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Abstract—Early detection of brain tumors is critical for 

improving patient survival rates and treatment outcomes. 

With the advancement of medical imaging technologies 

such as Magnetic Resonance Imaging (MRI) and 

Computed Tomography (CT), large volumes of 

diagnostic data are generated, necessitating efficient and 

accurate automated analysis. Deep learning techniques, 

particularly Convolutional Neural Networks (CNNs) and 

their variants, have demonstrated remarkable 

performance in medical image analysis. This review 

paper presents a comparative study of various deep 

learning architectures employed for early brain tumor 

detection using medical imaging. It evaluates models 

based on accuracy, computational efficiency, robustness, 

and interpretability. The study also highlights current 

challenges, limitations, and future research directions in 

this domain. 

 

Index Terms—Brain Tumor Detection, Deep Learning, 

CNN, MRI, Medical Imaging, Comparative Study. 

 

I. INTRODUCTION 

 

Brain tumors are among the most life-threatening 

neurological disorders, requiring timely and accurate 

diagnosis. Traditional diagnostic methods rely heavily 

on radiologists, making the process time-consuming 

and prone to subjective interpretation. With the 

emergence of artificial intelligence, deep learning has 

revolutionized medical imaging by enabling 

automated and precise tumor detection. 

Medical imaging modalities such as MRI provide 

high-resolution images that are essential for 

identifying abnormalities in brain tissues. However, 

manual analysis of these images is challenging due to 

their complexity and volume. Deep learning models,  

especially CNN-based architectures, have shown 

superior capability in feature extraction and 

classification tasks. 

This paper aims to provide a comprehensive review 

and comparative analysis of prominent deep learning 

architectures used in early brain tumor detection. 

 

II. LITERATURE REVIEW 

 

Several studies have explored deep learning 

approaches for brain tumor detection: 

➢ Early works utilized basic CNN architectures for 

tumor classification, achieving moderate accuracy. 

➢ Advanced models such as VGGNet, ResNet, and 

Inception networks significantly improved 

performance due to deeper architectures. 

➢ Recent studies employ U-Net and its variants for 

precise tumor segmentation. 

➢ Hybrid approaches combining CNN with machine 

learning classifiers (e.g., SVM, Random Forest) 

have also been proposed. 

➢ Transfer learning techniques using pre-trained 

models have reduced training time and improved 

generalization. 

➢ Despite advancements, issues such as overfitting, 

lack of interpretability, and dataset limitations 

persist. 

 

III. DEEP LEARNING ARCHITECTURES FOR 

BRAIN TUMOR DETECTION 

 

A. Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks (CNNs) constitute the 

fundamental architecture for image-based medical 

diagnosis, including brain tumor detection from MRI 

scans. A CNN is composed of multiple hierarchical 

layers such as convolutional layers, activation 

functions, pooling layers, and fully connected layers. 

The convolutional layers apply learnable filters across 

the input image to extract spatial features such as 

edges, textures, and complex structures associated 
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with tumor regions. As the network deepens, these 

features become increasingly abstract, enabling the 

model to distinguish between normal and abnormal 

tissue patterns. Pooling layers reduce the 

dimensionality of feature maps, thereby improving 

computational efficiency and promoting 

generalization by retaining the most significant 

information. 

One of the most significant advantages of CNNs is 

their ability to perform automatic feature extraction, 

eliminating the need for handcrafted feature 

engineering that was traditionally required in medical 

image analysis. This makes CNNs particularly 

effective in capturing subtle variations in tumor 

morphology. Furthermore, CNNs demonstrate high 

classification accuracy due to their capacity to learn 

complex nonlinear relationships within imaging data. 

However, their performance is heavily dependent on 

the availability of large annotated datasets, which are 

often limited in the medical domain. Additionally, 

CNNs are computationally intensive, requiring 

substantial processing power and memory, especially 

during training. Without proper regularization 

techniques, such as dropout or data augmentation, 

CNNs are also prone to overfitting. 

 
 

B. VGG Network 

The VGG network, developed by the Visual Geometry 

Group, represents a significant advancement in deep 

convolutional architectures through its emphasis on 

depth and simplicity. VGG models, such as VGG16 

and VGG19, are characterized by their use of small 

3×3 convolutional filters applied consistently 

throughout the network. By stacking multiple such 

layers, the network effectively increases its receptive 

field while maintaining a manageable number of 

parameters per layer. This design allows the model to 

learn intricate patterns in medical images, which is 

particularly beneficial for identifying subtle tumor 

characteristics. 

A key strength of the VGG architecture lies in its 

simplicity and uniform structure, making it easier to 

implement and adapt for transfer learning applications 

in medical imaging. It has demonstrated high 

classification accuracy across various image 

recognition tasks, including tumor detection. However, 

this performance comes at the cost of a very large 

number of parameters, often exceeding 100 million, 

which leads to high memory consumption and 

increased computational requirements. Consequently, 

training VGG networks from scratch is resource-

intensive, and their practical use in medical 

applications often relies on pre-trained weights and 

fine-tuning techniques. 

 
 

C. ResNet (Residual Network) 

Residual Networks (ResNet), introduced by Microsoft 

Research, address one of the critical challenges in deep 

learning: the vanishing gradient problem. As neural 

networks become deeper, the gradients used during 

backpropagation can diminish, making it difficult to 

train effectively. ResNet overcomes this issue by 

introducing residual or skip connections, which allow 

the input of a layer to bypass intermediate 

transformations and be added directly to the output. 

This mechanism enables the network to learn residual 

mappings instead of direct transformations, 

significantly improving training efficiency. 

The incorporation of residual connections allows 

ResNet architectures to scale to very deep networks, 

such as ResNet50, ResNet101, and beyond, without 

degradation in performance. This depth enables the 

model to capture highly complex features, making it 

particularly effective for detecting intricate tumor 

patterns in medical images. As a result, ResNet models 

often achieve superior accuracy compared to 

traditional CNNs. However, the increased 
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architectural complexity introduces challenges in 

implementation and tuning. Additionally, deeper 

networks require longer training times and greater 

computational resources, which may limit their 

applicability in resource-constrained environments. 

 
 

D. Inception Network 

The Inception network, also known as GoogLeNet and 

developed by Google, introduces a novel architectural 

concept aimed at improving computational efficiency 

while capturing multi-scale features. Unlike 

traditional CNNs that apply a single filter size per 

layer, Inception modules perform parallel 

convolutions using filters of different sizes, such as 

1×1, 3×3, and 5×5, along with pooling operations. The 

outputs of these parallel operations are concatenated, 

allowing the network to analyze image features at 

multiple scales simultaneously. 

This multi-scale feature extraction is particularly 

advantageous in brain tumor detection, where tumors 

may vary significantly in size, shape, and texture. The 

use of 1×1 convolutions for dimensionality reduction 

further enhances computational efficiency by reducing 

the number of parameters before applying more 

expensive operations. As a result, Inception networks 

achieve a balance between accuracy and efficiency. 

However, the architectural complexity of Inception 

models makes them more difficult to design, 

implement, and optimize compared to simpler 

architectures like VGG. Careful tuning is required to 

achieve optimal performance in medical imaging tasks. 

 
 

IV. COMPARATIVE ANALYSIS OF 

ARCHITECTURES 

 

Model Accuracy 
Computational 

Cost 

Data 

Requirement 
Strengths Limitations 

CNN High Medium High Simple & effective Needs large data 

VGG Very High High High Strong feature extraction Memory intensive 

ResNet Very High High Medium Deep learning capability Complex 

Inception High Medium Medium Efficient multi-scale features Complex design 

 

V. METHODOLOGIES IN REVIEWED STUDIES 

 

The methodologies employed in Convolutional Neural 

Networks (CNN), VGG, ResNet, and Inception 

architectures for brain tumor detection share a 

common foundation of processing MRI images 

through deep learning frameworks, yet differ 

significantly in their architectural strategies and 

feature extraction mechanisms. All four approaches 

begin with preprocessing steps such as normalization, 

resizing, and noise reduction to standardize MRI 

inputs. In the conventional CNN methodology, feature 

extraction is performed through sequential 

convolutional and pooling layers, where spatial 

features are progressively learned and refined before 

classification using fully connected layers. In contrast, 

the VGG network enhances this methodology by 

increasing depth through the use of multiple stacked 

convolutional layers with small 3×3 filters, enabling 

more detailed and hierarchical feature representation 

while maintaining architectural simplicity. 

ResNet introduces a fundamentally different 

methodological innovation through residual learning, 

where skip connections allow the network to bypass 

certain layers and learn residual mappings. This 

approach effectively addresses the vanishing gradient 
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problem and facilitates the training of very deep 

networks, thereby improving feature learning and 

classification accuracy. On the other hand, the 

Inception network adopts a multi-branch methodology, 

where parallel convolutional operations with varying 

filter sizes are applied within the same layer. This 

enables simultaneous multi-scale feature extraction, 

making it particularly suitable for detecting tumors 

with diverse shapes and sizes. Additionally, the use of 

1×1 convolutions in Inception modules improves 

computational efficiency by reducing dimensionality 

before applying more complex operations. 

While CNN and VGG follow relatively linear and 

sequential processing pipelines, ResNet and Inception 

introduce architectural modifications that improve 

learning efficiency and feature diversity. Training 

across all models involves backpropagation and 

optimization techniques such as stochastic gradient 

descent or Adam, with performance heavily dependent 

on dataset size and quality. Overall, the methodologies 

differ in terms of depth, connectivity, and feature 

extraction strategies, with each architecture offering 

distinct advantages in balancing accuracy, 

computational cost, and robustness in brain tumor 

detection tasks. 

 

VI. CHALLENGES AND LIMITATIONS 

 

The deep learning architectures used for brain tumor 

detection, including CNN, VGG, ResNet, and 

Inception, face several common challenges and 

limitations despite their high performance. A primary 

issue across all models is the dependence on large, 

well-annotated medical imaging datasets, which are 

often scarce due to privacy concerns and the need for 

expert labeling. This limitation can lead to overfitting 

and reduced generalizability when models are applied 

to new or diverse datasets. Additionally, these 

architectures are computationally intensive, requiring 

high-performance hardware such as GPUs, which may 

not be readily available in all clinical settings. VGG 

networks, in particular, suffer from extremely large 

parameter sizes, resulting in high memory 

consumption and longer training times. Although 

ResNet addresses the vanishing gradient problem, its 

increased architectural complexity makes it difficult to 

design, tune, and interpret. Similarly, Inception 

networks, while efficient in multi-scale feature 

extraction, involve complex module configurations 

that require careful optimization. Another significant 

limitation is the lack of interpretability in all these 

models, often described as “black-box” systems, 

which raises concerns in medical decision-making 

where transparency is critical. Furthermore, variations 

in MRI image quality, tumor heterogeneity, and 

differences in imaging protocols across institutions 

can adversely affect model performance and 

reliability, highlighting the need for robust validation 

and standardization in real-world applications.  

 

VII. FUTURE RESEARCH DIRECTIONS 

 

Future research in brain tumor detection using deep 

learning architectures such as CNN, VGG, ResNet, 

and Inception should focus on addressing current 

limitations while enhancing clinical applicability and 

robustness. One important direction is the 

development of data-efficient learning techniques, 

including transfer learning, few-shot learning, and 

self-supervised learning, to overcome the scarcity of 

annotated medical datasets. Researchers should also 

explore advanced data augmentation and synthetic 

data generation methods, such as Generative 

Adversarial Networks (GANs), to improve model 

generalization across diverse patient populations and 

imaging conditions. Another key area is the 

integration of multimodal data, combining MRI with 

other imaging modalities and clinical information, 

which can provide richer context and improve 

diagnostic accuracy. 

Improving model interpretability and explainability is 

also critical for real-world adoption, as clinicians 

require transparent and trustworthy systems. 

Techniques such as attention mechanisms, saliency 

maps, and explainable AI frameworks should be 

further refined to make model decisions more 

understandable. Additionally, future studies should 

aim to design lightweight and computationally 

efficient architectures that can be deployed in 

resource-constrained environments, including rural or 

low-resource healthcare settings. Federated learning is 

another promising direction, enabling collaborative 

model training across institutions without 

compromising patient data privacy. 

Moreover, there is a growing need for standardized 

benchmarks, large-scale annotated datasets, and 

rigorous cross-institutional validation to ensure the 

reliability and reproducibility of results. Hybrid 
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models that combine the strengths of different 

architectures, such as CNN-Transformer frameworks, 

also offer significant potential for improved 

performance. Finally, future research should 

emphasize real-time clinical integration, including 

automated tumor segmentation, grading, and treatment 

planning systems, thereby moving beyond detection 

toward comprehensive decision-support tools in 

neuro-oncology. 

 

VIII. CONCLUSION 

 

In conclusion, deep learning architectures such as 

Convolutional Neural Networks (CNN), VGG, 

ResNet, and Inception have significantly advanced the 

field of brain tumor detection by enabling automated, 

accurate, and efficient analysis of MRI images. Each 

architecture contributes uniquely to the detection 

process: CNNs provide a strong foundational 

framework for feature extraction, VGG enhances 

representational depth through its uniform structure, 

ResNet addresses training challenges in very deep 

networks צעותבאמ  residual learning, and Inception 

introduces efficient multi-scale feature extraction. 

Together, these models demonstrate the 

transformative potential of artificial intelligence in 

medical imaging. 

 

However, despite their impressive performance, these 

approaches are not without limitations. Challenges 

such as the need for large annotated datasets, high 

computational requirements, lack of interpretability, 

and variability in medical imaging data continue to 

hinder their widespread clinical adoption. Addressing 

these issues is essential to ensure that deep learning 

models are not only accurate but also reliable, 

transparent, and accessible in real-world healthcare 

settings. 

Overall, the integration of advanced deep learning 

techniques with medical diagnostics holds great 

promise for improving early detection, diagnosis, and 

treatment planning of brain tumors. With continued 

research focusing on data efficiency, model 

explainability, and clinical validation, these 

technologies have the potential to evolve into robust 

decision-support systems that can assist healthcare 

professionals and ultimately improve patient outcomes. 
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