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Abstract. Classification of brain tumor from MRI is among the foremost
important processes within the healthcare industry because it facilitates early
diagnosis of the patients, which further improves their quality of life. The
objective is to investigate the application of deep learning methods using the
CNN architecture along with the XAl for brain tumors classification in multi-
class. In this regard, transfer learning technique has been adopted in this research
work in order to employ four pre-trained deep learning models known as
InceptionV3, EfficientNetB0, DenseNet121, and ResNet50. These models have
been tested by using a balanced dataset of MRI images which included glioma,
meningioma, pituitary tumor, and no tumor with a total number of 7,200 images.
Feature extraction and fine-tuning were used for the training of all four models
within the target domain. It was observed that ResNet50 yielded the most
desirable outcomes among the four tested models with the highest training
accuracy rate of 98.09% and test accuracy of 92.06% alongside precision, recall,
and F1-score. To solve the problem of interpretability of deep learning models,
Grad-CAM technique has been applied to the model having the best
performances. This work represents an effort towards developing efficient and
interpretable Al-powered diagnostic systems for the diagnosis of brain tumors.

Keywords: Medical Image Analysis, MRI, Brain Tumor, Deep Learning, CNN,
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1 Introduction

The existence of brain tumors is among the major challenges faced within the field of
neuro-oncology mainly due to the very high mortality rate related to these diseases and
their complicated anatomical structure as well. The development of brain tumors is as
a result of uncontrolled cell growth within the brain, which hinders brain performance
and which poses serious risks to the patient’s life in case of their non-detection in time
[1]. According to WHO, brain tumors may be classified into benign and malignant brain
tumors based on the disease’s morphologic and molecular features, where glioblastoma
stands as a kind of malignant brain tumors [3].
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It is now considered that MRI is a recommended imaging technique for diagnosing
brain tumors due to the high-resolution capabilities of imaging the soft tissues, to-
gether with the production of high-resolution anatomical images without exposing
patients to any kind of radiation [7]. In addition, various MRI sequences (T1-, T2-
weighted, and FLAIR images) offer extra information about the tumor margins, as
well as edema and structural abnormalities [7]. However, MRI interpretation per-
formed by radiologists is sometimes labor-intensive, subjective and prone to varia-
tion, especially when classifying multiclass brain tumors [10].

Currently, Al and particularly DL are gaining ground in the domain of medical im-
age analysis. The hierarchical feature extraction automatically in MRI images through
the CNNs has lessened the need for manually extracting features, making the process
much faster [6]. DL architectures like ResNet, DenseNet, EfficientNet, and Inception
have proven themselves in their ability to achieve high classification accuracies in
distinguishing between brain tumor images, obtaining accuracies of above 95% [2],
[4], [37]. They use a method known as transfer learning, which is used to overcome
the challenge of insufficient labeled data [11].

One of the major difficulties in deep learning approaches is interpretation. Tradi-
tionally, CNNs are considered black-boxes as their operation involves predicting the
outcome without the knowledge of how the prediction was made [14]. This is particu-
larly true for applications in healthcare as there should be a reliable evidence-based
rationale for the diagnosis. The fact that the model operates accurately and yet it is not
interpretable leads to a significant loss of credibility [13].

In this regard, Explainable Artificial Intelligence (XAI) has come to the forefront.
Explainable Al techniques are capable of generating visual and numerical explana-
tions for the prediction made by a machine learning algorithm to improve its inter-
pretability and transparency. XAl techniques have been extensively used to localize
the areas of interest from the MRI scans and understand which features of the MRI
are important for the decision made by the model [9], [21]. Such a feature allows
medical practitioners to determine whether or not the focus of the model was on the
right area of the MRI scan while diagnosing the tumor.

Moreover, some recent research has focused on ensemble or hybrid models using
different deep learning approaches along with XAI techniques to increase both the
efficiency of the process and its explainability [4]. Such approaches do not only lead
to increased performance but also provide multiple ways of explanation, thus making
the application of the Al approach more trustworthy. However, such drawbacks as
low generalizability of results across various datasets, the usage of 2D instead of 3D
images, and insufficiently defined metrics for the evaluation of XAl remain.

Multiple studies have explored individual CNN architectures for brain tumor clas-
sification; limited work has systematically compared multiple state-of-the-art transfer
learning models under a unified preprocessing and evaluation framework while inte-
grating explainable Al for interpretability. This study addresses this gap through a
comparative analysis of ResNet50, DenseNet121, EfficientNetB0, and InceptionV3
combined with Grad-CAM visualization. The process will involve an analysis of cut-
ting-edge models with the application of XAl to ensure an interpretable solution. The
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goal is to create a safe, quick, and clinically applicable Al diagnosis tool for identifi-
cation brain tumors.

2 Literature Review

The development of MRI technology in neuro-oncology via the application of deep
learning has led to the revolution of diagnosing and classifying brain tumors. The
problem of brain tumors involves excessive growth of the cells in the brain. It is often
challenging to diagnose these types of tumors owing to their complex composition
and form. The use of MRI technology for diagnosing the brain tumors becomes essen-
tial because of its good ability to show soft tissues and its multiple contrast imaging
such as T1, T2, and FLAIR images [7]. However, it is a time-consuming process,
making it subjective as well [10].

Classification of brain tumors was achieved through conventional machine learn-
ing approaches such as SVM, RF, and k-NN, which required the manual process of
feature selection that included techniques like intensity and texture [15]. Although
these approaches showed good results, their inability to learn complex features led to
poor results on out-of-sample data [5]. The rise of deep learning models, particularly
CNNs, marked the onset of a new era, where learning directly from raw MRI scans
became possible without any feature selection [6].

The recent advances (2019-2025) have exhibited that the deep CNN structure can
provide extremely good classification performance. As an instance, residual networks,
or ResNets, incorporate skip connections in order to avoid the issue of vanishing gra-
dients, hence learning the deep network. ResNets were found capable of achieving
classification accuracy of more than 97% for multi-class brain tumor classification
[2]. In contrast, DenseNet models improve feature reuse with dense connections and
thus learn deep structures with fewer parameters [4]. The capability of DenseNet
models to capture critical fine details of the tumor has been proven important in med-
ical field [12].

In terms of compound scaling, EfficientNet has also challenged the limits by scal-
ing the network’s depth, width, and resolution at once. The architecture is advanta-
geous due to the balance it creates between increasing accuracy and reducing compu-
tational costs, making it well suited for the field of medical imaging. Studies have
demonstrated that a model based on the EfficientNet architecture may achieve up to
99.85% accuracy in medical diagnosis applications [37]. Whereas, the Inception fami-
ly utilizes convolutional layers of different dimensions in order to obtain local and
global features from images, but requires larger datasets [10].

Other than CNN models, more advanced MLPs models like ViTs and ConvNeXt
models that utilize more contemporary neural net architecture design methodologies
have been studied, where these models use attention mechanism for learning long-
range dependencies from MRI image data. The latest literature indicates that these
models perform better for generalization and classification tasks and give high accu-
racies (> 98%) on various datasets. Ensemble models consisting of multiple variations
of models have been proved more stable and accurate [4].
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However, despite the success, the uninterpretable nature (black box) of such mod-
els is a challenge that needs to be addressed, more so in medical applications, where-
by interpretability is important for the effective utilization of such models in making
decisions. Therefore, XAl approaches have become increasingly common to enable
interpretability in deep neural networks. Techniques like Grad-CAM provides visual
evidence by means of heatmaps to reveal which features the model takes into account,
which can then be verified by clinicians to ensure that the model analyzes relevant
features associated with tumors [9]. Similarly, LIME and SHAP provide model-
agnostic approaches to XAlI.

In order to address obstacles like uncertainty, the use of multiple XAl tools has be-
come imperative in the recent literature to ensure increased validity. As an example,
ensemble XAI methods combining Grad-CAM, SHAP, and LIME have proved to
increase interpretability and verify model predictions [1], [4]. Furthermore, it was
found that XAI tools are capable not only to provide an explanation for the models'
predictions but also to help in optimizing the models through removal of redundant
features [1]. This trend proves the increasing importance of explainability as a factor
ensuring the success of a model in terms of all three pillars of success [4].

However, there are also several limitations of the research. First, an important
drawback that exists is the problem with generalization of data because some models
that were built specifically for certain data sets cannot be generalized to other data
sets due to different imaging protocols [4]. Second, the vast majority of methods used
2D slicing instead of recognizing the 3D structure of MRI images, thus reducing the
effectiveness of diagnosis [8]. Third, there are currently no standardized criteria for
evaluating the effectiveness of XAI, and thus validating its explanations becomes
problematic [14]. Fourth, very few studies have addressed multiple-data source re-
search.

3 Methodology

Ilustrated in Fig. 1 displays the overall workflow of the intended research. The
framework consists of data preprocessing, model training using multiple deep learn-
ing architectures, performance evaluation, and explainability analysis using Grad-
CAM.
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Fig. 1. Research workflow for brain tumor classification using DL models and explainable Al
(Grad-CAM).
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For this experiment, we have selected a data set that contains MR images of brain
tumors [16]. It includes 7,200 MR images of brain tumors divided into four signifi-
cant categories: glioma, meningioma, pituitary tumors, and no tumors. These images
are segregated into the training and test datasets equally in terms of all classes. Specif-
ically, the training data-set includes 1,400 images per category (total 5,600 images),
while the test dataset includes 400 images per category (total 1,600 images). The data
set is constructed by combining multiple publication data sets, including Figshare
brain MRI data set, SARTAIJ data set, and Br35H data set. The pre-processing steps
include the removal of duplicate images belonging to the same category and avoiding
any overlap between the training and testing sets. The dataset was divided using an
80:20 validation split from the training set.

To train deep learning models, the resolution of images was unified through the
process of resizing them to a particular resolution (either 224x224 or 299x299 pixels
depending on the model). Additionally, the pixel values for each image were normal-
ized depending on the selected model. This can be summarized as follows:

x' ==k (1)

where (x) is the original pixel value, and (i) and (o). Further, the input data augmen-
tation through rotations, horizontal flips, and zooming was also employed while train-
ing for better generalization of the model and resistance against changes in tumor size
and orientation.

Furthermore, the proposed methodology utilizes different kinds of CNN model ar-
chitectures using the transfer learning approach, which include InceptionV3, Effi-
cientNetB0, DenseNet121, and ResNet50 models, among others. These models are
chosen based on their ability to produce outstanding results when classifying medical
images. Convolutional neural networks rely on hierarchical feature extraction through
the convolution method. This mathematical formula explains the process of convolu-
tion as follows:

f(i,j)=Zm2n1(i—m,j—n)-K(m,n) (2)

where (I) is the input image and (K) denotes the convolutional kernel. The model had
used weights pretrained on the ImageNet dataset, and therefore features such as edges
and textures could be inherited. The classification layers that came after that were
changed into a fully connected head with global average pooling, dense layer, drop-
out, and softmax output layer. There is one model among the three models that uses
residual learning to tackle the problem of vanishing gradients and therefore can be
used to train deep neural networks.

Regarding the training procedure, the two-stage approach was used to ensure effi-
ciency of the feature extraction and tuning of the networks for solving the specific
problem. As for the first stage of training, it was conducted exclusively for the classi-
fiers in the network while the rest was kept frozen to facilitate tuning the pretrained
network to brain tumor classification. In the 2" stage of fine-tuning, the upper layers
of the network were tuned using a lower learning rate. Early stopping and learning
rate reduction strategies applied to prevent overfitting and optimize convergence.
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The models were trained applying the Adam optimizer with an initial learning rate
of 1x10™* during feature extraction and 1x10~° during fine-tuning and categorical
cross-entropy loss. A batch size of 32 was used for all experiments. Softmax activa-
tion was used in the output layer to calculate probabilities:

p— eZi
o(z;) = T, 3)
The validation data was used to observe how well the model learns, and methods like
early stopping and learning rate reduction techniques were applied to avoid overfitting
and obtain optimal convergence.

The performance of all models was measured according to the usual classification
criteria such as accuracy, precision, recall and F1-score. The model with the best re-
sults was ResNet50, which showed accuracy of 98.09% in the training set and 92.06%
in the test one. Thus, it can be stated that the model managed to find a pattern that
helps to distinguish classes and generalize new cases. Therefore, the ResNet50 was
chosen as the best-performing model to interpret.

In order to make the suggested model more interpretable, it was necessary to use
Grad-CAM on ResNet50. Grad-CAM emphasizes important segments of the image
that help to produce a certain prediction, thus being extremely useful in the medical
field due to necessity of explaining the process of decision making. Grad-CAM
heatmap is built on the basis of gradients of the class of interest with respect to the
last convolution layer activation maps:

Lraa—cam = ReLU (X af, AF) 4)

where (A¥) represents the feature maps and (af) denotes the importance weights
derived from gradients. The heatmap will be superimposed on the MRI image so that
the contributing regions can be identified. Only the ResNet50 model was selected for
the application of Grad-CAM since this is the model that showed the highest level of
performance out of all the models considered. This will ensure that important infor-
mation can be extracted from the best-performing model.

4 Results and Discussion

Our method was evaluated using four pre-trained DL architectures, which were Res-
Net50, DenseNet121, EfficientNetB0, and In-ceptionV3. Our method was tested on
these four deep learning models by using accuracy, precision, recall, and F1-score.
The result shows that there was a high performance achieved by these four pre-trained
DL models in terms of classification, but with varied generalization power over vari-
ous types of tumors. ResNet50 was the best model based on the highest test accuracy
of 92.06%, followed by InceptionV3, whose accuracy was 91.13%, then Efficient-
NetB0, whose accuracy was 87.25%, and DenseNet121, with an accuracy of 86.81%.
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Table 1. Performance evaluation table

Model Accuracy (%) Precision  Recall  F1-Score
ResNet50 92.06 0.92 0.92 0.92
InceptionV3 91.13 0.91 0.91 0.91
EfficientNetB0 87.25 0.88 0.87 0.87
DenseNet121 86.81 0.87 0.87 0.86

Tumor-class specific metrics provide insights into performance. ResNet50 is good
at detecting all the tumor classes, with the perfect recall (1.00) observed for the no-
tumor class and near perfect recall (0.99) for the pituitary class. However, the recall
rate of the glioma class (0.80) is low compared to other classes due to difficulties in
diagnosing gliomas since they have diverse morphological features that overlap with
those of other tumors. The gap between training (98.09%) and testing accuracy
(92.06%) indicates slight overfitting, which is common in deep learning-based medi-
cal image classification as a result of limited dataset diversity. However, the use of
data augmentation, dropout, early stopping, and transfer learning helped reduce ex-
cessive overfitting and improved generalization performance. Similarly, InceptionV3
model performs almost the same as ResNet50 with perfect recall (1.00) for the pitui-
tary and no-tumor classes and low recall for the glioma class. On the other hand, Effi-
cientNetBO and DenseNet121 have low recall rates for the glioma and meningioma
classes, which can be attributed to their less sensitivity to the borders of tumors (See
Fig.2) Based on these results, it seems that ResNet50 with deep residual learning can
be superior in extracting features.

Confusion Matrix

-
20 %0 ;
i
200 ;

Fig. 2. Confusion matrix of (1) Inception V3, (2) Efficient net BO and (3) Dense net 121

A Loss Confusion Matrix
Accuracy

Fig. 3. Accuracy & Loss Graphs with confusion matrix for Resnet-50 model (Best Model)
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All the plots indicate convergence where the training accuracy becomes higher
than the validation accuracy at the end. The plot for ResNet50 indicates convergence
with little variance, making it a generalized model (refer to Fig. 3). On the other hand,
the plot for EfficientNetB0O and DenseNetl121 reveals slight overfitting in the models
since the loss in the validation set increases after several epochs. For further classifi-
cation accuracy analysis, the confusion matrices of the models were evaluated (refer
to Fig. 2). From the confusion matrix, it can be seen that the errors made by ResNet50
are mainly in the distinction between the glioma and meningioma classes since they
have the same appearance.

To enhance the understanding of the model, the best-performing Res-Net50 model
was utilized to generate heat maps using Grad-CAM. These heat maps represent the
area or portion of the image that the model focuses upon. With the help of Grad-CAM
images, it is evident that the model concentrates on the regions which are significant
to identify the tumor, such as irregular mass regions and regions of high intensity in
MRI images. This proves that the model learns no spurious correlation in the back-
ground; rather, it learns significant features for tumor identification.

Although Grad-CAM improves interpretability by highlighting tumor-relevant re-
gions, the generated heatmaps were not clinically validated by expert radiologists,
which remains a limitation of the current study. Future work should involve expert
evaluation of XAI outputs to ensure clinical reliability and diagnostic relevance.

Fig. 4. Grad-CAM Output Images

By performing this comparative study, it has been proven that ResNet50 outper-
forms other neural networks, owing to the use of residual connections that allow
deeper learning without vanishing gradients. EfficientNetBO is efficient, but the
DenseNet121 network that supports the reuse of features has marginally lower per-
formance in recognizing tumor complexities than ResNet50. The performance of
InceptionV3 is commendable but requires larger amounts of data. This research has
proved that the architecture used by the neural network is essential in capturing the
small differences in the medical images and the use of residual connections is vital in
doing so. Further, the technique of using Explainable Al using Grad-CAM has shown
how transparency can be implemented in deep learning, which was one of the biggest
obstacles for health care applications of DL.
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5 Conclusion

The paper introduced a comparative DL framework for multi-class brain tumor classi-
fication using MRI images by analyzing four pre-trained CNN models: InceptionV3,
EfficientNetB0, DenseNet121 and ResNet50. Out of all the aforementioned models,
ResNet50 proved to be most effective with an accuracy rate of 98.09% during training
and 92.06% during testing due to the ability of the algorithm to learn discriminative
tumor features. In addition, the usage of Explainable Artificial Intelligence (XAI) in
the form of Grad-CAM provided better insight into MRI images by focusing on clini-
cally meaningful areas. However, there are a number of limitations of this study. First
of all, experiments were performed using a public dataset that is relatively small and
balanced, and thus, cannot be generalized to other environments. The performance of
the algorithm may decrease when working with noisy MRI images. Moreover, ex-
plainability method Grad-CAM was the only one used in this study, and its conclu-
sions have not been verified by clinicians. In future work, we will explore the evalua-
tion of the proposed approach on larger datasets involving multiple institutions, 3D
MRI analysis, and application of other XAI methods such as SHAP and LIME. An-
other potential research area involves multimodal data fusion and deep learning-based
hybrid models.
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