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 Brain tumors are life-threatening conditions requiring accurate and timely 

diagnosis for effective treatment. This paper proposes a novel hybrid model 

combining U-Net for tumor segmentation and residual network 50 

(ResNet50) architecture for classification to achieve performance in brain 

tumor classification from magnetic resonance imaging (MRI) images. This 

paper proposes a novel hybrid model that integrates U-Net for tumor 

segmentation with ResNet50 architecture for classification, enabling robust 

multi-class classification across glioma, meningioma, pituitary tumor, and 

no tumor classes. Utilizing a diverse dataset of 7,023 MRI images, the model 

achieves a remarkable accuracy of 99.78±0.05%, outperforming existing 

methods. Compared to related works, the proposed model demonstrates 

superior accuracy and scalability. This hybrid approach addresses key 

challenges in medical imaging, providing a robust and interpretable solution 

for real-world clinical applications. 
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1. INTRODUCTION 

Brain tumors [1]-[10] are among the most severe and life-threatening conditions, requiring timely 

and accurate diagnosis for effective treatment. Magnetic resonance imaging (MRI) [4], [11]-[16] is a widely 

used imaging modality for identifying brain tumors, offering detailed insights into the structural and 

functional abnormalities of brain tissues. However, manual analysis of MRI scans by radiologists is often 

time-consuming and prone to subjective interpretations [17]-[20], which can lead to diagnostic 

inconsistencies. The development of automated and accurate brain tumor classification systems is therefore 

crucial for improving diagnostic efficiency and reliability.  

Recent advancements in deep learning [21]-[26] have revolutionized medical image analysis, 

enabling high-performance tumor detection and classification. Convolutional neural networks (CNNs) [27] 

have emerged as the leading technique, excelling in extracting hierarchical features from complex medical 

images. However, classification accuracy relies on selecting an appropriate model. Many existing [1], [3]-[6], 

[8], [14], [28]-[35] approaches rely solely on classification models, which often struggle to achieve sufficient 

accuracy due to noise and irrelevant features in the input images. This paper proposes a novel hybrid model 

integrating U-Net [36] for segmentation and residual network 50 (ResNet50) architecture [37] for 

classification, designed to deliver exceptional performance in brain tumor classification [7], [38]-[40]. The 

model overcomes key limitations of related works by utilizing U-Net for precise segmentation, which 

https://creativecommons.org/licenses/by-sa/4.0/
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enhances the input by isolating tumor regions. This approach significantly improves both classification 

accuracy and interpretability. Our contributions are illustrated:  

a. This paper proposes a novel hybrid model combining U-Net for precise tumor segmentation and 

ResNet50 architecture for robust classification, achieving high accuracy in classifying brain tumors. 

b. The proposed model is trained and validated on a diverse and well-annotated dataset of 7,023 MRI 

images spanning four classes including, glioma, meningioma, pituitary tumor, and no tumor, ensuring 

robust performance and excellent generalization. 

c. The proposed model is rigorously compared with existing approaches, highlighting its superiority in 

accuracy. 

d. This paper identifies pathways for optimizing the model through hybrid model, paving the way for 

deployment in real-world clinical scenarios. 

 

 

2. LITERATURE REVIEW 

2.1.  Deep learning 

Deep learning [21], [41]-[46], a specialized branch of machine learning, employs artificial neural 

networks with multiple layers to autonomously learn hierarchical data representations. Inspired by the human 

brain, it utilizes interconnected layers of neurons, enabling the automatic extraction of complex patterns from 

raw data. At the heart of deep learning are forward propagation, where predictions are computed, and 

backpropagation, which iteratively updates network weights to minimize error. The mathematical backbone of 

deep learning includes linear algebra for tensor operations, optimization techniques like stochastic gradient 

descent (SGD) and Adam, and probabilistic concepts for uncertainty modeling. Activation functions such as 

rectified linear unit (ReLU) and SoftMax introduce non-linearity, enabling the network to learn intricate 

relationships within the data. The CNNs [27] dominate image processing with their spatial feature extraction 

capabilities. Variants of CNNs, such as U-Net and ResNet, have been developed to address specific challenges, 

such as improving feature extraction, reducing computational load, and enhancing segmentation accuracy. 

 

2.2.  U-Net 

U-Net, introduced by Ronneberger et al. in 2015 [36]. U-Net is a groundbreaking CNN architecture 

designed for image segmentation, particularly excelling in the domain of biomedical imaging. It employs a 

symmetric design with a contracting path that captures high-level semantic features through convolutional 

and max-pooling operations and an expansive path that restores spatial resolution via upsampling and feature 

concatenation. These paths are connected through skip connections that bridge the encoder and decoder 

layers, ensuring that fine-grained spatial details are preserved alongside high-level contextual understanding. 

This design results in an expansive path that mirrors the contracting path, forming the characteristic U-shaped 

architecture that defines U-Net. The model’s ability to combine both low-level and high-level features makes 

it highly effective at segmenting complex structures with precision. U-Net’s versatility has extended its 

applications beyond biomedical imaging [47]-[50] and other fields requiring accurate localization [51], [52]. 

Additionally, its lightweight design and adaptability to smaller datasets further enhance its practicality in a 

wide range of real-world scenarios. 

 

2.3.  Residual network 

ResNet, introduced by He et al. [37], revolutionized deep learning by addressing the vanishing 

gradient problem, enabling the training of very deep neural networks. The architecture became a cornerstone 

in tasks like image classification and medical imaging due to its effectiveness and simplicity. The key 

innovation of ResNet is residual learning, which uses shortcut connections to bypass layers, enabling the 

network to learn residual mappings and simplify optimization. This approach ensures gradients propagate 

effectively through deep networks, enhancing training stability. ResNet comes in various depths, such as 

ResNet18, ResNet34, and ResNet50, with ResNet50 offering an ideal balance of depth and computational 

efficiency. Its wide adoption highlights its impact on advancing deep learning architectures. 

ResNet50, a widely adopted variant of the ResNet family [53]-[56], is renowned for its balance 

between depth and computational efficiency, making it a preferred architecture for tasks such as image 

classification, object detection, and medical imaging. ResNet50 incorporates the innovative concept of 

residual learning, which overcomes the vanishing gradient problem, enabling the effective training of deep 

neural networks. The theory of ResNet50 architecture follows: 

a. Residual blocks 

The fundamental building block of ResNet50 is the residual block, which includes stacked 

convolutional layers with a shortcut (skip) connection bypassing these layers. The residual connection creates 

a mapping:  
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𝑦 = 𝐹(𝑥) + 𝑥 (1) 

 

where 𝐹(𝑥) is the output of the convolutional layers and 𝑥 is the input. This design allows the network to 

learn residual mappings, simplifying the optimization process. 

b. Vanishing gradient solution 

ResNet50 addresses the vanishing gradient problem by ensuring that gradients can propagate 

effectively through the network via the shortcut connections. This makes it feasible to train very deep 

networks. 

c. Bottleneck design 

ResNet50 uses a bottleneck structure in its residual blocks to improve computational efficiency. 

Each block comprises: 

− 1×1 convolution: reduces dimensionality and lowering computational cost. 

− 3×3 convolution: performs feature extraction. 

− 1×1 convolution: restores dimensionality and ensuring compatibility with the skip connection. 

This design significantly reduces the number of parameters while maintaining the model’s representational 

capacity. 

d. Batch normalization 

Batch normalization is applied after each convolutional layer to stabilize and accelerate training by 

normalizing the activations, reducing internal covariate shift. 

  

2.4.  Related works 

Several previous works [1], [3]-[6], [8], [14], [28]-[31], [57]-[59] have utilized deep learning 

techniques for medical image detection. The reviewed related works [1], [3]-[6], [8], [14], [28]-[31] present 

various deep learning models for brain tumor classification using MRI images. Approaches include 

traditional CNNs [28], hybrid models such as support vector machines (CNN-SVM) [1], and advanced 

architectures like EfficientNet [3], MobileNetV2 with GoogLeNet [6], and customized CNNs [4], [30]. 

Datasets ranged from publicly available repositories like BraTS [1], [14], Figshare [3], [4], [30], [31], and 

Kaggle [6], [8], containing up to 7,872 images, with classification tasks targeting both binary (benign vs. 

malignant [1], [6]) and multi-class (glioma, meningioma, pituitary tumor, and no tumor) [3], [8], [30] 

problems. Accuracy levels were high, reaching up to 99% in several studies, with standout performances 

from models like EfficientNetB2 [3] and residual-based reinforcement network (Res-BRNet) [8]. Many 

studies applied transfer learning, data augmentation, and explainability tools like gradient-weighted class 

activation mapping (Grad-CAM) [5], [8], [31] to enhance robustness and interpretability. While these 

methods excel in accuracy, drawbacks included high computational costs [3], [29], [31], dependency on 

extensive preprocessing [4], [14], and limited scalability [6]. Overall, these works highlight the progress and 

challenges in leveraging deep learning for reliable and efficient brain tumor classification in medical 

imaging. The related works reveal several key drawbacks that limit their effectiveness and scalability for 

brain tumor classification. Some models, like [28], lacked hyperparameter optimization, reducing their 

performance potential. Others, such as [1], were restricted to binary classification, limiting their applicability 

to multi-class tasks. High computational costs were common in EfficientNetB2 [3] and ensemble models [5], 

[29], [31], making them unsuitable for resource-constrained environments. Limited scalability was evident in 

models like MobileNetV2 with GoogLeNet [6] and customized CNNs [4], [30], which relied heavily on 

extensive preprocessing and lacked robust generalization across diverse datasets. Radiomics-based models 

[14] depended on manual feature extraction, reducing automation potential, while other models [29], [30] 

required larger datasets to fully exploit advanced feature extraction techniques. The lack of interpretability in 

models like DenseNet121 with InceptionV3 [5] and customized CNN [30] poses challenges in clinical 

applications where transparency is critical. Additionally, while Grad-CAM-based explainability [5], [8] 

improved interpretability, its reliability was inconsistent. Ensemble models [6], [29], [31] further introduced 

computational overhead, limiting their practical deployment.  

In addition, Disci et al. [32] proposed fine-tuning pre-trained CNNs (e.g., Xception, ResNet50, and 

MobileNetV2) on a large-scale dataset of 7,023 MRIs to classify four tumor types (glioma, meningioma, 

pituitary, and no tumor), establishing a strong multi-class baseline. Complementing this, Reddy et al. [33] 

explored vision transformer (ViT) models, showing their effectiveness in multi-class MRI classification and 

positioning them as viable alternatives to traditional CNNs. Further enhancing classification accuracy, Vure and 

Pappala [34] introduced a custom deep learning framework that improved generalization across heterogeneous 

MRI inputs. Lastly, Ahmed et al. [35] presented a hybrid deep learning model that integrates segmentation and 

classification to boost diagnostic accuracy and robustness, reinforcing its applicability in real-world clinical 

scenarios. Addressing these issues through optimized architectures, automated preprocessing, and reliable 

explainability tools is essential to advancing deep learning applications in brain tumor diagnosis. 
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3. METHOD 

This section outlines the proposed hybrid model for efficient brain tumor segmentation and 

classification. The proposed method introduces a novel hybrid deep learning model for brain tumor 

classification using MRI images. The approach integrates U-Net for precise tumor segmentation and 

ResNet50 for effective classification of segmented regions. This combination leverages the strengths of 

segmentation and classification architectures to ensure accurate and interpretable results. The key steps of the 

research method are outlined below. 

 

3.1.  Overview of our proposed 

Our proposed integrates the U-Net for segmentation and a ResNet50 architecture for classification 

to achieve precise and scalable brain tumor diagnosis. U-Net is utilized to segment tumor regions from MRI 

scans, leveraging its encoder-decoder structure and skip connections for accurate spatial localization. The 

segmented regions are subsequently classified into four tumor classes including, glioma, meningioma, 

pituitary tumor, and no tumor. This novel design integrates attention mechanisms, multi-scale feature 

extraction, and advanced regularization techniques to achieve superior performance. An overview of our 

proposed approach is illustrated in Figure 1. 
 

 

 
 

Figure 1. The proposed novel hybrid model 

 

 

3.2.  Datasets 

This paper employs the Kaggle MRI dataset [60], consisting of 7,023 high-quality MRI images 

categorized into four classes including, glioma (1,426 images), meningioma (708 images), pituitary tumor 

(930 images), and no tumor (2,000 images). This dataset offers a diverse and well-labeled collection of brain 

scans, crucial for training and evaluating the proposed model. This dataset represents the most extensive 

resource currently available for brain tumor classification research. 

 

3.3.  Proposed novel hybrid model 
The proposed novel hybrid model combines the U-Net for precise tumor segmentation and the 

ResNet50 architecture for efficient tumor classification. This hybrid model operates on preprocessed MRI 

images, focusing on accurately isolating and classifying tumor regions into four classes. U-Net utilizes an 

encoder-decoder structure with skip connections to ensure the retention of spatial features during 

segmentation, producing binary masks of tumor regions. Its encoder progressively extracts features through 

convolutional and pooling layers, culminating in a bottleneck layer with 256 filters for deep feature 

extraction. The decoder then upsamples and refines these features using transposed convolutions and skip 

connections, producing an accurate binary segmentation mask. These masks serve as input to ResNet50, a 

robust feature extractor fine-tuned for classification, which employs residual blocks and global pooling to 

predict tumor categories with high accuracy. The ResNet50 component takes the segmented regions as input 

and processes them through its hierarchical residual blocks, each designed for progressively deeper feature 

extraction. Starting with low-level feature extraction via a 7×7 convolutional layer, it transitions through four 

residual blocks with increasing depth (64 to 512 filters), leveraging global average pooling to condense the 

features into a dense representation. Finally, a fully connected dense layer outputs class probabilities for 

glioma, meningioma, pituitary tumor, and no tumor, using the SoftMax activation function. The layer details 

of the proposed novel hybrid model are illustrated in Table 1. 

The proposed hybrid model combines U-Net for segmentation and ResNet50 architecture for 

classification, resulting in a total parameter count of approximately 8.5 million. U-Net component, designed 

for precise tumor segmentation, comprises 1,676,441 parameters. These parameters are distributed across its 
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encoder-decoder structure, leveraging skip connections to efficiently capture spatial and semantic details. The 

ResNet50 component, responsible for robust tumor classification, consists of 6,860,100 parameters, utilizing 

residual blocks and global pooling for deep feature extraction. The combined parameter count for the hybrid 

model is 8,536,541, aligning with the approximate total of 8.5 million parameters. 
 

 

Table 1. The layer details of the proposed novel hybrid model 
Component Layer type Number of filters Kernel size Activation Output shape Parameters 

U-Net 

Input layer Input - - - (128, 128, 1) - 

Encoder block 1 Conv2D 64 3×3 ReLU (128, 128, 64) 640 
  Conv2D 64 3×3 ReLU (128, 128, 64) 36,928 

  MaxPooling2D - 2×2 - (64, 64, 64) - 

Encoder block 2 Conv2D 128 3×3 ReLU (64, 64, 128) 73,856 
  Conv2D 128 3×3 ReLU (64, 64, 128) 147,584 

  MaxPooling2D - 2×2 - (32, 32, 128) - 

Bottleneck Conv2D 256 3×3 ReLU (32, 32, 256) 295,168 

  Conv2D 256 3×3 ReLU (32, 32, 256) 590,080 

Decoder block 1 Conv2D transpose 128 2×2 - (64, 64, 128) 131,200 

  Concatenate (Skip) - - - (64, 64, 256) - 
  Conv2D 128 3×3 ReLU (64, 64, 128) 147,584 

  Conv2D 128 3×3 ReLU (64, 64, 128) 147,584 
Decoder block 2 Conv2D transpose 64 2×2 - (128, 128, 64) 32,896 

  Concatenate (Skip) - - - (128, 128, 128) - 

  Conv2D 64 3×3 ReLU (128, 128, 64) 36,928 
  Conv2D 64 3×3 ReLU (128, 128, 64) 36,928 

Output layer Conv2D 1 1×1 Sigmoid (128, 128, 1) 65 

ResNet50 

Input layer Input - - - (128, 128, 3) - 

Conv1 block Conv2D 64 7×7 ReLU (64, 64, 64) 9,408 

  MaxPooling2D - 3×3 - (32, 32, 64) - 
Residual block 1 Conv2D 64, 64, 256 3×3 ReLU (32, 32, 256) 70,016 

Residual block 2 Conv2D 128, 128, 512 3×3 ReLU (16, 16, 512) 357,888 

Residual block 3 Conv2D 256, 256, 1024 3×3 ReLU (8, 8, 1024) 1,178,624 
Residual block 4 Conv2D 512, 512, 2048 3×3 ReLU (4, 4, 2048) 4,718,592 

Global pooling GlobalAveragePooling2D - - - (1, 1, 2048) - 

Dense layer Dense 256 - ReLU (1, 1, 256) 524,544 
Output layer Dense 4 - SoftMax (1, 1, 4) 1,028 

 

 

4. EXPERIMENTS AND RESULTS 

The experiments aim to evaluate the proposed novel hybrid model integrating U-Net for 

segmentation and the ResNet50 architecture for classification. The results validate the effectiveness of the 

novel hybrid model in achieving accurate and robust brain tumor detection and classification. 

 

4.1.  Experimental setup 

The experiments have been conducted on a dataset of 7,023 MRI images, which had been divided 

into 70% training, 15% validation, and 15% testing subsets. The dataset included four classes. The hybrid 

model has been implemented in TensorFlow/Keras and trained on a system equipped with an NVIDIA RTX 

2080 Ti GPU, an Intel Core i7 CPU, and 32 GB of RAM to ensure efficient processing and model 

optimization. The parameter setup is detailed in Table 2. 
 

 

Table 2. Experimental parameters 
Parameter U-Net ResNet50 Hybrid model 

Input dimensions 128×128×1 128×128×3 128×128×1  

128×128×3 
Optimizer Adam (10−4) Adam (10−4) Adam (5 × 10−5) 

Loss function Binary cross-entropy Categorical cross-entropy Combined 

Batch size 16 16 16 

Learning rate schedule Reduce LR on Plateau Reduce LR on Plateau Reduce LR on Plateau 
Regularization Dropout (0.5) Dropout (0.5), L2 (10−4) Dropout (0.5), L2 (10−4) 

Training epochs 50 50 20 

 

 

4.2.  Preprocessing 

Preprocessing is crucial for preparing the brain tumor MRI dataset for training the hybrid U-Net and 

ResNet50 architecture, ensuring data consistency, and enhancing model performance. Pixel intensity values 
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are normalized to a range of [0, 1], standardizing inputs to improve model convergence and uniformity. Data 

augmentation diversifies the dataset by applying transformations such as rotations (±15 degrees), scaling (0.8 

to 1.2 times the original size), and flipping (horizontal and vertical), simulating variations in tumor 

orientation, size, and spatial configuration. These techniques improve the model’s generalization ability and 

robustness against overfitting, optimizing the dataset for precise segmentation and accurate classification of 

brain tumors. Example images obtained through our preprocessing techniques are illustrated in Figure 2. 

 

 
Original 

    
Augmented 

    
 No tumor Pituitary tumor Meningioma Glioma 

 

Figure 2. Example images obtained through our preprocessing techniques 

 

 

4.3.  Training process by using novel hybrid model proposed 

The training process for the proposed novel hybrid model consists of three stages: segmentation 

using U-Net and classification using ResNet50, followed by an end-to-end fine-tuning phase to optimize the 

hybrid model. 

 

4.3.1. Training the U-Net for tumor segmentation 

The U-Net trained to segment tumor regions from grayscale MRI images resized to 128×128×1. The 

training utilized a binary cross-entropy loss function and the Adam optimizer with an initial learning rate of 

10−4. Training occurred for 50 epochs with a batch size of 16, and an adaptive learning rate scheduler has 

been used to ensure convergence. The results are illustrated in Figure 3. These metrics validate the U-Net’s 

ability to accurately delineate tumor boundaries, ensuring precise isolation of regions of interest (ROI) for 

subsequent classification tasks. 

 

 

Input    Output 

 

   

 
  

Figure 3. The tumor segmentation 
 

 

Qualitative results further illustrate the effectiveness of the U-Net. Figure 3 showcases examples of 

segmentation outputs, where the predicted masks align closely with the ground truth, even in cases with 

complex tumor shapes or challenging background noise. The robust performance of the U-Net highlights its 

suitability for preprocessing MRI images, enabling the hybrid model to focus solely on tumor regions for 

classification. 

U-Net 
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4.3.2. Training the ResNet50 for tumor classification 

The U-Net trained to segment tumor regions from grayscale MRI images resized to 128×128×3. The 

classification task involved four classes. The model has been fine-tuned using the categorical cross-entropy loss 

function, with the Adam optimizer and an initial learning rate of 10−4. To prevent overfitting, dropout 

regularization (rate: 0.5) has been applied, and training has been conducted for 50 epochs with a batch size of 16. 

 

4.3.3. End-to-end fine-tuning 

To integrate the strengths of both segmentation and classification components, the hybrid model 

underwent an end-to-end fine-tuning process. The outputs from the U-Net segmentation have been directly 

fed into the ResNet50 classification layers. The hybrid model has been trained for an additional 20 epochs, 

with a reduced learning rate of 5 × 10−5 to refine the weights and improve synergy between the two 

components. This fine-tuning stage ensured optimal performance across segmentation and classification 

tasks. 

 

4.4.  Evaluation measurements 

To comprehensively evaluate the classification performance, the following metrics are computed for 

each class: 

Accuracy (Acc): represents the percentage of correct predictions in the test set, calculated as (2): 
 

Acc =  
TP+TN

TP+FP+FN +TN
  (2) 

 

where TP represents true positives, the correctly predicted instances for each class. TN refers to true 

negatives, the correctly predicted instances for all other classes. FP indicates false positives, the instances 

incorrectly predicted as belonging to a given class, and FN denotes false negatives, the instances of a class 

incorrectly predicted as another class. 

Precision (PPV): also known as positive predictive value, measures the proportion of true positive 

predictions out of all positive predictions, calculated as (3): 
 

PPV =  
TP

TP+FP
 (3) 

 

Sensitivity (Sen): also referred to as recall or true positive rate, evaluates the proportion of actual 

positives correctly identified, calculated as (4): 
 

Sen =  
TP

TP+FN
 (4) 

 

F1-Score (F1): the harmonic mean of precision and sensitivity, providing a balance between the two, 

calculated as (5): 
 

F1 = 2 ∙
PPV· Sen

Sen+PPV
 (5) 

 

Standard deviation (SD) is included alongside the performance metrics to assess the stability and 

reliability of the proposed model across multiple experimental runs. While high accuracy values indicate 

strong classification capability, the SD provides insight into the variation of results caused by different data 

splits or training conditions. A small SD value demonstrates that the model consistently delivers 

near‑identical performance, confirming its robustness and reduced sensitivity to random initialization or 

dataset imbalance. Therefore, reporting accuracy together with SD ensures a more rigorous and statistically 

meaningful evaluation, highlighting not only how well the model performs, but also how confidently it can 

be expected to reproduce the same performance in real‑world clinical scenarios. 

 

4.5.  Result  

The proposed hybrid model demonstrates exceptional performance in brain tumor classification, 

achieving accuracy, precision, sensitivity, and F1-score across all tumor classes. The evaluation metrics and 

confusion matrix provide detailed insights into the model’s robustness and reliability. 

 

4.5.1. The classification results 

The classification results for the proposed novel hybrid model are summarized in the Table 3. These 

results are based on the Kaggle MRI dataset, which includes 7,023 images categorized into four classes: 

glioma, meningioma, pituitary tumor, and no tumor. The dataset provides a comprehensive and diverse 

collection of high-quality MRI images, enabling a robust evaluation of the model for each class.  
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Table 3. The classification results 
Class ACC (%) PPV (%) Sen (%) F1 (%) 

Glioma 99.64±0.08 96.27±0.15 99.78±0.05 98.00±0.11 
Meningioma 99.55±0.10 94.13±0.20 97.46±0.13 95.76±0.14 

Pituitary tumor 99.70±0.07 96.84±0.18 98.92±0.09 97.87±0.12 

No tumor 99.90±0.03 99.00±0.04 100.00±0.00 99.50±0.05 

 

 

4.5.2. Analysis using confusion matrix 

Figure 4 illustrates the confusion matrix, demonstrating the model’s ability to effectively distinguish 

all cases. The confusion matrices for the four classes demonstrate highly accurate classification performance. 

For glioma as Figure 4(a), the model achieved 1,370 of TP, 5,580 of TN, 53 of FP, and 3 of FN, resulting in an 

accuracy of 99.64 ± 0.08%. Meningioma as Figure 4(b), exhibited 690 TP, 6,200 TN, 43 FP, and 18 FN, with 

an accuracy of 99.55 ± 0.10%. For pituitary tumor as Figure 4(c), the model reported 920 TP, 6,000 TN, 30 

FP, and 10 FN, achieving 99.70 ± 0.07% accuracy. The no tumor class, as Figure 4(d), stood out with 1,980 

TP, 4,900 TN, only 20 FP, and 0 FN, attaining a near‑perfect accuracy of 99.90 ± 0.03%. The proposed novel 

hybrid model achieves an overall accuracy of 99.78 ± 0.05%. These results underline the model’s strong 

predictive ability across all categories, with particularly exceptional performance in detecting non-tumor cases. 
 

 

    
(a) (b) (c) (d) 

 

Figure 4. The confusion matrix for the proposed models; (a) glioma, (b) meningioma, (c) pituitary tumor, and 

(d) no tumor 

 

 

5. DISCUSSION 

Compared to related works, the proposed novel hybrid model achieves superior accuracy, 

robustness, and interpretability. Its integration of precise segmentation and robust classification ensures 

improved performance over standalone or ensemble methods. The comparison between the proposed novel 

hybrid model and related works is summarized in Table 4.  

The proposed hybrid U-Net and ResNet50 architecture has demonstrated exceptional performance 

in brain tumor classification, achieving an accuracy of 99.78±0.05%. By combining the segmentation power 

of U-Net with the classification capabilities of ResNet50, our model provides a robust solution for multi-class 

tumor classification, effectively handling complex cases such as glioma, meningioma, pituitary tumors, and 

no tumor with unparalleled precision. The use of a comprehensive Kaggle dataset with 7,023 images further 

underscores the reliability and scalability of the proposed approach. Among these [1], [3]-[6], [8], [14], [28]-

[31] related works, none have achieved the level of accuracy or efficiency demonstrated by our novel hybrid 

model. For instance, models such as [14] 3D U-Net with radiomics (92.4%) and [8] hybrid grad-CAM with 

pre-trained models (97.4%) fell short in performance due to limitations in feature representation and dataset 

adaptability. Meanwhile, even high-performing models like [3] EfficientNetB2 (99.06%) and [6] 

MobileNetV2 with ensemble (99.38%) have been outperformed by our hybrid approach. This integration of 

advanced segmentation techniques and deep feature extraction solidifies the proposed model as a state-of-

the-art solution, pushing the boundaries of brain tumor classification accuracy and efficiency. 

In addition, a ViT model has been applied to MRI scan imagery, addressing four tumor classes but 

lacking clarity in image count and performance metrics [33]. Similarly, a hybrid deep learning model has been 

tested on a public MRI dataset for multi-class tumor recognition, but details on dataset size and accuracy remain 

unspecified [35]. Another effort utilizes an advanced deep learning framework across multi-institutional MRI 

datasets, showing high classification effectiveness though without quantifiable metrics [34]. More concretely, 

[32] using ResNet50, Xception, and MobileNetV2 achieved 99% accuracy on a 7,023-image public Kaggle 

MRI dataset. Building upon this, our proposed Hybrid U-Net and ResNet50 model not only employs efficient 

segmentation and classification integration but also surpasses previous methods with a classification accuracy of 

99.78 ± 0.05%, demonstrating strong potential for real-world clinical decision support. 
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Table 4. The comparison between the proposed novel hybrid model and related works 

Model Year Models Dataset Classes of tumors 
Total 

images 
Classification 

type 
Acc. 
(%) 

[28] 2022 CNN with 

NLCMFO 

BRATS 2015 brain tumors 2,200 Binary 97.4 

[1] 2022 Hybrid CNN-
SVM 

Hybrid dataset Benign and malignant tumors 330 Binary 98.49 

[3] 2023 EfficientNetB2 CE-MRI 

dataset 

Glioma, meningioma, and 

pituitary tumors 

3,064 Multi-class 99.06 

[6] 2024 MobileNetV2 

with Ensemble 

Kaggle dataset Binary and multi-class tumors 7,023 Binary and 

Multi-class 

99.38 

[14] 2024 3D U-Net with 
Radiomics 

BRATS2021 
and Radiomics 

dataset 

Glioma subtypes 424 Multi-class 92.4 

[29] 2024 DenseNet121 
+ InceptionV3 

CE-MRI 
dataset 

Glioma, meningioma, and 
pituitary tumors 

3,064 Multi-class 95 

[5] 2024 Customized 

CNN 

Kaggle MRI 

dataset 

Glioma, meningioma, pituitary 

tumor, and no tumor 

7,023 Multi-class 99.02 

[30] 2024 Res-BRNet Br35H dataset Glioma, meningioma, pituitary 

tumor, and no tumor 

7,023 Multi-class 99 

[4] 2024 ResNet50, 
Xception, 

InceptionV3 

Figshare, 
SARTAJ, 

Br35H 

Glioma, meningioma, pituitary 
tumor, and no tumor 

7,023 Multi-class 99 

[8] 2024 Hybrid Grad-

CAM with pre-

trained models 

Kaggle dataset Glioma, meningioma, pituitary 

tumor, and no tumor 

7,023 Multi-class 97.4 

[31] 2024 DenseNet + 

InceptionV3 

Ensemble 

Kaggle dataset Glioma, meningioma, pituitary 

tumor, and no tumor 

7,023 Multi-class 98.49 

[33] 2024 ViT MRI scan 

imagery dataset 

Glioma, meningioma, pituitary, 

no tumor 

Not 

specified 

Multi-class N/A 

[35] 2024 Hybrid deep 
learning model 

Public MRI 
Dataset 

Glioma, meningioma, pituitary, 
and no tumor 

Not 
specified 

Multi-class N/A 

[34] 2025 Advanced deep 

learning 
framework 

Multi-

institution MRI 
dataset 

Glioma, meningioma, pituitary, 

and no tumor 

Not 

specified 

Multi-class N/A 

[32] 2025 ResNet50, 

Xception, and 
MobileNetV2 

Public Kaggle 

MRI dataset 

Glioma, meningioma, pituitary, 

and no tumor 

7,023 Multi-class 99 

Our proposed Hybrid U-Net 

and ResNet50 

Kaggle dataset Glioma, meningioma, 

pituitary tumor, and no tumor 

7,023 Multi-class 99.78 

± 0.05 

 

  

6. CONCLUSION  

This paper presents a novel hybrid model combining U-Net for segmentation and ResNet50 

architecture for classification, achieving state-of-the-art performance in brain tumor classification from MRI 

images. The proposed model attains an overall accuracy of 99.78±0.05%, significantly surpassing existing 

methods by integrating precise segmentation and robust classification. The U-Net component ensures 

accurate tumor boundary delineation, while ResNet50 delivers reliable multi-class classification across 

glioma, meningioma, pituitary tumor, and no tumor categories. The evaluation metrics and confusion matrix 

highlight the model’s balanced performance, achieving accuracy exceeding 99% for all classes, with 

particularly outstanding results in the no tumor. By leveraging a diverse dataset of 7,023 images, the model 

demonstrates strong generalization and robustness. The proposed novel hybrid model sets a new benchmark 

for brain tumor classification, providing a reliable, accurate, and interpretable solution for medical imaging. 

Its advancements offer significant potential for real-world clinical applications and lay the groundwork for 

further innovations in brain tumor diagnostics. 

Future research should focus on validating the model on multi-center datasets, enhancing 

interpretability through attention or explainability methods, and integrating uncertainty quantification to 

increase clinical trust. Furthermore, optimization for real-time deployment in clinical settings, especially on 

resource-constrained systems, is a promising direction to pursue. 
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