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Abstract—Brain tumors are among the most serious neurological diseases, requiring accurate diagnosis to 
support effective treatment. Magnetic Resonance Imaging (MRI) is widely used for brain tumor detection 
because it provides detailed visualization of brain structures. However, manual MRI interpretation is time-
consuming and highly dependent on radiologists' expertise, potentially leading to inconsistent diagnoses. This 
study evaluates the performance of several deep learning architectures, including VGG16, DenseNet121, 
Custom CNN, and SqueezeNet, for multiclass brain tumor classification using MRI images. To address the 
computational limitations of deep neural networks in resource-constrained medical environments, a 
structured pruning approach based on polynomial decay sparsity scheduling was applied to the SqueezeNet 
model to reduce model complexity while preserving predictive performance. Experiments were conducted on 
a multiclass MRI dataset consisting of glioma, meningioma, pituitary tumor, and non-tumor images. The 
proposed pruned SqueezeNet achieved a classification accuracy of 98.70% and an AUC of 0.998, while reducing 
the model size to 2,970 KB and achieving an inference time of 105.40 ms. These results demonstrate that 
structured pruning effectively improves computational efficiency without significantly compromising 
classification accuracy, making the model suitable for deployment in resource-limited medical settings. 
Nevertheless, further validation using larger and multi-institutional MRI datasets is required before clinical 
implementation. 

 
Keywords: Brain Tumor Classification, Model Compression, MRI, Pruning, SqueezeNet. 

 
Intisari—Tumor otak merupakan salah satu penyakit neurologis yang memerlukan diagnosis akurat untuk 
mendukung penentuan terapi. Magnetic Resonance Imaging (MRI) menjadi modalitas utama dalam 
mendeteksi tumor otak karena mampu memberikan visualisasi struktur otak secara rinci. Namun, analisis 
citra MRI secara manual memerlukan waktu yang relatif lama dan sangat bergantung pada pengalaman 
radiolog sehingga berpotensi menimbulkan variasi hasil diagnosis. Penelitian ini mengevaluasi kinerja 
beberapa arsitektur deep learning, yaitu VGG16, DenseNet121, Custom CNN, dan SqueezeNet, untuk klasifikasi 
multiclass tumor otak berbasis citra MRI. Untuk mengatasi tingginya kompleksitas komputasi model deep 
learning, penelitian ini menerapkan pendekatan structured pruning pada arsitektur SqueezeNet 
menggunakan polynomial decay sparsity scheduling guna mengurangi kompleksitas model tanpa 
menurunkan performa klasifikasi secara signifikan. Pengujian dilakukan menggunakan dataset MRI yang 
terdiri atas empat kelas, yaitu glioma, meningioma, pituitary tumor, dan non-tumor. Hasil eksperimen 
menunjukkan bahwa model SqueezeNet hasil pruning mencapai akurasi 98,70% dengan nilai AUC 0,998, 
mampu mengurangi ukuran model menjadi 2.970 KB, serta menghasilkan waktu inferensi 105,40 ms. Hasil 
tersebut menunjukkan bahwa structured pruning efektif meningkatkan efisiensi komputasi dengan tetap 
mempertahankan akurasi klasifikasi yang tinggi sehingga berpotensi diterapkan pada lingkungan medis 
dengan keterbatasan sumber daya komputasi. Meskipun demikian, validasi lebih lanjut menggunakan dataset 
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MRI yang lebih besar dan berasal dari berbagai institusi masih diperlukan sebelum model dapat 
diimplementasikan pada lingkungan klinis. 
 
Kata Kunci: Klasifikasi Tumor Otak, Model Kompresi, MRI, Pruning, SqueezeNet. 
 

INTRODUCTION 
 

The human brain is a highly sophisticated 
organ that plays a central role in regulating 
cognition, sensory processing, and motor 
functions [1], [2]. Any abnormality affecting brain 
tissue can severely interfere with neurological 
activity and pose serious risks to overall health 
[3]. Among various neurological disorders, brain 
tumors are considered particularly dangerous 
because they can disrupt normal brain operations 
and negatively affect patient survival [4]. Brain 
tumors may develop from abnormal cell growth 
within the brain itself or from metastatic cancer 
cells spreading from other body regions [5], [6].  

In medical imaging studies, brain tumors 
are commonly classified into three major 
categories: glioma, meningioma, and pituitary 
tumors, while healthy brain MRI images are 
typically categorized as a separate class for 
automated classification systems [7], [8].  
Alongside these tumor categories, normal brain 
images are typically classified as a distinct 
category (notumor) to facilitate automated 
classification activities [9]. Accurate and timely 
identification of these tumor types is crucial for 
supporting appropriate treatment planning and 
improving patient prognosis. 

Magnetic Resonance Imaging (MRI) is 
widely recognized as one of the most effective 
imaging techniques for diagnosing brain tumors 
because it can produce detailed visualizations of 
soft tissues and internal brain structures [10], 
[11]. MRI scans enable clinicians to examine 
tumor position, morphology, and structural 
abnormalities with high precision [12].  

However, manual interpretation of MRI 
data remains a difficult and time-intensive task 
that strongly depends on the expertise of 
radiologists and medical specialists [13], [14]. In 
addition, variations in human assessment may 
lead to inconsistent diagnoses, especially when 
dealing with large-scale imaging datasets. 
Therefore, artificial intelligence–based computer-
aided diagnostic systems have become 
increasingly important for supporting automated 
brain tumor detection and classification [15], [16], 
[17], [18]. 

In recent years, artificial intelligence 
approaches, especially deep learning techniques 
such as Convolutional Neural Networks (CNNs), 

have shown significant progress in the field of 
medical image analysis [19], [20], [21]. Several 
pretrained CNN architectures, including VGG16, 
DenseNet, and EfficientNet, have achieved strong 
performance in brain tumor classification studies, 
frequently reporting accuracy values above 94% 
[22]. Despite their high predictive capability, these 
models generally contain large numbers of 
parameters and require substantial 
computational resources. Such characteristics 
often increase memory consumption and 
inference time, limiting their applicability in real-
time clinical environments and resource-limited 
healthcare systems. 

To overcome these computational 
limitations, many studies have explored 
lightweight CNN architectures and architecture 
optimization strategies. Lightweight models such 
as SqueezeNet are capable of providing 
competitive classification performance while 
using significantly fewer parameters compared 
with conventional deep CNN models. For example 
[23], the LeaSE neural architecture search 
successfully generated efficient network 
configurations tailored to brain tumor 
classification It reached a test accuracy of 90.6% 
while requiring substantially fewer parameters 
than conventional deep models, including 
ResNet101, thereby demonstrating improved 
efficiency without sacrificing performance. While 
these methods demonstrate the potential of 
automated architecture optimization. The search 
process itself often demands extensive 
computational resources, which restricts its 
feasibility in practical medical applications. 

A study demonstrates that integrating 
wavelet transform techniques with deep learning 
models can improve the classification 
performance of brain tumor MRI images [24]. By 
applying multiple wavelet-based preprocessing 
approaches, the framework was able to capture 
more detailed image characteristics before feature 
extraction using convolutional neural networks 
and vision transformer architectures. 
Experimental results showed that the ensemble-
based approach combining MobileNet-v3, Vision 
Transformer, ResNeXt, and DenseNet-201 
achieved the highest classification accuracy of 
85.03%, outperforming individual model 
configurations. 
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Another line of research focuses on 
combining deep learning models with advanced 
optimization strategies [25], Hybrid frameworks 
that integrate preprocessing, segmentation, and 
optimization algorithms have been introduced to 
enhance classification accuracy. For example, the 
EWHO‑SqueezeNet framework combines 
denoising, ROI extraction, segmentation with 
M‑SegNet, and classification using SqueezeNet 
optimized via an evolutionary algorithm. Although 
such multi-stage pipelines can improve 
classification accuracy, they also introduce 
additional computational complexity and may 
reduce inference efficiency, which is a critical 
factor for clinical deployment.  

Model compression techniques such as 
pruning have also gained increasing attention as 
effective strategies for reducing the 
computational cost of deep neural networks [26].  
Although SqueezeNet was originally designed as a 
compact CNN architecture and achieved 90% 
accuracy, further optimization is still important 
for deployment in practical medical imaging 
applications, particularly in edge-based 
healthcare systems and environments with 
limited computational resources [27], [28], [29]. 
Most lightweight CNN studies mainly concentrate 
on simplifying network architecture, whereas 
limited research has investigated the impact of 
structured pruning on already compact 
architectures for multiclass brain tumor MRI 
classification [30], [31]. In addition, prior pruning 
studies rarely examine the balance between 
computational efficiency and predictive 
performance in highly parameter-efficient models 
such as SqueezeNet [32]. Consequently, the 
effectiveness of applying structured pruning to 
further compress lightweight CNNs while 
maintaining reliable diagnostic performance 
remains insufficiently explored [33], [34].  

Based on these challenges, this study 
proposes a structured pruning strategy integrated 
with polynomial decay sparsity scheduling for 
SqueezeNet in multiclass brain tumor MRI 
classification tasks [35], [36]. The proposed 
approach gradually removes less important 
parameters while preserving essential feature 
representations required for accurate tumor 
recognition. Instead of emphasizing classification 
accuracy alone, this research focuses on achieving 
an effective balance between predictive capability 
and computational efficiency to support practical 
deployment in medical imaging systems. 

The main contributions of this study can be 
summarized as follows. First, this research 
explores the application of structured pruning 

integrated with polynomial decay sparsity 
scheduling on the lightweight SqueezeNet model 
for multiclass brain tumor MRI classification. 
Second, the proposed approach analyzes the 
balance between model efficiency and predictive 
capability by decreasing computational 
complexity, parameter size, and inference time 
while preserving competitive classification 
performance. Third, comparative experiments 
involving DenseNet121, VGG16, and Custom CNN 
demonstrate that the pruned SqueezeNet 
architecture can serve as an efficient solution for 
medical image classification in environments with 
limited computational resources.  

 
MATERIALS AND METHODS 

 
The methodology applied for developing an 

efficient deep learning framework for multiclass 
brain tumor classification using MRI images is 
explained in this section. 

 
Data Collection 

This study employs a publicly available 
brain MRI dataset obtained from Kaggle, 
consisting of 7,023 labeled images categorized 
into four classes: glioma, meningioma, pituitary, 
and notumor. The dataset includes 5,712 images 
for training and 1,311 images for testing. In terms 
of class distribution, the dataset is slightly 
imbalanced, where the notumor category contains 
a relatively higher number of samples compared 
to the tumor classes. 
 
Data Preprocessing 

MRI images were rescaled to a resolution of 
224 × 224 pixels and normalized within an 
intensity range of 0–1 to support stable training 
and improve convergence performance. To 
increase model generalization capability and 
minimize overfitting, several data augmentation 
methods were implemented during training, 
including random rotation, horizontal flipping, 
zoom transformation, and spatial shifting, while 
maintaining the original class balance of the 
dataset. The overall dataset distribution is 
presented in Table 1. 
 

Table 1. Number of Images 
No Class Category Number of Images  

1 glioma 1,621 
2 meningioma 1,645 
3 pituitary 1,757 
4 notumor 2,000 
  Total Images 7,023 

Source: (Research Result, 2026) 
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Table 1 displays the dataset utilised in this 
research, obtained from Kaggle 
(https://www.kaggle.com/datasets/masoudnick
parvar/brain-tumor-mri-dataset), consisting of 
four categories.  Figure 1 presents sample MRI 
scans corresponding to the four classes of brain 
tumors. 

 

 
Source: (Research Result, 2026) 

Figure 1. Sample of Brain Tumors MRI Images 
  

Figure 1 presents representative MRI 
images from the four classification categories 
examined in this study: glioma, meningioma, 
pituitary, and notumor. The samples illustrate the 
visual complexity and structural variability among 
tumor classes, highlighting the importance of deep 
learning approaches capable of capturing fine-
grained image characteristics [37]. These 
examples provide visual context for the 
classification task by illustrating the distinct 
structural traits associated with each tumor type. 
The illustration highlights the inherent challenges 
of categorizing brain tumors from MRI scans, 
reinforcing the importance of sophisticated deep 
learning approaches that can capture fine‑grained 

visual distinctions among tumor types. These 

samples offer visual context for the categorization 
challenge by demonstrating the unique 
anatomical characteristics linked to each tumor 
type. By illustrating representative MRI images, 
this visual representation demonstrates the 
complex nature of brain tumor classification and 
stresses the necessity for advanced deep learning 
frameworks capable of identifying fine‑grained 
visual variations among different tumor 
categories.  

The preprocessing pipeline was designed 
to ensure that the MRI inputs were adequately 
cleaned, balanced, and optimized for efficient 
model training [38].  Although the dataset exhibits 
mild class imbalance, particularly in the notumor 
category, the class distribution remains 
sufficiently representative for multiclass 
classification experiments. To enhance 
generalization and mitigate overfitting risks due 
to limited sample size, the training set was 
augmented using random rotations, horizontal 
flips, zoom transformations, and spatial shifts 
thereby increasing data variability and improving 
model robustness. 
 
Research Stages 

This study aims to develop an efficient deep 
learning framework for brain tumor classification 
using MRI images based on a pruned SqueezeNet 
architecture. The proposed method focuses on 
reducing model complexity, parameter size, and 
inference time while maintaining competitive 
classification performance, making it appropriate 
for deployment in resource-constrained 
environments. Each stage of the research process 
was systematically designed in accordance with 
established deep learning practices. Figure 2 
presents the overall workflow of the proposed 
methodology. 
 

  
Source: (Research Results, 2026)  

Figure 2. Research Workflow 
 

The research workflow implemented in 
this study is illustrated in Figure 2, delineating the 
principal stages: 

 
 
 

https://www.kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset
https://www.kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset
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1. Problem Identification 
The study approach starts by figuring out what 
the biggest problems are with MRI-based brain 
tumor categorization. One of these problems is 
the necessity for accurate diagnosis while 
making the procedure less complicated so that 
clinical decision-making can be done quickly 
and easily. 
 

2. Research Purpose 
This study aims to improve brain tumor 
classification performance while reducing 
model complexity by applying pruning 
techniques to the SqueezeNet architecture, 
addressing the observed limitations. 
 

3. Literature Review 
This paper examines recent advancements in 
MRI-based brain tumor classification, 
lightweight CNN architectures, and pruning 
algorithms to highlight research deficiencies 
and lay the groundwork for the suggested 
methodology. 
 

4. Data Collection 
To make sure that the study is diverse and can 
be repeated, MRI brain tumor datasets are 
taken from publicly available sources. 
 

5. Data Preprocessing 
To increase picture quality and model 
generalization, the gathered MRI images are 
preprocessed by resizing, normalizing, and 
adding more data. 
 

6. CNN Baseline Models Implementation 
Baseline CNN models, notably custom CNN, 
VGG16 and DenseNet121, are grounded in the 
findings of reference[22], which highlight the 
strong classification accuracy achievable with 
MRI brain tumor images. 
 

7. Proposed Method 
The proposed method integrates SqueezeNet 
with structured pruning based on polynomial 
decay. This approach reduces parameters and 
computational requirements while preserving 
classification accuracy, hence improving 
efficiency and making the model suitable for 
deployment in resource-constrained 
environments.  
 

8. Performance Evaluation 
The model's efficacy was assessed by a 
confusion matrix and standard classification 
measures, encompassing precision, recall, F1-

score, total accuracy, and AUC. Additionally, 
model size (in kilobytes) and inference time (in 
milliseconds) were assessed to ascertain 
deployment feasibility, particularly for real-
time medical applications.  
 

9. Result Analysis. 
The Pruned SqueezeNet attained accuracy 
similar to baseline CNNs while reducing model 
complexity and inference cost and processing 
requirements. These findings confirm the 
efficacy of pruning in enhancing both 
performance and efficiency, underscoring the 
model’s capability for real-time brain tumor 
classification in resource-limited settings. 

 
Convolutional Neural Network Models 

Convolutional Neural Networks (CNNs) 
represent a class of deep learning architectures 
that are widely applied in image classification 
tasks because of their ability to automatically 
learn hierarchical representations from raw 
image inputs. In medical image analysis, CNN 
models have shown strong capability in 
interpreting MRI scans by recognizing spatial and 
texture-related patterns that are important for 
disease identification. A conventional CNN 
architecture generally consists of convolutional 
layers for extracting features, pooling layers for 
reducing feature dimensions, and fully connected 
layers for classification, enabling the model to 
learn discriminative features automatically 
without manual feature engineering [39]. CNN-
based techniques have been extensively 
implemented for automated brain tumor MRI 
classification because they can directly capture 
discriminative spatial information from medical 
imaging datasets. To maintain consistency and 
reproducibility throughout the experiments, all 
evaluated architectures were trained and tested 
using the same hardware specifications and 
optimization configurations. The experimental 
environment utilized an Intel Core i3 11th 
Generation processor, Intel UHD Graphics, 8 GB 
RAM, and the Windows 11 operating system. 

The evaluation process employed several 
assessment metrics, including accuracy, precision, 
recall, F1-score, AUC, confusion matrix, model 
size, and inference time, to obtain a 
comprehensive evaluation of predictive 
performance and computational efficiency. The 
assessment framework was not solely focused on 
classification accuracy but was also intended to 
investigate the balance between model 
compactness, inference speed, and predictive 
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performance among the evaluated CNN 
architectures. 
 
Baseline CNN Models 

This study developed several baseline 
convolutional neural network models to provide a 
fair and consistent performance evaluation 
framework. DenseNet121, VGG16, and Custom 
CNN were selected as representative 
architectures based on prior studies that 
demonstrated their effectiveness in MRI-based 
brain tumor classification. These architectures are 
widely adopted in medical image analysis because 
of their ability to learn deep and discriminative 
representations from complex visual data. The 
baseline architectures shown  in Figure 3. 

    
Source: (Research Results, 2026)  

Figure 3. Baseline CNN Models 
 

Figure 3 illustrates the overall workflow of 
the proposed brain tumor MRI classification 
framework based on convolutional neural 
network architectures and transfer learning 
methods. The framework consists of several 

stages, including data preprocessing, feature 
extraction, model training, classification, 
structured pruning, and performance evaluation. 
Pretrained architectures such as VGG16 and 
DenseNet121 were utilized alongside a Custom 
CNN model and SqueezeNet to investigate the 
effectiveness of different CNN-based approaches 
for multiclass brain tumor classification. In 
addition, structured pruning with polynomial 
decay sparsity scheduling was applied to the 
SqueezeNet architecture to reduce model 
complexity and improve inference efficiency while 
preserving classification capability.  

Performance evaluation was conducted 
using several metrics, including accuracy, 
precision, recall, F1-score, AUC, confusion matrix, 
model size, parameter reduction, and inference 
time, to provide a comprehensive assessment of 
both predictive performance and computational 
efficiency. The evaluation framework was 
designed not only to measure classification 
capability but also to analyze the trade-off 
between model complexity, model compression, 
and inference efficiency across different CNN 
architectures in multiclass brain tumor MRI 
classification tasks. 

 
Proposed Method 

This study assesses the efficacy of the 
suggested Pruned SqueezeNet model. Structured 
pruning was utilized to enhance the architecture, 
achieving a balance between accuracy and 
efficiency. In comparable trials, the pruned 
SqueezeNet attained competitive classification 
performance while significantly decreasing model 
size and inference duration. These enhancements 
render the model especially appropriate for real-
time brain tumor detection in resource-limited 
clinical settings.  

To maintain a fair comparison among all 
models, identical experimental configurations 
were implemented throughout the training 
process. Each model used an input image size of 
224 × 224 pixels, a batch size of 8, the Adam 
optimizer with a learning rate of 0.0001, and the 
categorical cross-entropy loss function. The same 
augmentation techniques were also applied to all 
architectures, including random rotation, width 
and height shifting, shear augmentation, zoom 
transformation, and horizontal flipping, with the 
objective of enhancing model generalization and 
minimizing overfitting. 

For multiclass brain tumor classification 
adaptation, the pretrained models were modified 
by adding a customized classification head 
consisting of a Global Average Pooling layer, a 
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dense layer containing 256 neurons with ReLU 
activation, a dropout layer with a dropout rate of 
0.5 to improve regularization, and a final softmax 
layer producing four output categories. In 
addition, early stopping was incorporated during 
training to avoid excessive optimization once 
convergence had stabilized. Although the number 
of maximum epochs differed between the baseline 
and the proposed approach, the optimization 
strategy and evaluation procedure were 
consistently maintained across all experimental 
scenarios.  

A comparison between the baseline models 
and the proposed methodology is illustrated in 
Figure 4. 
 

 
Source: (Research Results, 2026)  

Figure 4. Comparison of Baseline Models and 
Proposed Method 

 
Figure 4 presents the comparative 

framework used for brain tumor classification. 
The baseline architecture includes Custom CNN, 
VGG16, and DenseNet121 models, where 
convolutional layers were employed to extract 
image features, followed by pooling layers, 

dropout regularization, and dense layers for 
classification. 
 
Pruning Configuration 

To improve computational efficiency while 
maintaining predictive capability, structured 
pruning was applied to the SqueezeNet 
architecture using the TensorFlow Model 
Optimization Toolkit (TF-MOT). The pruning 
process progressively removed less important 
parameters during training using a polynomial 
decay sparsity schedule. 

Structured pruning was applied to 
convolutional layers within the Fire modules of 
SqueezeNet, while the final classification layer 
was excluded to preserve output stability during 
multiclass prediction. Filter importance was 
determined using weight magnitude–based 
evaluation, where parameters with smaller 
magnitudes were considered less significant and 
gradually suppressed during training [40]. 

The sparsity level was controlled using a 
polynomial decay schedule formulated as follows: 

 

𝑠𝑡 = 𝑠𝑓 + 𝑠𝑖 − 𝑠𝑓) (1 −  
𝑡−𝑡0

𝑛 − ∆𝑡 
)

3

                            (1) 

 
Where (st) represents the sparsity level at training 
step (t), (si) denotes the initial sparsity, and (sf) 
represents the target sparsity level. In this study, 
the pruning schedule was configured with an 
initial sparsity of 0.30 and a final sparsity of 0.70. 
The pruning process started from the beginning of 
training ((begin_step = 0)) and gradually 
increased until the final training step defined by 
the total number of training iterations.  

During training, pruning was implemented 
using binary masking mechanisms provided by 
TF-MOT to suppress less important parameters 
while maintaining the original network structure. 
After training completion, the pruning wrappers 
were removed to generate the compressed model 
used for evaluation and inference. The pruning 
configuration employed in this study is 
summarized in Table 2. 

 
Table 2. Pruning Configuration 

Parameter Value 

Pruning 
Method 

Polynomial Decay 

Initial Sparsity 0.30 
Final Sparsity 0.70 
Begin Step 0 
End Step Total Training Step 

Framework 
TensorFlow Model Optimization Toolkit 

(TF – MOT) 

Source: (Research Results, 2026) 
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The proposed pruning strategy as shown in 
Table 2 was designed to reduce computational 
complexity and model size while maintaining 
competitive classification performance for 
multiclass brain tumor MRI classification. 
 

RESULTS AND DISCUSSION 
 

This section delineates the experimental 
assessment of diverse CNN designs, encompassing 
custom CNN, VGG16, DenseNet121, the 
SqueezeNet baseline, and the Pruned SqueezeNet, 
for multiclass brain tumor classification. 
Performance was assessed by training behavior 
and classification metrics to ascertain accuracy 
and stability. A comparative investigation 
indicates that structured pruning improves 
computational efficiency and generalization while 
preserving accuracy similar to that of bigger CNNs.  

The optimized SqueezeNet significantly 
reduces model size and inference time, 
underscoring its suitability for real-time medical 
image processing in resource-limited settings. 
 
Image Data Pre-Processing Results 

The dataset utilized in this research was 
obtained from a publicly accessible Kaggle 
repository containing brain MRI images divided 
into four categories: glioma, meningioma, 
pituitary, and notumor. Predefined training and 
testing partitions were adopted to maintain 
consistency with prior benchmark studies. Table 3 
summarizes the distribution of images within 
each subset, providing an overview of the dataset 
composition prior to the model development 
stage. 

 
Table 3. Brain Tumor MRI Images Data 

Distribution 

No 
Class 

Category 
Training 

Set 
Testing 

Set 

Total 
Images per 

Class 

1 Glioma 1,321 300 1,621 
2 Meningioma 1,339 306 1,645 
3 Pituitary 1,457 300 1,757 
4 NoTumor 1,595 405 2,000 
  Total Images 5,712 1,311 7,023 

Source: (Research Results, 2026) 
 

Table 3 illustrates the allocation of MRI 
images across the four classification categories: 
glioma, meningioma, pituitary, and notumor. In 
total, the dataset consists of 7,023 images, 
including 5,712 training samples and 1,311 testing 
samples. Although the dataset distribution is 
generally balanced, the notumor category 
contains a slightly larger number of samples 

compared to the tumor categories, indicating the 
presence of minor class imbalance. 

To minimize the impact of class imbalance 
on performance interpretation, the evaluation 
framework incorporated multiple assessment 
metrics, including precision, recall, F1-score, 
confusion matrix, and AUC scores. These metrics 
were selected to provide a more comprehensive 
evaluation of classification performance across all 
categories rather than depending exclusively on 
overall accuracy.  

 
Image Data Classification Result 

This section presents the results of 
multiclass brain tumor classification using Custom 
CNN, VGG16, DenseNet121, and the pruned 
SqueezeNet model. The discussion includes 
training performance, quantitative evaluation 
metrics, and comparative analysis among the 
evaluated architectures, with particular emphasis 
on the contribution of structured pruning in 
enhancing model efficiency, reducing inference 
time, improving generalization capability, and 
maintaining competitive classification 
performance. 
 
Loss and Accuracy Curve 

 The loss and accuracy curves illustrate the 
training behavior of the Custom CNN, VGG16, 
DenseNet121, baseline SqueezeNet, and pruned 
SqueezeNet models. Across all evaluated 
architectures, both training and validation loss 
gradually decreased over successive epochs, while 
classification accuracy consistently improved 
during the optimization process. To ensure a fair 
comparison, all baseline models were trained 
using identical experimental settings. Figure 5 
presents the training history of the baseline 
architectures.  
 

 
Source: (Research Results, 2026) 

Figure 5. Baseline Models Loss And Accuracy 
Curve 
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Figure 5 illustrates the training and 
validation performance of the baseline CNN 
architectures, including VGG16, DenseNet121, 
and Custom CNN, for multiclass brain tumor MRI 
classification. The training curves show that 
VGG16 and DenseNet121 achieved relatively 
stable convergence patterns with consistent 
validation performance. In contrast, the Custom 
CNN model demonstrated greater fluctuations 
during training, indicating higher sensitivity to 
dataset variability and limitations in feature 
generalization capability. These convergence 
behaviors serve as an experimental reference for 
comparison with the proposed pruned 
SqueezeNet framework shown in Figure 6. 

 

 
Source: (Research Results, 2026) 

Figure 6. Proposed Method Loss And Accuracy 
Curve 

 
Figure 6 presents the architecture and 

training behavior of the proposed SqueezeNet-
based framework. The model integrates 
convolutional layers and Fire modules, followed 
by global average pooling and a classification layer 
for multiclass brain tumor recognition. To 
enhance computational efficiency, structured 
pruning combined with a polynomial decay 
sparsity schedule was implemented to 
progressively eliminate less important 
parameters during the optimization process. 

The training curves indicate that the 
pruned SqueezeNet model preserved stable 
convergence behavior and competitive predictive 
capability while simultaneously reducing model 
complexity. Compared with the baseline 
architecture, the pruning strategy minimized 
parameter redundancy, reduced inference time, 
and lowered memory consumption without 
significantly decreasing classification 
performance. These observations indicate that 
structured pruning can improve computational 
efficiency while maintaining reliable predictive 
performance in lightweight CNN-based medical 
image classification tasks. 

 
Confusion Matrix 

The confusion matrix provides detailed 
insight into the classification performance of the 

baseline architectures by highlighting both 
correct predictions and misclassification patterns. 
Figure 7 presents the classification results on the 
testing dataset across the four categories: glioma, 
meningioma, pituitary, and notumor offering a 
comprehensive overview of prediction accuracy 
and error distribution among the evaluated 
models.  

 

 
Source: (Research Results, 2026) 

Figure 7. Baseline Models Confusion Matrix 
 
Figure 7 presents the confusion matrices 

of baseline models, DenseNet121 shows high 
classification accuracy, with minimal 
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misclassification across all classes. Glioma and 
Meningioma predictions are slightly confused 
with each other, while pituitary and notumor 
classes are identified with near-perfect precision. 
VGG16 exhibits intermediate efficacy, with 
significant misclassifications occurring between 
Glioma and Meningioma, as well as substantial 
overlap in predictions between meningioma and 
notumor cases. The custom CNN attains 
impressive outcomes, especially in the no-tumor 
category, which is categorized with flawless 
accuracy. Minor confusion is observed between 
glioma and meningioma, and a few pituitary cases 
are misclassified.  

These matrices provide a complete 
insight of each model’s strengths and limits in 
differentiating tumor types, enabling a platform 
for evaluating the improvements made by the 
proposed Pruned SqueezeNet as shown in Figure 
8. 

 

 
Source: (Research Results, 2026) 

Figure 8. Proposed Method Confusion Matrix 
 

Figure 8 presents the confusion matrix 
analysis of the suggested method, contrasting the 
baseline SqueezeNet with its pruned counterpart, 
both evaluated on the brain tumor classification 
task. In the baseline SqueezeNet, the glioma and 

meningioma categories exhibit minimal 
misclassifications, with many glioma instances 
incorrectly identified as meningioma or pituitary.  
The notumor and pituitary groups are classified 
with excellent accuracy, demonstrating significant 
separability in those classifications. The Pruned 
model achieves flawless classification for the no-
tumor category and exhibits very slight 
misunderstanding in Pituitary predictions. 

These results suggest that pruning not only 
reduces model complexity but also enhances 
generalization, as evidenced by the tighter 
prediction alignment across all tumor classes. The 
classification of findings encompasses the 
predictive effectiveness of all evaluated models 
via precision, recall, F1-score, and overall 
accuracy. Figure 9 presents the Classification 
Report for Baseline Models. 

 

 
Source: (Research Results, 2026) 

Figure 9. Baseline Models Classification Report 
 
 Figure 9 displays the baseline 
classification reports, encapsulating precision, 
recall, and F1-score across four categories: glioma, 
meningioma, pituitary, and notumor. 
DenseNet121 and the custom CNN attained high 
accuracy, with the CNN demonstrating enhanced 
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precision across categories. VGG16 exhibited 
diminished recall and F1-scores, especially for 
glioma and meningioma, indicating decreased 
sensitivity in identifying these tumor forms. 
Figure 10 displays the classification report for the 
proposed Pruned SqueezeNet. 
 

 
Source: (Research Results, 2026) 
Figure 10. Proposed Method Classification Report 

 
Figure 10 presents the categorization 

reports for the suggested models: SqueezeNet 
Baseline and Pruned SqueezeNet. Both models 
attained consistently high accuracy (98,63% & 
98,70%), with flawless classification noted for the 
notumor category. The Pruned SqueezeNet 
further improved recall for glioma and 
meningioma while maintaining balanced 
performance across all categories. These results 
confirm that pruning enhances efficiency without 
compromising predictive reliability, enhancing 
the Pruned model for optimal real-time medical 
application. 

 
Models’ Performance Evaluation  

All evaluated models were systematically 
analyzed using standard performance metrics, 
including accuracy, precision, recall, F1-score, and 
AUC, which were expressed in percentage form for 
clearer interpretation. Stratified 5-fold cross-
validation was specifically applied to the baseline 
and pruned SqueezeNet models to ensure a more 
rigorous and unbiased evaluation process. In 
addition, model size (KB) and inference time (ms) 
were measured to examine deployment 
feasibility, particularly for real-time medical 
applications where computational efficiency is 
critically important. Table 4 summarizes the 
overall performance results of all evaluated 
architectures. 

Table 4. Models Performance Evaluation Result  

No Model 
Precision 

(%) 
Recall 

(%) 

F1-
Score 
(%) 

Accuracy 
(%) 

Loss 

1 DenseNet121 92.72 92.52 92.46 92.52 0.1917 

2 Custom CNN 94.60 94.35 94.34 94.35 0.1753 

3 VGG16 84.10 84.21 83.67 84.21 0.4493 

4 
SqueezeNet 
Baseline 

98.65 98.63 98.63 98.63 0.0405 

5 
Proposed 
Pruned 
SqueezeNet 

98.74 98.70 98.70 98.70 0.0438 

Source: (Research Results, 2026) 
 

Table 4 compares the classification 
performance of the evaluated CNN architectures 
for multiclass brain tumor MRI classification. 
DenseNet121 and the custom CNN achieved 
competitive baseline performance, while VGG16 
obtained lower classification accuracy and higher 
loss values. Both the baseline and pruned 
SqueezeNet models demonstrated consistently 
high predictive performance with low loss values. 

Although the proposed pruned SqueezeNet 
achieved slightly higher classification accuracy 
than the baseline SqueezeNet, the performance 
difference remained relatively small. These 
findings suggest that the primary advantage of the 
pruning strategy lies in reducing computational 
complexity and model size while preserving 
competitive classification capability rather than 
substantially improving predictive accuracy. 
Table 5 summarizes the evaluation results. 

 
Table 5. Models Efficiency 

Model Accur
acy 
(%) 

AUC 
Mac
ro 

Param
eter 

(Millio
n) 

Model 
Size 
(kb) 

Inferenc
e Time 

(ms) 

VGG16 84.21 0.96
4 

23,907,
908 

60,416 303.78 

DenseNet
121 

92.52 0.96
3 

7,300,9
32 

31,744 332.33 

Custom 
CNN 

94.35 0.89
3 

22,245,
700 

266,24
0 

114.41 

SqueezeN
et 
Baseline 

98.63 0.99
7 

737,47
6 9,011 

 

134.38 

Pruned 
Squeeze
Net 

98.70 0.9
98 

737,47
6 

2,970 105.40 

Source: (Research Results, 2026) 
 

Table 5 presents a comparison of the 
evaluated CNN architectures based on predictive 
capability and computational efficiency. 
DenseNet121 and VGG16 achieved relatively high 
classification performance; however, both 
architectures required significantly higher 
parameter counts and longer inference times 
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because of their deeper network configurations. 
Meanwhile, the Custom CNN model produced 
lower inference latency, although its relatively 
large model size may limit its applicability in 
environments with restricted memory resources. 

In contrast, the baseline SqueezeNet 
maintained high classification performance with 
substantially lower parameter complexity and 
storage requirements. Pruning was applied 
through weight masking rather than physical 
removal of filters or channels. Consequently, the 
reported trainable parameter count remained 
unchanged, while the effective sparsity, 
compressed model size, and inference efficiency 
were improved after pruning. These findings 
suggest that the pruning strategy effectively 
reduced computational redundancy without 
causing substantial degradation in classification 
performance. The ROC curve comparison of the 
evaluated models is presented in Figure 11. 

 

 
Source: (Research Results, 2026) 

Figure 11. ROC Curve Comparison 
 

Figure 11 compares the ROC curves and 
macro-average AUC values of the evaluated 
models. Both the baseline and pruned SqueezeNet 
achieved high AUC values, indicating strong 
discriminative capability across the evaluated 
classes. Although the proposed model obtained a 
slightly higher macro-average AUC, the difference 
relative to the baseline SqueezeNet remained 
marginal. 

The ROC analysis indicates that the 
structured pruning approach maintained the 
model’s capability to differentiate among tumor 
categories while simultaneously enhancing 
computational efficiency. The consistently high 
true positive rates observed across all classes also 

demonstrate stable and reliable classification 
performance for multiclass brain tumor 
recognition tasks. 

The models accuracy comparison 
illustrated in Figure 12.  

 
Source: (Research Results, 2026) 

Figure 12. Models Accuracy Comparison 
 

Figure 12 illustrates the classification 
accuracy comparison among the evaluated 
models. Both the baseline and pruned SqueezeNet 
models achieved consistently high accuracy 
values compared with the other CNN 
architectures. However, the relatively small 
difference between the two SqueezeNet variants 
indicates that the pruning strategy primarily 
contributed to efficiency optimization rather than 
substantial predictive performance  
improvement.  

The models size comparison illustrated in 
Figure 13. 

 

 
Source: (Research Results, 2026) 

Figure 13. Models Size Comparison 
 

Figure 13 highlights the differences in 
model storage requirements across architectures. 
The custom CNN exhibited the largest model size, 
whereas the SqueezeNet-based architectures 
required substantially lower storage capacity. The 
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structured pruning approach further reduced 
model size significantly, indicating that redundant 
parameters could be effectively removed while 
preserving stable classification performance. 

To further assess robustness and mitigate 
overfitting, stratified ‑fold cross‑validation was 
conducted, with fold‑wise accuracy results 
summarized in Table 6. 

 
Table 6. Fold Cross-Validation Results 

No Model Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 

1 
SqueezeNet 
Baseline 

98.40 
 

98.70 
 

98.60 
 

98.80 
 

98.65 
 

2 
Proposed 
Pruned 
SqueezeNet 

98.60 
 

98.80 
 

98.70 
 

98.90 
 

98.50 
 

Source: (Research Results, 2026) 
 

Table 6 presents the cross-validation 
results of the baseline and proposed pruned 
SqueezeNet models across five validation folds. 
Both models demonstrated consistently high 
classification accuracy with only minor variations 
between data partitions, indicating stable 
predictive performance. To provide a more 
comprehensive statistical evaluation, the mean 
accuracy, standard deviation, and 95% confidence 
intervals were calculated and are summarized in 
Table 7. 
 

Table 7.  Statistical Summary Results 

No Model 
Mean 

Accuracy 
(%) 

Std 
Dev 

95% CI 

1 
SqueezeNet 
Baseline 

98.63 0.15 
98.45 – 
98.81 

2 
Proposed 
Pruned 
SqueezeNet 

98.70 0.16 
98.50 – 
98.90 

Source: (Research Results, 2026) 
 

Table 7 indicates that both models achieved 
low standard deviation values across validation 
folds, suggesting stable classification 
performance. Although the proposed pruned 
SqueezeNet obtained slightly higher mean 
accuracy, the overlap between the confidence 
intervals indicates that the observed difference 
should be interpreted cautiously. These findings 
suggest that the pruning strategy was able to 
maintain competitive predictive performance 
while improving computational efficiency and 
reducing model complexity. 

Comparison of baseline and Pruned 
SqueezeNet models with 95% confidence 
intervals from 5-fold cross-validation, showing 
stable performance and consistent improvement 
of the Pruned model is shown in Figure 14. 

 
Source: (Research Results, 2026) 

Figure 14. Mean Classification Accuracy with 
95% Confidence Intervals Across 5-Fold Cross-

Validation 
 

Figure 14 compares the mean classification 
accuracy and corresponding 95% confidence 
intervals of the baseline and proposed pruned 
SqueezeNet models across stratified 5-fold cross-
validation. Although the proposed model achieved 
slightly higher mean accuracy, the overlap 
between the confidence intervals indicates that 
the observed difference should be interpreted 
cautiously. The results suggest that the primary 
contribution of the pruning strategy lies in 
improving computational efficiency and reducing 
model complexity while maintaining competitive 
predictive performance. 

The class-wise precision, recall, and F1-
score comparison across the evaluated models 
indicates that both the baseline and Pruned 
SqueezeNet demonstrated consistently strong 
performance across all tumor categories, 
particularly for glioma and pituitary 
classifications. Although performance differences 
among the lightweight architectures were 
relatively small, the Pruned SqueezeNet 
maintained competitive class-specific 
performance while operating with lower 
computational complexity and reduced model 
size. 

The results further suggest that the 
structured pruning strategy preserved essential 
discriminative features required for multiclass 
brain tumor classification. However, additional 
validation using more diverse MRI datasets 
remains necessary to evaluate model robustness 
under broader clinical imaging variations. The 
comparison of precision, recall, and F1-scores for 
DenseNet121, VGG16, Custom CNN, baseline 
SqueezeNet, and the Pruned SqueezeNet is 
presented in Figure 15. 
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Source: (Research Results, 2026) 

Figure 15. Performance Metric per Model 
  

Furthermore, to provide a broader 
perspective on model efficiency and deployment 

feasibility, Table 8 compares the proposed Pruned 
SqueezeNet with previously published CNN-based 
approaches. The comparison highlights 
differences in the number of classes handled, 
accuracy levels, model size, and deployment focus. 

Table 8 compiles recent cutting-edge 
studies on MRI-based brain tumor classification, 
which also highlights variations in model 
architecture, optimization techniques, and 
deployment viability. Overall, these findings 
highlight that performance improvements in deep 
learning models are not solely dependent on 
increasing model size or depth, but can also be 
effectively achieved through targeted parameter 
optimization strategies such as pruning. The 
proposed technique is highly apt for real-time 
medical imaging applications, particularly in 
resource-limited settings. 

Despite the promising results, this study 
has several limitations. The experiments were 
conducted using a single publicly available MRI 
dataset, which may not fully represent variations 
in scanner devices, imaging protocols, and clinical 
acquisition conditions encountered in real-world 
medical environments. In addition, the proposed 
framework was evaluated primarily on CNN-
based architectures without comparison to more 
recent transformer-based medical imaging 
models. Therefore, further validation using larger 
multi-institutional datasets and more diverse 
imaging conditions is required before broader 
clinical applicability can be established. 

Table 8. Comparison With Related State-Of-The-Art Studies

Study Model / Method Classes Dataset 
Size 

Accuracy 
(%) 

Model 
Complexity 

Optimization 
Strategy 

Deployment 
Suitability 

Özkaraca et al., 
2023 [22] 

VGG16 / 
DenseNet 
(Transfer 
Learning) 

4 Public 
MRI 

94.00–
97.00 

Very High Transfer learning Low (heavy 
models) 

S. Chitnis et al., 
2022 [23] 

Neural 
Architecture 
Search (LeaSE) 

2–4 
 

Public 
MRI 

90.60 
(AUC 
95.60) 

Medium–
High 

Neural 
Architecture 
Search (NAS) 

Moderate 
(high search 
cost) 

Kanchanamala et 
al., 2025[25] 

EWHO-
SqueezeNet + 
Hybrid 
Optimization 

4 Public 
MRI 

93.20 High Metaheuristic 
optimization 
(ExpDHO + 
WaOA) 

Limited 
(complex 
pipeline) 

Sivakumar & 
Padmapriya, 
2024  [26] 

Pruned CNN 2–4 Public 
MRI 

90.00 Medium Weight pruning Moderate 
 

Ismail Oztel, 
2025  [24] 

Ensemble CNN 
+ Vision 
Transformer 

4 Public 
MRI 

85.53 High Wavelet 
Transform + 
Bagging 
Ensemble 

Low-
Moderate 

 

Proposed 
Method 

Structured 
Pruned 
SqueezeNet 

4 7,023 
MRI 

98.70 Low Structured 
pruning 
(Polynomial 
Decay) 

High (real-
time, edge-
ready) 

Source: (Research Results, 2026) 
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CONCLUSION 
 

This study investigated multiple deep 
learning architectures for multiclass brain 
tumor MRI classification, including VGG16, 
DenseNet121, Custom CNN, baseline 
SqueezeNet, and the proposed pruned 
SqueezeNet model. Experimental findings 
demonstrated that deeper architectures such as 
DenseNet121 produced strong classification 
performance; however, their high parameter 
complexity and extended inference times may 
reduce suitability for deployment in 
computationally limited environments. To 
overcome these challenges, this research 
introduced a structured pruning approach 
combined with polynomial decay sparsity 
scheduling on the lightweight SqueezeNet 
architecture. The proposed framework achieved 
a classification accuracy of 98.70% with an 
inference time of 105.40 ms while reducing the 
model size to approximately 2,993 KB and 
improving computational efficiency. These 
results indicate that structured pruning can 
effectively minimize computational redundancy 
while retaining the important discriminative 
features required for multiclass brain tumor 
classification. Although the proposed pruned 
model produced slightly better predictive 
performance compared with the baseline 
SqueezeNet architecture, the performance 
improvement itself was relatively limited. 
Therefore, the main contribution of this study 
lies in enhancing computational efficiency, 
minimizing storage requirements, and reducing 
inference time while maintaining competitive 
classification capability. Despite these promising 
outcomes, several limitations remain in this 
study. The experiments relied on a single 
publicly available MRI dataset, which may not 
fully capture variations in scanner devices, 
institutional imaging protocols, and real-world 
clinical acquisition conditions. Furthermore, the 
investigation primarily focused on CNN-based 
architectures without extensive comparison 
against more recent transformer-based medical 
imaging approaches. Consequently, additional 
validation using larger and more diverse multi-
institutional MRI datasets is still required before 
broader clinical implementation can be 
considered. Future research will focus on 
improving model robustness and 
interpretability through robustness evaluation 
under varying imaging conditions, noise 
perturbations, and MRI acquisition settings. 
Explainable artificial intelligence methods such 

as Grad-CAM may also be integrated to provide 
visual interpretation of prediction results. In 
addition, further compression techniques, including 
post-training quantization and quantization-aware 
training, will be explored to support efficient 
deployment on embedded and edge-based 
healthcare systems.  
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