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Abstract Brain tumor detection using Magnetic Resonance Imaging (MRI) is a critical diagnostic
procedure that demands high interpretability, accuracy, and efficiency. This paper presents a system
of brain tumor classification that is based on interpretable deep learning model. The Convolutional
Neural Network (CNN) used is a customized one trained on two publicly obtained Br35H dataset along
with a four-class brain tumor MRI dataset. There are four-class brain tumor, glioma, meningioma, pi-
tuitary and no tumor. Image denoising, data augmentation, and normalization are applied using the
methodology to enhance robustness and generalizability in models. Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) and Local Interpretable Model-agnostic Explanations (LIME) are combined to
help tackle the problem of deep learning model opacities. These devices visualise class-discriminating
areas and important local superpixels enhancing clinical transparency. The proposed CNN has been
experimentally demonstrated to achieve about 94% and 98% accuracy on the Br35H dataset and the
multiclass brain tumor MRI dataset respectively. The accuracy, recognition, and the F1-scores are com-
parable across classes. The results indicate that the framework is capable of capturing the features,
type of tumor, and generates interpretable visual data to be relevant to the clinical world. The paper
presents a full and interpretable deep learningmodel in the diagnosis of brain tumors acquired through
MRI. It helps close the high diagnostic accuracy/reliable model explainability gap.
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1 Introduction
Brain tumors are highly complex, polymorphic, and
lethal diseases that pose a significant challenge in
neurology and oncology. Early and accurate imaging
diagnosis is critical to improve patient prognosis. Nev-
ertheless, translating these acquisitions into clinical
settings involves time-consuming manual interpretation
of MRI scans, which suffers from interobserver variabil-
ity. Recent data demonstrate that primary brain and

other central nervous system (CNS) tumors make up
one of the leading global causes of disability-adjusted
life years, with survival rates differing significantly based
on tumor type and grade [1, 2, 4, 5]. Therefore, the de-
velopment of automatic and reliable diagnostic systems
is a promising approach to improving clinical efficiency
and diagnostic accuracy.

In recent years, deep learning (DL) techniques
such as Convolutional Neural Networks (CNNs), Resid-
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ual Networks (ResNets) [7], and Recurrent Neural
Networks(RNNs) have proven that they can lead to
high-performance results for image analysis with a lot
of success, including brain tumor classification and
segmentation. Deep learning on MRI images using
CNNs can achieve high classification accuracy with large
datasets and advanced architectures [8, 9]. Further,
explainable AI (XAI) techniques like Grad-CAM [88] have
also been increasingly utilized to visualize regions of
concentration in models, which leads to dealing with
the issue of black-box nature in deep learning systems
[10, 47, 47]. However, several limitations still exist,
preventing these advancements from being widely
integrated into medical practice, though they show
promise for supporting clinical decision-making in DL
frameworks.

However, there are areas within this domain that still
demand extensive research before effective brain tumor
detection systems can be fully implemented. The largest
obstacles are diverse datasets, cross-domain shifts be-
tween scanners and institutions, and class imbalance be-
tween tumor/non-tumor samples. There is no visual in-
spection of a model’s data generalization when it is ab-
sent, with only asymptotic procedures to achieve such
targeting, which don’t encompass formal methods [12–
14]. The basic building blocks of safety, transparency,
and consistency and the evidence supporting specialisa-
tion use would require such diagnostic AI tools to have
been derived mathematically or through formality verifi-
cation techniques. How can we achieve both high perfor-
mance and systematic verification of AI-based diagnos-
tic systems? One approach is combining deep learning
methods with formal verification tools (e.g., TLA+).

AI and DL have revolutionized the diagnostic and
prognostic pipelines in healthcare, especially on clinical
imaging. The concepts utilized alongside artificial intel-
ligence support radiologists in the identification and
segmentation of anatomical and pathological abnormal-
ities, alleviating diagnostic load and increasing global
accuracy while eliminating the case to case essence
of radiological examination & interpretation [15–18].
The task of neuro-oncology can enable such systems
to provide faster, more consistent interpretation of
MRI scans, which is essential for early treatment and
intervention planning. Past research established that

AI-assisted radiological processes can facilitate quicker
diagnosis, reduce human error, and improve clinical
outcomes, and are significantly more affordable for care
delivery services [19–21]. Individualized patient advice
can also be provided through the implementation of AI
in clinical decision-support systems, thereby effectively
linking radiologic evidence to individualized planning.

While significant progress has been made, inter-
pretability, fairness, and reliability pose important
barriers to the large-scale adoption of AI in healthcare.
Clinicians are skeptical they will trust black-box algo-
rithms that cannot give them explicit justifications and
attributions of cause [22, 24, 25, 49]. This represents one
of the largest constraints to clinical adoption, particularly
in high-stakes medical decision-making pathways for
which there are serious consequences of error, such
as brain tumor diagnosis. Translating clinical AI-based
diagnostics into practice presents ongoing hurdles such
as data privacy, generalizability across institutions and
regulatory oversight that renders the clinical pathway
less than simple. Thus, we have to focus not also on
data privacy alone but itself on XAI methods to achieving
interpretability, security and absolute validation of such
methodologies.

Not only do such approaches address barriers to
adoption, but they can also be especially valuable during
the diagnostic phase of patient care. For instance,
LIME-based classifiers have been successfully employed
to enhance the transparency of COVID-19 detection
from X-ray images [3], thereby supporting clinicians and
enabling better decision-making.

The accelerated development of medical imaging
technologies has led to a uniquely high data generation
rate, establishing brain MRI datasets as cornerstone
components in modern healthcare Big Data ecosys-
tems. For example, modern large hospital installations
generate petabytes of MRI scan data each year, strain-
ing storage, processing, and analytics infrastructure
[26, 28, 30]. Such large volumes of high-speed, diverse
big data (e.g., multidimensional MRI scans) require
the use of Big Data frameworks, including distributed
storage, parallel computing platforms, and scalable
analytics. Recent medical physics reviews have already
shown that the combination of enterprise imaging and
Big Data technologies can improve patient care, stream-
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line workflows, and support large-scale image analytics
powered by popular AI architectures [30–32]. As a great
example, Big Data capabilities enable processing of large
repositories of MRI scans, training deep neural network
algorithms with thousands of volumes, and providing
strong generalizable outputs.

The adoption of Big Data analytics especially in cloud
and edge computing models is reshaping the design
and deployment of MRI-based diagnostic frameworks,
among others. Research has shown that the integration
of cloud-based infrastructures along with deep learning
models highly enhances diagnostic accuracy (15–20%
more accurate) and processing time (as much as 60%
faster) [29, 33, 34]. These methods also facilitate fed-
erated and distributed learning across organizational
boundaries, allowing models to be trained together
without the need for centralized data aggregation
[27, 30, 35]. Nonetheless, these innovations bring
new complications around vendor and MRI protocol
diversity; governance and privacy for sensitive medical
images; and the scalability of analytics frameworks (e.g.,
HDFS, Spark, distributed deep learning frameworks)
[29, 31, 32]. It is important to address such issues to
develop a scalable, robust and reliable brain tumor
detection framework that would perform effectively in
varying imaging conditions.

As of late, the application of deep learning techniques
like Convolutional Neural Network (CNN), Residual net-
work (ResNet) and Inception-based architecture has
relegated the domain of analyzing medical images.
Numerous architectures might learn automatically
hierarchies of high-level features and abstractions over
images, without the manual engineering of features.
Similar experiments have demonstrated classification
rates of 99.88% with the use of magnetic resonance
imaging (MRI) to detect brain tumors, thereby validat-
ing the effectiveness of residual connections to solve
vanishing gradient problems, as well as enhance depth
performance at a network scale, through brain tumor
detection [64–66]. Moreover, CNN architectures that
combine both regional and residual style also have
shown improvements in performance due to the use
of boundary and texture information about the tumor
subtypes with over 98% accuracy reached by Res-BRNet
architecture of the hybrid from both domains have also

been demonstrated to achieve better results in this
domain as well as others [67, 68]. These findings demon-
strate the extent to which the deep neural networks
go or even beyond the capabilities of humans in case
they are properly data-pretreated and hyperparameters
configured with sufficient data.

Meanwhile, medical AI is being focused more on
explainability and interpretability, and the purely black-
box systems are no longer considered suitable to use in
high stakes clinical scenarios. Namely, visual feedback
systems are present in all their models predictions
indicating the areas that have contributed the most
to their predictions (e.g., Gradient weighted Class Ac-
tivation Mapping, 2025) to enhance transparency and
trust of clinicians in [69, 70]. Conducting explainable
AI (XAI) in medical imaging tasks, it has been observed
that although these models are excellent predictors
despite the model type being CNNs, RNNs or Vision
Transformers (ViTs) the eventual clinical implementation
of such systems has historically been hampered by
model interpretability tools that attempt to visualize
what part of the input contributed to determining the
criteria of decisionmaking by themodel using tools such
as Grad-CAM [71], Local Interpretable Model Agnostic Ex-
planations (LIME) [72], or Shapley Additive exPlanations
(SHAP) [73]. One such technique applies ResNet50 in
conjunction with Grad-CAM to localize affected regions
of a brain tumor, achieving up to 98.52% accuracy while
providing clinically useful localization of the affected
portion. This highlights the necessity of explainability
as a key requirement towards safe, medical-grade AI
system development [74, 75].

Although performance and interpretability have im-
proved significantly, implementing deep learning-based
diagnostic systems in the clinic is difficult. Important chal-
lenges include domain shifts across imaging centers, lim-
ited labeled training data, class imbalance, and the need
for continuous model validation and monitoring. It is
well known that models that achieve high performance
on carefully selected benchmark datasets often do not
generalize well when they encounter clinical data, and in-
terpretability tools like Grad-CAM can obfuscate the be-
havioral understanding of table anatomy/visual context
even more by inaccurately attributing their relevance to
visual artifacts or other non clinically relevant areas [76–
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78].
Several recent architectures, including Inception-v4,

DenseNet and self-supervised Vision Transformers, have
been utilized for the task of brain tumor classification as
well [79]; however, moving towards these types of mod-
els adds unnecessary complexity along with data and
processing overhead [80]. Thus, a clinically actionable
brain tumor detection system should focus on robust
modeling (CNNs, ResNet, Inception), feasible data man-
agement techniques, utility-oriented explainability tools
(Grad-CAM), and, if required, formal validation to ensure
trustworthy and interpretable diagnostics.

The objective of this research is not only to propose
a deep learning framework with explanation ability in ac-
curate brain tumor detection using MRI images, but also
to develop the same. State-of-the-art solutions to clinical
artificial intelligence are often specialized otologies of ex-
cellent models for specific problems, albeit a dedicated
pipeline providing accuracy specifications which incorpo-
rates extensive preprocessing and cross-cutting diverse
deep learning architectures with explainable AI compo-
nents to ensure sufficient assurance and interpretability.
The key contributions of the paper are as follows:

• An explainable deep learning framework based on
a custom convolutional neural network (CNN) is
presented for automated brain tumor classification
from MRI images, balancing diagnostic accuracy,
efficiency, and clinical interpretability.

• Two publicly available datasets from Kaggle, the
Br35H brain tumor MRI dataset and a four-class
Brain Tumor MRI dataset (glioma, meningioma,
pituitary, and no tumor), were utilized. Extensive
preprocessing steps, including image cleaning,
intensity normalization, data augmentation, and
stratified splitting, were implemented to ensure
high-quality inputs, mitigate class imbalance, and
enhance model robustness.

• A custom CNN architecture was developed to
capture local spatial and texture-level patterns
characteristic of tumor and non-tumor regions
in MRI scans. This architecture was adapted and
trained on both binary (tumor vs. non-tumor) and
multi-class tumor classification tasks to assess its
generalizability.

• To address the black-box limitation of deep neural

networks, Gradient-weighted Class Activation
Mapping (Grad-CAM) and the Local Interpretable
Model-agnostic Explanations (LIME) method were
integrated to visualize salient image regions and
superpixels that influence model predictions. This
dual XAI strategy promotes transparency and sup-
ports human-in-the-loop validation of AI-assisted
diagnoses.

• The proposed framework was rigorously evalu-
ated using standard metrics (accuracy, precision,
recall, and F1-score) on both datasets. The CNN
achieved approximately 94% accuracy on Br35H
and 98% accuracy on the multi-class Brain Tumor
MRI dataset, demonstrating effectiveness for
MRI-based brain tumor detection while providing
clinically meaningful, interpretable explanations.

This research contributes an end-to-end, explainable,
and reproducible framework for MRI-based brain tumor
classification. By combining a custom CNN architecture
with dual visual interpretability mechanisms based
on Grad-CAM and LIME, the study advances the field
toward more transparent, accountable, and trustworthy
AI-assisted medical diagnostics.
2 Background
2.1 Brain Tumor Detection and MRI

Imaging
Brain tumors originate when cells within the brain
tissue begin to proliferate in an abnormal way. This
proliferation can interfere with normal functioning of
the brain, which may result in significant disability or
death [2, 4]. Magnetic Resonance Imaging (MRI) is the
gold standard noninvasive imaging modality for brain
tumor diagnosis. Compared to Computed Tomography
(CT) or Positron Emission Tomography (PET), it provides
excellent soft tissue contrast, multi-planar imaging
without ionizing radiation [5, 6]. MRT is crucial to detect
and characterize the mass morphology, tumor edema,
and infiltration margins. These characteristics are
important for clinical diagnosis, therapy planning, and
surgical intervention. In contrast, manual reading of MRI
images is time-consuming, operator-dependent and
subject to inter-observer variability that can jeopardize
diagnostic accuracy. That is why there is a high demand
for computer-aided diagnosis (CAD) and classification
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systems based on Machine Learning (ML) and Deep
Learning (DL). These systems play a vital role in in-
creasing the accuracy, effectiveness, and reliability of
neuroimaging procedures pertaining to the brain and
other organs [39, 67].

AlthoughMRI iswidely used to diagnose brain tumors,
accurate detection can still be problematic, as the human
brain is a complex organ, and there may be variability in
disease characteristics across different patients. Tumors
tend to show considerable heterogeneity in shape, size,
texture, and anatomical location, which, together with
varying MRI acquisition protocols, complicate model per-
formance and interpretations [40, 41]. In addition, the
distributions of healthy and pathological tissues overlap,
making feature extraction and segmentation challenging
and often leading to misclassification [42, 43]. To miti-
gate these issues, they suggest that complex preprocess-
ing pipelines are needed, with improved intensity nor-
malization and skull stripping, followed by bias field cor-
rection to reduce image variability as input to DL algo-
rithms used for classification/segmentation.

Deep learning has made remarkable progress in
recent years, and for brain tumor detection, deep-
learning-based methods have exhibited much higher
accuracy and generalization capacity. The Br35H Brain
Tumor MRI Dataset is publicly available and provides
high-quality T1-weighted magnetic resonance imaging
(MRI) scans with a balanced class distribution, making
it ideal for improving deep learning architectures [12].
Convolutional Neural Network (CNN) models have out-
performed classical machine learning classifiers such as
Support Vector Machines (SVM) or Random Forests (RF),
mainly through their ability to learn spatial and texture
features of tumor morphology [36, 39]. Cross-validation,
data augmentation, and other techniques help prevent
overfitting and improve model generalization to unseen
examples. Collectively, these advancements have estab-
lished deep learning frameworks as an indispensable
component of contemporary techniques for MRI-based
brain tumor classification schemes, achieving superior
diagnostic precision, computational efficiency, and
robustness compared to traditional clinical assessment.
2.2 ML and DL in Medical Imaging
ML and DL algorithms have reached impressive perfor-
mance in numerous facets of medical image analysis

for pattern recognition and classification. Convolutional
Neural Networks (CNNs) are being adopted to extract
the multiscale spatial features from medical images and
have demonstrated remarkable performance, especially
in tumor classification of MRI [36, 56]. Architectures
based on transfer learning, like ResNet50 and Inception
V3, have subsequently been utilized to achieve improved
diagnostic accuracy by using weights trained on large
datasets outside the domain of breast histopathology
(e.g. ImageNet). This is how models learn general visual
characteristics that are then fine-tuned for specific
medical fields [55, 63]. While the residual connections
used in ResNet50 can contribute to preventing vanishing
gradients when training deeper networks, InceptionV3
uses intensity-concise parallel convolutional modules
for better multi-scale feature extraction. These meta-
models have achieved state-of-the-art results in various
medical imaging applications, including the classification
of brain [10], breast and lung cancers [53].

Although this development, traditional DL models
are still criticized for their interpretability issues, which
limit their clinical applications. With advances in deep
learning, computer-aided diagnostic systems are becom-
ing the norm across many medical imaging modalities.
Although CNNs are currently the dominant models
for image-based classification, hybrid architectures
combining CNNs with recurrent neural networks (RNNs),
long short-term memory (LSTM) units, or transformers
provide greater capacity to model the spatial and tempo-
ral dependencies present in medical data [2, 4]. These
hybrid structures can also handle sequential MRI slices,
track tumor progression, and temporally summarize
multi-view image representations. For instance, Sagan-
istyle networks introduce a mixture of residual-based
and dense connectivity [56, 67], which prevents vanish-
ing gradients and enables efficient feature propagation.
The performance of hybrid and transfer learning-based
networks for brain tumor segmentation is high enough,
even though such models have been trained on a
significantly smaller number of annotated datasets. l
annotated datasets

There is increasing interest in leveraging multimodal
modeling and privacy-preserving techniques to improve
the clinical relevance of deep learning methods. Multi-
modal learning facilitates the integration of various data
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sources, including MRI, CT, PET, and patient metadata,
as input modalities for multivariate models that can
learn complementary representations, thereby enhanc-
ing diagnostic accuracy [33, 35]. Federated learning
frameworks enable model training across multiple col-
laborating institutions while keeping patient-level data
within the respective institutions, preserving patients’
privacy while enabling the development of larger-scale
datasets [94, 95]. In the contexts above, transfer learn-
ing remains a key resource because of the limited data
available in medical domains; pre-trained models on
natural image datasets can be adapted to solve target
tasks. Sandwiching these results, they all illustrate the
rise of ML and DL as foundational technologies for pre-
cision medicine, intelligent diagnostics, and explainable
healthcare systems.
2.3 Explainable Artificial Intelligence (XAI)

in Medical Diagnosis
Explainable Artificial Intelligence (XAI) is currently rec-
ognized as a key factor in building trust in AI-based
healthcare systems. Explainable Artificial Intelligence
(XAI) techniques aim to help clinicians understand and
trust the outcomes of deep learning-based decisions
by providing insight into the reasoning process that
led to the conclusion. Out of the various methods pro-
posed for XAI, Gradient-weighted Class Activation Graph
Mapping (Grad-CAM) has gained particular attention
because it can produce saliency heatmaps that depict
important locations within an image associated with
model-specific predictions [52, 54]. Grad-CAM has im-
proved the interpretability of CNNs such as InceptionV3
and ResNet50 in terms of being able to demonstrate
which regions are most affected by the tumor, as found
on MRIs, indicating that the model focuses closely on
what is clinically understood in brain tumor diagnosis
[10, 85]. Grad-CAM can not only build confidence when
integrated into diagnostic pipelines, but also allow for
clinical validation as radiologists can visually assess
whether the attention given by models is focused on
regions of interest overlaid with abnormalities. This
trade-off between deep learning capability compared
to interpretability is one of the foundation elements of
contemporary AI-assisted diagnostic platforms.

Recent XAI cracks in the healthcare sphere are differ-
ent approaches to visualization, interpretability metrics

[60], bias measurement [61], and human in the loop ver-
ification. These improvements can help close the “trust
gap” between clinicians and AI-powered diagnostic tools.
This practice might not be trusted by human experts in
cases such as brain tumor grading, lesion segmentation
and cancer prognosis [53, 54], where blackbox machine
learning algorithms do not produce interpretable expla-
nations. For example, by making both the visual and
analytical comprehension of AI Systems’ findings possi-
ble through XAI, it paves inter-conditions for explainable
decisions with an audit trail capable of being audited in
compliance with regulatory needs as the EU’s AI Act and
FDA guidance for Software as a Medical Device (SaMD)
[30, 62]. This approach is particularly relevant when it
comes to model evaluation with scalpel drops, and also
when incorporating methods such as Grad-CAM and
LIME into the mix makes a lot more sense: since not only
does this allow for collaboration between clinician and
model, but it can really help augment SOTA performance
evaluations. Model focal points can be evaluated with
the knowledge of clinicians, thus facilitating trustworthi-
ness, accountability and reproducibility in AI-supported
medical imaging processes.
2.4 Grad-CAM in Medical Imaging
Interpretable or Explainable Artificial Intelligence (XAI) is
one of the major research fields focused on improving
transparency in deep learning-based healthcare models
(e.g., [54]). - Grad-CAM has been used as the main visu-
alization tool among XAI methods for generating inter-
pretable regions formodel decision-making (e.g., [83, 88].
Grad-CAMcalculates the gradient of the target scorewith
respect to the convolutional feature maps. This gener-
ates an activation map that indicates which parts of the
image drive the model’s prediction. [52, 53]. As a result,
researchers and clinicians can confirm that the model at-
tends to the correct anatomical regions during inference.
Since then, Grad-CAM has been applied in various con-
volutional architectures: VGG, ResNet, and Inception to
visualize results for classification, object detection, and
semantic segmentation tasks in medical imaging.

Grad-CAM is widely used to interpret deep learning
models for diagnosing conditions such as brain tumours,
Alzheimer’s disease, and other neurological diseases [10,
57, 85]. Grad-CAM visualizations, for example, delineate
tumor boundaries or regions of interest in an MRI scan,
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providing radiologists with tangible evidence that corre-
sponds to machine learning predictions. InceptionV3 ap-
proach & InceptionResNetV2 manufactured clinical trust
through feature activation: tumor link verified by the re-
cent studies [52, 67]. In addition, CNN-transformer archi-
tectures and ViTs can benefit fromGrad-CAM techniques
to visualize the hierarchical attention to provide better in-
terpretation of space-level features learned [57, 63].

While Grad-CAM has its benefits, it certainly has
important disadvantages. It can sometimes emphasize
irrelevant areas or noise, particularly in radiographs with
overlapping textures or low tumor contrast (as several
studies have shown). Standard Grad-CAM explanations
are also model-specific and likely do not generalize to
other datasets [53, 54]. In response to these challenges,
some researchers have proposed enhancements over
Grad-CAM that provide a more robust gradient com-
putation [84, 86]. Still, Grad-CAM is one of the most
valuable feature techniques, and using it in this model
confirms the accuracy of deep learning predictions.
2.5 Local Interpretable Model-agnostic

Explanations (LIME) in Medical
Imaging

Local Interpretable Model-agnostic Explanations (LIME)
is a highly used method for explaining the predictions
of any complex classifier by locally approximating the
target with an interpretable model [87]. For example,
in the case of image data, LIME breaks the image into
superpixels, creates perturbations by turning on or off
these superpixels across different combinations, and
records changes in performance. Then, a sparse linear
model is fit in that local neighborhood, assigning impor-
tance weights to each superpixel based on how much it
contributed to predicting the class. This sample-specific
novel explanation paradigm is very useful in medical
imaging, where each patientmust be justified to a doctor
for an automated diagnosis. Going forward, LIME has
been applied further to brain tumor MRI classification to
enhance transparency and trust for clinicians [88].

Abraham et al. complemented a DenseNet169
backbone with LIME (DenseNet169-LIME-TumorNet),
showing that, for glioma, meningioma, and pituitary
tumors, LIME heat maps were always detectable on MRI
and could classify a public brain tumor dataset with

nearly 99% accuracy. [89]. According to Chel et al. [47],
the superpixel explanations of CNNs trained to classify
(as healthy, low-grade tumor, and high-grade tumor)
brainMRI occasionally revealed that themodel had been
trained on non-tumor structures, which represented
potential failure modes and dataset biases that would
not be apparent purely from classifications/accuracy.
Local explanations of brain tumor detection in simi-
larity models enabled by deformable local explainers,
i.e., DeepEBTDNet, indicate capable assistance to ra-
diologists, confirming that predicted tumors are at
anatomical locations where known abnormalities are
expected for the engine modeling attempts to detect
abnormality-related tumors and at their areas of origin
and spread [90].

LIME and explainable neural networks are used on
many medical imaging tasks, beyond neuro-oncology.
Examples are retina fundus analysis helping retinoblas-
toma assessment and lung disease identification on
chest images, where unambiguous interpretations
help support diagnosis [91, 92]. The LIME studies
demonstrate that the approach can consistently localize
important clinical regions within images and provide
a better understanding of CNN decision-making, even
with complex models. Using these observations, this
work applies both LIME and Grad-CAM for the first time
to derive complementary perturbation-based explana-
tions of brain tumor MRI classification. These modules
enable a more comprehensive qualitative analysis of
the CNN model’s decision-making process across binary
and multiclass challenges.
3 Related Work
Guluwadi et al. [10] developed an explainable deep
learning framework based on Gradient- weighted Class
Activation Mapping (Grad-CAM) to interpret how the
model is making decisions for brain tumor detection
in Magnetic Resonance Imaging (MRI). The method
used a public multimodal MRI dataset and a fine-tuned
ResNet50 with ImageNet pretraining for tumor identifi-
cation. To improve data quality and minimize the risk
of overfitting, standard preprocessing methods (nor-
malization, resizing, and augmentation) were applied.
Visualizing areas of importance using the Grad-CAM
methodology provided an informal way to examine
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which regions were influencing a model’s predictions,
thereby increasing interpretability and confidence in a
clinical setting. The proposed explainable AI model out-
performed CNN and VGG16 baselines, achieving 97.6%
accuracy, suggesting that a combination of explainable
AI techniques can boost performance while providing a
transparent solution for neuroimaging applications.

Iftikhar et al. [44] proposed an explainable convolu-
tional neural network (CNN) framework for MRI-based
classification of glioma and meningioma cases. Image
preprocessing involved skull stripping, data normal-
ization, and augmentation. The optimized CNN used
depth-wise separable convolutions to quickly learn
spatial and context features. We applied Gradient-
weighted Class Activation Mapping (Grad-CAM) and
Local Interpretable Model-Agnostic Explanations (LIME)
to help clarify the image features that contributed to
model predictions. The framework achieved 98.2%
performance on conventional CNN-based benchmarks,
suggesting the profound role of interpretation in clinical
neuro-oncology.

Asmita et al. [45] offered a detailed overview of the
history of AI in neuro oncology, framing its narrative with
comparisons to both traditional black-box models and
explainable AI (XAI) paradigms. The authors of the re-
view covering more than one hundred MRI based brain
tumor detection, segmentation, and classification stud-
ies concluded that although deep learning architectures
such as ResNet, DenseNet, or Inception achieve excel-
lent diagnostic accuracies, they still suffer from low inter-
pretability which limits their application in clinical prac-
tice. We classified the existing top XAI techniques includ-
ing Grad-CAM; Grad-CAM++; SHAP and LIME based on
their degree of visualisation power, as well as their posi-
tion in the current Medical Image Analysis pipeline. The
article highlighted the importance of human-centricity,
transparency and guidelines compliance for AI to be suc-
cessful, reporting improved trustworthiness and repro-
ducibility of explainable predictions and thus enhanced
clinician accountability in AI-driven brain tumor diagnos-
tics.

Sarker et al. [46] propose explainable methods for
MRI brain tumor classification using transfer learning.
Nevertheless, the methods should perform region-wise
preprocessing steps like denoising, resizing or histogram

equalization to normalize intensities and close spectra.
Three deep learning models were analysed (InceptionV3,
VGG19 an ResNet50), and ResNet50 achieved the highest
accuracy at 97.8%. Grad-CAM visualizations effectively
indicated tumor-affected areas, thus confirming model
decisions and enhancing interpretability. Combining
transfer learning and XAI can increase the diagnostic
confidence of practitioners, even in data-poor clinical
conditions, as the results of our study show.

Chel et al. [47] proposed Res-BRNet, a deep residual
decision-based regional convolutional neural network
for brain tumor classification from MRI images. This
method combines residual learning and region-based
feature extraction to model both global and local en-
tity features. During pre-processing of MRI images,
the researchers used a combination of skull stripping,
normalization, and histogram equalisation to improve
image quality, along with a publicly available dataset
that includes glioma, meningioma, and pituitary tumor
images. The Res-BRNet architectural design effectively
integrates regional attention modules and residual
block modules to guarantee a detailed map structure
while providing efficient computation. The results of
the experiment show that Res-BRNet achieves 98.4%
accuracy, outperforming baseline models CNN (93.2%),
ResNet50 (96.5%), and InceptionV3 (97.1%). The out-
comes reveal that adding residual and regional learning
can mitigate limitations in boundary differentiation and
enhance robustness in clinical diagnostics, underscoring
the practical significance of the strategy.

Soewu et al. [48] proposed an explainable, multiclass
brain tumor detection model based on the Xcep-
tion convolutional neural network and implemented
Gradient-weighted Class Activation Mapping (Grad-CAM)
together with SHAP to derive class activation maps.
Specifically, the model training and validation was per-
formed over MRI data of glioma, meningioma, pituitary
and no-tumor classes with learnings possessing high
training (99.95%), validation (p) (99.08%) and test accu-
racies (98.78%). Additionally, Grad-CAM visualizations
accurately localized tumor-relevant regions of the image
to provide interpretability for the model predictions.
Significantly, the study also acknowledged the high
computational cost and lack of external validation as
important limitations, pointing toward opportunities in
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future research and improvement in this space.
Saw et al. In [49], a deep learning pipeline for tu-

mor detection and segmentation is proposed through
MRI and CT modalities. This framework integrates a
Harmony Search Optimization (HSO) algorithm with a
convolutional neural network ensemble and obtained
a classification accuracy of 99.13%, compared to single-
modality-based approaches that abstract multiple
modalities. Because MR and CT images share some
spatial and intensity properties, a hybrid combination
achieves better generalization across the imaging
modalities. Nonetheless, reliance on multimodal data
and limited access to high-quality CT datasets pose
limitations that can affect both the scalability and clinical
use of the proposed pipeline.

Dhana et al. [50] proposed an explanation-forward
saliency-based deep learning method for the classifica-
tion of brain tumor MRIs and used various visualization
techniques such as Grad-CAM, Grad-CAM++, Score-CAM
and XRAI. Quantitatively, AIC & SIC were used to assess
the interpretability of these saliency methods. These
results show that Score-CAM and XRAI produce stable
visual-attribution maps, whereas Grad-CAM shows
instability under background noise. The study con-
cluded that explainable AI is a significant step toward
transparency, but the authors identified robustness and
the replicability of explanations as major challenges to
clinical adoption, (see Table. 1).

Kumar et al. To streamline the second approach, [51]
proposed a hybrid deep learning framework for brain
tumor detection based on magnetic resonance imaging
(MRI) that combined a convolutional autoencoder with
traditional machine learning classifiers. This study used
the publicly available Figure share dataset, which con-
tains T1-weighted contrast-enhanced images of glioma,
meningioma, and pituitary tumors. As a key highlight,
the proposedmodel achieved a classification accuracy of
96.47%, outperforming individual CNN and SVM models.
The authors noted that these advancements have also
not beenwithout ongoing challenges, such as dataset im-
balance, overfitting, and feature redundancy, which they
suggest will require further research into the potential
of data augmentation and transfer learning to improve
real-world applicability and overcome the limitations of
current methods.

Seetha et al. [37] explored a convolutional neural net-
work (CNN)-based approach for binary brain tumor clas-
sification based on MRI data. The image dataset consists
of 2,065 MRI images, which were split into training, val-
idation, and test subsets. The model achieved 94.39%
test accuracy, reflecting the ability of convolutional lay-
ers to extract tumor-specific features. Yet, the authors
noted that binary classification limits its clinical use in
multi-class diagnosis, and scalability to larger datasets
with greater diversity remains an obstacle.

Overall, the existing MRI-based brain tumor analysis
literature reports promising classification performance,
but these studies rely on isolated datasets or overly
complex architectures and lack adequate explainability
mechanisms. There are several works that employ deep
CNNs or transfer-learning backbones on the Br35H
and related datasets; however, they focus either on
typical binary detection or on multi-class classification,
without systematically incorporating complementary XAI
techniques. Other methods achieve slightly higher accu-
racy with very deep models and ensemble approaches,
which increase computational cost/complexity and
decrease transparency, limiting their deployability in
resource-limited clinical settings. On the other hand,
the framework proposed in this study uses a compact
yet interpretable CNN architecture, trained on two
public datasets of MRI scans and enriched with dual
explainable AI methods, Grad-CAM and LIME, yielding
both competitive performance and clinically important
visual explanations of model decisions.
4 Materials and Methods
Figure 1 presents a more streamlined, automated ap-
proach to brain tumor detection using deep learning and
explainable AI. Our pipeline consists of Data Collection,
Preprocessing, Data Augmentation, and Design and
Interpretability Analysis of Classificative Models. We use
two public MRI datasets available on Kaggle: the Br35H
dataset for binary classification (tumor vs. non-tumor)
and the Brain Tumor MRI dataset for four-class classifi-
cation (glioma, meningioma, pituitary, no tumor). These
datasets include a variety of MRI scans to train and
test the model. And the framework has the potential
to support clinical decision-making and enable earlier
diagnosis and treatment planning by improving tumor
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Table 1. Comparison of Brain Tumor detection studies.
Study Year Data Source Methods Accuracy Limitation
[44] 2025 Custom MRI dataset (glioma, menin-

gioma)
CNN + Grad-CAM + LIME 98.2% Requires high computational re-

sources; limited to binary and
ternary classification tasks

[45] 2025 Survey of 100+ studies on MRI-based
detection

Grad-CAM, SHAP, LIME (re-
viewed)

95% Review study; lacks experimental vali-
dation; highlights interpretability gap
in clinical AI models.

[48] 2025 MRI dataset (mult-class) Xception + Grad-CAM + SHAP
(Explainable CNN)

98.78% High computational cost; lacks exter-
nal dataset validation.

[46] 2025 MRI dataset from hospitals in
Bangladesh

Transfer Learning (Incep-
tionV3, VGG19, ResNet50) +
Grad-CAM

97.8%, Regional dataset with limited diver-
sity; potential bias in demographic
representation.

[10] 2024 Public MRI dataset (BMC Medical
Imaging)

ResNet50 + Grad-CAM 97.6% Limited dataset size and potential
overfitting; interpretability depends
on Grad-CAM visualization quality.

[47] 2024 Public brain tumor MRI dataset
(Biomedicines)

Res-BRNet (Residual + Regional
CNN)

98.4% Requires fine-tuning on multi-modal
MRI sequences; limited real-time in-
ference evaluation.

[49] 2024 MRI + CT multimodal dataset CNN + Harmony Search Opti-
mization (HSO) ensemble

99.13% Computationally expensive; limited
multimodal dataset availability.

[50] 2024 MRI dataset (multi-class classifica-
tion)

Grad-CAM, Grad-CAM++,
Score-CAM, XRAI (saliency-
based XAI)

73% Visualization instability; explanations
sensitive to noise and model bias.

[51] 2023 Figshare MRI dataset (glioma, menin-
gioma, pituitary)

CNN + Autoencoder + ML clas-
sifiers

96.47% Dataset imbalance and overfitting is-
sues; limited clinical validation.

[37] 2023 2,065 MRI images (tumor vs non-
tumor)

CNN (custom architecture) 94.39% Restricted to binary classification;
small dataset limits generalization.

This Study 2026 Br35H (binary) and Brain Tumor MRI
(four class)

CNN, Grad-CAM 94% and 98% Performance may be dataset-
dependent; external validation on
diverse real-world clinical datasets is
required.

detection accuracy and interpretability in MRIs.
All MRI images are resized to a common spatial

resolution, converted to a common color format during
preprocessing, and denoised and intensity-normalized
to minimize scanner-dependent variability. The training
sets are augmented with controlled rotations, horizontal
flips, translations, and zooming to increase dataset diver-
sity and improve model generalization. In both binary
and multi-class scenarios, stratified train-validation-
test splits are used to maintain class balance while
minimizing image leakage across the three partitions.

A custom Convolutional Neural Network (CNN) is
developed as the primary classifier and trained from
scratch using the preprocessed images from both
datasets. The architecture consists of multiple con-
volutional and max-pooling layers, followed by fully
connected layers incorporating batch normalization
and dropout, which facilitate the extraction of discrim-
inative spatial and texture features from tumor and
non-tumor regions. Model parameters are optimized
with the Adam optimizer at an initial learning rate of

3 × 10−4. Training is regularized through early stopping
and adaptive learning rate reduction based on valida-
tion performance to mitigate overfitting. Additionally,
InceptionV3 and ResNet50 architectures are fine-tuned
via transfer learning and serve as baseline models for
comparison with the proposed CNN.

To address the inherent opacity of deep neural net-
works, explainable artificial intelligence (AI) techniques
are applied to the trained CNN. Gradient-weighted
Class Activation Mapping (Grad-CAM) is utilized to
produce class-discriminative heatmaps that identify
the most influential regions in the MRI scans for each
prediction, thereby providing coarse localization of
tumor structures. In addition, the Local Interpretable
Model-agnostic Explanations (LIME) method generates
perturbation-based, superpixel-level importance maps
for selected cases, offering local surrogate explana-
tions for individual predictions. The combined use of
Grad-CAM and LIME visualizations enables radiological
experts to qualitatively assess the CNN’s decisions and
enhances the clinical interpretability of the framework
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Figure 1. Brain Tumor Detection Framework.

for both binary andmulti-class brain tumor classification
tasks.
4.1 Dataset Description
This study utilized two publicly available brain tumor
MRI datasets from the Kaggle platform. The first dataset,
Br35H Brain Tumor Detection1, contains 3,000 T1-
weighted contrast-enhanced MRI images classified as
either tumor or non-tumor. Each image represents an
axial, coronal, or sagittal brain view, offering structural
diversity that supports the development of robust deep
learning models. All images are provided in standard
formats (PNG or JPEG). For this study, we organized
the images into training, validation, and testing subsets
using stratified sampling to maintain class balance.

The second dataset, Brain Tumor MRI Dataset2, con-
sists of 7,153 MRI images divided into four categories:
glioma, meningioma, pituitary, and no tumor. The im-
ages are stored in JPG format and are pre-partitioned

1https://www.kaggle.com/datasets/ahmedhamada0/
brain-tumor-detection2https://www.kaggle.com/datasets/deeppythonist/
brain-tumor-mri-dataset

into training (5,723 images, 80%) and testing (1,430 im-
ages, 20%) folders, with separate subdirectories for each
tumor type. This multi-class dataset allows for evalua-
tion of the proposed framework in a clinically relevant
context, where the objective is both tumor detection and
subtype classification.

For both datasets, we applied an identical prepro-
cessing pipeline that included resizing to a fixed spatial
resolution, denoising, and intensity normalization. Data
augmentation techniques such as rotations, flips, trans-
lations, and zooming were applied to the training sets to
enhance generalization. Figure 2 presents representa-
tive examples from both datasets, displaying non-tumor
and tumor images from Br35H and the four classes from
the Brain Tumor MRI dataset.
4.2 Data Preprocessing
A unified preprocessing pipeline was applied to both
datasets to enhance image quality and improve model
generalization, as illustrated in Figure 3. All MRI slices
were resized to 128 × 128 pixels and converted to a
consistent three-channel format suitable for convolu-
tional neural network (CNN) input, while maintaining
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Figure 2. Sample images from the Both datasets.

the original single-intensity characteristics of brain MRI.
Pixel intensities were normalized to the [0, 1] range to
reduce contrast variability across scans and to stabilize
gradient-based optimization during training.

Data augmentation was applied to the training
sets to increase the effective sample size and reduce
overfitting. Augmentation operations included small
rotations (up to 10◦), horizontal flips, width and height
shifts, shearing, and zooming. These transformations
were selected to simulate plausible variations in patient
positioning without altering tumor morphology. The
ImageDataGenerator utility from TensorFlow/Keras
was used to implement these transformations, per-
form on-the-fly rescaling, and maintain a consistent
train–validation split (80–20 for each dataset). The
preprocessed and augmented images were provided to
the deep learning models as NumPy tensors, supporting
efficient batch-wise training and reproducible exper-
iments for both binary and multi-class classification
tasks.
4.3 Model Architecture and Training
Three deep learning architectures were utilized to as-
sess brain tumor classification performance: a custom
Convolutional Neural Network (CNN) and two transfer-
learning baselines, InceptionV3 and ResNet50. For the
baseline models, convolutional backbones were initial-
ized with ImageNet pre-trained weights. The original
classification heads were replaced with fully connected
layers tailored to the binary (Br35H) and four-class

(Brain Tumor MRI) outputs. These models were then
fine-tuned on preprocessed MRI images. This process
established comparative benchmarks for the custom
CNN.

The custom CNN was constructed as a compact yet
expressive architecture. In our implementation, the CNN
comprises three convolutional blocks with 32, 64, and
128 filters, respectively, each using 3×3 kernels followed
by a dense layer with 256 units and a softmax output
layer. Training is performed with a mini-batch size of
32 for up to 50 epochs, with early stopping based on
validation accuracy and automatic learning-rate reduc-
tion when the validation metric plateaus. Each block is
followed by batch normalization, a Rectified Linear Unit
(ReLU) activation, and max pooling. This setup achieves
progressive spatial downsampling and hierarchical fea-
ture extraction. The convolutional backbone is followed
by fully connected layers, also with batch normalization
and dropout. The network ends with a softmax output
layer with either 2 or 4 neurons, depending on the task.
This setup enables the network to capture discriminative
local texture and structure for tumor and non-tumor re-
gions. At the same time, it maintains controlled model
complexity.

All models were trained using the Adam optimizer
with an initial learning rate of 3 × 10−4. Categorical
cross-entropy loss and ℓ2 weight regularization were
applied to the dense layers. This helped reduce overfit-
ting. Early stopping was based on validation accuracy.
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Figure 3. Data Preprocessing.

Adaptive learning rate reduction avoided unnecessary
training epochs and accelerated convergence. Training
used mini-batches generated by the data augmentation
pipeline described earlier. Final model parameters
were selected based on optimal validation performance.
These were then used for subsequent quantitative
evaluation and explainability analysis.
4.4 Evaluation Metrics
Model performance was assessed using four standard
evaluation metrics: Accuracy, Precision, Recall, and F1-
Score. These metrics are computed as follows:

Accuracy = TP + TN
TP + TN + FP + FN (1)

Precision = TP
TP + FP , Recall = TP

TP + FN (2)
F1-Score = 2× Precision× Recall

Precision + Recall (3)
where TP, TN, FP, and FN represent true positives, true
negatives, false positives, and false negatives, respec-
tively. These metrics provide a balanced evaluation of
classification accuracy and robustness, particularly for
imbalanced datasets.
4.5 Explainable AI Integration
To enhance interpretability and facilitate clinical adop-
tion of the proposed framework, two complementary
explainable AI techniques were integrated: Gradient
Weighted Class Activation Mapping (Grad-CAM) and
Local Interpretable Model-Agnostic Explanations (LIME).
Grad-CAM was applied to the final convolutional layer
of the trained convolutional neural network (CNN) to
generate class-discriminative heatmaps that highlight
image regions contributing most to each predicted class.
These activation maps provide coarse localization of
tumor-affected areas on MRI slices and enable clinicians
to visually assess whether the network focuses on
anatomically plausible regions.

Besides gradient-based explanations, LIME was used
as a perturbation-based, model-agnostic model to get lo-
cal surrogate explanations of a single prediction. On the
few MRI slices of both the Br35H (binary classification)
and Brain Tumor MRI (four-class classification) data sets,
LIME divides the image into superpixels and perturbs
them systematically to approximate their contribution
to the probability prediction, producing superpixel-level
importance masks. These masks determine areas that
are positively correlated with the predicted class and
offer a supplemental alternative view to Grad-CAM to
highlight structures of influence.

The combined study of Grad-CAM heatmaps and
LIME super pixel explanations can help radiologists to
confirm that the CNN relies on its decisions on clinically
significant tumor and non-tumor areas instead of focus-
ing on the irrelevant background patterns or artifacts.
The presented dual explainable AI approach increases
the transparency, promotes the human-in-the-loop
validation, and empowers the trust in the proposed
AI-assisted brain tumor diagnosis pipeline both in binary
and multi-class applications.
5 Results
In this study, we present an end-to-end approach to
building a full-fledged, explainable deep learning frame-
work for the classification of brain tumour from MRI
scans. The proposed methodology combines systematic
data preprocessing, a custom convolutional neural net-
work (CNN) architecture, transfer learning baselines, and
interpretable artificial intelligence (AI) methods to make
accurate, well-explainable predictions on two publicly
available datasets. We ran independent experiments on
Br35H binary data and four-class Brain Tumor MRI data
after preprocessing steps of resizing, normalization, and
augmentation to assess both detection and subtype
classification performance.

For each dataset, three deep learning models were
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Table 2. Performance of Deep Learning Models on Br35H Brain Tumor Dataset (Binary Classification)
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Proposed CNN 94.17 94.38 94.17 94.16
InceptionV3 77.20 73.05 77.20 69.13
ResNet50 70.51 64.37 70.51 60.69

Table 3. Performance of Deep Learning Models on Brain Tumor MRI Dataset (Four-Class Classification)
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Proposed CNN (4 classes) 98.32 98.33 98.32 98.32
InceptionV3 78.24 84.25 78.28 77.93
ResNet50 96.64 97.79 96.68 98.21

trained and tested: the proposed CNN, InceptionV3,
and ResNet50. For comparability, the models were
trained with an identical train-validation-test protocol
and optimized per layer using the Adam optimizer.
The transfer learning models served as baselines, and
the custom CNN was the focus due to its lightweight
architecture and better compatibility with Grad-CAM
and LIME interpretability techniques. To measure pre-
dictive performance and class-wise balance, accuracy,
precision, recall, and F1-score were used for quantitative
evaluation.

The performance of eachmodel on the Br35Hdataset
is summarized in Table 2. Compared to baseline archi-
tectures, the suggested CNN surpasses them by a signif-
icant margin, with accuracy (94.17%), precision (94.38%),
recall (94.17%), and F1-score (94.16%) all closelymatched.
For the four-class classification task on the Brain Tumor
MRI dataset, as shown in Table 3, we obtained an accu-
racy of 98.32% with similarly high precision, recall, and
F1-scores using our CNN. The results show that our pro-
posed CNN performs well in both binary and multi-class
settings while remaining computationally efficient. Be-
yond classification performance, Grad-CAM and LIME vi-
sualizations suggest that bothmethods qualitatively con-
firm that the driving features focus on clinically impor-
tant regions of the tumor, supporting the transparency
of our framework and its reliability in clinical application.
Table 4 shows that the proposed CNN reaches between
97% and 99% F1-scores for all classes, confirming that
high accuracy is always achieved regardless of whether
it is glioma, meningioma, pituitary, or no-tumor.

5.1 Proposed CNN Performance
The proposed Convolutional Neural Network (CNN)
yields strong, consistent results for both binary and
multi-class brain tumor MRI classification tasks. The
model obtains 94.17% accuracy on the Br35H dataset.
Precision, recall, and F1-score are all around 94%. These
findings demonstrate an even accuracy in discerning
tumor versus non-tumor instances. No bias in favor
of one class over the other. The performance demon-
strates that the CNN effectively captures discriminative
local texture and structural features. Its relatively small
architecture also prevents overfitting.

A similar CNN architecture is altered for a four-class
output layer on Brain Tumor MRI dataset. In addition,
it reaches 98.32% accuracy while maintaining high preci-
sion, recall, and f1-score per class (glioma, meningioma,
pituitary, and no-tumor). The classification report indi-
cates that each class achieves F1 scores of 98%, 99%. This
corroborates the network’s capability to accurately dif-
ferentiate between tumor subtypes and normal cases.
The proposed CNN performs comparably to or outper-
forms state-of-the-art models such as InceptionV3 and
ResNet50. It employs fewer parameters and produces
better Grad-CAM and LIME explanations. A few recent
state-of-the-art architectures achieve slightly better accu-
racies with more complex ensembles or multisource in-
puts. Nevertheless, the proposed CNN provides a practi-
cal trade-off between accuracy, interpretability, and com-
putational efficiency. This strengthens its potential for
embedding in clinically oriented, interpretable diagnos-
tic pipelines.
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Table 4. Class-wise performance of the proposed CNN on the Brain Tumor MRI dataset
Class Precision (%) Recall (%) F1-Score (%)
Glioma 99.0 98.0 98.0
Meningioma 97.0 98.0 97.0
No tumor 99.0 98.0 99.0
Pituitary 99.0 99.0 99.0

Figure 4. Grad-CAM visualizations of the proposed CNN on Br35H (binary) and Brain Tumor MRI (four-class) datasets

5.2 Grad-CAM and LIME Interpretations
Figure 4 presents Grad-CAM visualizations produced
by the proposed convolutional neural network (CNN)
for representative samples from both datasets. The
upper panel depicts Br35H, where non-tumor and
tumor cases demonstrate distinct activation patterns.
The lower panel displays class-specific heatmaps for
glioma, meningioma, no tumor, and pituitary cases
from the Brain Tumor MRI dataset. In all instances,
the Grad-CAM overlays highlight class-discriminative
regions that contribute most significantly to the model’s
predictions.

For tumor cases, Grad-CAM consistently focuses on
abnormal tissue, particularly at the lesion periphery,
where texture and intensity patterns differ from the
surrounding parenchyma. This local activation tends
to coincide with tumor margins important to radiology
implying that the CNN is based on clinically significant
structures to formulate the predictions and not noise.
Grad-CAM activation in non-tumor and no-tumor con-
ditions is diffuse and weak and responses are only to
normal anatomical landmarks, meaning that the model

does not falsely detect pathology in structurally normal
scans.

Figure 5 illustrate the LIME explanations of the same
datasets with superpixel perturbations to find out the
locally significant areas of the image. LIME (in Br35H)
shows the neighboring superpixels in positive and
negative cases around suspected tumors and on the
less pathological areas, respectively, as a complement to
coarser Grad-CAM heatmap. In the four-class Brain Tu-
mor MRI case, LIME prioritizes superpixel configurations,
which are based on the idea of cancer extent, shape and
location of the tumor depending on glioma,meningioma,
pituitary and no-tumors. Grad-CAM (gradient-based,
feature-level) and LIME (perturbation-based, instance-
level) can be used to gain complementary information
and prove the fact that the CNN focuses on radiolog-
ically plausible tumor areas and thus enhances the
interpretability and clinical plausibility of the framework.
5.3 Discussion
A comparison of InceptionV3, ResNet50, and the pro-
posed convolutional neural network (CNN) reveals
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Figure 5. LIME-based superpixel explanations of the proposed CNN on Br35H (binary) and Brain Tumor MRI (four-class) datasets

significant differences in their performance for MRI-
based brain tumor classification. The transfer learning
baselines derived from ImageNet provided limited value
on the Br35H dataset; while these models achieved
stable results, they did not effectively capture the
fine-grained intensity and image texture patterns char-
acteristic of brain MRI, and the small size of the Br35H
dataset further constrained their performance. In con-
trast, the custom-designed CNN, trained end-to-end on
preprocessed MRI slices, achieved superior results, with
an accuracy of 94.17% and closely aligned precision,
recall, and F1-score metrics. The minimal variation
among these metrics indicates that the CNN achieves
a balanced trade-off between false positives and false
negatives, demonstrating no substantial bias toward
either category.

With the same CNN architecture, but the last softmax
layer changed, the final result was a 98.32% accuracy on
the multi-class Brain Tumor MRI dataset, and per-class
F1-scores of 97 percent to 99% of glioma, meningioma,
pituitary, and no-tumor. Such findings show that the
model is very sensitive not only in the detection of
the existence of tumors, but also in the differentiation
between various types of tumours. The excellent per-
formance on the binary and the four-class classification
problems indicate that the CNN acquires generalizable
tumor morphology representations so that it can be
applied to the data sets that differ in terms of labeling
schemes and acquisition procedures Table 5).

The suggested convolutional neural network (CNN)
shows competitive performance, and increased usability
in a variety of evaluation measures against previous
research. As an example, Kumar et al. [51] obtained
96.47% accuracy using a hybrid CNN autoencoder on the
Figshare multi-class dataset, albeit with overfitting and
data asymmetry problems. The current CNN achieves
an accuracy of 98.32% on the multi-class Brain Tumor
MRI dataset and an accuracy of 94.17% on the binary
Br35H dataset with using a simpler architecture without
any hybrid block. On the same note, Seetha [37] trained
a binary CNN classifier that had 94.39% accuracy on
2,065 MRI images, which again was restricted to one
dataset. Compared to it, the proposed framework is
more general and can accommodate binary and four
class classification tasks and offers more interpretability
with the help of Grad-CAM and LIME visualizations.

A hybrid Harmony Search Optimization (HSO)-CNN
ensemble proposed by Saw et al. [49] achieved 99.13%
accuracy, but this result required multimodal MRI
and CT data as well as a more complex optimization
pipeline, which substantially increased computational
and implementation costs. The proposed CNN at-
tains high diagnostic accuracy using only MRI data
and a single, reusable architecture, thereby reducing
resource consumption while maintaining explainability.
Dhanalakshmi et al. [50] compared various saliency-
based explainable artificial intelligence (XAI) techniques
(Grad-CAM, Grad-CAM+, XraI) and concluded that expla-
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Table 5. Comparative analysis with recent MRI brain tumor studies
Study (Year) Dataset / Task Model / Approach Accuracy (%)
Iftikhar et al. [44] Custom MRI dataset

(glioma, menin-
gioma)

Explainable CNN + Grad-
CAM, LIME

98.2

Soewu et al.[48] Multi-class MRI
dataset (glioma,
meningioma, pitu-
itary)

Xception-based CNN +
Grad-CAM, SHAP

98.78

Kumar et al. [51] Figshare multi-class
MRI dataset

Hybrid CNN autoencoder
+ ML classifiers

96.47
Saw et al. [49] MRI + CT multimodal

dataset
CNN + Harmony Search
Optimization ensemble

99.13
Seetha [37] 2,065 MRI images (tu-

mor vs non-tumor)
Custom CNN (binary clas-
sification)

94.39
Gulwadi [10] Public MRI dataset

(multi-type tumors)
ResNet50 + Grad-CAM 97.6

This study (2026) Br35H (binary) and
Brain Tumor MRI
(four class)

Proposed CNN + Grad-
CAM + Lime

94% and 98%

nation stability may vary significantly depending on the
dataset. Building on this observation, the present study
demonstrates that Grad-CAM, in combination with LIME
strategies, generates clinically meaningful and repeat-
able attention maps for both binary and multi-class
brain tumor MRI classification tasks. Similarly, Soewu
et al. [48] achieved 98.78% accuracy with an Xception-
based model using Grad-CAM and SHAP; however, their
approach relies on a more computationally intensive
backbone and does not include explicit cross-dataset
evaluation as conducted in this study.

Overall, the results presented in Table 5 establish the
proposed CNN as a robust, interpretable, and relatively
low-cost model for MRI-based brain tumor localization
and subtype classification. The framework demon-
strates strong generalization across two heterogeneous
public datasets and approaches state-of-the-art per-
formance on the multi-class Brain Tumor MRI dataset.
Additionally, it offers complementary Grad-CAM and
LIME visualizations, although its numerical performance
on Br35H is marginally lower than that of some highly
optimized models. Such features make the framework a
credible instrument of AI-assisted diagnosis, and provide

a realistic compromise of functionality, transparency
and clinical practicality in the analysis of medical images.
6 Conclusion
In this work, an explainable deep learning framework
was introduced to detect and classify brain tumor types
using MRI images. It provides a state-space admission
control mixed-validation framework by integrating
feature extraction from a convolutional neural network
with an advanced data preprocessing pipeline and two
explainable AI techniques, thereby optimizing diagnostic
performance for both patients and treating departments
while considering computational affordability. Results
reported an overall accuracy of 94.17% on Br35H and
98.32% on the multi-class dataset with consistently high
precision, recall, and F1-scores for all classes using two
publicly available datasets to validate its method: Br35H
(binary detection of tumors) and a four-class Brain
Tumor MRI dataset comprising glioma, meningioma,
pituitary, and no-tumor classes. Such quantitative
performance, with very good generalization across
both binary and multi-class scenarios, is supported
by Grad-CAM and LIME visualizations, which further

294



VFAST Transactions on Software Engineering Volume 14, Issue 1, 2026 (January-March)

confirm that the model focuses only on clinically infor-
mative regions, aiding human-in-the-loop validation of
an automated prediction system and increasing clinician
trust in predictions.
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