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 Accurate identification of brain malignancies via MRI is a cornerstone of effective neuro-

oncological intervention. While deep learning offers high-speed automated analysis, the unclear 

reasoning mechanisms of these algorithms often limit their adoption in clinical environments. 

This study presented a comparative evaluation of two distinct convolutional neural network 

(CNN) architectures—ResNet50 and MobileNetV2—to determine the optimal balance between 

classification depth and computational efficiency. Both models were evaluated on an MRI 

dataset to distinguish between healthy and tumor-containing scans, with class weighting applied 

to mitigate the effects of class imbalance. Experimental results demonstrate high performance 

across both architectures. ResNet50 achieved an accuracy of 95.47%, supported by a precision 

of 95.16%, a recall of 95.44%, and an F1-score of 95.29%. In comparison, the lightweight 

MobileNetV2 reached an accuracy of 94.80%, with precision, recall, and F1-score recorded at 

94.33%, 95.00%, and 94.63%, respectively. To address the requirement for medical 

transparency, Grad-CAM was integrated to generate visual evidence for each prediction. These 

heatmaps successfully localized tumor regions, aligning internal model logic with radiological 

findings. By benchmarking a high-capacity residual network against an efficient, mobile-ready 

architecture, this study confirms that both frameworks, when paired with explainability tools, 

provide a reliable secondary screening layer. This integration of high-performance classification 

with visual interpretability offers a clear path toward deploying trustworthy diagnostic tools in 

clinical workflows. 
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1. Introduction 

Brain tumors are a major contributor to global illness and 

death, accounting for approximately 90% of all adult cancers 

affecting the central nervous system [1]. A brain tumor refers 

to an abnormal mass of tissue that can develop in any 

structure within the skull, such as the brain itself, cranial 

nerves, meninges, skull, pituitary gland, or pineal gland. 

These tumors are typically classified based on the type of 

cells from which they originate. They can be primary, 

meaning they begin in the brain, or secondary, meaning they 

have metastasized to the brain from other parts of the body 

[2]. Several brain imaging techniques are employed in the 

diagnosis of brain tumors, helping to determine their size, 

location, shape, and other characteristics. Commonly used 

scanning methods include MRI, CT, and PET. Among these, 

MRI is the most widely used due to its non-invasive nature 

and its ability to provide excellent contrast in soft tissues. As 

a result, MRI is commonly found in diagnostic clinics and 

plays a key role in identifying brain tumors [3]. Brain tumor 

classification is a fundamental component of radiological 

assessment. Categorization is traditionally performed 

through clinical inspection or via automated diagnostic 

frameworks. While human-led interpretation is labor-

intensive and prone to inter-observer variability, it remains 

the established clinical benchmark. Conversely, 

computational imaging systems provide substantial utility by 

refining the precision and throughput of tumor identification 

[4]. Computer-Aided Diagnosis (CAD) systems significantly 

assist radiologists in rapidly diagnosing brain tumors, 

contributing to a reduction in brain cancer-related mortality. 

The primary objective of CAD systems is to automate the 

detection of brain tumors in medical images with high 
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accuracy and dependability [5]. Recent advances in smart 

healthcare, particularly the use of AI in radiology, have made 

significant strides in automating image-recognition tasks to 

detect various objects within imaging data. AI techniques 

excel at automatically identifying complex patterns in 

medical images. A wide array of AI-driven applications has 

rapidly advanced the field. Among these, deep learning-

based classification and segmentation are regarded as the 

most effective approaches for detecting and extracting 

features from MRI images [6]. Deep learning is frequently 

described as a black box due to its complex and opaque 

decision-making processes. There is growing concern across 

many fields that these models might contain hidden biases 

that remain undetected. This issue is particularly critical in 

medical applications, where unnoticed bias can lead to 

serious consequences. As a result, there is an increasing 

demand for methods that provide greater insight into how 

these models operate. These methods are generally known as 

interpretable deep learning or explainable AI [7]. Providing 

explanations for a model’s output is essential, especially in 

precision medicine, where specialists need more detailed 

information than just a basic yes-or-no prediction to 

effectively support their diagnoses [8].  

Accurate and early identification of brain tumors plays a vital 

role in guiding effective treatment and improving patient 

prognosis. While visual assessment of MRI scans by 

specialists remains dependable, it is often time-consuming 

and may vary between observers. In this work, deep learning 

techniques are investigated for automated binary 

classification of brain MRI images into normal (healthy) and 

abnormal categories, using ResNet50 and MobileNetV2 

architectures. To better understand the basis of the model 

predictions, Grad-CAM was applied to reveal image regions 

that most strongly influenced the classification outcomes. 

The study presents a comparative evaluation of the two 

employed models for binary brain MRI classification and 

demonstrates how interpretability methods can be integrated 

into diagnostic workflows. This integration enhances 

transparency and fosters trust, supporting the development of 

reliable and clinically applicable diagnostic systems. 

2. Related Works 

Numerous studies have employed CNNs for brain MRI 

classification tasks, showcasing their effectiveness in 

medical image analysis. Some of these studies have tackled 

multi-class classification problems, aiming to differentiate 

among various tumor types. Others have concentrated on 

binary classification, where the objective is to determine the 

presence or absence of abnormal brain tissue. Since the 

current study is designed as a binary classification task, the 

related works reviewed will primarily emphasize research 

that has adopted a similar binary classification approach. 

Khan et al. [9] developed deep learning models for both 

binary and multiclass brain tumor classification using MRI 

data. A 23-layer CNN was applied to the larger dataset, while 

overfitting on the smaller dataset was addressed by 

integrating transfer learning with the VGG16 architecture. 

Mijwil et al. [10] investigated the use of a deep learning 

approach for brain disease detection based on MRI data. In 

their study, the MobileNetV1 architecture was applied to a 

dataset consisting of 1,265 images. The experimental 

analysis demonstrated that the model achieved a 

classification accuracy exceeding 97%, demonstrating its 

effectiveness for automated brain abnormality detection. 

Badjie and Ülker [11] employed a transfer learning strategy 

based on the AlexNet CNN for automated brain tumor 

analysis. Their approach demonstrated high reliability, 

achieving an overall classification accuracy of 99.62%. The 

study also reported the capability of the proposed framework 

to identify and categorize tumors across different stages and 

sizes, highlighting its potential contribution to improving 

efficiency and consistency in clinical diagnostic workflows. 

Younis et al. [12] examined the utilization of VGG16-based 

CNNs for brain tumor detection from MRI data. Their study 

evaluated a CNN framework trained on 253 brain MRI 

images and reported strong performance, with VGG16 

achieving an accuracy of 98.5%, outperforming conventional 

detection methods. Almadhoun and Abu-Naser [13] 

investigated deep learning approaches for brain tumor 

detection using MRI images. Their study evaluated multiple 

architectures, including VGG16, ResNet50, MobileNet, and 

InceptionV3, on a dataset of 10,000 images. The reported 

results showed strong performance across models, with 

InceptionV3 and VGG16 achieving the highest F-score 

accuracies. Anand et al. [14] proposed a weighted ensemble 

deep learning framework for brain tumor classification using 

MRI data. Their approach combined feature representations 

from VGG19 and two CNN models, evaluated on a TCGA 

lower-grade glioma dataset, and demonstrated improved 

performance over individual models by effectively reducing 

overfitting. Gurunathan and Krishnan [15] introduced an 

automated framework for brain tumor analysis from MRI 

images that integrates preprocessing, classification, and 

segmentation stages. Their method employed CNN-based 

classification with data augmentation and morphological 

segmentation to identify tumor regions and assess severity, 

with performance evaluated on public datasets and validated 

by expert radiologists. 

Previous studies demonstrate substantial progress in the use 

of deep learning techniques for brain tumor detection and 

classification from MRI data. Transfer learning approaches 

have been widely adopted, particularly to mitigate challenges 

related to limited datasets and model overfitting. Several 

investigations report that, when trained on sufficiently large 

and well-labeled datasets, deep learning models can achieve 

performance comparable to, or exceeding, that of 

experienced clinicians. Despite these advances, limited 

model transparency remains a key concern, as many 

approaches offer little insight into the basis of their 

predictions, which can hinder clinical adoption. To address 

this limitation, visualization methods such as Grad-CAM 

have been increasingly applied to identify image regions that 

contribute most to classification outcomes. Motivated by 

these findings, the present study examines binary brain tumor 

classification using ResNet50 and MobileNetV2 
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architectures, incorporating Grad-CAM to support visual 

interpretation of model decisions. By jointly considering 

predictive performance and explainability, this work 

responds to the growing emphasis on interpretable AI 

solutions in medical imaging and strengthens their potential 

for clinical integration. 

3. Methodology 

This work introduces a deep learning–driven framework for 

binary classification of brain MRI scans, distinguishing 

normal cases from those exhibiting tumor-related 

abnormalities. The proposed approach is organized into a 

sequence of well-defined stages, with the complete workflow 

illustrated in Fig. 1 to clarify the structure of the pipeline and 

the interaction between its components. 

 

 
Fig. 1: Method summary 

3.1 Dataset and Preprocessing 

The dataset used in this study comprises brain MRI images 

divided into two categories: healthy (normal) images, which 

include scans without any visible signs of brain tumors, and 

tumor (abnormal) images, containing scans that clearly 

exhibit brain tumors. This dataset, sourced from Kaggle [16], 

consists of a total of 5,000 images, with 2,000 belonging to 

the healthy class and 3,000 to the tumor class. Fig. 2 

illustrates representative samples from both categories, 

providing a visual overview of the dataset used.  

 
Fig. 2: Representative sample. 

The dataset was divided into training, validation, and testing 

sets using a 70%, 15%, and 15% distribution, respectively. 

This configuration was chosen to balance effective model 

training along with reliable performance evaluation. 

Assigning 70% of the data to training allows the models to 

learn representative features adequately, while reserving 

15% for validation supports hyperparameter adjustment and 

early stopping. The remaining 15% was held out for testing 

to provide an independent assessment of generalization 

capability.  

All images were uniformly resized to 224×224 pixels to 

ensure consistency in input dimensions. Additionally, pixel 

values were normalized to standardize the intensity range 

across the dataset. 

3.2 Employed Models 

Pretrained CNN models, specifically ResNet50 and 

MobileNetV2, were adopted in this work. These 

architectures, initially trained on the ImageNet dataset, were 

employed as feature extractors for the binary classification of 

brain MRI images. By building upon the representations 

learned during pretraining, the networks were subsequently 

fine-tuned to differentiate normal brain scans from those 

containing tumors. This adaptation highlights the suitability 

of transfer learning approaches for this task. 

ResNet50 [17] is a deep CNN designed around the concept 

of residual learning, which helps alleviate the vanishing 

gradient issue commonly observed in very deep 

architectures. The network introduces shortcut connections 

that enable information to pass directly across layers, 

facilitating stable and efficient training as depth increases. 

Comprising 50 layers, ResNet50 is capable of capturing 

high-level and intricate visual patterns and has been 

successfully employed across a wide range of image analysis 

applications, including medical imaging. Owing to its 

reliability and strong representational capacity, it is 

frequently selected for challenging tasks such as brain tumor 

detection and classification. MobileNetV2 [18] is a 

lightweight CNN specifically designed for efficient 

deployment on mobile and embedded devices. Its 

architecture introduces the concept of inverted residual 

blocks with linear bottlenecks, which allows the network to 

maintain accuracy while reducing computational cost. By 

connecting thin layers directly to each other and expanding 

only in intermediate layers, MobileNetV2 captures essential 

features without the redundancy often seen in conventional 

deep networks. This balance of efficiency and 

representational power makes it particularly suitable for tasks 

like medical image classification, where both performance 

and computational resources are critical considerations. 

3.3 Training and Evaluation 

Both models were trained using a carefully selected set of 

hyperparameters to ensure optimal performance. An initial 

learning rate of 0.0001 was applied, with a batch size of 32, 

and the Adam optimizer was employed to efficiently update 

the network weights. Training was carried out for 50 epochs, 

giving the models sufficient opportunity to learn from the 
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dataset. Class weighting was also applied to address any 

imbalance between classes. The same hyperparameter 

settings were used for both models to allow an unbiased 

comparison. After training, their performance was evaluated 

on the test set using common evaluation metrics. 

3.4 Explainable AI 

To improve interpretability and support clinical confidence, 

Grad-CAM was employed to provide visual explanations for 

the MRI images. The resulting heatmaps highlight the spatial 

regions that most influenced the model’s predictions. Grad-

CAM [19] is a technique that produces heatmaps to highlight 

the regions of an image most influential in the prediction. 

This approach improves interpretability and reliability, 

which is especially important in sensitive applications such 

as medical diagnostics. 

4. Results and Discussions  

This section summarizes the experimental findings from 

applying ResNet50 and MobileNetV2 to the binary 

classification of brain MRI scans, differentiating between 

normal and tumor cases. Fig. 3 depicts the training 

progression of both models across 50 epochs, showing trends 

in training and validation accuracy as well as loss. These 

plots offer a clear view of how each model learned over time 

and highlight the consistency of their performance 

throughout the training process. 

 
Fig. 3: Accuracy and loss curves for both models 

The evaluation results across all common metrics for both 

models are summarized in Table 1. 

Table 1: Evaluation metrics results. 

Metrics ResNet50 MobileNetV2 

Accuracy 0.9547 0.9480 

Precision 0.9516 0.9433 

Recall 0.9544 0.9500 

F1 score 0.9529 0.9463 

Table 1 summarizes the performance of ResNet50 and 

MobileNetV2 in classifying brain MRI images into healthy 

and tumor categories. ResNet50 achieved slightly higher 

results across all evaluation metrics, with an accuracy of 

95.47%, a precision of 95.16%, a recall of 95.44%, and an F1 

score of 95.29%. MobileNetV2 also demonstrated strong 

performance, with an accuracy of 94.80%, a precision of 

94.33%, a recall of 95.00%, and an F1 score of 94.63%. 

While the differences between the two models are modest, 

ResNet50 shows a small advantage in overall predictive 

accuracy, whereas MobileNetV2 offers competitive results 

with the added benefit of being more computationally 

efficient. These results indicate that both models are effective 

for brain tumor detection, with the choice depending on the 

trade-off between performance and resource constraints. 

Fig. 4 displays the confusion matrices for the applied models, 

providing a detailed overview of their classification results 

by showing both correct and incorrect predictions. This 

representation facilitates a deeper understanding of each 

model’s performance and highlights specific areas where 

misclassifications occurred. 

 
Fig. 4: Confusion matrices 

The confusion matrices in Fig. 4 provide a detailed insight 

into the classification performance of ResNet50 and 

MobileNetV2 on the brain MRI dataset. For ResNet50, the 

model correctly identified 286 healthy cases and 430 tumor 

cases, while misclassifying 14 healthy scans as tumors and 

20 tumor scans as healthy. In comparison, MobileNetV2 

correctly classified 288 healthy and 423 tumor images, with 

12 healthy scans incorrectly predicted as tumors and 27 

tumor scans misclassified as healthy. 

Overall, both models demonstrate strong performance, with 

high numbers of correct predictions in both classes. 

ResNet50 shows a slightly better balance in minimizing false 

negatives (20 tumor cases misclassified) compared to 

MobileNetV2 (27 tumor cases misclassified), which is 

important in medical diagnosis to reduce missed detections. 

On the other hand, MobileNetV2 slightly outperforms in 

correctly identifying healthy cases, with fewer false positives 

than ResNet50. These results suggest that while both models 

are effective, ResNet50 may be preferable when prioritizing 

tumor detection accuracy, whereas MobileNetV2 offers a 

slightly better performance in avoiding mislabeling healthy 

scans. 
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Figure 5 shows Grad-CAM visualizations of brain MRI 

predictions for ResNet50 and MobileNetV2. ResNet50 

focuses precisely on relevant anatomical regions, especially 

around tumors, reflecting its higher accuracy and F1 score. 

MobileNetV2 also highlights important regions but with 

slightly more diffuse attention in some cases, aligning with 

its slightly lower recall. Both models rely on meaningful 

anatomical cues, with ResNet50 providing more precise 

localization, while MobileNetV2 offers a good balance of 

interpretability and efficiency. 

 
Fig. 5: Grad-CAM results. 

The ResNet50 visualizations suggest that the model focuses 

strongly on tumor regions when making predictions. For 

healthy brains, the attention maps are spread fairly uniformly 

but show more emphasis around central brain regions, which 

may correspond to normal anatomical structures that the 

model relies on to identify (healthy) tissue. For tumor cases, 

the highlighted areas closely match the tumor locations in the 

MRI scans, indicating that the model is correctly identifying 

and localizing abnormal regions. The predicted confidence is 

consistently high (0.75–0.98), reflecting strong certainty in 

both classes. Even in the case with a slightly lower tumor 

prediction (0.75), the attention still emphasizes the tumor 

area, showing that ResNet50 can localize subtle anomalies 

effectively. 

MobileNetV2 also shows correct predictions most of the 

time, but with slightly lower confidence in some cases. For 

healthy brains, the attention maps are somewhat more diffuse 

and occasionally highlight areas that do not clearly 

correspond to anatomical regions, suggesting less precise 

localization than ResNet50. For tumor cases, the model 

identifies tumors but sometimes misplaces or 

underrepresents the key tumor region, as in the example 

where the model predicts (healthy) with 0.61 confidence. 

This shows MobileNetV2 is less consistent in both 

localization and classification for tumors compared to 

ResNet50. Nevertheless, in most cases, the model still 

focuses on relevant areas. 

ResNet50 appears more robust and precise than 

MobileNetV2 in both classifying and localizing tumors. Its 

attention maps are concentrated over relevant regions, even 

for subtle tumors, and its predictions are consistently 

confident. MobileNetV2, being a lighter model, trades off 

some accuracy and attention precision; its attention maps are 

often broader or misplaced, leading to occasional 

misclassification. For healthy cases, both models perform 

well, but ResNet50 demonstrates a more anatomically 

grounded attention, suggesting better feature extraction 

capabilities. For accurate tumor detection and precise 

localization in brain MRI scans, ResNet50 clearly 

outperforms MobileNetV2. MobileNetV2 could be preferred 

when computational efficiency is critical, but it may 

compromise reliability in borderline or challenging cases. 

5. Conclusion 

The study utilized ResNet50 and MobileNetV2 deep learning 

architectures to classify brain MRI scans into healthy and 

tumor categories. Both models achieved strong results across 

all evaluation metrics, with ResNet50 demonstrating slightly 

superior performance compared to MobileNetV2. The 

approach proved effective in identifying brain tumors, 

highlighting its potential as a diagnostic tool. Explainable AI 

techniques were employed to generate heatmaps, which 

consistently highlighted tumor-specific regions in abnormal 

scans. This not only improved the reliability of the models 

but also provided valuable visual insights for clinical 

interpretation. By offering clear explanations of the model’s 

predictions, these methods enhance confidence in automated 

diagnostic outputs. Overall, the findings indicate that these 

deep learning models can play a significant role in supporting 

radiologists with early tumor detection, potentially reducing 

diagnostic times and improving patient care. Incorporating 

explainable AI into the workflow represents an important 

advancement toward making automated systems more 

transparent, trustworthy, and suitable for practical clinical 

application. 

Despite the strong performance of both models, several 

limitations remain. The dataset imbalance continues to pose 

a challenge; even with class weighting applied, predictions 

for underrepresented tumor types may still be affected. 

Moreover, while Grad-CAM offers valuable interpretability, 

it cannot fully capture the complex interactions between 

features and may not account for all factors influencing the 

models’ decisions. Lastly, although some previous studies 

have reported higher performance using alternative 
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architectures, the models presented here provide a well-

rounded trade-off between accuracy, interpretability, and 

computational efficiency. 

Future work could focus on addressing dataset limitations by 

incorporating larger and more balanced MRI datasets, 

including diverse tumor types and grades. Additionally, 

exploring advanced interpretability techniques beyond Grad-

CAM to provide deeper insights into model decision-making. 

Finally, investigating alternative architectures could further 

improve tumor detection accuracy while maintaining 

computational efficiency. 

6. Ethics Statement  

The dataset utilized in this study was sourced from a publicly 

available repository hosted on Kaggle 

(https://www.kaggle.com/datasets/murtozalikhon/brain-

tumor-multimodal-image-ct-and-mri). The images were 

fully anonymized and did not contain any identifiable patient 

information. Since the study relied exclusively on secondary 

analysis of publicly accessible data and involved no direct 

interaction with human subjects, ethical approval and 

informed consent were not required. 
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