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Abstract. The rapid technological progress within the discipline of medicine 

has significantly improved the diagnostic method for various diseases, 

providing crucial support to healthcare professionals and ultimately saving 

lives. Advanced technological tools are now being harnessed by health experts 

to make informed decisions in healthcare. Among the challenges faced, brain 

tumor detection stands out prominently. Accurate brain tumor detection and 

localization are essential for timely diagnosis and treatment in medical imaging. 

In this work, we propose an advanced deep learning model using Convolutional 

Neural Networks (CNN) integrated with ResNet-101 for brain tumor detection, 

tumor localization, and classification of missing modality images. The model 

leverages the residual learning capabilities of ResNet-101 for effective feature 

extraction, enhancing the detection of brain tumors even in incomplete or 

missing modality. Additionally, a localization module is incorporated to 

pinpoint the tumor region, improving interpretability for clinical use. The 

proposed model is evaluated and benchmarked against other techniques, with a 

comprehensive performance comparison using important metrics such as 

accuracy, recall, F1-Score and precision. 

Keywords:Brain tumor detection, missing modality, segmentation, localization, 

convolutional neural networks, ResNet-101. 

1 Introduction 

Accurate detection and localization of brain tumors are crucial for the timely 

diagnosis and treatment of patients in medical imaging. Due to the complexity of 

brain tumors and the variability in imaging modalities, advanced computational 

techniques are required to assist radiologists and healthcare professionals in 

identifying and analyzing abnormalities efficiently. Over time, the combination of 

artificial intelligence (AI)and machine learning (ML)[10] has greatly improved 

diagnostic processes in medical imaging. Among these innovations, deep learning 

models, especially those utilizing Convolutional Neural Networks (CNNs), have 

become essential tools for image analysis. This paper presents a novel method that 

incorporates the power of CNNs combined with ResNet-101 to improve brain tumor 

detection, localization, and classification of images with missing modalities [1]. 
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Brain tumors pose a considerable challenge in medical imaging due to their 

heterogeneous nature, irregular shapes, and unpredictable growth patterns. Traditional 

diagnostic methods often rely on the manual interpretation of experienced radiologists, 

which is time-taking and susceptible to human error. Furthermore, missing or 

incomplete imaging data exacerbates the diagnostic process, as these gaps hinder 

accurate tumor detection and classification. To address these issues, the proposed 

model leverages the strengths of residual learning through ResNet-101, a deep neural 

network known for its exceptional feature extraction capabilities. By tackling the 

challenges of incomplete imaging data, the model ensures reliable tumor detection and 

localization, even when imaging conditions are suboptimal. 

The foundation of the proposed method is the integration of ResNet-101 

within the CNN framework. ResNet-101 employs residual connections that alleviate 

the vanishing gradient problem, a common obstacle when training deep networks. 

These connections enable the network to learn hierarchical features more efficiently, 

capturing subtle patterns and textures critical for distinguishing tumors from healthy 

brain tissue. This advanced feature extraction ability ensures that the model excels at 

identifying abnormalities with high precision, even in the presence of complex or noisy 

data. By utilizing the residual learning architecture, the model achieves superior 

performance in cases where traditional CNN models may struggle.  

In addition to its robust feature extraction, the proposed model features a 

localization module that accurately identifies the precise location of brain tumors within 

an image. This module enhances the model’s interpretability, providing clinicians with 

visual cues to better understand the tumor's spatial distribution. Localization is 

especially vital in medical imaging, as it offers insights that can inform surgical 

planning, radiotherapy, and other treatment approaches. The localization module uses 

advanced techniques to accurately delineate tumor regions, ensuring critical areas are 

highlighted while maintaining the model's overall classification accuracy. 

2 Literature Review 

Brain tumor detection is critical in medical imaging, and machine learning techniques, 

particularly deep convolutional neural networks like VGG-16, have demonstrated great 

potential in enhancing accuracy and efficiency. VGG-16, a deep CNN architecture pre-

trained on large image datasets, can be fine-tuned via transfer learning on smaller brain 

tumor datasets to identify relevant features. The work leverages VGG-16 for brain 

tumor detection by pre-processing images to enhance contrast and remove noise, 

extracting features with VGG-16, and using these features to train an SVM classifier to 

distinguish between tumor and non-tumor images. The method achieves over 95% 

accuracy, showcasing its promise in improving diagnostic processes. However, 

limitations include the reliance on pre-trained models, which may not fully capture 

domain-specific features, the need for substantial computational resources, and 

potential performance variation with different datasets or pre-processing methods [2,3]. 

MRI (Magnetic Resonance Imaging) is a critical tool for detecting brain 

tumors, typically followed by biopsy or surgical tissue analysis to determine tumor 
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type. However, this manual process is time-intensive and prone to misdiagnosis if the 

specialist lacks sufficient experience. In this research explores the application of deep 

learning models, including VGG-16/19, Alex Net, Google Net, ResNet, and YOLO, to 

enhance brain tumor detection and diagnosis using MRI images. YOLO was 

specifically implemented to localize tumors in MRI scans and improve classification 

through graphical enhancements, though these steps led to decreased classification 

accuracy. The results indicate that deep learning models can significantly improve the 

speed and accuracy of brain tumor diagnosis. However, limitations in life span 

calculation, such as predicting tumor progression or survival time, remain unaddressed, 

as current models primarily focus on detection and classification rather than prognostic 

evaluation. Further research is needed to integrate life span prediction into deep 

learning-based diagnostic systems [4,5]. 

Brain tumors are cancerous growths in the brain where early diagnosis is 

critical for effective treatment. MRI is commonly used for diagnosis, and deep learning 

techniques such as Convolutional Neural Networks are well-suited for classifying large 

image datasets. Support Vector Machine is another machine learning approach widely 

used for classification tasks. In this classified brain MRI images using pre-trained 

models like Alex Net, VGG-16, InceptionV3, and ResNet50[13]. Additionally, a hybrid 

CNN-SVM model was developed by training CNN and SVM on the same dataset to 

improve accuracy and predictions. While the hybrid approach enhanced classification 

performance, a key limitation is tumor localization. The models focus primarily on 

classification rather than accurately identifying the tumor's exact location within MRI 

scans, which is essential for clinical decision-making and treatment planning. Future 

work should address integrating robust localization mechanisms into the diagnostic 

framework. [6,7]. 

A tumor is the abnormal growth of cells in the human body, with brain tumors 

being particularly severe due to their potential to cause central nervous system issues, 

mental disabilities, muscle paralysis, and even fatal outcomes. Early detection is critical 

to mitigate these effects, but traditional tumor detection using MRI is a time-

consuming, human-driven process prone to errors. To address this, B Shashank Sai 

proposed an autonomous tumor detection model using convolutional neural networks 

for identifying Gliomas. Robust networks like VGG-16 and VGG-19 are employed, 

achieving high accuracy rates of 95% and 96%, respectively. The model enhances 

feature extraction through a deconvolution process on VGG-16, followed by CRF-RNN 

in the final layer for classification, yielding a classification accuracy of 92.3%. 

However, a notable limitation is the model's performance on missing modality images, 

where certain imaging sequences may be unavailable. This affects the classification 

accuracy and reliability, as the model struggles to compensate for the absent data. 

Future research should focus on developing techniques to handle missing modalities 

effectively, ensuring consistent and accurate tumor classification [8,9]. 
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Table 1. Survey of Brain Tumor Research 

Title of the Paper 
Authors and Year of 

the Paper  

Findings in that 

Paper 

Multimodal Brain 

Tumor Segmentation 

Boosted by 

Monomodal Brain 

Images. 

Liu, H., et al [14],2024 This research work 

focuses are to improve 

segmentation of brain 

tumors accuracy by 

combining typical 

brain images with 

multimodal imaging 

data 

Deep Learning for 

Brain Tumor 

Detection and 

Classification. 

Islam, M.K., et al 

[15],2020 

CNN and Deep 

learning offer strong 

tools for automated 

recognition of tumors, 

they have the potential 

to significantly 

advance the area of 

neuro-oncology.   

Machine Learning in 

Brain Tumor 

Detection. 

Balta, S.A., et al 

[16],2020 

Machine learning 

processto identify 

brain tumors, 

including integration 

and possible 

algorithmic 

enhancements with 

other diagnostic tools. 

 

The role of CT 

imaging in brain tumor 

diagnosis 

Khatib, M.M., 

Johnson, A.R., Lee, 

B.S[17], 2018 

CT imaging is 

essential for 

preliminary evaluation 

due to its ability to 

give comprehensive 

images of the brain’s 

structure. 

Although former studies have explored CNN-based brain tumor classification, existing 

approaches challengeswith:Handling missing modality images, Overfitting in fewer-

layered networks (e.g., VGG-16), Limited localization accuracy, Computational 

inefficiencies in large datasets. This study aims to address these gaps by leveraging 

ResNet-101, which enhances feature extraction through deeper residual connections, 

improving classification robustness and localization precision. 
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3 Proposed System  

3.1 Problem Statement 

Existing systems for brain tumor detection and localization primarily rely on manual 

analysis by radiologists, which is time-consuming, error-prone, and often lacks 

consistency. Automated systems utilizing Convolutional Neural Networks, such as the 

VGG-16 architecture have been introduced to address these limitations. These systems 

typically involve preprocessing brain MRI images, extracting hierarchical features 

through VGG-16's convolutional and pooling layers, and classifying the presence of a 

tumor. However, while VGG16 presents a promising solution, it suffers from 

overfitting, high computational costs, and limited robustness to missing or incomplete 

imaging data. Additionally, current methods face several critical limitations, including 

potential inaccuracy in detecting subtle abnormalities, lack of robustness to variations 

in image quality and noise, and insufficient interpretability for pinpointing the exact 

tumor location, which can hinder clinical decision-making and necessitate further 

manual intervention. These challenges highlight the need for more accurate, robust, and 

interpretable systems for effective brain tumor detection and localization. 

3.2 ResNet-101Model 

The implementation of the proposed brain tumor detection and localization framework 

using CNN ResNet-101 involves several key steps, leveraging its advanced architecture 

to handle both complete and missing modality images effectively. Below, we outline 

the methodology in detail: 

Dataset Preparation:The framework begins with the collection and preprocessing of 

a comprehensive brain imaging dataset. The dataset includes MRI scans with 

annotations for tumor regions, encompassing both complete and missing modality 

images. Preprocessing involves normalization, resizing of images to a uniform 

dimension, and data augmentation techniques such as rotation, flipping, and cropping 

to increase the diversity of training samples. 

Model Architecture:The core of the framework is the integration of ResNet-101 into 

the CNN architecture. ResNet-101, with its 101-layer deep residual network, is utilized 

for robust feature extraction. The residual connections address vanishing gradient 

issues and enable the learning of hierarchical features essential for tumor detection. The 

architecture is further enhanced by incorporating a localization module, which uses 

feature maps to predict the spatial distribution of tumors within the brain images. 

Handling Missing Modalities: To address missing modality scenarios, the model 

employs a hybrid strategy that uses residual learning to compensate for incomplete data. 

Feature extraction layers are optimized to identify critical patterns even in the absence 

of certain imaging modalities. Data imputation techniques are also explored to 

reconstruct missing modalities during training, ensuring the model generalizes 

effectively across diverse inputs. 

Evaluation Metrics:The framework’s performance is evaluated using metrics like 

accuracy, recall, F1-score and precision. These metrics offer a comprehensive 
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understanding of the model’s capacity to identify and localize tumors effectively. 

Additionally, visualizations of localization outputs are analyzed to validate the model’s 

interpretability. 

Through this structured methodology, the CNN ResNet-101 framework is 

positioned as a robust solution for brain tumor detection and localization, addressing 

the challenges of incomplete imaging data while maintaining high precision and 

interpretability. 

3.3 Architecture 

 
 

 

Fig. 1.Flow diagram of Proposed Model for Brain Tumor Detection. 

The architecture presented outlines a workflow for brain tumor detection and 

localization using a Convolutional Neural Network, specifically ResNet-101 in Fig. 1. 

The process begins by loading a dataset of brain images, followed by preprocessing 

tasks such as resizing, normalization, and augmentation to prepare the data for the 

network. Once the images are preprocessed, they are fed into the ResNet-101 model, 

which is known for its ability to extract deep features from complex image data. This 
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model is primarily used for tumor detection, where it analyzes the images and identifies 

the presence of a tumor. Additionally, the system is equipped to handle missing 

modalities, ensuring robust performance even when certain imaging data, such as MRI 

or CT scans, are incomplete. 

After the model analyzes the input data, it performs feature extraction to 

capture important patterns associated with tumors. For new, unseen images, the system 

performs tumor detection and, if a tumor is present, localizes it within the brain by 

pinpointing its exact location. The system’s performance is evaluated using standard 

metrics like accuracy, precision, recall, and F1-score, ensuring the model's 

effectiveness in both detecting and localizing tumors.  

Key components of this architecture include the use of ResNet-101 for feature 

learning, robust handling of missing modality data, and tumor localization, all of which 

contribute to a systematic and effective approach to brain tumor analysis. 

3.4 Algorithm of Proposed System 

Input: Dataset of brain images 

Output: Performance metrics (Accuracy, Precision, Recall and F1-score) 

Load Dataset: 

Load the brain images from the dataset. 

Divide the dataset into training and testing sets. 

Data Preprocessing: 

Preprocess the images. 

Resize images to a uniform size. 

Normalize pixel values. 

      (1) 

Perform data augmentation (if applicable).  

                                       (2) 

Feature Extraction: 

Apply a Convolutional Neural Network like ResNet-101 to extract features from the 

preprocessed images. 

Handle Missing Modality: 

If any modality (e.g., MRI, CT) is missing in the test image, handle it appropriately. 

Impute missing data using techniques like interpolation or generative models. 

If a modality Mj  is missing in the test data, impute or adapt using interpolation: 
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(3) 

Use a multimodal model that can handle missing data. 

Tumor Detection: 

Pass the test image through the trained CNN. 

Use the extracted features to classify the image as having a tumor or not. 

Perform binary classification using a trained model  

Tumor Localization: 

If a tumor is detected: Use a localization technique (e.g., bounding box regression, 

segmentation) to identify the location of the tumor within the image. 

Performance Evaluation: 

Evaluate the model's performance using the following metrics: Accuracy - Precision - 

Recall - F1-Score. 

              (4) 

where TP = True Positives, TN = True Negatives, FP = False Positives, FN = False 

Negatives. 

                             (5) 

(6) 

            (7) 

4 Results Analysis 

4.1 Environment 

The implementation of brain tumor detection, localization, and lifespan calculation 

requires a robust computational setup and Python environment. The proposed deep 

learning model employs Convolutional Neural Networks integrated with ResNet-101, 

leveraging its residual learning capabilities for effective feature extraction. A high-

performance PC with a minimum configuration of an NVIDIA GPU (e.g., RTX 3090 

with 24GB VRAM or equivalent) is recommended for efficient model training and 
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inference. The system should include at least 8GB of RAM, a multi-core processor 

(e.g., Intel i9 or AMD Ryzen 9), and SSD storage for fast data processing and model 

checkpointing. The Python environment should include Python 3.8 or higher, with 

libraries such as TensorFlow 2.x, PyTorch, scikit-learn, OpenCV, NumPy, pandas, and 

matplotlib. Additionally, CUDA and cuDNN must be installed for GPU acceleration. 

This configuration ensures seamless execution of the CNN-ResNet-101 model for 

accurate brain tumor detection, localization, and handling of missing modality images, 

facilitating reliable and interpretable medical imaging outcomes. 

4.2 Dataset Description 

The image describes a brain tumor dataset comprising 2589 images categorized into 

two classes: normal and malignant. This dataset has undergone preprocessing, likely 

involving image resizing, normalization, and feature extraction, to train a 

Convolutional Neural Network model for brain tumor detection. The model's training 

accuracy is visualized in Fig. 2. The interface allows users to upload new images in a 

zip file for classification. The model then analyzes the uploaded image and predicts the 

presence or absence of a brain tumor. This dataset and associated model have the 

potential to aid in early brain tumor detection and diagnosis, with their effectiveness 

contingent on the dataset's quality, training process, and model complexity. 

4.3 ResNet-101 Model Accuracy 

 

Fig. 2.Accuracy and Loss Performance for Brain Tumor Detection. 

In Fig. 2 illustrates the training performance of a CNN ResNet-101 model for brain 

tumor detection. The red line represents the loss function, which steadily decreases over 

training epochs, indicating that the model is learning to make better predictions. 

Conversely, the green line shows the accuracy, which increases gradually, 

demonstrating that the model is becoming more adept at correctly classifying brain 

tumor images. The initial rapid decrease in loss and subsequent plateau in accuracy 

suggest that the model has reached a point of diminishing returns, where further training 

might not yield significant improvements. 
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4.4 Brain Tumor Detection 

 
 

Fig. 3.Represents Detection and Localization of Brain Tumor. 

The ResNet-101 model, as demonstrated by the brain test image, accurately detects and 

localizes a brain tumor, outlining it with a blue circle. Furthermore, it predicts a patient 

lifespan of 5 months, likely influenced by learned factors like tumor size, location, and 

type. This model's ability to provide not only tumor presence and location but also a 

potential lifespan estimates in Fig. 3. This empowers healthcare professionals with 

valuable insights for informed treatment strategies and patient care management. 

4.5 Comparative Analysis 

Table 2. Comparison of ResNet-101, VGG-16 AND CNN Model Performance. 

Performance 

Metrics 
CNNResNet 101 

CNN VGG-16 CNN  

Accuracy 98.26 95.23 87.42 

Precision 97.71 93.27 89.24 

Recall 98.61 93.72 89.24 

F1-score 98.16 94.22 89.16 

The Table2. compares the performance of three neural network models—CNN ResNet-

101, CNN VGG-16, andCNN model—acrosskeymetrics. CNN ResNet-101 

outperforms the other models with the highest accuracy (98.26%), precision (97.71%), 

recall (98.61%), and F1-Score (98.16%), indicating its superior ability to classify brain 

images accurately and consistently. CNNVGG16[11]performs well with an accuracy 

of 95%, precision of 93.27%, recall of 93.72%, and an F1-Score of 94.22%, though it 

slightly lags behind ResNet-101 in all metrics. CNNAugment [12] has the lowest 

performance, with an accuracy of 87.42%, precision and recall both at 89.24%, and an 

F1-Score of 89.16%, suggesting it is less effective than the other models in detecting 

and classifying tumors. 
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Fig. 4.  Performance Comparison for Existing and Proposed Models. 

The Fig. 4 presents a performance comparison of three Convolutional Neural Networks: 

ResNet-101, VGG-16, and CNN model, across four performance metrics: Accuracy, 

Precision, Recall, and F1-score. Overall, ResNet-101 consistently outperforms VGG-

16 and CNN in all metrics, achieving the highest values in Accuracy, Precision, Recall, 

and F1-score. VGG-16 shows a slightly better performance than CNN in Accuracy and 

Precision, while CNN model exhibits a marginally better performance in Recall and 

F1-Score. This suggests that ResNet-101 is the most effective model for this particular 

task, offering a good balance between accuracy, precision, and recall. ResNet-101's 

deeper architecture and residual connections enable it to extract complex features, 

enhancing its generalization capabilities. Addressing missing modality challenges, 

strategies such as data augmentation, multi-task learning, and transfer learning can 

further improve model robustness and performance, ensuring reliable tumordetection 

and lifespan prediction despite incomplete imaging data. 

5 Conclusion 

In this research work, we introduced an advanced deep learning model that combines 

Convolutional Neural Networks with ResNet-101 to improve brain tumor detection, 

localization, and classification of images with missing modalities. By leveraging the 

residual learning capabilities of ResNet-101, our model effectively extracts features, 

enhancing tumor detection even in scenarios with incomplete or missing imaging data. 

The incorporation of a localization module further improves interpretability, allowing 

clinicians to pinpoint tumor regions within the images. Experimental results 

demonstrate that the CNNResNet-101 model outperforms traditional methods, 

achieving high accuracy, precision, recall, and F1-scores in both complete and missing 

modality images. The model’s ability to localize tumors without compromising 

classification performance marks a significant improvement in brain tumor detection 

and localization under challenging conditions. 
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6 Future Enhancements 

While the proposed model demonstrates strong performance, there are several 

opportunities for future enhancement. First, the model can be further optimized to 

handle even more complex medical imaging conditions, such as images with significant 

noise or artifacts. The integration of additional modalities, including functional MRI or 

positron emission tomography (PET) scans, could potentially improve tumor detection 

and classification accuracy by providing more comprehensive data. Moreover, 

incorporating a multi-scale approach could enhance the model’s ability to detect tumors 

at various sizes and locations within the brain. Future work could also explore the use 

of explainable AI techniques to increase the interpretability of the model, allowing 

clinicians to better understand the reasoning behind tumor detection and localization. 

Finally, the model could be extended to support real-time brain tumor detection in 

clinical environments, aiding in the faster diagnosis and treatment of patients. 
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