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ABSTRACT: Gliomarepresented one of the most aggressive forms of malignant brain tumors,
necessitating early detection to optimize therapeutic intervention outcomes. Manual tumor
identification through Magnetic Resonance Imaging (MRI) was labor-intensive and was
susceptible to subjective interpretation errors. This study aimed to compare the performance of
two Convolutional Neural Network (CNN) architectures, specifically Residual Network
(ResNet) and U-Net, for glioma tumor detection in T2-weighted MRI sequences. The datasets
employed were obtained from the BraTS and Kaggle repositories and underwent
comprehensive preprocessing procedures, including normalization, augmentation, and
conversion to Portable Network Graphics (PNG) format. The evaluation metrics demonstrated
that the U-Net architecture exhibited superior performance compared to ResNet-18, achieving
an accuracy of 88.16%, sensitivity of 80.00%, specificity of 88.43%, and F1-score of 68.97%.
Conversely, ResNet-18 yielded an accuracy of 71.43%, sensitivity of 73.52%, specificity of
81.54%, and an F1-score of 70.14%. These findings indicated that U-Net demonstrated greater
efficacy in recognizing tumor morphology within MRI data and preserving spatial information
through its inherent skip connection mechanism. This investigation demonstrated the potential
of the U-Net architecture to facilitate automated and enhanced accuracy in glioma detection,
although further refinement was required to improve segmentation precision and clinical
applicability.

KEYWORDS: Convolutional neural network (CNN); deep learning; glioma tumor; magnetic
resonance image (MRI); residual net (ResNet); U-Net.

1. Introduction

A tumor is a pathological condition characterized by abnormal cellular proliferation that
exceeds physiological limits. Tumors are classified as either benign or malignant, a distinction
determined by the rate of cellular growth and their systemic impact on the host organism.
Malignant tumors possess the capacity to metastasize from one organ to another via
hematogenous or lymphatic dissemination [1]. Clinical manifestations are contingent upon
tumor size, developmental stage, and anatomical localization. Brain tumors, in particular, can
be attributed to multiple etiological factors, including susceptible age demographics (elderly
individuals and pediatric populations), ionizing radiation exposure, and hereditary

predisposition to brain neoplasms [2].
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In Indonesia, brain tumor cases have received insufficient attention owing to limited
epidemiological data availability and accessibility. Research conducted at Medan Regional
Hospital documented 131 cases between January 2018 and December 2019, comprising 52
meningioma cases, 34 glioma cases, 12 pituitary adenoma cases, and 33 metastatic cases [3].
According to Dr. Wihasto Suryaningtyas, Consultant Neurosurgeon and Secretary of the
Department of Neurosurgery, Faculty of Medicine (FK) Unair, an annual increase in brain
tumor incidence of 10 to 25 percent was observed compared to preceding years [4].
Contemporary therapeutic modalities for brain tumors in Indonesia encompassed surgical
resection, radiotherapy, chemotherapy, and targeted interventions, including physiotherapy,
occupational therapy, and speech therapy [2].

The complexity inherent in modern healthcare systems presented distinctive challenges
for Artificial Intelligence (Al) implementation. The rapid advancement of Al technologies held
substantial potential to transform the healthcare sector, particularly in clinical applications such
as disease diagnosis, therapeutic modality selection, and laboratory diagnostics. Al-based
systems utilized data-driven approaches to identify specific patterns, enabling performance
capabilities that transcended human limitations. Furthermore, Al contributed to enhancing
diagnostic accuracy, reducing operational costs and error rates, and optimizing time efficiency
[5]. Al encompassed various computational learning paradigms, including Machine Learning
(ML), Deep Learning (DL), and Natural Language Processing (NLP) [6].

In this study, two CNN architectures, specifically ResNet and U-Net, were selected as
the primary methodologies for evaluating glioma tumor detection performance. The selection
of these architectures was predicated on their distinct architectural advantages; ResNet was
recognized for its capacity to mitigate degradation issues in deep neural networks through
residual or shortcut connection mechanisms [7], which proved advantageous for executing
computationally complex tasks such as tumor detection in MRI data. Conversely, U-Net was
specifically engineered for medical image segmentation due to its superior ability to capture
spatial contextual information with high fidelity [8]. Through comparative evaluation of these
two models, this investigation aimed to determine the optimal architecture for detecting and
identifying glioma tumors with enhanced accuracy and efficiency.

2. Materials and Methods
2.1. Dataset

The datasets utilized in this study were obtained from two primary sources: the Brain Tumor
Segmentation (BraTS) challenge repository and Kaggle public datasets. The MRI images were
originally in NIfTI format (.nii.gz) and consisted of T2-weighted sequences specifically
selected for glioma tumor detection. The dataset comprised a total of 4,258 MRI images, which
were systematically divided into three subsets: a training set (1,422 images), a validation set
(1,621 images), and a testing set (1,215 images). Each MRI image was paired with its
corresponding segmentation mask to facilitate supervised learning for the deep learning
models.

To provide comprehensive visual documentation of the dataset characteristics, Figure 1
presented representative samples from each tumor category and normal brain tissue. The BraTS
dataset comprised T2-weighted MRI sequences showing distinct morphological features across
four classes: glioma tumors characterized by irregular boundaries and heterogeneous intensity
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patterns; meningioma tumors displaying well-defined margins and a homogeneous appearance;
pituitary tumors showing a midline location with characteristic enhancement patterns; and
normal brain tissue without pathological findings.

Figure 1. Representative MRI samples from the BraTS dataset showing (Row 1) Glioma tumors, (Row 2)
Meningioma tumors, (Row 3) Pituitary tumors, and (Row 4) Normal brain tissue. Five samples per class
demonstrate the intra-class variability in tumor morphology, size, and intensity characteristics.

2.2. Data Preprocessing

The preprocessing pipeline involved four sequential transformations to optimize the raw MRI
scans for deep learning—based tumor segmentation (Figure 2). First, normalization was
performed by scaling the raw pixel intensities to the range [0, 1] using min—max normalization,
expressed as lhorm = (I = Imin) / (Imax — Imin), Where | represented the original intensity values.
This step standardized the intensity distributions across different MR1 scanners and acquisition
protocols. Second, Contrast Limited Adaptive Histogram Equalization (CLAHE) was applied
with a clip limit of 2.0 and a tile grid size of 8x8 to enhance local tissue contrast while
preventing over-amplification of noise in homogeneous regions. Third, Gaussian smoothing
was conducted using a Gaussian filter with a kernel size of 5x5 and ¢ = 1.0 to reduce high-
frequency noise while preserving tumor boundary information. Finally, the images were
resized to uniform dimensions using bilinear interpolation, with dimensions of 224x224 pixels
for ResNet-18 and 256x256 pixels for the U-Net architecture.
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Figure 2. Preprocessing pipeline visualization showing sequential transformations applied to three
representative MRI samples.

Each row demonstrates the progression from raw input (leftmost) through normalization,
CLAHE enhancement, Gaussian smoothing, to final resized output (rightmost). Table 1
provides statistical validation of the preprocessing effectiveness, documenting quantitative
changes in intensity distributions. Table 2 details the implementation specifications for each
preprocessing stage, ensuring reproducibility. Table 3 summarizes the parameter
configurations with empirical justifications based on BraTS dataset characteristics.

Table 1. Statistical comparison showing how each preprocessing stage transforms image characteristics

Stage Min Value Max Value Mean Std Dev  Median Range Image Size
Original Image 0.00 255.00 39.28 47.59 6.00 255.00  512x512
After Z-score Normalization -1.15 4.16 -0.33 0.99 -1.02 5.31 512x512
After Intensity Scaling 0.00 255.00 39.26 47.56 6.00 255.00  512x512
After Windowing 0.00 255.00 105.23 111.57 19.00 255.00 512x512
After Resizing (Final) 0.00 255.00 105.29 111.25 21.00  255.00 256x256

Table 2. Detailed implementation steps with specific purposes.

Preprocessing Stage VI\SIISe Vl\glalj(e Mean + Std Ir;igee Purpose
Original Image 0.00 255.00 39.28 + 47.59 512x512 Raw input from scanner
After Z-score -1.15 416  -0.33+0.99 512x512  Standardize intensity distribution (x =
Normalization 0,0 =1)
After Intensity Scaling 0.00 255.00 39.26 + 47.56 512x512 Convert to 8-bit range for CNN input
After Windowing 0.00 255.00 105.23 +111.57 512x512 Enhance brain tissue contrast
After Resizing (Final) 0.00 255.00 105.29+111.25 256x256 Standardize spatial dimensions
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Table 3. Preprocessing parameters and justification.

Step Parameter Value Justification
Z-score Clipping Range [-5, 5] Remove extreme outliers beyond 5 standard deviations
Normalization
Intensity Scaling Target Range [0, 255] Standard 8-bit grayscale format for CNN input
Windowing Window Level 40 Center on typical brain tissue intensity range
Windowing (2) Window Width 80 Optimal range for tumor vs tissue contrast
Resizing Target Size 256x256 Balance between spatial detail and computational efficiency
Resizing (2) Interpolation Bilinear Smooth interpolation while preserving edge information

2.3. Model architectures.

Two CNN architectures were implemented and evaluated in this study: U-Net and ResNet-18.
The U-Net architecture [9] consisted of an encoder—decoder structure with skip connections.
The encoder pathway employed two sequential Conv2d blocks for feature extraction and down
sampling operations. A bottleneck layer processed the encoded features before passing them to
the decoder pathway. The decoder utilized transposed convolution layers (ConvTranspose2d)
combined with skip connections that concatenated feature maps from the corresponding
encoder layers, thereby preserving spatial information throughout the up-sampling process.
The final output layer employed a sigmoid activation function to generate binary segmentation
masks. Figure 3 illustrated the complete U-Net architecture employed in this study, depicting
the encoder—decoder structure with skip connections that preserved spatial information across
resolution levels.
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Figure 3. U-Net architecture block diagram showing the encoder pathway (left), bottleneck (center), and
decoder pathway (right) with skip connections (gray arrows). Each blue block represents a DoubleConv
operation with channel dimensions and spatial resolutions indicated. The architecture processes input images of
size 1x256x256 and generates binary segmentation masks of the same dimensions.

The ResNet-18 architecture [8] was adapted for multi-class tumor classification tasks.
The encoder utilized the first four layers of the pretrained ResNet-18 model, extracting
hierarchical feature representations through residual connections. The encoder output with
dimensions (batch, 512, H/32, W/32) was processed through global average pooling to generate
a feature vector of size 512. The classification head consisted of two fully connected layers:
the first layer reduced dimensionality from 512 to 256 with batch normalization, RelLU
activation, and dropout (p=0.5) for regularization; the second layer produced final logits for
four classes (No Tumor, Glioma, Meningioma, Pituitary) with additional dropout (p=0.3)
applied before the output layer.
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2.4. Model training.

All models were implemented using the Python programming language, with PyTorch serving
as the primary deep learning framework. The dataset was loaded into PyTorch Dataset objects
that handled paired image—mask retrieval during training and evaluation. The U-Net model was
trained for 8 epochs with a learning rate of 0.2905, while the ResNet-18 model underwent 10
epochs of training with a learning rate of 0.1435. Binary Cross-Entropy with Logits Loss
(BCEWithLogitsLoss) served as the loss function for both architectures, providing numerically
stable gradient computation during backpropagation. The training process involved iteratively
feeding input images into the models, generating predicted segmentation masks, computing
loss values by comparing the predictions against the ground truth masks, and updating the
network weights through gradient descent optimization. Figure 4 presented the detailed
ResNet-18 architecture adapted for brain tumor classification, illustrating the progression from
the input layer through residual layers to the final classification output..
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Figure 4. ResNet-18 architecture block diagram for four-class brain tumor classification. The network consists
of an initial convolution layer, four residual layers with BasicBlock structures, global average pooling, and fully
connected layers with dropout regularization. The BasicBlock detail (bottom left) shows the residual connection

mechanism. Output layer produces logits for four classes: No Tumor, Glioma, Meningioma, and Pituitary.

2.5. Performance evaluation.

Model performance was assessed using pixel-level evaluation metrics computed from the
confusion matrix, including True Positive (TP), True Negative (TN), False Positive (FP), and
False Negative (FN) values. Four standard metrics were calculated [10—-14]: accuracy, defined
as the proportion of correctly classified pixels and calculated as (TP + TN) / (TP + TN + FP +
FN); sensitivity (recall), defined as the ability to correctly identify tumor pixels and calculated
as TP / (TP + FN); specificity, defined as the ability to correctly identify non-tumor pixels and
calculated as TN / (TN + FP); and F1-score (Dice coefficient), defined as the harmonic mean
of precision and sensitivity and calculated as 2TP / (2TP + FP + FN). All evaluation metrics
were computed on the independent test set that was not utilized during model training, thereby
ensuring an unbiased assessment of model generalization capabilities.
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3. Results and Discussion
3.1. Dataset composition.

The dataset comprised 2D brain MRI images categorized into glioma-positive and non-tumor
cases. The complete dataset consisted of 4,258 images distributed as follows: 1,422 images for
the training set, 1,621 images for the validation set, and 1,215 images for the testing set. Images
were resized to 224x224 pixels for ResNet and 256x256 pixels for U-Net to ensure
compatibility with the respective architectural requirements.

3.2. U-Net model performance.

The U-Net architecture was trained for 8 epochs with a learning rate of 0.2905. Evaluation on
the test dataset yielded the following performance metrics: accuracy of 88.16%, sensitivity of
80.03%, specificity of 88.43%, and F1-score of 68.97% (Table 1). The model demonstrated
robust capability in delineating tumor contours, particularly in images with adequate contrast.
However, segmentation precision was compromised in cases involving low-contrast images or
extremely small tumor volumes, resulting in occasional false positive and false negative
predictions in peri-tumoral regions.

3.3. ResNet-18 model performance.

The ResNet-18 architecture was trained for 10 epochs with a learning rate of 0.1435.
Performance evaluation on the test dataset demonstrated the following metrics: accuracy of
71.43%, sensitivity of 73.52%, specificity of 81.54%, and F1-score of 70.14% (Table 1).
Analysis of the confusion matrix revealed that while the model successfully classified the
majority of images, several glioma cases were misclassified as normal due to textural
similarities between tumor tissue and healthy brain parenchyma.

Table 4. Comparative performance metrics of U-Net and ResNet-18 models.

Criterion U-Net ResNet-18

Primary Task Tumor Segmentation Glioma/Non-tumor Classification
Accuracy (%) 88.16 71.43

Sensitivity (%) 80.03 73.52

Specificity (%) 88.43 81.54

F1-Score (%) 68.97 70.14

Tumor Localization Auvailable Not Available
Inference Speed Slower Faster
Computational Requirements Higher Lower

3.4. U-Net Model analysis.

The U-Net architecture demonstrated superior overall performance in glioma segmentation
tasks, achieving an accuracy of 88.16%. The model's primary strength lay in its capacity to
identify and delineate specific tumor regions, thereby providing detailed information regarding
tumor location and morphology. This capability was attributable to the encoder—decoder
structure with skip connections, which preserved spatial information throughout the network
hierarchy [9, 15]. The high specificity of 88.43% indicated that U-Net rarely produced false
positive predictions on non-tumor images, thereby minimizing the risk of over-segmentation.
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However, the sensitivity of 80.03% revealed that approximately 20% of glioma cases
remained undetected (false negatives). Several factors may have contributed to this limitation.
First, images with low contrast presented challenges in distinguishing tumor boundaries from
surrounding healthy tissue. Second, extremely small tumors may have been indistinguishable
from normal brain parenchyma at the pixel level. Third, significant inter-patient variability in
tumor morphology and intensity characteristics complicated generalization [16]. Fourth,
dataset size limitations may have constrained the model's ability to learn diverse tumor
presentations adequately [17]. The relatively modest F1-score of 68.97% further reflected an
imbalance between precision and recall, suggesting that while the model maintained high
specificity, its sensitivity required improvement for clinical deployment. These findings
aligned with previous studies demonstrating U-Net's efficacy in medical image segmentation
with limited datasets [9, 15]. However, the observed limitations underscored the necessity for
larger, more diverse training datasets and potential architectural modifications, such as
Attention U-Net or Residual U-Net, to enhance feature discrimination [16].

3.5. ResNet-18 model analysis.

The ResNet-18 architecture achieved an accuracy of 71.43%, which was substantially lower
than U-Net's performance. This architecture was employed as a classification model to detect
glioma presence, achieving a sensitivity of 73.52%, specificity of 81.54%, and F1-score of
70.14%. The principal advantage of ResNet lay in its computational efficiency and rapid
inference capability, as the model processed images globally without generating segmentation
maps [18—26]. The residual connections enabled the training of deep networks while mitigating
vanishing gradient problems [19, 26].

However, several factors limited ResNet's performance. First, global feature extraction
may have been insufficiently sensitive to subtle variations or small tumor regions, which were
critical for accurate glioma detection [20]. Second, textural similarities between glioma and
healthy brain tissue, particularly in cases of small or low-intensity tumors, contributed to
misclassification errors. Third, the relatively large parameter space compared to the dataset
size may have induced overfitting, thereby compromising generalization to unseen data [21].
Fourth, the relatively high learning rate (0.1435) may have caused convergence instability
during training, preventing the model from reaching optimal performance. Despite these
limitations, the specificity of 81.54% demonstrated ResNet's capability to correctly identify
non-tumor images, thereby reducing false positive detections. This characteristic was valuable
for initial screening applications in which rapid exclusion of negative cases was prioritized.

3.6. Comparative analysis and clinical implications.

The comparative analysis revealed distinct performance profiles for each architecture (Table
1). U-Net demonstrated superior accuracy (88.16% vs. 71.43%), sensitivity (80.03% vs.
73.52%), and specificity (88.43% vs. 81.54%), accompanied by the critical advantage of
providing spatial tumor localization. These characteristics aligned with U-Net's original design
purpose for biomedical image segmentation [27]. However, these advantages were offset by
increased computational requirements and longer inference times, which may have limited

real-time clinical applications.
Conversely, ResNet-18 offered faster inference and lower computational overhead,
making it suitable for rapid preliminary screening. However, its reduced accuracy and inability
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to provide spatial information limited its utility as a standalone diagnostic tool. These findings
were consistent with previous comparative studies demonstrating the superiority of encoder—
decoder architectures with skip connections for pixel-level segmentation tasks [20, 22].

The complementary strengths of both architectures suggested a hybrid approach for
clinical implementation. Specifically, ResNet could have served as a rapid first-stage screening
tool to identify potentially positive cases, followed by U-Net-based segmentation for detailed
tumor delineation in positive cases. This two-stage pipeline would have optimized both
computational efficiency and diagnostic accuracy, addressing the practical constraints of
clinical workflows while maintaining high sensitivity and specificity.

3.7. Study limitations.

Several limitations warranted consideration. First, the dataset size, while adequate for initial
model development, remained relatively modest compared to large-scale clinical datasets,
potentially limiting generalization across diverse patient populations and imaging protocols
[16]. Second, the study utilized single-slice 2D representations rather than volumetric 3D
analysis, which may not have fully captured tumor extent and morphology [23]. Third, the
relatively low Fl-scores for both models indicated room for improvement in balancing
precision and recall, particularly for small or subtle lesions. Fourth, inter-scanner variability
and differences in MRI acquisition protocols were not systematically evaluated, which may
have affected model robustness in multi-institutional settings [24].

3.8. Future directions.

Future research should have addressed these limitations through several approaches. First,
expanding the dataset with multi-institutional data would have enhanced model generalization
and robustness [25]. Second, implementing 3D U-Net or 3D ResNet architectures would have
enabled volumetric analysis and potentially improved segmentation precision [18]. Third,
incorporating advanced variants such as Attention U-Net, ResUNet, or U-Net++ may have
enhanced feature discrimination and boundary delineation [18, 20]. Fourth, implementing
transfer learning and data augmentation strategies could have improved performance with
limited training data [25]. Fifth, integration of multi-modal MRI sequences (T1-weighted, T2-
weighted, FLAIR, DWI) would have provided complementary information for more accurate
tumor characterization [24, 28]. Finally, prospective clinical validation studies were essential
to evaluate real-world performance and clinical utility before deployment in diagnostic
workflows.

4. Conclusions

This comparative study evaluated the performance of two CNN architectures, U-Net and
ResNet-18, for glioma tumor detection in T2-weighted MRI images. The investigation yielded
several significant findings that advanced understanding of deep learning applications in
medical image segmentation. The U-Net architecture demonstrated superior performance
across all primary evaluation metrics, achieving an accuracy of 88.16%, sensitivity of 80.03%,
specificity of 88.43%, and F1-score of 68.97%. In contrast, ResNet-18 attained an accuracy of
71.43%, sensitivity of 73.52%, specificity of 81.54%, and F1-score of 70.14%. These results
demonstrated that U-Net's encoder—decoder architecture with skip connections provided
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superior capability for pixel-level tumor segmentation, effectively preserving spatial
information and delineating tumor boundaries with greater precision. The architecture's ability
to maintain detailed spatial context through multi-scale feature integration proved particularly
advantageous for medical image segmentation tasks in which precise localization was
paramount. The broader significance of these findings lay in their potential to facilitate
automated glioma detection systems that could assist radiologists in clinical practice. The
demonstrated efficacy of the U-Net architecture suggested that implementation of such systems
could reduce diagnostic time, minimize subjective interpretation variability, and potentially
improve early detection rates of glioma tumors. Furthermore, the complementary strengths of
both architectures indicated that hybrid approaches—utilizing ResNet for rapid initial
screening followed by U-Net for detailed segmentation—could optimize both computational
efficiency and diagnostic accuracy in clinical workflows. However, several limitations had to
be acknowledged. First, the relatively modest dataset size of 4,258 images may have limited
model generalization across diverse patient populations and imaging protocols. Second, the
utilization of single-slice 2D representations rather than volumetric 3D analysis may not have
fully captured the three-dimensional extent and morphological complexity of glioma tumors.
Third, the modest F1-scores, particularly U-Net's 68.97%, indicated persistent challenges in
balancing precision and recall, suggesting that false negative rates remained clinically
significant. Fourth, the study did not systematically evaluate model robustness across different
MRI scanners and acquisition protocols, which may have affected performance in multi-
institutional settings. These limitations suggested that while the models demonstrated
promising performance, further development was essential before clinical deployment. Future
research should have prioritized several critical directions to address these limitations and
enhance clinical applicability. First, expanding the training dataset through multi-institutional
collaborations would have improved model generalization and robustness across diverse
imaging conditions. Second, implementing 3D volumetric architectures such as 3D U-Net or
3D ResNet would have enabled comprehensive analysis of tumor extent and morphology
across multiple image slices. Third, incorporating advanced architectural variants, including
Attention U-Net, ResUNet, or U-Net++, may have enhanced feature discrimination
capabilities, particularly for small or subtle lesions. Fourth, integration of multi-modal MRI
sequences (T1-weighted, T2-weighted, FLAIR, DWI) would have provided complementary
diagnostic information and potentially improved segmentation accuracy. Fifth, implementing
transfer learning strategies and sophisticated data augmentation techniques could have
mitigated the constraints imposed by limited training data availability. Finally, prospective
clinical validation studies in real-world diagnostic settings were essential to evaluate practical
utility, assess impact on radiologist workflow, and establish safety profiles before clinical
implementation. This study demonstrated that the U-Net architecture exhibited superior
performance for automated glioma detection in MRI images compared to ResNet-18, achieving
higher accuracy, sensitivity, and specificity while providing essential spatial localization
information. These findings contributed valuable insights to the growing body of evidence
supporting the application of deep learning technologies in neuroradiology and established a
foundation for future development of clinically viable automated diagnostic systems. The
successful implementation of such systems held substantial promise for enhancing diagnostic
accuracy, reducing interpretation time, and ultimately improving patient outcomes through
earlier and more precise glioma detection. However, the transition from research prototype to
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clinical tool required addressing the identified limitations through expanded datasets,
architectural refinements, multi-modal integration, and rigorous clinical validation. The
potential impact of this work extended beyond glioma detection, as the methodological insights
gained may have informed the development of automated diagnostic systems for other
neurological pathologies and medical imaging applications. As artificial intelligence continued
to evolve, the integration of optimized deep learning architectures into clinical practice
represented a promising frontier in precision medicine and personalized patient care.
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