and reproducibility of Adam and RMSprop, 
whereas Adagrad showed more fluctuation and a 
slower learning curve. This graph supports the results 
in Table 3 and maintains that Adam performs optimally 
under the implemented conditions.  Adam provided the 
best performance because it uses both first-moment 
(mean) and second-moment (variance) estimates of 
gradients, enabling more stable and adaptive learning-
rate adjustments across layers. RMSprop relies only 
on second-moment normalization, which makes it 
more sensitive to noisy gradient variations and results 
in slower convergence. Adagrad accumulates squared 
gradients, causing its effective learning rate to shrink 
early during training, which can limit further 
improvement. Adam’s bias-corrected adaptive 
updates therefore yield more consistent convergence 
behavior and better generalization, explaining the 
higher DSC values observed in the experiments. 

 

V. CONCLUSION  

The proposed framework included median filtering 
and brightness enhancement as pre-processing steps, 
followed by U-Net segmentation trained using Adam, 
RMSprop, and Adagrad optimizers. The application of 
pre-processing techniques yielded clearer and more 
consistent MRI images, which significantly enhanced 
the model’s learning ability. Quantitative analysis 
revealed that the average Dice Similarity Coefficient 
(DSC) increased from 0.8206 to 0.8733 with pre-
processing, confirming the essential requirement of 
high-quality input images. The increase in mean DSC 
from 0.8206 to 0.8733 represents a consistent 
improvement across the evaluated test samples. 
Although the analysis remains descriptive due to 
dataset constraints, the observed trend indicates that 
median filtering and brightness enhancement 
contribute positively to segmentation accuracy. A more 
comprehensive statistical analysis will be considered 
in future work using larger datasets with standardized 
patient-level sample distributions. Among the three 
optimizers, Adam achieved the best segmentation 
performance. It recorded the highest image-level DSC 
of 0.9899 and the highest average DSC of 0.9907 at 
epoch 90. RMSprop performed equally well with a 
highest average DSC of 0.9888, while Adagrad was 
poorer, reaching its optimal DSC of 0.9655 at epoch 
70. Overall, the results demonstrate that combining 
pre-processing and a U-Net-based model, supported 
by a suitable optimizer, can produce accurate and 
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reliable segmentation of prostate cancer regions.  
Future work may include testing the model on larger 
and more diverse datasets, repeated training runs to 
further assess optimizer robustness, incorporating 
advanced architectures such as attention 
mechanisms, and exploring post-processing 
techniques to further refine the segmentation.  
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