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1. Introduction  
Early diagnosis of gliomas (tumors) within the brain can alleviate adverse events and promote 

better treatment such as chemotherapy and radiation. Studies by [1] has shown that patients with 
pilocytic astrocytoma (grade I) have an excellent prognosis with a 96% survival rate at 10 years (with 
surgical intervention) while low-grade astrocytoma (grade II) has a median survival time (MST) of 
5.6 years. Then, patients with anaplastic astrocytoma (grade III) have an MST of 1.6 years while 
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Segmentation of brain tumors in volumetric medical images is challenging 
due to the complexities of the tumor structure, the types, and the heavy-
weight 3D data processing. In contrast, 2D-based segmentation methods on 
the slice data reduce the amount of information due to the anisotropic shape 
of the tumors and lead to poor segmentation results. This study proposes a 
3D network structure combining ReSidual U-Block (RSU), custom dilated 
block, and U2-Net for automatic segmentation of brain tumors from MRI 
images, namely 3D RSU U2-Net+. The RSU and custom dilated block are 
embedded and joined in the nested U-Net structure to obtain multi-resolution 
features and global information, enhancing segmentation accuracy while 
reducing computational overhead. The proposed method outperformed the 
segmentation results of the standard U-Net, on brain tumor data in the 
medical segmentation Decathlon (MSD) dataset. The proposed model 
achieves an average validation soft dice loss of 0.1320 and dice score 
coefficient of 78% and intersection over union of 64% for testing. Although 
having 3 times parameters, the model requires less GPU time (397.7 minutes) 
than U-Net (433.6 minutes), demonstrating improved computational 
efficiency resulting from the effective use of residual and dilated blocks. 
Moreover, the model achieves 75.4% average sensitivity and 99% specificity 
for edema, enhancing, and non-enhancing tumors. These experimental results 
show that the 3D RSU U2-Net+ has been able to outperform the U-Net. 
However, the model’s performance on non-enhancing tumors remains 
relatively lower compared to other tumor types, indicating on opportunity for 
further optimization.     
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glioblastoma (grade IV) has a poor prognosis with an MST of only 0.4 years. Inspection of brain 
tumors using magnetic resonance imaging (MRI) or images can improve diagnostics and treatment 
planning. Segmentation and measurement of the tumors within these images require expertise and 
experience. Doctors can make mistakes due to time-consuming manual procedures and fatigue [2]. 
To improve disease diagnosis and treatment, automated segmentation based on machine learning has 
attracted lots of attention [3]. There are several challenges for brain tumor segmentation such as 
complex characteristics due to its variation of shape, size, and location, classification ambiguities [4] 
and computationally demanding.  

The characteristics problem can be categorized as features and modalities. Previous studies have 
focused on hand-crafted feature selection before feeding into classifiers. Unfortunately, hand-crafted 
features are only suitable for local details and fail to capture the global structure of the targeted object 
of tumors [5]. Many studies have switched to convolutional neural network (CNN) architectures [6]. 
However, the nature of convolutional neural networks (CNN) is limited to local context information 
[7]. To establish long-range dependencies and global context information, residual connections, also 
known as skipping connections ([8] used the term skip layer), are used to join features between layers. 
Moreover, segmentation of medical images is challenging because most medical image data consists 
of 3D volumes [9]. CNNs have advantages as they can extract multiple image features automatically 
instead of hand-crafted feature selection. Some studies can be found in [5], [10]–[12]. 

Implementation of training CNNs on a standard computer can take a significant amount of time. 
A study comparing the training of deep learning-based classification of MRI contrast on both CPU 
and GPU showed that training ResNet18 on a single CPU laptop (2 GHz Quad-Core Intel Core i5) 
for 30 epochs took 199 minutes. However, using a ResNet50 model on a GPU (NVIDIA Tesla P100) 
for the same 30 epochs reduced the training time to just 10 minutes [13]. For addition using GPU, 
train TwoPathCNN for only a few minutes and its performance achieves 0.58, 0.81, and 0.72 dice 
scores for enhancing, completing, and core tumor respectively [14]. Therefore, it is better to utilize 
a graphical processing unit (GPU) for training deep learning models [15]. 

Comparing brain tumor segmentation algorithms is difficult because the literature contains 
different datasets, tumor types, and disease stages. To alleviate these problems, researchers are 
encouraged to work based on standard datasets such as Brain Tumor Segmentation (BraTS). BraTS 
dataset contains three types of tumors that require semantic pixel labeling (semantic segmentation). 
Firstly, edema, a swelling of the brain tissue surrounding the tumor. This is a natural response from 
the body due to the presence of the tumors and may be caused by increased intracranial pressure. 
Edema can be seen as an area with increased signal in the MRI T2-weighted image and FLAIR (Fluid 
Attenuated Inversion Recovery), indicates fluid leaking into the surrounding tissue. Secondly, 
enhancing tumors with gadolinium enhancement is part of brain tumors that show increased activity 
when using gadolinium contrast material in MRI images. This increased activity indicates that this 
area is active and may contain tumor cells that are more aggressive or active. Lastly, non-enhancing 
tumors do not show increased activity when using a contrast material such as Gadolinium in MRI 
images. This means that non-enhancing tumors do not take up contrast material strongly and are not 
seen more clearly in Gadolinium-enhanced images [16], [17]. 

From 2012-2018, various algorithms such as Random Forest, ResNet, DenseNet, U-Net and 
DeepSCAN have attempted to tackle BraTS challenge. According to [3], the best models at the time 
were developed based on U-Net/U2-Net architecture and variational autoencoder (VAE). Although 
U-Net-based architectures achieve good attention in the literature, their nesting variants are 
vulnerable to overfitting [18]. The VAE approach achieves the performance of 0.7664, 0.8839, and 
0.8154 average dice scores for enhanced tumor core, whole tumor, and tumor core respectively [19]. 
On the other hand, U-Net architecture is the most popular for medical image segmentation challenges 
[20]. U-Net follows the encoder-decoder architecture pattern. The encoder progressively down-
samples the feature maps, and the decoder up-samples them while concatenating them with the 
corresponding features from the encoder. The encoder aims to capture local details of the tumor 
features while the decoder captures the global structure. U-Net is a network of 23 convolutional 
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layers and was originally developed for 2D medical images [21]. However, U-Net has been adopted 
to handle 3D medical images as well but only to achieve a performance of around 79% dice score 
[22]. 

The contribution of this study paper is twofold: the advancement of U-Net structures to handle 
3D magnetic resonance images and faster computational time. The proposed model is faster despite 
having more parameters than U-Net due to several architectural and operational optimizations. It 
uses ReSidual U-Block (RSU) to train deeper networks allowing gradients to flow more easily 
through the network. Different dilation rates are utilized to capture multi-scale features without 
increasing the number of parameters. Moreover, it has intricate skip connections, combining up-
sampling and concatenation of features at multiple scales.  

2. Method  
2.1. Dataset 

We used the medical segmentation decathlon dataset. This dataset presents a challenge in 
identifying targets that are complex and located in various positions [20]. The dataset contains 750 
MRI (only 484 have ground-truth labels) images from patients with glioblastoma (grade IV) or 
lower-grade glioma. Each MRI image set consists of 4 imaging modalities or channels: T1 (T1-
weighted), T1-Gd (T1-weighted with gadolinium contrast), T2 (T2 weighted), and FLAIR (Fluid 
Attenuated Inversion Recovery) including 3 ground truth labeling pixel-wise for edema, non- 
enhancing tumor, and enhancing tumor. These multiple modalities help differentiate tissue 
characteristics, making the dataset particularly valuable for assessing the effectiveness of advanced 
segmentation models. A sample of these channels is given in Fig. 1.   

Fig. 1.  Images of the four channels of the first patient at slice 75 (top) and corresponding labels (bottom) 

Each image has a size of 240 x 240 x 155 x 4 and a mask with the size of 240 x 240 x 155 which 
aligns with our model’s multi-scale feature extraction approach. By leveraging the distinct contrast 
across modalities, our model can refine spatial representations and enhance segmentation accuracy. 
The data format used in the dataset is Nifty (neuroimaging informatics technology initiative with 
suffix. nii). The dataset contains three targets of tumor sub-regions: edema, enhancing tumor, and 
non-enhancing tumor.  

    
(Top) 

   
(Bottom) 
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2.2. Preprocessing 

We extract 5 sub-volumes from each MRI image within the dataset with a criterion each sub-
volume contains at least 10% of the tumor. The 10% threshold was selected based on practical 
considerations and initial observations to balance computational efficiency with sufficient tumor 
representation. While alternative thresholds (e.g., 5% or 15%) could be explored, maintaining a 
consistent preprocessing approach ensures fair model comparisons and prevents unnecessary 
computational overhead. Additionally, ensuring a minimum tumor presence helps the model focus 
on learning relevant tumor features rather than biased toward classifying large non-tumor regions. In 
total, there are 1000 sub-volumes generated from 200 MRI images. These sub-volumes are split using 
a ratio of 0.8:0.1:0.1 for training, validation, and testing data. In addition, the pixel values within the 
images are normalized based on mean and standard deviation.   

2.3. Residual U-Blocks (RSU) and U2-Net 

ReSidual U-Block (RSU) is similar to residual block (ResNet) by inserting shortcut connections 
between layers [23]. However, RSU uses U-Net structure to replace the convolution layers. By 
nesting the U-Net structure, [24] developed a U2-Net structure. It has 11 cubes that are filled by the 
RSU structure. In the encoder, RSU blocks have a decreasing number of layers by feature mappings 
for its encoding process. At the bottom parts, the RSU is dilated to capture larger receptive fields. 
Finally, the decoder parts up-sample the maps and fuse them with a concatenation operation and then 
to a sigmoid function to the final probability map.  

Each RSU block uses a 3D version of U-Net as we work with 3D MRI data. It uses 3D 
convolution to extract features from volumetric data and 3D up-sampling to reconstruct the original 
dimensions. The nested U-Net structure with RSU will enhance computational efficiency and 
segmentation accuracy by reducing redundant operations through multi-scale feature extraction, 
facilitating better information flow, and preserving both fine-grained and high-level contextual 
features, resulting in high performance with minimal resource utilization. Furthermore, [25] adds 
more pathways between the encoder and decoder to reduce semantic gap between convolutional 
layers. 

2.4. Proposed Network 

The proposed network architecture is given in Fig. 2 namely 3D RSU U2-Net. The architecture 
consists of 6 RSU U-Net+ blocks and 3 residual custom dilated blocks (see Fig. 2). The input is 
volumetric images with dimensions of 160 x 160 x 16 and the output has the same dimension as the 
input. Fig. 3 (a) shows RSU U-Net+ blocks contain U-Net whose decoders are connected to RSU 
from encoder parts via re-designed skip pathways with less dense connections compared to [25]. In 
the encoding process, the convolution layer (Conv) has a kernel size of 3 x 3 x 3 followed by Batch 
Normalization (BN), and is activated using ReLU function. After two convolutional processes, the 
features are down-sampled using max pooling. After the encoding phase, the bridge connects the 
encoder to the decoder.  

Then, the decoding process performs 3D deconvolution to increase image resolution and 
combine feature maps from the encoder parts. The residual custom dilated blocks aim to capture a 
larger area of the receptive fields with dilation up to 8 pixels (see Fig. 3 (b)).  The custom dilated 
block optimizes the model architecture by expanding the receptive filed without increasing 
parameters, enabling capture of multiscale contextual information for precise boundary detection 
[24]. The kernel number (KN) begins with the number of 32 and doubles each convolutional layer 
with the maximum number of 512.  
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Fig. 2. (a) RSU U-Net+ block and (b) residual custom dilated block 

Fig. 3.  (a) RSU U-Net+ block and (b) residual custom dilated block 

2.5. Evaluation 

To evaluate the performance, we use GPU T4 with 15 GB of VRAM on the Google 
Collaboratory environment. There are 6 metrics i.e., soft dice loss (SDL), computing time, dice score 
coefficient (DSC), IoU (Intersection over Union) or Jaccard index, sensitivity or recall, and 
specificity. The SDL and computing time metrics are used for training and monitoring the model 
while the remaining 4 metrics are used for both the training/validation and testing phases. The 
computing time is used to measure the training process using the Adam optimizer. The soft dice loss 
measures the overlap between two volumetric images: the predicted segmented volume and the 
ground truth mask. Equation (1) shows the SDL formula. 
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where: 
𝑝- 	: the model’s estimated output value for each individual pixel i 
𝑔- 	: the actual ground truth label for every pixel 𝑖 
𝑁 : the total summation of pixels contained within the 3D volume 
ε  : a smoothing constant (1𝑒 − 5) included to avoid zero-division errors 
𝑐  : the target classes (1,2,3) denoting edema, non-enhancing tumor, and enhancing tumor 

respectively. 

Besides soft dice loss, the training is also evaluated using computational time.  

Equation (2) and Equation (3) show DSC and IoU metrics are used for model evaluation. The 
dice score coefficient measures the overlapping portion between the predicted and ground truth areas 

   
(a)                                                                               (b)  
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and is divided by the combined number of elements in both sets. This metric illustrates how well the 
predictions fit the actual shape and position of the identified 3D brain tumor structures. Meanwhile, 
IoU is calculated as the ratio of the shared overlapping region to the union of the predicted and 
reference masks. Elevated IoU scores indicate a superior volumetric concordance between the 
model’s output and the ground truth. For the DSC and IoU formula: 

 

𝐷𝑆𝐶 = 	 !
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where: 
𝑝- ∶	the model’s estimated output value for each individual pixel i 
𝑔- 	: the actual ground truth label for every pixel 𝑖 
𝑁 : the total summation of pixels contained within the 3D volume 
ε  : a smoothing constant (1𝑒 − 5) included to avoid zero-division errors 
𝑐  : the target classes (1,2,3) denoting edema, non-enhancing tumor, and enhancing tumor 

respectively. 

 

𝐼𝑜𝑈 = 	 !
"
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!#$ *

"
+,!                                   (3)       

where: 
𝑝- ∶	the model’s estimated output value for each individual pixel i 
𝑔- 	: the actual ground truth label for every pixel 𝑖 
𝑁 : the total summation of pixels contained within the 3D volume 
ε  : a smoothing constant (1𝑒 − 5) included to avoid zero-division errors 
𝑐  : the target classes (1,2,3) denoting edema, non-enhancing tumor, and enhancing tumor 

respectively. 

Equation (4) and Equation (5) show the sensitivity (recall) and specificity. Sensitivity evaluates 
the proposed model’s ability to correctly classify true positive regions relative to the total actual 
positive areas, whereas specificity evaluates its performance in recognizing true negative regions 
among all negative instances.  

Sensitivity = 1234	567-8-94
1234	567-8-94	)	:;<74	=4(;8-94

                 (4) 

Specificity = 1234	=4(;8-94
1234	=4(;8-94):;<74	567-8-94

               (5) 

3. Results and Discussion 
The training was performed using a patch-based approach whereby the original image 

(resolution of 240 x 240 x 155) is preprocessed into sub-volumes (resolution of 160 x 160 x 16). An 
example of a sub-volume extracted from a 3D MRI image is given in Fig. 4.  

Table 1 shows the experimental results for the training and validation phase whereby the U-Net 
has 16.318.307 parameters, and the 3D RSU U2 Net+ has 51.490.695 (more than 3 times). In general, 
the best performance was given by 3D RSU U2-Net+. Although it has a triple times parameter, the 
proposed network is more efficient than the standard U-Net during the training phase. Moreover, the 
training result shows that the 3D RSU U2 Net+ performs better on SDL, Val SDL, DSC, and IoU 
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metrics, achieved when the learning rate is 0.00001 and epochs is 35. We have experimented with 
other parameters such as the learning rate (lr) and epoch. However, the results for other values do 
not improve the model performance. Better Val SDL shows that the proposed network can handle 
imbalanced data better than the U-Net. Although the proposed model learns better than U-Net for all 
training metrics, it has a slightly decreased effectiveness during validation (Val DSC and Val IoU).    

 
 
 
 
 
 
 
 

 
 

Fig. 4.  A sample of sub-volume extracted from the original 3D MRI image 

Table 2 and Table 3 show the experimental results for the testing phase. The proposed model 
has better DSC and IoU values indicating better segmentation results that measure the similarity and 
overlapping between the predicted areas and the ground truth. It achieves DSC of 0.7779 and IoU of 
0.6439 which is better than U-Net. In classifying the three types of class (edema, non-enhancing 
tumor, and enhancing tumor), the proposed model has significantly better average sensitivity (0.0415 
better) but slightly less average specificity (only 0.001 worse). Thus, the proposed model is better at 
segmenting correct areas according to the labels.        

Table 1.  The Results of SDL, DSC, IoU, and GPU Time for Training Models. Val means validation 
and min is abbreviation of minutes.  

Model lr epoch SDL Val 
SDL DSC Val 

DSC  IoU Val 
IoU 

GPU 
Time 
(min) 

U-Net 0.00001 35 0.0993 0.1357 0.8269 0.8045 0.7105 0.6790 433.6 
3D RSU U2-Net+ 0.00001 35 0.0814 0.1320 0.8497 0.8007 0.7420 0.6735 397.7 
3D RSU U2-Net+ 0.00001 13 0.1303  0.1693 0.7732  0.7536 0.6365   0.6147  - 
3D RSU U2-Net+ 0.0001 13 0.1309  0.1324 0.7815 0.7897 0.6487 0.6586 - 
3D RSU U2-Net+ 0.001 13 0.1632 0.1526 0.7415 0.7395 0.5978 0.5944 - 

 

Table 2.  The Results of Testing Models for DSC and IoU Metrics 

Model DSC IoU 
U-Net  0.7768 0.6424 

3D RSU U2 Net+  0.7779 0.6439 

Table 3.  The Result of Sensitivity and Specificity for Class Labels 

Label U-Net 3D RSU U2 Net+ 
Sensitivity Specificity Sensitivity Specificity 

Edema 0.8566 0.9841 0.8690 0.9851 
Enhancing Tumor 0.7262 0.9970 0.7991 0.9956 

Non-enhancing Tumor 0.5551 0.9951 0.5942 0.9927 
mean 0.7126 0.9921 0.7541 0.9911 
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Table 4.  Sensitivity dan Specificity 

Label Patient Sensitivity Specificity 
Edema 

10 
0.9610 0.9891 

Enhancing Tumor 0.7511 0.9761 
Non-enhancing Tumor 0.5666 0.9956 

Edema 
57 

0.7527 0.9785 
Enhancing Tumor 0.9461 0.9961 

Non-enhancing Tumor 0.5292 0.9783 
Edema 

100 
0.8398 0.9871 

Enhancing Tumor 0.9206 0.9791 
Non-enhancing Tumor 0.7742 0.9935 

Edema 
478 

0.8240 0.9782 
Enhancing Tumor 0.9558 0.9798 

Non-enhancing Tumor 0.9379 0.9972 
mean  0.8285 0.9857 

         

        Table 4 shows the sensitivity (0.8285 on average) and specificity (0.9857 on average) for 
patients 10, 57, 100, and 478. The sensitivity and specificity of the proposed model attained more 
than 96%. However, it suffers from sensitivity to recognize enhancing tumor (0.7511) and non-
enhancing tumor areas (only 0.5666). The segmentation result of patient 57 has the best sensitivity 
and specificity on enhancing tumor while less sensitivity on non-enhancing tumor. For patient 100, 
the results show high specificity for all classes (edema, enhancing tumor, and non-enhancing tumor) 
i.e. higher than 92%, but slightly less sensitivity on edema (0.8398) and non-enhancing tumor 
(0.7742). In contrast, the segmentation results for patient 478 show good performance for all classes.    

        The upper part of Fig. 5 shows that the proposed model displays visual similarities between 
predicted and ground-truth areas while the lower part displays the 2D slice with three different 
viewpoints, namely sagittal plane (left-to-right), coronal plane (front-to-back), and transverse plane 
(top-to-bottom). The red color is used to highlight edema, blue is used to highlight enhancing tumor, 
and green is used to highlight non-enhancing tumor. For patient 10, the predicted segmentation areas 
are very similar to the ground-truth areas. For patients 57, 100, and 478 there are good visual 
similarities for edema and enhancing tumor areas, but more non-enhancing tumor areas than the 
ground-truth. Moreover, there are a few spots in edema areas for patient 100 but not detected by the 
model. Similar segmentation results can also be seen in the sagittal, coronal, and transverse planes 
whereby most of the edema areas can be segmented correctly according to the ground-truth images.  

        In general, these results indicate that the model is effective for detecting edema and enhancing 
tumor areas, but has limitations in recognizing non-enhancing tumors properly. This difficulty arises 
from non-enhancing tumor poorly defined boundaries, intensity similarity to normal tissue, and small 
patchy distributions. While 3D RSU U2 Net+ shows improved performance across all classes 
(particularly +7.3% for Enhancing Tumor), its modest +3.9% gain for non-enhancing tumor suggests 
architectural enhancements alone cannot fully address these inherent challenges. The high specificity 
(>0.99) across all classes indicates both models effectively avoid false positives in healthy tissue. 
However, non-enhancing tumor marginally lower specificity (0.9951 vs 0.9970 for Enhancing 
Tumor) reveals persistent difficulties in ambiguous border regions. 
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Fig. 5.  Visualization of 3D Segmentation results: (a) patient 10, (b) patient 57, (c) patient 100, and 
(d) patient 478.  

Table 5.  Dataset Class Proportions 

Label Training Validation Testing 
Edema 55.01% 63.97% 59.04% 

Enhancing Tumor 23.51% 20.22% 18.05% 
Non-enhancing Tumor 21.48% 15.81% 22.91% 

 
Furthermore, the model's lower performance in segmenting non-enhancing tumors can be 

attributed to the imbalanced class representation across the training, validation, and testing datasets, 
as shown in Table 5.  Non-enhancing tumors represent a smaller proportion of the data, particularly 
in the validation and testing sets (21.48% in training, 15.81% in validation, and 22.91% in testing). 
This imbalance is a factor in the model's struggle to accurately segment non-enhancing tumor 
regions. Additionally, the Soft Dice Loss function, which averages across all classes, tends to be less 
sensitive to class imbalances in multi-label segmentation tasks. In multi-label segmentation, where 
multiple classes are predicted simultaneously, regions with fewer non-enhancing tumor pixels 
contribute minimally to the overall loss, reducing the model's ability to learn their characteristics 
effectively. Moreover, the visual similarity between non-enhancing tumors and healthy tissues 
further complicates the segmentation task, making it harder for the model to distinguish between 
these regions. 
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To address these shortcomings, incorporating a more adaptive loss function such as Focal Loss 
could help mitigate the impact of class imbalance by assigning greater importance to challenging 
classes [26], [27]. In this context, using class-specific weighting strategies or hybrid loss functions 
can also further enhance model performance. Additionally, applying targeted data augmentation 
techniques could improve the model's robustness [28] Post processing techniques like conditional 
random fields (CRF) may further refine segmentation boundaries by incorporating spatial context 
[29]. 

4. Conclusion 
We presented an architecture of 3D RSU U2-Net for semantic segmentation of brain tumors 

from MRI images. The architecture combines ReSidual U-Block and residual custom dilated blocks 
into a nested U-Net structure. The model can learn global context feature maps more efficiently than 
U-Net despite having 3 times more parameters. The experimental results show the proposed model 
improves the U-Net model. It achieved a good dice score coefficient of 78%, sensitivity of 82.8%, 
and specificity of 98.6%, but low for IoU (only 64.4%). Acceptable visual similarities are shown for 
recognizing edema and enhancing tumor areas, but less accurately for non-enhancing tumor areas. 
This research also contributes to the field of medical image segmentation by demonstrating the 
advantages of combining residual blocks and custom dilated convolutions, providing a basis for 
future innovations in automated tumor segmentation. Future work may involve the integration of 
hybrid optimization techniques and more sophisticated attention mechanisms to further enhance the 
segmentation accuracy. Moreover, the model should be evaluated on different target regions of body 
parts available in the medical segmentation Decathlon dataset or other medical datasets that could 
provide further insights.       
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