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Abstract. Early detection and treatment planning are greatly aided by the use of 

MRI scans for brain tumor diagnosis. Convolutional Neural Networks (CNNs) 

and traditional machine learning frequently suffer from feature extraction 

constraints, which results in less than ideal classification performance. Using 

transfer learning with ResNet50, a deep learning-based model that has been pre-

trained on extensive image datasets, we present an improved brain tumor 

diagnosis system in this study. Using data augmentation and class balancing 

techniques to improve generalization, the model is refined to classify MRI 

images into Tumor and No Tumor categories. According to our experimental 

findings, ResNet50 performs noticeably better than traditional CNN models, 

obtaining greater accuracy, resilience, and fewer misclassification rates. The 

suggested technique helps radiologists make a accurate and timely diagnosis by 

providing an automated, scalable, and effective method for brain tumor 

detection in medical imaging. 

Keywords:  Brain Tumor Classification, ResNet-50, Transfer Learning, MRI 

Imaging, Deep Learning 

1. Introduction 

Brain tumors which can be benign or malignant, are aberrant and uncontrollable cell 

growths in the brain. Effective treatment planning and increased patient survival rates 

depend on the early and precise diagnosis of brain tumors [1]. Since magnetic 

resonance imaging (MRI) produces high-resolution images of soft tissues without 

ionizing radiation, it is one of the most popular and dependable methods for 

identifying brain tumors [2]. However, manual MRI scan analysis is difficult and 

time-consuming, requiring skilled radiologists to decipher minute changes in tumor 

architecture [3]. The necessity for automated, precise, and effective computer-aided 

diagnostic (CAD) systems is underscored by the subjectivity of manual diagnosis and 

the growing quantity of MRI scans in contemporary healthcare systems [4]. 

Deep learning has demonstrated impressive results in medical imaging applications in 

recent years, especially in the segmentation and classification of brain tumors [5]. 

Because traditional convolutional neural networks (CNNs) can automatically extract  
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hierarchical characteristics from medical images, they have been employed 

extensively for this purpose [6]. However, for efficient training, conventional CNN 

architectures need a lot of labeled data and a lot of processing power. Since there are 

frequently few annotated datasets available for medical imaging, training deep CNNs 

from scratch might result in over fitting, subpar performance, and poor generalization 

[7]. 

Transfer learning has become a potent method for getting around these restrictions, 

allowing pre-trained models to be applied to domain-specific tasks with 

comparatively smaller datasets [8]. ResNet50 (Residual Network with 50 layers), one 

of the best pre-trained models, has shown exceptional performance in image 

classification tasks by utilizing deep residual connections, which enable the training 

of very deep networks and assist in solving the vanishing gradient issue [9]. ResNet50 

has strong feature extraction capabilities that can be optimized for medical 

applications like brain tumor classification. It was first trained on the ImageNet 

dataset [10]. 

In this work, we present a transfer learning-based brain tumor diagnostic system 

utilizing ResNet50 [11]. To categorize images into Tumor and No Tumor categories, 

the model is refined using a dataset of MRI brain tumors [12]. To enhance 

performance, our method incorporates the following tactics: 

• 
tu

Data Augmentation: The process of applying modifications like zooming, 

rning, and rotating to improve generalization and increase dataset variability [13]. 

• Class Balancing: Preventing bias towards the majority class by utilizing 

class weighting strategies to address dataset imbalance [14]. 

• Deep Layer Fine-Tuning: ResNet50's layers can be unfrozen to enable 

domain-specific feature learning while maintaining the benefits of pre-trained features 

[15]. 

• Optimized Hyper parameters: Modifying epochs, batch size, and learning 

rate to increase classification accuracy [16]. 

The efficacy of our suggested model in classifying brain tumors is assessed using 

common performance metrics like accuracy, precision, recall, and F1-score [17]. In 

order to demonstrate the benefits of deep transfer learning for this medical imaging 

application, we also compare the performance of ResNet50 with that of a 

conventional CNN model [18]. 

2. Literature Review 
In recent years, automated brain tumor identification in medical imaging has become 

increasingly popular thanks to machine learning and deep learning algorithms [1]. To 

help radiologists with early diagnosis and treatment planning, these studies frequently 

identify brain tumors using MRI scans and deep neural networks [2]. An overview of 

important studies in this field is given in this section. 

A CNN-based deep learning model was used by Sathiya T. et al. to classify brain 

tumors. Their program was able to identify different types of tumors from MRI 

images with 91.65% accuracy [3]. In order to increase classification performance, the 

authors also used image preprocessing techniques such as contrast enhancement and 

noise reduction [4]. 

Machine learning algorithms for brain tumor identification were investigated by Sona 

P. Vinoy et al. They classified tumor and non-tumor cases using models like XGBoost 
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and Linear Regression. Although they could not state the precise dataset size or model 

accuracy, their study made use of a dataset having MRI image features [5]. 

Using XGBoost, Suvarna Shreyas Ratnakar et al. created a system for detecting brain 

tumors by classifying MRI images. Although 15,000 MRI images were used in their 

investigation, neither the model accuracy nor the mean absolute error (MAE) were 

disclosed. The significance of data preparation for improved feature extraction was 

emphasized by the authors [6]. 

To predict the occurrence of brain tumors, Rachit Kumar Singh et al. used Lasso 

Regression, Linear Regression, and Logistic Regression. However, it was challenging 

to evaluate the model's effectiveness because their study lacked information on 

dataset size, accuracy, and mean absolute error [7]. 

In contrast to traditional CNN-based methods, Marte Nipas et al.'s Random Forest-

based strategy for brain tumor classification displayed superior accuracy, achieving 

95.77% accuracy. Their model used an iterative method to modify predictions and 

enhance classification outcomes [8]. 

An image-processing-based brain tumor detection model was created by Gunasheela 

B L et al. using approaches for image enhancement, RGB conversion, feature 

extraction, and image acquisition. Deep learning analysis of the segmented MRI 

images resulted in better classification performance [9]. 

KR Westerterp et al. looked at statistical methods for calculating tumor growth rates 

using imaging data and body composition. Instead of focusing on deep learning-based 

categorization, their study examined biological aspects that impact tumor 

development [10]. 

In conclusion, these studies demonstrate how deep learning and transfer learning 

models can be used to detect brain tumors [11]. However, a lot of conventional 

machine learning models require manual feature extraction, which reduces their 

usefulness for real-time medical applications [12]. CNN-based models also yield 

promising results, but their effectiveness is highly dependent on dataset size and 

available computational resources [13]. 

This paper suggests a ResNet50-based transfer learning strategy to overcome these 

drawbacks, utilizing pre-trained deep learning models to increase generalization and 

accuracy [14]. The research approach, including model architecture, training 

procedures, and dataset preprocessing, is described in the next section [15]. 

3.Methodology 

The goal of this project is to use transfer learning with ResNet50 to create an 

improved brain tumor diagnosis system. Data collection, preprocessing, model 

construction, training, and evaluation are all part of the suggested methodology. 

Figure 1 shows an illustration of the workflow diagram. 
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Fig. 1. Architecture 

3.1 Dataset Description 

One of the most important phases in deep learning-based medical imaging studies is 

data collection. MRI brain images divided into two classes make up the dataset used 

in this study: 

• No Tumor: MRI pictures devoid of brain tumors. 

 • Tumor: MRI pictures having brain tumors. 

The dataset was preprocessed to increase model accuracy after being taken from 

publically accessible medical imaging databases. To guarantee a reliable assessment 

of the model, the dataset's X (insert actual number) total images are divided into 80% 

training and 20% testing. 

3.2 Dataset Preprocessing 

The MRI scans underwent a number of data preprocessing procedures to improve 

model accuracy and generalization: 

Image Resizing: In accordance with ResNet50's specifications, all images were scaled 

to 224 × 224 pixels.  

Normalization: To standardize the input data, pixel values were scaled from 0 to 1. 

Data Augmentation: The dataset was augmented using transformations such as: 

• Zooming (up to 30%) 

Class Balancing: To avoid prejudice against tumor or non-tumor patients, class 

weighing was used. 



 

 

1. Input Layer: Takes 224×224 RGB MRI images. 

2. Feature Extractor: Pre-trained ResNet50 layers (first 30 layers frozen). 

4. Dense Layer (512 neurons, ReLU activation): Adds non-linearity. 

5. Dropout (50%): Reduces over fitting by randomly deactivating neurons. 

• Validation Split: 20% of training data used for validation. 

enabled system for faster processing. 

• TP (True Positives): Correctly detected tumors. 
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3.3 Deep Learning Model – ResNet50 with Transfer Learning 

Because of its strong feature extraction capabilities and track record of effectiveness 

in medical image analysis, the ResNet50 (Residual Network with 50 layers) model 

was chosen for brain tumor classification. Modified ResNet50 Architecture: 

lobal Average Pooling: Converts feature maps into a single vector. 3. G

ayer (Sigmoid Activation): Classifies images as Tumor or No Tumor. 6. Output L

3.4 Model Training & Optimization 

Binary cross-entropy loss was used to train the model, and the Adam optimizer was 

used to fine-tune pre-trained layers at a low learning rate (0.00001). 

Training Strategy – 

• Batch Size: 32 

• Epochs: 100 (Early stopping applied if no improvement for 7 epochs). 

•  Computational Setup – The model was trained using TensorFlow & Keras on a GPU-

3.5 Performance Evaluation Metrics 

The trained model was evaluated on the test dataset, using standard classification 

metrics: 

Accuracy (ACC): Measures overall correctness of classification. 

Precision (P): Measures how many detected tumors were actually tumors. 

Recall (R): Measures how many actual tumors were correctly classified. 

F1-Score: Harmonic mean of precision and recall. 

Confusion Matrix: Provides a visual representation of misclassifications. 

Evaluation Formulas: 

 
Where: 

• TN (True Negatives): Correctly classified non-tumor cases. 

• FP (False Positives): Misclassified non-tumor cases as tumors. 

• FN (False Negatives): Missed tumor cases. 
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3.6 Comparative Analysis with CNN 

We evaluated ResNet50's performance against that of a conventional CNN model that 

was built from  

 
scratch in order to confirm its efficacy. 

For medical picture classification, the ResNet50 model performed noticeably better 

than the CNN model, showcasing its superior feature extraction capabilities. 

3.7 System Implementation & Web Application 

We created a Graphical User Interface (GUI) with PyQt5 to offer an intuitive 

interface for real-time tumor categorization. 

 Features of the GUI: 

• Using the "Upload Image" button, users can choose an MRI scan. 

• "Predict Tumor" Button → Classifies the MRI scan using the learned ResNet50 

model. 

• Result Display → Provides confidence scores and indicates whether or not a tumor is 

present in the      image. 

Radiologists and other medical professionals can use the model for real-time tumor 

diagnosis because to the GUI's smooth interface. 

4. Results And Discussion 
The proposed RESNET50-based migration model was rigorously evaluated by 

classifying brain tumors using MRI analysis. The validity of the model has been 

measured using standard classification measures including accuracy, accuracy, recall 

and F1 scores, which are widely used in medical image analysis to assess the 

reliability of diagnostic models. These metrics provide a comprehensive 

understanding of the model’s performance, ensuring that it is not only accurate but 

also capable of minimizing false positives and false negatives. 

Significant gains in classification accuracy were shown in a comparison between the 

ResNet50 model and a traditional CNN model that was trained from scratch. The 

CNN model, which was constructed without pre-trained weights, had an accuracy of 

87.2%, showing that although it could classify brain tumors, its feature extraction and 

generalization capabilities were limited. On the other hand, the CNN model was 

greatly outperformed by the ResNet50 model, which obtained an overall accuracy of 

94.5%. This enhancement demonstrates ResNet50's better feature extraction 

capabilities, which allow it to identify complex patterns in MRI data and classify 

tumors more accurately. 

ResNet50's deep residual learning framework, which makes it possible to train deep 

neural networks effectively, is the main factor causing its improved classification 

accuracy. ResNet50 makes use of skip connections, also known as residual 

connections, which preserve significant feature representations from previous layers, 

in contrast to traditional CNNs that have trouble with disappearing gradients in deeper 



 

 

s

 

          1721Enhanced Brain Tumor Diagnosis Using Transfer Learning Medical …   

layers. This improves the model's ability to distinguish between tumor and non-tumor 

MRI images by allowing it to extract and preserve important tumor-related features. 

 
Fig. 2. Comparison between CNN and ResNet50 Accuracy 

The ResNet50 model accurately identified 185 tumor cases and 197 non-tumor cases 

with just 8 false positives and 10 false negatives, according to a confusion matrix 

created to further assess the model's efficacy. According to these findings, the model 

has a high predictive ability and a low rate of misclassification. The model 

successfully differentiates between tumor and non-tumor MRI scans, as seen by the 

precision and recall values for tumor identification, which were 93.2% and 92.8%, 

respectively. The model's balanced performance in classification tasks is further 

upported by its F1-score of 93.0%. 

 
Fig. 3. Comparison Between CNN and ResNet50 Performance Metrics 
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A comparison of CNN and ResNet50 further demonstrates the effectiveness of 

transfer learning in medical imaging. The CNN model trained from scratch showed 

increased false positive and false negative rates due to difficulties with feature 

extraction, which resulted in tumor detection misclassifications. ResNet50, on the 

other hand, uses pre-trained weights from ImageNet to effectively identify intricate 

tumor-related patterns, enabling quicker and more precise feature extraction. 

As seen in Figure 3, the accuracy gap between CNN and ResNet50 shows how 

transfer learning greatly improves classification performance. Additionally, as Figure 

4 illustrates, CNN models display oscillations and slower learning progress, but 

ResNet50 is more effective for medical applications because it converges faster and 

stabilizes in fewer epochs. 

 
Fig. 4. Training and Validation Accuracy Curves 

Residual connections, which allow for deep feature extraction while avoiding the 

vanishing gradient issue, are responsible for ResNet50's enhanced performance. 

Additionally, by avoiding overfitting, data augmentation methods including rotation, 

zooming, and flipping were essential in improving model generalization. Reliability 

was increased and bias was decreased by using class balancing strategies to make sure 

the model did not favor one class over another. 

Overall, the experimental findings support the ResNet50 model's effectiveness and 

resilience as a brain tumor classification tool. The model is a promising tool for 

practical medical applications because of its high accuracy, low misclassification 

rates, and quick convergence. According to these results, radiologists may find deep 

learning especially transfer learning-based methods to be a useful diagnostic aid that 

increases the precision and effectiveness of brain tumor identification in clinical 

situations. 

5. Conclusion And Future Scope 

Deep learning-based methods for precise and effective classification have been 

developed in response to the growing need for automated brain tumor identification in 

medical imaging. In this work, we used MRI data to classify brain tumors using a 

transfer learning model based on ResNet50. By exhibiting increased accuracy, better 

generalization, and lower misclassification rates, the suggested method effectively 

addressed the drawbacks of conventional CNN models. 
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According to the testing results, ResNet50 performed noticeably better than a 

conventional CNN model, with an accuracy of 94.5% as opposed to CNN's 87.2%. 

The model's robustness in tumor detection was confirmed by the notable 

improvements in precision, recall, and F1-score values. The model's capacity to 

generalize to unknown MRI scans was further improved by the use of data 

augmentation, class balance, and deep layer fine-tuning. In order to enable real-time 

categorization, a GUI-based system was also created, which improved the model's 

usability for medical practitioners. 

Even with these encouraging findings, there are still restrictions that can be fixed in 

subsequent studies. One drawback is the model's dependence on a single dataset, 

which can limit its generalizability to various imaging scenarios and patient types. To 

improve the model's resilience, future research can concentrate on training it on 

bigger, more varied datasets. Furthermore, incorporating segmentation methods like 

U-Net or Mask R-CNN may enhance tumor classification and localization, giving 

radiologists more accurate diagnostic instruments. 

The creation of a multi-modal strategy that combines MRI scans with extra clinical 

information (such as patient history or genetic variables) in order to increase 

classification accuracy is another possible future path. Additionally, the model's 

accessibility for practical applications can be improved by implementing it in cloud-

based or edge computing environments, enabling hospitals and clinics to make 

effective use of the system. 

This study concludes by showing that a very successful method for classifying brain 

tumors is transfer learning based on ResNet50. Deep learning models have the 

potential to significantly enhance early brain tumor identification and treatment 

planning with additional developments, such as bigger datasets, multi-modal learning, 

and better segmentation approaches, which will ultimately lead to better patient 

outcomes. 
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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