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Abstract—Brain tumors are associatedswith high mor-
tality and severe neurological effects, making accurate
and timely diagnosis essential. However, manual inter-
pretation of Magnetic Resonance Imaging (MRI) remains
subjective and time-consuming. Deep learning, particu-
larly Convolutional Neural Networks (CNNs), offers a
promising approach to Tmproving diagnestic accuracy
and efficiency. This research systematically benchmarks
five CNN architectures (VGG19, DenseNet201, ResNet50,
Inception-v3, and ‘MobileNet);on balanced and naturally
imbalanced MRI datasets. Its novelty lies in evaluating
all models under,a unified preprocessing and transfer-
learning framework, across) both dataset distributions,
with Grad-CAM used, to support interpretability. Pre-
processing includes resizing, adaptive masking, Gaussian
blur, Contrast Limited Adaptive Histogram Equalization
(CLAHE), normalization, and augmentation, followed by
transfer learning using ImageNet-pretrained models. Per-
formance is evaluated using accuracy, precision, recall,
specificity, F1-score, and Area Under the Curve (AUC).
Results show that VGG19 achieves the highest accuracy
(0.937 for balanced and 0.962 for imbalanced data), recall
(0.991 and 0.984, respectively), and F1-score, demonstrat-
ing strong sensitivity and generalization. DenseNet201
achieves the highest AUC (0.992 and 0.996) and high
specificity, indicating strong overall discriminative perfor-
mance. These findings suggest that VGG19 is particularly
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suitable for sensitivity-oriented early screening, whereas
DenseNet201 is advantageous when overall discrimination
and specificity are prioritized. In conclusion, CNN-based
models show substantial potential for brain tumor classi-
fication, with architecture selection depending on specific
clinical priorities.

Index Terms—Deep Convolutional Neural Networks,
Brain Tumor Classification, Magnetic Resonance Imaging
(MRI), Medical Image Analysis

I. INTRODUCTION

RAIN tumors are among the most severe med-

ical conditions and are associated with a high
mortality rate [1]. Each year, millions of individuals
worldwide are diagnosed with brain tumors, which are
generally grouped into two broad categories, namely
benign and malignant [2, 3]. Benign brain tumors
usually grow more slowly and tend to exhibit more
uniform structural characteristics. In contrast, malig-
nant tumors, often referred to as brain cancer, grow
rapidly and display heterogeneous patterns [4, 5]. Early
detection and timely management are essential because
even small brain tumors can cause serious disturbances
in neurological functions such as motor coordination
and cognitive ability. These disruptions directly affect
patients’ quality of life [6, 7].
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The global incidence of brain tumors has risen
significantly, particularly in developed countries. Brain
and central nervous system cancers represent a substan-
tial global health burden, with incidence varying across
regions and demographic groups [8]. Although some
regions, such as Africa and parts of Asia, still report
lower incidence rates, the overall global trend shows
a steady increase. This trend highlights a growing
burden on healthcare systems and underscores the
need for more accurate and efficient diagnostic solu-
tions. Current diagnostic approaches rely heavily on
Magnetic Resonance Imaging (MRI), which provides
highly detailed structural images of the brain [9, 10].
However, interpreting MRI scans remains a complex
task that depends on the expertise of radiologists and
neurologists. Manual analysis is time-consuming and
often subjective, which may result in misclassification
and delayed treatment decisions [11].

Recent advancements in MRI technology have sig-
nificantly improved image resolution, contrast sensitiv-
ity, and acquisition speed, enabling more detailed visu-
alization of tumor morphology, edema, and necrotic re-
gions [12, 13]. Advanced modalities such as Diffusion-
Weighted Imaging (DWI), Perfusion-Weighted Imag-
ing (PWI), and Functional MRI (fMRI) have further
enhanced tumor characterization by providing phys<
iological and metabolic insights beyond anatomical
details [14-16]. Despite these technological develop-
ments, manual interpretation remains labor-intensive
and susceptible to inter-observer variability, underseor-
ing the necessity for automated and objective analysis
methods.

Deep learning and Artificial Intelligence (Al) have
emerged as promising solution§ifo, this problem: Fhese
technologies can automatically progess large volumes
of medical imaging datagpteducing human error and
improving both the, speedyand “aceuracy) of diagno-
sis [17-19]. Convolutienal Neural Networks (CNNs),
in particular, have shown strong ability to extract
critical features from MRI Seans, enabling highly ac-
curate classification of tumor and non-tumor cases [20,
21], [22, 23]. However, despite this demonstrated
success, a significant gap remains. The performance
reported in many studies often relies on ideal balanced
datasets, which do not reflect the imbalanced nature
of real-world clinical data, and there is a lack of
systematic benchmarking across different architectures
to assess their true robustness [24-26]. This issue is
compounded by other persistent challenges, such as
the complexity of tumor segmentation, which is crucial
for delineating tumor boundaries that directly affect
therapeutic planning [27-29].

To address these challenges, the research evalu-
ates and benchmarks five deep learning architectures

(VGG19, ResNet50, DenseNet201, Inception-v3, and
MobileNet) for brain tumor analysis using MRI data.
The novelty of this research lies in the systematic
evaluation of these models under both balanced and
imbalanced dataset conditions, thereby simulating the
real-world data distribution challenges commonly en-
countered in clinical practice. This underexplored as-
pect is crucial for assessing the robustness and clinical
applicability of deep learning models in realistic med-
ical imaging scenarios.

The main research contributions can be summarized
as follows. First, it provides a comprehensive bench-
marking of five state-of-the-art CNN architectures for
binary brain tumor classification using MRI data. Sec-
ond, it evaluates the modelsqunder both balanced and
imbalanced dataset condifions to simulate real-world
clinical variability and assess medel'robustness. Third,
a customized preprocessing pipeline is developed by
integrating adaptive masking, Gaussian blur, Contrast
Limited Adaptive Histogram Equalization (CLAHE),
and normalization.to'enhance MRI image quality prior
to CNN( training. Finally,/the research incorporates
Grad«CAM-based explaifiability to visualize model at-
tertion areas and validate the clinical interpretability of
the classification gésults. Collectively, these contribu-
tions establish an extensive benchmarking framework
to/ identify “‘the most reliable CNN architecture for
dccuraténbrain tumor segmentation and classification.
The proposed framework is expected to enhance the
development of Al-assisted clinical decision-support
systems, reduce diagnostic subjectivity, and improve
treatment planning accuracy in clinical practice.

A. Related Works

Recent advancements in deep learning have signif-
icantly improved brain tumor classification and seg-
mentation from MRI images. Recent advancements in
deep learning have significantly improved brain tumor
classification from MRI images. A 2D CNN and a
convolutional autoencoder are developed. Both models
are compared with six machine-learning techniques
using 3,264 MRI images. The proposed 2D CNN
achieved a training accuracy of 96.47%, while the con-
volutional autoencoder achieved 95.63% [30]. In the
same year, another previous research has developed a
custom CNN architecture trained on 3264 MRI images.
The model reaches 93.3% accuracy, outperforming
ResNet-50, VGG16, and Inception V3 [18]. However,
the long training time and the absence of tumor area
visualization remained limitations that restricted its
clinical applicability.

Further evidence of the potential of custom archi-
tectures has been presented by Lamrani et al. [31],
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TABLE I
SUMMARY OF PREVIOUS STUDIES ON BRAIN TUMOR DETECTION USING DEEP LEARNING-BASED MAGNETIC RESONANCE IMAGING
(MRI).
References  Year Dataset Model/Approach Accuracy Limitation

[30] 2023 3,264 MRI 2D CNN, convolutional autoencoder, &  96.47% training ac-  Single public MRI dataset; external clin-
six ML techniques curacy ical validation not reported

[18] 2023 3,264 MRI Custom CNN vs ResNet-50, VGG16, 93.3% Long training, no visualization
Inception V3

[31] 2022 3,000 MRI Custom CNN (4 conv + 6 dense layers) 96.33% Needs larger dataset

[32] 2022 253 MRI CNN, VGG-16, Ensemble 98.15% (VGG-16) Very small dataset

[33] 2021 3,064 MRI Multiscale CNN 97.3% Misclassify non-cerebral, low sensitivity

[34] 2021 3,064 & 253 MRI Mask R-CNN + DenseNet-41 backbone 98.34% / 96.3% Manual annotation needed

[35] 2020 253 MRI Hybrid ResNet-50 with 10 new layers 97.01% Need clinical validation

[17] 2020 3,064 MRI Hybrid CNN-NADE 95% Lower than AlexNet (96.61%)

[36] 2020 3,064 MRI Inception-v3 + DenseNet201 fusion 99.51% (DenseNet) No fine-tuning

[37] 2020 3,064 MRI ResNet-50 + augmentation 99% 1 97% Need larger dataset, no grading

Note: Machine Learning (ML), Convolutional Neural Networks (CNN), Convolutional Neural Network-Neural Autoregressive Distribution Estimator

(CNN-NADE), and Magnetic Resonance Imaging (MRI).

who have designed a CNN with four convolutional
layers and six dense layers. Using 3,000 MRI images,
the model has achieved 96.33% accuracy and 97.93%
precision. Despite its strong performance, it empha-
sizes the necessity of evaluating the model on larger
datasets to establish generalizability. Complementing
these findings, Younis et al. [32] have tested CNN,
VGG-16, and ensemble models on a smaller dataset of
253 MRI images. VGG-16 has outperformed the other
approaches with 98.15% accuracy, although thé small
dataset size has posed limitations for broader clinical
use.

Multiscale and hybrid approaches haveyalso‘demon-
strated considerable success. DiazéPernas et al.\[33]
have proposed a multiscale CNN that processes MRI
scans using three independent featurefstreams. The
model achieves 97.3% accuracy and eutperforms 7
benchmark methods. Nonetheless, misclassification in
non-cerebral regions and redueed sensitivity for menin-
gioma cases are observed. Similarly, Masood et al. [34]
have combined classificationand segmentation using
a custom Magk R-CNN with DenseNet-41 as the
backbone. The system achieves 98.34% classification
accuracy and 96.3%\segmentation accuracy, but re-
quires intensive manual annotation, which can limit
scalability.

Hybrid deep learning architectures have also shown
promise in improving efficiency. Cinar et al. [35] have
modified the last five layers of ResNet-50 and added 10
new layers, leading to a 97.01% accuracy on 253 MRI
images. Despite this improvement, the model requires
further clinical validation. Gassenmaier et al. [17]
have proposed a Convolutional Neural Network-Neural
Autoregressive Distribution Estimator (CNN-NADE)
hybrid architecture, which achieves 95% accuracy.
However, its performance is slightly lower compared to
AlexNet, which reaches 96.61% on the same dataset.

Among the most notable contributions, Noreen

et al. [36] have employed a) feature fusion strat-
egy by concatenating features from Inception-v3 and
DenseNet201.“This approachdproduces an impressive
accuracy of 99.51%with"DenseNet201, outperforming
other testedgimodels: 'The limitation is the absence
of fine-tuning, which can have further enhanced the
model’s, adapftability. Finally, Ismael et al. [37] have
demonstrated that ResNet-50 combines with extensive
data augmentation achieving 99% accuracy at the
image level and 97% at the patient level. Neverthe-
less, ‘it highlights the need for larger datasets and
incorporation of tumor grade classification to ensure
comprehensive clinical utility. A summary of previous
research relates to brain tumor detection using deep
learning-based MRI is presented in Table I.

II. RESEARCH METHOD

This section outlines the overall methodology de-
signed to enhance the performance of brain tumor
classification using CNNs. The proposed framework
consists of several key stages, namely dataset prepa-
ration, image preprocessing, model development with
different CNN architectures, and performance evalua-
tion. The complete research workflow is illustrated in
Fig. 1. The methodology begins with identifying the
research problem, followed by collecting brain MRI
images from publicly available open-access reposito-
ries. Once the dataset is obtained, preprocessing steps
are performed to ensure data consistency and quality.
These steps include resizing images to a uniform
dimension, normalizing pixel intensities to standardize
values, and augmenting the data to increase variability
and reduce the risk of overfitting.

After preprocessing, the dataset is systematically
split into training and testing subsets. The training
subset is used to develop CNN-based models for binary
classification of brain tumors, while the testing subset
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The overall workflow diagram in the research. Note: Magnetic Resefiance Imaging (MRI);’Region of Interest (ROI), Area Under

the Curve (AUC), Receiver Operating Characteristic (ROC), and Ground Truth (GT),

is reserved to validate the generalization ability 40f
the trained models. In the final stage, perforndance
is evaluated using a set of established metrics, n*
cluding accuracy, precision, recall, F1-score} and Area
Under the Curve (AUC). These measufes provide a
comprehensive assessment of model effectiveness and
robustness, thereby facilitating reliable comparisons
among the implemented CNN drchitectures.

A. Dataset

The dataset used in thejresearch’i§ obtained from
Kaggle’s open-accesshrepository [38]. It consists of
MRI brain scans categorized intoytwo groups, namely
tumor and non-tumor. Theyimages are available in
multiple formats, including “jpg, .png, and .tif, with
varying resolutions. However, the dataset does not
provide segmentation annotations or tumor-type labels,
limiting its scope to binary classification tasks. In the
research, the dataset is used to develop CNN models
to classify MRI images as healthy or tumor-bearing.
Deep learning is considered appropriate because it
can automatically extract relevant features from raw
imaging data without manual feature engineering. This
approach is further supported by prior research, which
has consistently demonstrated that CNNs and their
hybrid architectures achieve high levels of accuracy in
brain tumor classification [30, 39]. The imbalance in
the dataset originates naturally from the repository and

is mot artificially introduced through over- or under-
sampling. The original collection contains a higher pro-
portion of tumor MRI images compared to non-tumor
scans. This natural imbalance is intentionally preserved
toeflect real-world clinical data distributions and to
evaluate model robustness under authentic conditions.

B. Preprocessing

The preprocessing stage comprises several sequen-
tial steps to improve image quality and prepare the
dataset for deep learning analysis. The procedures
include resizing images to 224 x 224 pixels, adaptive
masking to focus on relevant regions, noise reduc-
tion with Gaussian blur, contrast enhancement using
CLAHE, scaling pixel values to the [0-1] range, and
data augmentation. These steps are essential for en-
hancing the visual quality of MRI images, suppressing
irrelevant information, highlighting important features,
and standardizing input dimensions for convolutional
neural network models. Furthermore, various augmen-
tation techniques are applied to increase dataset diver-
sity and reduce the risk of overfitting during training.
By introducing controlled variations in the dataset,
these methods ensure that the models develop greater
robustness and generalization ability. The complete
preprocessing workflow is illustrated in Fig. 2, and a
more detailed explanation of each preprocessing step
is provided in the following parts.
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The preprocessing pipeline begins with image re-
sizing to ensure uniform input dimensions across all
MRI samples, thereby enabling consistent processing
by convolutional neural network models. This step is
followed by adaptive masking, which isolates relevant
brain regions and reduces background interference that
can introduce noise. To further enhance image quality,
noise reduction techniques are applied to remove ar-
tifacts, and contrast enhancement is performed to im-
prove the visibility of both anatomical and pathological
structures. After these enhancements, normalization is
performed by scaling pixel intensities to a consistent

range, which promotes numerical stability and enables
more efficient model training. In the final stage, data
augmentation strategies are applied to increase dataset
variability and reduce the risk of overfitting. These
strategies include vertical and horizontal flipping as
well as 90-degree image rotations, all of which improve
the generalization capability of the CNN models.

All MRI images are resized to 224 x 224 pixels to
provide a uniform input dimension across the evalu-
ated CNN architectures [40, 41]. Standardizing image
dimensions ensures dataset consistency and helps the
model to more effectively recognize and learn feature
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patterns [39, 40]. In addition, resizing reduces compu-
tational complexity and accelerates batch processing
during training. By establishing a unified image size,
this step not only optimizes model performance but
also simplifies the integration of subsequent prepro-
cessing and analysis pipelines.

Adaptive thresholding is applied to identify relevant
brain regions from MRI images based on local inten-
sity characteristics, enabling automated region-focused
feature extraction without manual tumor annotations
[42]. By directing the model’s attention to critical brain
structures, this technique enhances the extraction of
features essential for accurate classification or segmen-
tation [39, 43]. Prior studies have shown that adaptive
masking improves detection sensitivity and reduces
the likelihood of misclassification. Consequently, this
approach strengthens the model’s ability to recognize
morphological patterns within brain tissue, leading to
more reliable diagnostic outcomes.

Noise reduction is performed using Gaussian blur
to suppress artifacts that can interfere with image
analysis [44, 45]. Gaussian blur is implemented with
a 5 x 5 kernel with ¢ = 1.0. These parameters are
selected empirically during preliminary experiments to
balance noise suppression and preservation of anatom-
ical boundaries. Smaller kernels (e.g., 3 x 3) produce
insufficient smoothing, whereas larger kernels (7 x(7)
lead to blurring of anatomical boundaries [46, 47].“The
chosen parameters offer an optimal balancegbetween
artifact suppression and retention of tumog@dge clarity,
thereby improving model performancé and stability
during feature extraction. The presence ofinoiSe may
obscure important structural details and negatively af-
fect the predictive accuracy of ‘the model [48, 49]. By
mitigating these disturbances, Gaussian blur enhances
overall image quality @ndypensures more consistent
feature extraction. This “processals® improves the
model’s robustness by reducing,sensitivity to unwanted
variations in the input‘data, thereby supporting more
reliable classification outcomes.

Contrast enhancement is¢’performed using the

CLAHE technique to improve local contrast
and sharpen the visualization of anatomical
structures. CLAHE is applied to enhance local

contrast and improve visualization of anatomical
structures [50, 51]. This enhancement facilitates
both segmentation and classification tasks by making
subtle differences between tissue regions more
distinguishable [52, 53]. As a result, the model
receives inputs with richer, more informative features,
thereby increasing the potential for higher predictive
precision.

Pixel intensity normalization is applied by scaling
values to the range [0,1] to standardize the input scale

and improve numerical stability during model training
[54]. This adjustment improves numerical stability,
reduces the risk of vanishing or exploding gradients,
and accelerates convergence [55, 56]. Normalization
also improves compatibility with activation functions
commonly used in deep learning architectures. As a
result, this step is a fundamental component of medical
image preprocessing pipelines, supporting both the
efficiency and reliability of subsequent model training.

Data augmentation is applied using a range of
geometric and photometric transformations to artifi-
cially increase the diversity of the dataset [57, 58].
By introducing controlled variations, this technique
enhances the model’s generalization and reduces the
risk of overfitting. Exposureqtopaugmented data helps
the model to learn morefrobust and adaptive feature
representations that are bettergBSuited, to real-world
scenarios. Overall, augmentation is a critical step in
improving the gperformance and reliability of deep
learning models’ when_applied “to"heterogeneous test
data.

The dataset is split 70/30 for training and testing,
considtent with, previous’ studies that have identified
thiSiratio asfeffective for balancing model learning and
evaluatiofi efficiency [59]. To prevent data leakage, in
which images ffom the same volume or subject can
appear in both subsets, a per-volume or per-subject
splitiisTased. This approach ensures that all images
from a single case are confined to either the training
ot the testing set [60, 61]. Proper data partitioning is
therefore essential to minimize overfitting and enhance
the model’s ability to generalize to unseen data.

Although the dataset did not provide tumor segmen-
tation masks, adaptive masking is applied as an unsu-
pervised localization technique to isolate brain regions
of interest. It is achieved using adaptive thresholding
based on local pixel intensity distribution, followed
by Gaussian smoothing to refine the mask boundaries.
This algorithm does not require manual annotations
and enables region-focused feature extraction, mim-
icking the effect of tumor masks while maintaining
automation.

C. Classification

The classification and model training stages are
carried out in a technical computing environment using
Visual Studio Code with Python as the programming
language. In this stage, five selected CNN architec-
tures are implemented, trained, and evaluated through
a transfer learning approach. Each model is tested
under two dataset scenarios, namely balanced and
imbalanced distributions, to assess robustness across
different conditions. Model performance is evaluated
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Fig. 3. Architecture of VGG-19.

using a confusion matrix, which provides a detailed
representation of classification outcomes, including
true positives, false positives, true negatives, and false
negatives. A comprehensive analysis of the fivefCNN
architectures is then conducted to determine their
relative effectiveness and identify the mniost reliable
approach for brain tumor classification,

The VGGI19 architecture in Eig: 3 is |selected has
one of the core models because, of ifs ability to
learn hierarchical visual representations through suc-
cessive convolutional layers. Recent research has fur-
ther demonstrated the applicability of VIGG19-based
feature extraction to brain tumor MRI classification.
Haque et al. [62] havepdeveloped NeuroNet19 using
VGG19 as itsgbackbone togetherwith an Inverted Pyra-
mid Pooling Medule (iPPM), achieving an accuracy of
99.3% for four-clags, brain_tumor classification. These
findings support the ‘suitability of VGG19-derived rep-
resentations for extracting discriminative features from
brain MRI images. The size of the resulting feature
map in each convolutional operation is determined by
Eq. (1):

W —F+42P
= 5 6]
where W represents the input size, F' the filter size,
P the padding, and S the stride. To optimize its
application in the research, a transfer learning approach
is adopted by utilizing the pre-trained VGG19 model
on ImageNet as a feature extractor. The original fully
connected layers are replaced with a newly designed
classifier tailored specifically for binary brain tumor

0 + 1,

tuning layers

classification oFine4tiining is then performed on MRI
image$, enabling the model to adapt previously learned
feafures to miedical imaging tasks. This approach al-
lows VGGI1Y to achieve high accuracy even with
limited{data availability.

The ResNet-50 in Fig. 4 is employed as one of
the” primary architectures due to its strong perfor-
mance in complex image classification tasks. The
ResNet-50 architecture overcomes degradation in very
deep networks through shortcut connections that learn
residual mappings. A residual block is expressed as
Eq. (2) [63]:

where x represents the input, F'(z,{W;}) denotes
the learned residual mapping, and y is the output.
This formulation enables the network to approximate
identity functions when necessary, prevents accuracy
degradation in deeper networks, and mitigates vanish-
ing gradient problems by facilitating smoother gradient
propagation.

A ResNet-50 architecture comprising 50 residual
layers is implemented using a transfer learning ap-
proach. The model is initialized with pre-trained
weights from ImageNet, which serves as a feature
extractor. Its original fully connected classification
layer is replaced with a new classifier specifically
designed for binary brain tumor classification using
MRI images. This strategy leverages the robust feature
representations of ResNet-50, enabling high classifi-
cation accuracy even with limited medical imaging
data. DenseNet-201 in Fig. 5 improves information
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Fig. 5. Architecture of DenseNet-201.

flow through dense connectivity, in which“each layer
receives feature maps from allgpreceding layers. The
output of the 1-th layer is expressed as Eq. (3) [64]:

3)

where [xg, x1, ..., f42] denotes the concatenated fea-
ture maps from previous, layershand H; represents a
composite function consisting of batch normalization,
Rectified Linear Unit (ReLU) activation, and convolu-
tion operations.

I = Hl([xo,xl, - ,xl_l]),

The feature of reuse mechanism in DenseNet im-
proves parameter efficiency while preserving important
low-level features such as edges and textures, even
in deeper layers. This characteristic is particularly
beneficial for medical imaging tasks like brain tu-
mor classification, where fine structural details are
critical. In the research, the DenseNet-201 variant
is implemented through transfer learning. The pre-
trained model on ImageNet is adapted to MRI data,
enabling accurate diagnosis by leveraging its strong
representational power while maintaining efficiency in
parameter usage.

(Fine-Tuning / Classification)

MobileNet is a deep learning architecture in Fig. 6,
specifically designed for computational -efficiency,
which makes it highly suitable for deployment on
mobile devices and resource-limited platforms. Its pri-
mary innovation lies in the use of depthwise separable
convolutions. This operation decomposes a standard
convolution into two stages: a depthwise convolution,
where one filter is applied per input channel, followed
by a pointwise 1 x 1 convolution that combines the
outputs across channels. By factorizing the convolu-
tion process in this manner, MobileNet dramatically
reduces computational requirements. The cost ratio can
be expressed as Eq. (4) [65]:

Dg -Dg-M+M-N 1 1

Dk -Dg-M-N _NJFD%{’
where M and N represent the number of input and
output channels, respectively, and Dg denotes the
kernel size. For a standard 3 x 3 kernel, this fac-
torization reduces computation by approximately eight
to nine times, with only a minimal loss in accuracy.
In the research, MobileNet is evaluated to balance

“4)

422



Cite this article as: T. A. Firdaus et al., “Benchmarking deep convolutional neural networks for brain tumor
detection using magnetic resonance imaging data”, CommlIT Journal 20(2), 415-432, 2026.

MobileNet base model

[

—_— ¥ F F r r r N | — ) )
> > > ‘ > > > > > > == >
(= = = = s (= = 1= [~ = [
| Q o o o =3 o o | @ ‘ o o o g’
o & ‘ o © |o | o o o o o o o \ o £
® 3 2~ 2~ 2~ KN 9~ KN 9~ |2« Q| |2a| |2+~ S 3
x o] | 7o) D) o 7<) <} o o = o = | 7= =
o= =l B el feel me (el B (B8l (e [Eel [E2 |Ex BN BEN (5
>N 23 ® = ® = OEE ® = 95 ® = (efes) | =55 8 = | 8 £ BEE o - = e
2N | 5 |> G (> 8T | > 88 |> B> 8GR B> B> SE LB > 2[5 &
£ x % @ s @ s mmﬂ @ 3 s > - @ s ‘mm. ‘wm‘ \mm.‘ @ s § 5 3 153
g 5 | 2 H H H H H H H 27| |2 = E &
38 5 5 | & & £ & & & & [ 5 3
[=% o [=% a o a a | =7 a a o G
@ @ 3 | 3 @ 3 3 Lo 3 3 3
=" =] (= | = =) o =y | a o o =
\—) - — = - == S = ==y v e @ ¢
. $ o . o = o ) P 3 )
Block 1 Block 2 Block 3 Block 4 Block 5
(Output: 112 x 112) (Output: 56 x 56) (Output: 28 x 28) (Output: 14 x 14) (Output: 7 x 7)
: v )L S )
Locked layers (Feature extraction) Tuning layers
(Fine-tuning / Classification)
Fig. 6. Architecture MobileNet.
Inception-v3 base model
R
(
— —— — ——
|
o | | ‘
2 [ B = = B 5
™ = =
) 1) ™ X o) N = 0 3
) & gi! > =
4 < c = = m (&) o | © =)
5 e e} el 5 9 c o | (2|2 ©
o = - - - () |
= Bel B=s Bos = 2 2 g | 5|[8||38
= o o o = o o a o||lo || E £
> > > © > () () > = | G %)
= c = S 3] 3] <t o= e @
o o) o = o) = = = N = » o
O O (©] (€] = = a | ’ (&)
o |
J
3 SR S (E—
w
block 1 block 3 block 4 block 5
L J )
~

sification reliability
lightweight structure, com-
rom ImageNet, allows the
model to achieve ro performance while remaining
efficient enough for use in environments with limited
computational resources.

The Inception-v3 architecture in Fig. 7 combines
network depth and width through parallel compu-
tational branches that process input features using
convolutional and pooling operations with different
receptive fields. This multi-branch design enables the
network to capture complementary local and global im-
age characteristics. Recent studies have demonstrated
the effectiveness of Inception-v3 for MRI-based brain
tumor classification, including evaluations under im-
balanced dataset conditions [25]. In general, the output
of an Inception module can be represented as the

tuning layers

concatenation of feature maps generated by its parallel
branches, as expressed in Eq. (5).

y = Concat (f1x1(x), f3x3(x), f5x5(2), fpool(Z)) ,
)]

where f1x1(x), fsx3(z), and fsx5(x) represent con-
volution operations with kernel sizes of 1 x 1, 3 x
3, and 5 x 5, respectively, and fpoo(x) denotes the
pooling operation. The concatenation step combines
these feature maps along the channel dimension to
form the final output.

This multi-scale representation is particularly ad-
vantageous in brain tumor analysis, where tumors
may vary significantly in size, shape, and texture. By
integrating information obtained from multiple recep-
tive fields, the architecture can represent brain tumor
characteristics occurring at different spatial scales. This
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Fig. 8. Comparison of models across performance metrics (balanced data). Note: Positive Predictive Val

and True Negative Rate (TNR).

property is particularly relevant to MRI-based brain
tumor classification, where lesion size, morphology,
and texture can vary considerably [66]. During trans-
fer learning, the convolutional base layers of each
pretrained model (VGG19, ResNet50, DenseNet201,
Inception-v3, MobileNet) are initially frozen to pre-
serve low-level visual features such as edges and tex-
tures. Subsequently, the fully connected (dense) lay
are replaced with new classifiers adapted for bi
classification. Fine-tuning is then performed on
last 2—4 convolutional blocks, allowing the
adjust high-level representations specific
features. This selective unfreezing stfateg
computational efficiency with improved de
tation.

III. RESULTS_AND D1is

This section evaluat chitectures,
namely  VGGI19, DenseNet201,
ResNet50, and M or brain tumor
classification using MRI he performance of
these models is measured g multiple evaluation
metrics, including accuracy, Fl-score, recall, True
Positive Rate (TPR), and True Negative Rate (TNR).
These metrics are selected to provide not only an
overview of classification accuracy but also a detailed
assessment of each model’s ability to correctly identify
both positive and negative cases, which are particularly
critical in medical diagnosis. To facilitate comparison,
bar charts are generated to illustrate performance
differences across the five architectures. In addition,
detailed analyses of the metrics are conducted to
highlight the strengths and weaknesses of each model.
Then, the research results are further compared with
findings from prior research, allowing validation

, True Positive Rate (TPR),

of the outco and providi comprehensive
interpretation the > effectiveness in brain
tumor classific

a comparison of five deep
GG19, Inception-v3, DenseNet201,
obileNet) evaluated on balanced brain
sing five key metrics: accuracy, preci-
sion (Positive Predictive Value (PPV)), recall (TPR),
pecificity (TNR), and Fl-score. Among the mod-
VGG19 demonstrates the best overall perfor-
mance, achieving the highest accuracy (0.937), recall
(0.991), and Fl-score (0.939). These results indicate
that VGG19 offers strong sensitivity and balanced
classification. DenseNet201 and ResNet50 achieve the
highest precision (0.952), reflecting their strength in
correctly identifying positive cases. Inception-v3, on
the other hand, achieves the highest specificity (0.991),
indicating its reliability in recognizing negative cases.
Although VGG19 records slightly lower precision and
specificity than these models, its superior recall and
Fl-score establish it as the most reliable architecture
for brain tumor classification within the research scope.

Overall, the comparison shows that each CNN ar-
chitecture has distinct strengths across performance
metrics. VGG19 demonstrates superior accuracy, re-
call, and Fl-score, making it highly suitable for tasks
that require strong sensitivity and balanced classifica-
tion. DenseNet201 and ResNet50 achieve the highest
precision and specificity, which are particularly valu-
able for minimizing false positives during confirma-
tory diagnoses. Inception-v3 and MobileNet produce
moderate yet consistent results, reflecting an effective
balance between computational efficiency and pre-

424



Cite this article as: T. A. Firdaus et al., “Benchmarking deep convolutional neural networks for brain tumor
detection using magnetic resonance imaging data”, CommlIT Journal 20(2), 415-432, 2026.

ROC Curves Comparison - Balanced Dataset

104

0.8 1

e
@

True Positive Rate

I
b

0.2 4

'— DenseNet201 {AUC = 0.992)
— Ingéption (AUC = 0.985)
—— gMobileNet (AUC = 0.930)
~ ResNet50 (AUC = 0.985)
— VGG19 (AUC = 0.984)

-- Random Classifier

0.0 += -
0.0 0.2 0.4

0.6 0.8 1.0

False PgSitive Rate

Fig. 9. ROC curves comparison (balance dataset). Note: Area Under the Gurve (AUC)

dictive performance. These findings indicate that the
choice of model should align with specifié) clinical
objectives. For example, sensitivity-ofiénted “models
such as VGG19 may be preferabledor early screcning,
whereas precision-oriented models, like DenseNet201
or ResNet50 may be more appropriate,for confirmatory
diagnostic settings. To strengthen thetapplicability of
these models in real-worldypractice, furthes validation
on larger and more diverse datasets is recommended to
ensure robustness  andypgeneralizability. Figure 9 shows
the Receiver JOperating Characteristic (ROC) curves
for all CNN meodels, ‘with the AUC to evaluate their
ability to distinguish tumen, from healthy cases across
varying thresholds. ‘Among the models, DenseNet201
achieves the highest AUC (0.992), reflecting excellent
discriminative power and a well-balanced trade-off
between sensitivity and specificity. Inception-v3 and
ResNet50 follow closely with strong AUC values of
0.985, while VGG19 obtains a slightly lower score
of 0.984, which still demonstrates high classification
capability. MobileNet record the lowest AUC (0.930),
indicating comparatively weaker global separation be-
tween classes.

Taken together, these results show that although
VGGI19 leads in accuracy, recall, and Fl-score.
DenseNet201 demonstrates the most comprehensive
classification performance across thresholds. This find-

ing underscores DenseNet201’s potential value for
clinical decision-making, where both sensitivity and
specificity are equally critical to reliable diagnos-
tic outcomes. In general, ROC analysis on bal-
anced data confirms that all evaluated CNN models
demonstrate strong discriminative performance, as in-
dicated by their high AUC values. Among the models,
DenseNet201 achieves the best overall separation, un-
derscoring its potential for robust clinical application
in scenarios where both sensitivity and specificity are
equally critical. The consistently high AUC scores
across all architectures further validate the effective-
ness of deep learning approaches for brain tumor
classification using MRI images. Nevertheless, the se-
lection of the most appropriate model should ultimately
be guided by specific clinical priorities and operational
constraints in real-world healthcare settings.

The comparative analysis of balanced and imbal-
anced datasets highlights the distinct strengths of each
evaluated model. VGG19 achieves the highest accuracy
(0.937 on balanced data and 0.962 on imbalanced data)
and the highest Fl-score (0.939 and 0.921), confirm-
ing its robust generalization and balanced predictive
performance. DenseNet201 excels in AUC (0.992 and
0.996) and specificity, demonstrating its effectiveness
at minimizing false positives, which is particularly
valuable in confirmatory diagnostic settings. Inception-
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v3 and ResNet50 deliver strong precision and high
AUC values, indicating their suitability for applications
where positive predictive value is prioritized. By con-
trast, MobileNet shows relatively lower performance,
consistent with its lightweight, efficiency-oriented de-
sign. From a clinical perspective, models with high
sensitivity, such as VGG19, are well-suited for early,
tumor screening, where minimizing false negative
critical. DenseNet201, with its superior specifici
better suited for confirmatory diagnoses that req
precise exclusion of non-tumor cases. Dg '

Figure 10 compare
(VGG19, Inception-v3, Net201, ResNet50, and
MobileNet) evaluated on imbalanced brain MRI data
using five performance metrics. VGG19 achieves the
highest accuracy (0.962), recall (0.984), and F1-score
(0.929), confirming its strong ability to detect true
positives. However, it comes at the cost of lower
precision (0.800) and specificity (0.849), indicating a
higher false-positive rate. In contrast, Inception-v3 and
DenseNet201 achieve the best precision values (0.943
each) and demonstrate strong specificity (0.969 and
0.960, respectively). ResNet50 and MobileNet produce
moderate results across most metrics, reflecting bal-
anced but less outstanding performance.

These findings highlight VGG19’s superior gen-
eralization and high sensitivity, making it the most

imbalanced set-
inimizing missed tumor
educing false positives,
clinical utility. Overall,
at each CNN architecture
data exhibits distinct strengths

reliable model diagnostic

01 and ResNet50 perform best in precision
and specificity, which are particularly important for
nimizing false positives in confirmatory diagnostic
tasks. Inception-v3 and MobileNet achieve moderate
yet consistent results, reflecting an effective trade-
off between model complexity and computational effi-
ciency.

These findings suggest that model selection should
be guided by specific clinical objectives. For early
screening, where sensitivity is critical to avoid missed
tumor cases, VGG19 may be the most suitable. Con-
versely, for confirmatory diagnosis, DenseNet201 or
ResNet50 may be preferable due to their higher pre-
cision and specificity. Nevertheless, further validation
on larger and more diverse datasets is recommended
to ensure robustness and generalizability in real-world
clinical applications. Figure 11 presents the ROC
curves for all CNN models evaluated on the imbal-
anced dataset, illustrating their ability to distinguish
tumor cases from normal tissue under skewed class
distributions. DenseNet201 achieves the highest AUC
(0.996), indicating outstanding discriminative power
and a well-balanced trade-off between sensitivity and
specificity. VGG19 (0.989), ResNet50 (0.986), and
Inception-v3 (0.984) also demonstrate strong, reliable
performance. Meanwhile, MobileNet obtains the low-
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est AUC (0.932), reflecting its reduced effeefiveness in
imbalanced conditions.

These results highlight the clinical“potential, of
DenseNet201, as its exceptionally'high AUC provides
robust diagnostic confidence by« ensuridg consistent
detection of true positives while minimizing false posi-
tives. Such performance s particularly valuable in real-
world medical applications, where imbalanced datasets
are common and accurate differentiation between tu-
mor and non-tumeor caseshisyeritical. In general, ROC
analysis of the, imbalanced dataset confirms that all
evaluated CNN'models‘maintain strong discriminative
performance, as teflected by their high AUC val-
ues. Among them, DenseNet201 demonstrates the best
overall separation capability, underscoring its potential
for robust clinical application in scenarios where both
sensitivity and specificity are equally important. The
consistently high AUC scores across models further
validate the effectiveness of deep learning methods for
brain tumor classification using MRI images. Nonethe-
less, the final selection of a model should be guided by
specific clinical priorities and operational constraints to
ensure optimal implementation in real-world practice.

The comparative evaluation of deep learning mod-
els on balanced and imbalanced brain MRI datasets
provides important insights into robustness and clin-
ical applicability. VGG19 consistently achieves the

highest accuracy, recall, and Fl1-score, with recall re-
maining exceptionally high in both scenarios (0.991
on balanced data and 0.984 on imbalanced data). It
demonstrates strong sensitivity and resilience, making
VGG19 particularly suitable for early-stage screening,
where minimizing false negatives is critical. Although
its precision decreases under imbalanced conditions
(0.800), VGGI19 still maintains the highest F1-score
(0.929), reflecting an effective balance between sensi-
tivity and specificity.

Inception-v3 excels in specificity (0.991 on balanced
data and 0.969 on imbalanced data) and precision, sup-
porting its use in confirmatory diagnosis, where min-
imizing false positives is essential. DenseNet201 and
ResNet50 also deliver high precision but exhibit lower
recall under imbalanced conditions, raising concerns
about missed tumor cases. MobileNet, while optimized
for computational efficiency, shows the weakest recall
and Fl-scores, limiting its reliability for clinical use.
Overall, these findings underscore the importance of
evaluating models under both balanced and real-world
imbalanced conditions. VGG19’s consistent robustness
across both scenarios highlights its strong clinical po-
tential, particularly for sensitive diagnostic tasks such
as brain tumor detection.

In the imbalanced dataset, the ROC curves in Fig. 11
reveal how each model maintains sensitivity across
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Fig. 12. Visualization results of Grad-CAM obtained from the
dataset. Note: Ground Truth (GT).

varying thresholds despite class skew. The steep rise in
the initial portion of the curves for DenseNet201 and
VGG19 indicates strong detection of positive (tumor)
cases with minimal false negatives. DenseNet201’s
AUC of 0.996 demonstrates superior equilibrium be-
tween TPR and FPR, while MobileNet’s lower curVe
reflects its limited ability to separate classes wdnder
imbalance. This analysis confirms that DenseNet20178
robustness is less affected by uneven datadistribution
compared to other architectures.

C. Grad-CAM Visualization

To complement the gquantitative “@valuation, visu-
alization of the model’s\decisionsmaking process is
conducted using heatmap-based localization on MRI
scans. Figure 12 illustrates theyground truth tumor
region, the generated heatmap, “and the overlayed
heatmap on the original MRI» As shown, the high-
lighted regions produced by the model correspond
closely with the actual tumor location, suggesting that
the CNN is not only achieving high accuracy but also
attending to clinically meaningful features.

This interpretability aspect is crucial in medical
imaging. It enhances the trust of clinicians in auto-
mated systems by demonstrating alignment between
algorithmic predictions and radiological findings. Fur-
thermore, the visualization highlights the potential
of such models to support early detection, treatment
planning, and monitoring, thereby strengthening their
clinical applicability alongside traditional diagnostic
pathways.

IV. CONCLUSION

The research conducts a comparative evaluation
of five CNN architectures (VGG19, DenseNet201,
ResNet50, Inception-v3, and MobileNet) for brain
tumor classification using MRI images under both
balanced and imbalanced dataset conditions. The find-
ings reveal that each model exhibits distinct strengths
depending on the evaluation metrics and dataset dis-
tribution. VGG19 consistently achieves the highest ac-
curacy, recall, and F1-score, demonstrating strong sen-
sitivity and robust generalization across both balanced
and imbalanced datasets. This performance highlights
its suitability for early-stage tumor screening, where
minimizing false negatives is critiecal. DenseNet201
achieves the highest AUCyvalties (0.992 on balanced
and 0.996 on imbalaneced data) and strong specificity,
underscoring it§ potential forfleenfirmatory diagnos-
tic tasks that| prioritiZze” minimizing false positives.
Inceptions¥3 and“ResNet50/also demonstrate compet-
itive results, particularly 4ft precision and specificity,
making themdvaluable'in clinical scenarios that require
high“pesitive predictive value. MobileNet, while com-
putationally efficient, exhibits weaker recall and F1-
scores, suggesfing that its role may be better suited to
lew-tesource applications rather than primary diagnos-
tic use.

Overall, the results confirm the clinical potential of
CNN-based deep learning for brain tumor classifica-
tion. VGG19 emerges as the most reliable model for
sensitive diagnostic applications, while DenseNet201
provides the strongest overall discriminative power,
as indicated by its superior AUC. These findings un-
derscore the importance of aligning model selection
with specific clinical objectives, such as prioritizing
sensitivity for screening or specificity for confirmatory
diagnosis. Although the results are promising, several
avenues remain for future research. First, validation
on larger, multi-center, and more diverse datasets
is essential to ensure robustness and generalizability
across populations and imaging protocols. Second,
incorporating multi-class classification to distinguish
among tumor subtypes and grades will yield more
clinically meaningful insights beyond binary classifi-
cation. Third, integrating model interpretability mech-
anisms, such as Grad-CAM or SHAP, is recommended
to enhance transparency, facilitate clinical trust, and
support decision-making. Finally, future studies should
explore deployment strategies in real-world healthcare
environments, including low-resource settings, where
lightweight architectures or model compression tech-
niques may play a critical role.
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