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Abstract

Brain tumor detection is challenging due to complex tumor variations. While deep learning
models offer high accuracy, however their lack of interpretability limits clinical use. This study
integrates Grad-CAM into CNN to enhance visual explanation of predictions. Grad-CAM
generalizes Class Activation Mapping, making it suitable for various models. Using a brain
tumor MRI dataset, MobileNetV4 achieved 96% accuracy with the shortest training time
(1738.82 seconds), while MobileNetV3 reached 100% accuracy with a macro Fl-score of
1.00. Grad-CAM successfully highlighted tumor regions and showed uniform attention in
no-tumor cases, reducing false positives. Results demonstrate that lightweight models can
offer a strong balance of performance, speed, and interpretability. This framework supports
the development of explainable, efficient diagnostic tools.
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1 Introduction

A brain tumor refers to an abnormal proliferation of cells within the brain or the Central Nervous
System (CNS) [1]. Globally, the incidence of brain tumors is on the rise, with the highest rates
observed in high-income regions such as Europe and North America, while the lowest rates are
reported in Africa [2]. These tumors can be classified as malignant (cancerous) or non-malignant
(benign), and their clinical impact depends on multiple factors, including tumor type, size, and
anatomical location. Among all malignant tumors, glioblastoma becomes the most prevalent,
whereas benign tumors are reported more frequently in females [3]. In the United States, the
annual mortality rate for malignant brain and other CNS tumors stands at 4.43 per 100,000
population, translating to approximately 16,606 deaths annually between 2014 and 2018 [3].
Brain and central nervous system (CNS) tumors rank among the most aggressive and life-
threatening cancers. Malignant types have a five-year relative survival rate of only 35.7% [4], with
improvements from 23% in 1975-1977 to 36% in 2009-2015 largely limited to younger patients.
In children, brain tumors often result in early neuropsychological impairments [5]. The annual
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incidence in individuals aged 0-19 years is about 6.02 per 100,000, with a five-year survival rate
near 75%; however, up to 40% of survivors experience persistent cognitive deficits, particularly in
processing speed and working memory [5], [6]. Involvement of eloquent brain regions may further
impair language, motor, and visual functions [7]. Long-term survivors also face an elevated risk
of ischemic stroke, with an incidence of 267 per 100,000 person-years [8].

Early detection of brain tumors is critical to enhancing survival outcomes and improving the
efficacy of therapeutic interventions [9]. Nevertheless, several challenges hinder early diagnosis,
including insufficient understanding of disease onset, the lack of risk factors, and the need for
more sensitive and accurate detection technologies [10]. Therefore, prompt and accurate diagnosis
is essential to prevent irreversible neural damage and to preserve essential cognitive and motor
functions. Magnetic Resonance Imaging (MRI) remains the gold standard for visualizing brain
tumors due to its superior contrast resolution and non-invasive nature.

MRI employs strong magnetic fields and radiofrequency waves to generate detailed three-
dimensional images of internal anatomical structures, particularly soft tissues such as the brain,
muscles, and organs [11]. It plays an important role not only in tumor detection but also in therapy
planning and monitoring treatment response [12]. However, manual tumor segmentation on MRI
scans is widely recognized as a time-consuming and labor-intensive process for radiologists, often
requiring significant expertise and attention to detail [13]. The complexity of tumor morphology
and variability in imaging appearance further compound the challenges of manual delineation.

To address these limitations, Machine Learning (ML) models have increasingly been adopted
in medical image analysis to support disease detection and classification, showing considerable
promise in reducing mortality rates associated with cancer and tumors [14]. Previous studies
have successfully demonstrated the effectiveness of ML in critical healthcare applications, such
as heart attack diagnosis [15], diabetic retinopathy [16], and breast cancer classification [17].
Moreover, ML has been utilized beyond the medical domain, including in insurance analytics [18]
and optimization-related tasks [19], highlighting its broad applicability and versatility. Although
effective in certain contexts, the performance of traditional ML methods is often constrained by
their reliance on handcrafted features and their limited capacity to model the high-dimensional
and nonlinear characteristics inherent in complex medical imaging data.

To overcome these constraints, Deep Learning (DL) models, particularly Convolutional Neural
Networks (CNNs), have emerged as the most effective tools for brain tumor segmentation and
classification on digital MRI scans [20]. Unlike traditional DL models, CNNs offer a significant
advantage by automatically learning and extracting complex hierarchical features directly from
raw imaging data, thereby reducing the need for manual intervention [21], [22]. These networks
have demonstrated exceptional performance in detecting and delineating tumor boundaries,
significantly improving diagnostic precision [23]. Recent studies report that state-of-the-art
CNN architectures can achieve classification accuracies as high as 98.7%, underscoring their
robustness and reliability in neuro-oncological imaging tasks [24]. As a result, CNN-based models
are becoming increasingly integrated into clinical decision support systems, paving the way for
more efficient and accurate brain tumor diagnosis.

Lightweight CNN architectures such as MobileNet have gained attention in medical imaging
for offering high diagnostic accuracy with low computational complexity. Recent enhancements to
MobileNetV4 reduce model parameters by up to 64.8% without sacrificing performance [25]. While
its application in neuro-oncological imaging remains limited, related studies using MobileNetV3
report diagnostic accuracies up to 99.75%, rivaling more complex models [26]. However, most
existing work focuses on classification, with limited exploration of visual interpretability and
precise tumor segmentation, highlighting the need for interpretable models in MRI analysis.

To address this limitation, Gradient-weighted Class Activation Mapping (Grad-CAM) presents
a promising strategy. Grad-CAM is an adopted visualization technique that generates heatmaps
highlighting the most discriminative regions in an input image that influence a CNN model’s
decision [27]. By providing visual explanations for the model’s predictions, Grad-CAM enhances

Amalan Fadil Gaib 428



89

90

91

92

93

94

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

111

112

113

114

115

116

117

118

119

120

121

122

123

124

125

126

127

128

129

130

131

132

An Fxplainable Deep Learning Approach for Brain Tumor Detection Using MobileNet . ..

interpretability and facilitates clinical trust. While Grad-CAM has been extensively utilized in
classification contexts, its application within segmentation frameworks for brain tumor analysis
remains underexplored. Integrating Grad-CAM with lightweight CNN architectures such as
MobileNet has the potential to not only enable accurate tumor classification but also to provide
clinically meaningful visual explanations of tumor boundaries.

In response to these challenges, this study proposes a novel framework entitled “MobileNet
Assisted Brain Tumor Detection with Visual Interpretability Using Grad-CAM?”. The primary
contributions of this work are as follows.

e Proposing a novel integration of Grad-CAM with MobileNet to enable interpretable brain
tumor detection and localization from MRI images.

e Conducting a comparative performance between MobileNet with Grad-CAM and other
established CNN architectures (e.g., ResNet50 and VGG19) also enhanced with Grad-CAM,
to evaluate interpretability and segmentation performance.

The remainder sections of this article is organized as follows. Section 2 describes the research
methodology, including the dataset and research flow. Section 3 presents the experimental results,
highlighting the performance of the Grad-CNN approach and its comparative evaluation against
other models. Finally, Section 4 provides the conclusions and recommendations for future work.

2 Methods

This section outlines the methodological framework adopted in this study. Subsection 2.1 presents
a detailed description of the research dataset, including its sources and structure. Subsection 2.2
explains the overall research flow, encompassing the sequence of preprocessing, model development,
training configuration, and evaluation procedures.

2.1 Research MRI Dataset

This research utilizes the publicly available Brain Tumor MRI Dataset obtained on Kaggle
platform'. The dataset is a curated combination of three primary sources, including Figshare
dataset, SARTAJ dataset, and Br35H dataset. In total, it contains 7,023 brain MRI images,
categorized into four classes, including glioma, meningioma, pituitary tumor, and no tumor.

Specifically, no tumor category dataset are sourced from the Br35H dataset, while glioma,
meningioma, and pituitary tumor images are primarily derived from the Figshare and SARTAJ
datasets. All images are provided in JPEG format and exhibit variability in both resolution
and background margins, reflecting their origin from multiple clinical sources. This diversity
contributes to the dataset’s robustness and realism, making it a widely adopted benchmark for
brain tumor classification studies in medical imaging research.

2.2 Research Flow

This section presents and explains the research flow designed for this study. The process begins
with a literature review aimed at understanding recent developments in DL techniques for medical
image analysis. This review specifically focuses on the performance and architectural differences
of widely used CNNs. Additionally, the literature review covers the working principles of Grad-
CAM, which is crucial for model interpretability in medical diagnostics. Techniques for image
augmentation are also studied to understand their impact on improving model generalization and
robustness, particularly when dealing with limited and imbalanced medical imaging datasets.
Following the literature review, the dataset was obtained from Kaggle platform and uploaded
to the Google Colaboratory for further processing and CNN model development. To improve the
generalization capability of the CNN, image preprocessing and augmentation techniques were

"https://www.kaggle.com/datasets/masoudnickparvar/brain-tumor-mri-dataset
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applied. For the training dataset, each image was first resized to a fixed resolution of 224 x 224
pixels using bicubic interpolation to ensure compatibility with standard CNN input dimensions.
Data augmentation strategies were then employed, including random horizontal flipping and
random rotation within a +15 degree range. The augmented images were subsequently converted
into tensor format and normalized across all three RGB channels using a mean and standard
deviation of 0.5, resulting in a pixel value distribution scaled to the range [-1, 1].

In contrast, the testing MRI dataset underwent only deterministic preprocessing to ensure a
consistent and unbiased evaluation of model performance. This included resizing using bicubic
interpolation, tensor conversion, and the same normalization process as applied to the training
data. Following these preprocessing steps, the dataset was partitioned into training and testing
subsets, allowing for systematic model training and independent performance evaluation on
unseen data samples.

A CNN model, including MobileNetV3, MobileNetV4, VGG19, and ResNet50, is constructed
and iteratively trained on the training dataset. The training process is conducted for 50 epochs,
utilizing the Adam optimizer with a learning rate of (1r = 1e-4) and the cross-entropy loss
function as the objective criterion. In each epoch, the model’s weights and biases are updated
using the backpropagation algorithm, and performance is evaluated on the testing set. Key
metrics such as training and validation loss, classification accuracy, and computation time are
recorded and analyzed throughout the training process to monitor convergence and performance
trends. This iterative process continues until the maximum epochs is reached.

Upon completion of model training, Grad-CAM is applied to the trained CNN to produce
class-discriminative visual explanations, allowing for the interpretation of spatial attention and
feature localization during classification. If necessary, alternative CNN architectures can be
selected and re-evaluated under the same experimental protocol to ensure optimal performance
and explainability. Finally, the trained CNN models are compared based on their performance
and interpretability, and the best-performing Grad-CAM enhanced CNN model is selected for
classifying MRI-based brain tumor images. This CNN model is intended to support clinical
decision-making by providing accurate classifications along with visual explanations. The overall
process is illustrated in Figure 1, which outlines a comprehensive pipeline for the classification of
brain tumors from MRI images using a CNN architecture integrated with Grad-CAM to improve

the interpretability of the model.
CNN Model V.

— i

Constructing CNN Model Implementing GradCAM

Literature Review | A 5
(e.g. MobileNetV4) <—‘ on the Trained CNN Model

Q— - -{ Searching the Datasets |

Reaching Max. Loss, Acc., Time Comp. Comparing Performance
Brain Tumor | .- . Input the Dataset Iteration for each Iteration of the Trained CNN Models
Datasets into Google Colaboratory
N
! > '
Augmenting the MRI - — . . Visualizing Performance
Brain Tumor Dataset PR o Train the (M\ Model wa'"g LI L2y T'f"e of the Trained CNN Models
¢ ' on the Training Dataset Comp. for each Iteration Using GradCAM
- : A4 ¢
Splitting the MRI !
Brain Tumor Dataset : Update Weight and | | Evaluate the CNN Model Best Grad-CNN Model to
_______ .. : Bias of the CNN Model on the Testing Dataset Classify MRI Brain Tumor
: x
Testing Training |______. : E
Dataset Dataset :

Figure 1: Research flow
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3 Results and Discussion

This section presents the experimental results and analysis of CNN architectures applied to
brain tumor classification. The discussion is organized into four key subsections. Subsection 3.1
describes the integration of Grad-CAM into different CNN models to enhance explainability.
Subsection 3.2 provides a comparative evaluation of model performance based on quantitative
metrics such as accuracy, precision, and recall. Subsection 3.3 explores the visual interpretability
of model predictions through Grad-CAM heatmaps. Finally, Subsection 3.4 analyzes Grad-CAM
performance across all model architectures.

3.1 Integration of Grad-CAM into CNN Architectures

Gradient-weighted Class Activation Mapping (Grad-CAM) is a widely adopted post-hoc inter-
pretability technique designed to produce class-discriminative visual explanations from CNNs.
In this study, Grad-CAM was applied to four CNN architectures, including MobileNetV3, Mo-
bileNetV4, VGG19, and ResNet50 to enhance clinical interpretability in brain tumor classification.
For a given input image and a target class c, let y¢ denote the pre-softmax score for class c.
Let A¥ € R**? denote the k" feature map in the last convolutional layer of CNN, where u and
v represent spatial dimensions and k = 1,2, ..., K. The importance weight af, for each feature
map AF is computed as the global average of the gradient of y¢ with respect to AF as follows.

Ozi: ZZ aAk <1)

These weights reflect the contribution of each feature map to the target class prediction. The
Grad-CAM heatmap L, .can is then generated as a weighted linear combination of the feature
maps, followed by a ReLU activation to retain only the features with a positive influence:

K
Lg}rad-CAM = ReLU <Z O‘iAk> (2)
k=1

This heatmap localizes the relevant regions in the input image that contribute to the class score
y¢. By upsampling L¢, ., 4.can to the original input image size, clinicians can visually inspect
which areas of the brain MRI image influenced the CNN’s decision.

Lemma 1. Grad-CAM is a generalization of Class Activation Mapping (CAM). Specifically,
when the CNN model ends with a global average pooling (GAP) layer followed by a fully connected
(F'C) layer for classification, and the gradients GyC/GAfj are constant across spatial locations,
then Grad-CAM reduces to the original CAM formulation.

Proof. In the CAM, the class score y° is computed as a weighted sum of GAP features as follows.

K
y© = wi-GAP(AY), where GAP(A") = Z Z Ak (3)
k=1 i=1j=1
The weights wj are learned directly in the final FC layer. Hovewer, of, is computed dynamically
using the gradient of ¢ with respect to A in Grad-CAM. If the model ends with a GAP layer, the
gradient 0y°/ 8Afj is constant for all (7, j), and equal to wf. Thus the Equation (4) is obtained.

1
af = — ZZ@Ak:%-uww}i:w,‘; (4)

Zl]l

By substituting Equation (4) into the Equation (2), then the following expression is obtained.

K K
L&rad-cam = ReLU (Z oziAk> = ReLU (Z w;;Ak> (5)

k=1 k=1
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Equation (5) shows that Grad-CAM is equivalent to CAM up to the application of the ReLU
function. This confirms that Grad-CAM generalizes CAM when the underlying CNN architecture
satisfies the CAM-specific assumptions. The Grad-CAM method is architecture-agnostic and
does not require any modifications or retraining of the original CNN models. In this study,
feature maps were extracted from specific layers for each architecture: the final convolutional
block (block5_conv4) in VGG19, the last residual block in ResNet50, and the final convolutional
layers before classification in MobileNetV3 and MobileNetV4.

Input Image Convolution Layers Activation Maps FC Layer Label

— —
\ 4
c
c ak ay Calculating
akA 3k | Gradient «
Grad-CAM Heatmap d0A
- u v
ReLU c 1 ayc
A Activation Xy = E Z Z aAI( 9y
©
i=1j=1
! Gradient
Global Average Pool Maps

Gradient Maps

Figure 2: Schematic diagram of Grad-CAM integration into CNN models.

Figure 2 illustrates the overall Grad-CAM mechanism as applied in this work. The process
begins with a forward pass through the CNN to compute class scores, followed by gradient
computation with respect to the feature maps of a selected convolutional layer. These gradients
are globally averaged to obtain importance weights, which are then used to compute a weighted
sum of the feature maps. After applying the ReLU activation, the resulting Grad-CAM heatmap
highlights spatial regions in the input image that most strongly contribute to the model’s decision.

3.2 Comparative Performance of CNN Architectures

To comprehensively assess the effectiveness and generalization capability of the proposed models,
we performed a comparative evaluation across five widely adopted convolutional and transformer-
based neural network architectures: MobileNetV3-Large, MobileNetV4-Small, VGG19, ResNet50,
and Vision Transformer (ViT). The evaluation includes both qualitative and quantitative per-
spectives, integrating epoch-wise training loss and accuracy curves, as illustrated in Figure 3.

As shown in Figure 3a, MobileNetV3-Small demonstrated a consistently low training loss
throughout the learning process, converging below 1% after approximately 30 epochs. This trend
aligns with its near-perfect training accuracy (exceeding 99.5% after epoch 20), as depicted in
Figure 3b. Likewise, ResNet50 and ViT achieved competitive convergence with final training
losses below 2% and stable accuracy levels ranging from 99.4% to 99.7%.
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Figure 3: (a) Training loss and (b) training accuracy from epoch 5 to 50 across CNN architectures.

MobileNetV4-Small, while exhibiting a more fluctuating training pattern, showed an initially
sharp drop in loss and a steady increase in accuracy, ultimately reaching approximately 99.0%
accuracy. Notably, it converged faster than most other models and maintained a moderate final
loss range (3-5%), indicating adequate learning without signs of excessive overfitting. In contrast,
VGG19 presented relatively slower convergence and more oscillatory behavior, stabilizing at a
final accuracy of just above 99% with loss under 2.5%.

In addition to model accuracy and convergence trends, computational efficiency was also
evaluated to assess suitability for real-world deployment. The total training time for each model
was recorded as follows: ViT (7176.40 s), VGG19 (4037.52 s), MobileNetV3-Large (2419.43 s),
MobileNetV3-Small (2377.95 s), and ResNet50 (1984.62 s). Among these, MobileNetV4-Small
stood out with the shortest training time of just 1738.82 s, demonstrating its computational
efficiency while retaining competitive performance. Its faster convergence and lower complexity
make it especially advantageous for scenarios with limited hardware resources or real-time
constraints, despite being marginally outperformed in final accuracy by heavier models like
MobileNetV3-Large or ViT.

Furthermore, classification performance on the held-out test dataset was compared between
the best-performing MobileNetV3-Large and the efficient MobileNetV4-Small models, as presented
in Table 1. MobileNetV3-Large model achieved perfect accuracy across all tumor classes, with a
macro-average Fl-score of 1.00 and ROC-AUC score of 1.000, reflecting both convergence and
generalization. Meanwhile, MobileNetV4-Small achieved a respectable 96% accuracy, though it
displayed a lower recall of 0.89 for glioma cases, suggesting potential underdetection possibly due
to intra-class heterogeneity or feature overlap with other tumor types.

Table 1: MobileNetV4-Small and MobileNetV3-Large classification performance per tumor class.

MobileNetV4-Small MobileNetV3-Large
Class Support
Precision Recall Fl-score Precision Recall Fl-score
Glioma 1.00 0.89 0.94 1.00 0.99 0.99 300
Meningioma 0.91 0.95 0.93 0.99 1.00 0.99 306
No Tumor 1.00 0.98 0.99 1.00 1.00 1.00 405
Pituitary 0.91 1.00 0.95 1.00 1.00 1.00 300
Accuracy 0.96 1.00 1311
Macro Avg 0.96 0.95 0.95 1.00 1.00 1.00 —
Weighted Avg 0.96 0.96 0.96 1.00 1.00 1.00 —
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In addition to the learning curves, the classification performance on the test dataset across
two key models: MobileNetV4-Small and MobileNetV3-Large also been evaluated, as presented
in Table 1. MobileNetV3-Large achieved perfect accuracy (100%) across all tumor classes with
a macro-average Fl-score of 1.00, indicating not only strong training convergence but also
exceptional generalization. MobileNetV4-small, despite achieving a respectable accuracy of 96%,
revealed lower recall for glioma cases (89%), indicating potential underdetection of this class.

These results suggest a potential performance bias in MobileNetV4-Small model, especially
for glioma detection, likely due to overlapping radiological features with other tumor types or
limited representational capacity. On the other hand, MobileNetV3-Large demonstrated not only
superior test-time generalization but also stable learning dynamics, as evidenced by its smooth
convergence in both training loss and accuracy plots.

Despite its strong performance, the perfect scores achieved by MobileNetV3-Large raise
concerns about potential overfitting. Therefore, further validation using external or cross-domain
datasets is required to confirm its robustness and clinical applicability. These findings reinforce
the importance of examining both epoch-wise metrics and class-wise evaluation to ensure fair,
interpretable, and clinically trustworthy model behavior.

3.3 Visual Interpretability through Grad-CAM Integration

Figures 4 and 5 illustrate the interpretability of Grad-CAM for two tumor classes. In Figure 4,
the coronal MRI slice of a glioma case (left) is overlaid with a Grad-CAM heatmap (right),
which highlights strong activation in the upper central mass, consistent with the known tumor
location. The color intensities, predominantly in red and yellow, indicate that the CNN model
concentrated its attention on the actual lesion area during classification.

Similarly, in Figure 5, the transverse MRI of a meningioma case shows a prominent activation
in the lower right region where the tumor is present. The heatmap reveals a strong correlation
between the CNN’s focus and the tumor boundaries, suggesting that the model successfully
identifies class-discriminative anatomical structures. Notably, minor activations in peripheral
zones may reflect secondary spatial features learned during training. These results demonstrate
the model’s clinically relevant attention patterns, reinforcing Grad-CAM’s role in providing
transparent and trustworthy diagnostic support.

Figure 4: Grad-CAM for glioma tumor. Figure 5: Grad-CAM for meningioma tumor.

Figures 6 and 7 provide further insight into the model’s interpretability performance for
pituitary tumor and no-tumor cases. In Figure 6, the sagittal MRI image displays moderate
Grad-CAM activation near the sella turcica, which is anatomically appropriate for pituitary
tumors. Some activation also appears in the upper frontal lobe, potentially due to attention
spillover or artifacts, but the dominant focus remains consistent with clinical expectations.

In contrast, Figure 7 presents the Grad-CAM result for a no-tumor case, where the heatmap
displays uniformly distributed across the entire brain. This suggests that the model considers
all brain regions as relevant for verifying the absence of abnormalities. The model exhibits
appropriate sensitivity to normal anatomical structures. Such behavior indicates high specificity
and supports the model’s reliability in distinguishing healthy scans from pathological ones.
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Figure 6: Grad-CAM for pituitary tumor. Figure 7: Grad-CAM for no tumor.

3.4 Grad-CAM Performance on CNN Architectures

The Grad-CAM visualizations presented in Figure 8 offer a comparative insight into the inter-
pretability of various architectures when applied to glioma tumor localization. Among the six
models evaluated, MobileNetv3 and MobileNetv4 (Figures 8c and 8b) exhibit highly localized and
concentrated attention around the tumor region, aligning closely with the ground truth observed
in the original MRI (Figure 8a). In contrast, ResNet50 and VGG19 (Figures 8¢ and 8d) demon-
strate broader activation regions, potentially indicating a lower specificity in feature attribution.
Notably, the Vision Transformer (ViT) (Figure 8f) shows sparse and dispersed activations, which
may reflect challenges in spatial localization due to its patch-based tokenization.

(a) Original (b) MobileNetv4 (c) MobileNetv3 (d) VGG19 (e) ResNet50 (f) viT
Figure 8: Visualization of Grad-CAM heatmaps for a glioma tumor from different CNN architectures.

These findings indicate that lightweight CNNs like MobileNetv3 and MobileNetv4 not only
offer computational efficiency but also produce clinically interpretable heatmaps that sharply
highlight the tumor mass. Therefore, in the context of explainable Al for glioma diagnosis,
MobileNetv3 integrated with Grad-CAM offers a compelling balance between diagnostic accuracy
and interpretability, making it a promising candidate for deployment in real-world clinical
decision-support systems.

(a) Original (b) MobileNetv4 (c) MobileNetv3 (d) VGG19 (e) ResNet50 (f) ViT
Figure 9: Visualization of Grad-CAM heatmaps for a meningioma tumor from different CNN architectures.

The Grad-CAM visualizations in Figure 9 illustrate the attention maps of various CNN
architectures in detecting a meningioma tumor. All models show the capability to localize the
tumor region, albeit with varying degrees of precision and interpretability. Notably, MobileNetv4,
VGG19, and ViT (Figures 9b, 9d, and 9f) exhibit strong performance in highlighting the tumor
area with high specificity. Their attention maps are well-centered and focused, effectively aligning
with the tumor boundary observed in the original MRI (Figure 9a). In particular, ViT benefits
from its global self-attention mechanism, enabling compact and well-defined localization, while
VGG19 maintains consistent gradient transitions conducive to clinical interpretability.
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In contrast, MobileNetv3 and ResNet50 (Figures 9c¢ and 9e) also capture the tumor but with
comparatively broader and more diffused activation zones, which may reduce spatial specificity
despite adequate coverage. These findings suggest that architectures like MobileNetv4 and ViT
offer a favorable balance between diagnostic accuracy and explainability in meningioma cases,
particularly in scenarios that demand high precision for clinical decision-making. Consequently,
these models stand out as viable candidates for deployment in real-world diagnostic support
systems where both localization fidelity and interpretability are crucial.

(a) Original (b) MobileNetv4 (c) MobileNetv3 (d) VGG19 (e) ResNet50 (f) viT
Figure 10: Visualization of Grad-CAM heatmaps for a pituitary tumor from different CNN architectures.

The Grad-CAM visualizations in Figure 10 illustrate how different CNN architectures localize
pituitary tumors, which are typically small and centrally located. MobileNetv3d and VGG19
show the most focused and accurate attention around the tumor region, with clear and smooth
heatmaps. MobileNetv4 localizes near the target but with slightly shifted focus, while ResNet50
covers the region broadly, indicating less spatial precision. ViT produces dispersed activations,
suggesting difficulty in capturing small tumor structures. These results suggest that MobileNetv3
and VGG19 offer a good balance between localization accuracy and interpretability.

The Grad-CAM results in Figure 11 illustrate the response of different CNN architectures
without the presence of a tumor. In such cases, a desirable model behavior is to produce a
diffuse or uniformly distributed heatmap, indicating no specific focus due to the absence of
abnormalities. MobileNetv3, ResNet50, and ViT exhibit such characteristics, with broad and
even attention across the brain region. In contrast, MobileNetv4d and VGG19 display more
concentrated activations in localized areas, which may reflect false positive tendencies. These
findings underscore the importance of verifying model interpretability not only on tumor cases but
also on healthy controls to ensure robust and trustworthy deployment in clinical environments.

(a) Original (b) MobileNetv4 (c) MobileNetv3 (d) VGG19 (e) ResNet50 (f) viT
Figure 11: Visualization of Grad-CAM heatmaps for a no tumor from different CNN architectures.

4 Conclusion

Brain tumor detection remains one of the most challenging tasks in medical image analysis due
to the complex morphology and high variability of tumor appearance. Deep learning, particularly
CNNs, has shown great promise in automating this process. However, the lack of transparency
in decision-making hinders their clinical adoption. To address this, this research explored the
integration of Grad-CAM into CNN models to provide visual explanations for model predictions.
Grad-CAM enables spatial visualization of class-discriminative regions in brain MRI images,
offering interpretability to otherwise opaque deep learning models. Through Lemma 1, we have
shown that Grad-CAM is a generalization of the original CAM, making it applicable to a wider
range of CNN architectures regardless of their internal structure.
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Our comparative experiments highlight that MobileNetV3 and MobileNetV4 architectures,
when enhanced with Grad-CAM, demonstrate high training efficiency and strong visual in-
terpretability. Specifically, MobileNetV4-Small achieved the shortest training time of 1738.82
seconds while maintaining 96% test accuracy, and MobileNetV3-Large reached 100% accuracy
across all classes with a macro-average F1l-score of 1.00. Importantly, MobileNetV4 showed
minimal signs of overfitting, unlike deeper models such as ViT or VGG19.

From an interpretability perspective, Grad-CAM visualizations for brain tumor cases (glioma,
meningioma, pituitary) showed model-specific focus on clinically relevant regions. In no-tumor
cases, the ideal behavior is for the model to exhibit diffuse attention across the entire brain,
reflecting that all regions are equally important in confirming the absence of pathology. Mo-
bileNetV3 and ResNet50 best reflected this behavior by generating broad and evenly distributed
heatmaps, demonstrating their ability to avoid false positives.

Future work may focus on combining Grad-CAM with attention-guided learning or domain
adaptation to enhance generalizability across diverse MRI datasets and patient populations.
Additionally, integrating Grad-CAM with multi-modal imaging data, such as combining T1-
weighted, T2-weighted, and FLAIR sequences, could improve lesion localization and robustness.
Exploring hybrid interpretability methods such as SHAP, LIME, or attention rollout—alongside
Grad-CAM may offer deeper insights into feature attribution and model decision pathways.
Another promising direction is the application of Grad-CAM in 3D CNN architectures or
volumetric MRI analysis to capture spatial continuity and improve interpretability across slices.
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