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Abstract

Accurate and timely diagnosis of brain tumors is vital for improving patient outcomes
and guiding treatment. Traditional diagnostic methods can be subjective and inconsistent,
making automated systems that use deep learning and machine learning technologies essential.
This research develops a Python-based system using Matplotlib, Pandas, NumPy, TensorFlow,
Keras, and OpenCV for brain tumor classification. OpenCV handles MRI image preprocessing
tasks such as segmentation and normalization, which are crucial for accurate analysis.
Convolutional Neural Networks (CNNs) implemented with TensorFlow and Keras offer
precise tumor classification. NumPy supports data handling, pandas manages dataset
organization, and Matplotlib produces visual representations of the results. The Brain Tumor
Segmentation (BraTS 2021) dataset is used for training and testing. The performance is
measured using accuracy, precision, recall, and F1-score. The CNN models like ResNet 50,
Inception-V3, EfficientNetB3 and VGG16 is compared in the study to conclude with the
optimal method to improve classification robustness. This study would enhances diagnostic
tools in medical imaging by identifying an optimal algorithm for precision medicine, aiming
for early diagnosis, improved treatment outcomes, reduced workload for healthcare

professionals, and better public health.
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Automated Brain Tumor Detection and Classification

1. Introduction

The complexity of brain tumors and the essential need for early and accurate diagnosis
pose significant challenges in treatment, whether the tumors are benign or malignant.
Traditional diagnostic methods, which often involve manual review of MRI scans by
physicians, can be subjective and may lead to inconsistent results. These approaches are
typically time-consuming and reliant on the expertise of radiologists, potentially causing
variations in diagnoses. With the rise of machine learning (ML) and deep learning (DL)
technologies, there is a significant opportunity to develop automated and objective
classification systems. By adopting these innovative techniques, we can improve diagnostic
accuracy, minimize variability, and support early detection, thereby enhancing patient
outcomes. This research aims to develop an automated, precise, and effective approach for
classifying brain tumors using advanced machine learning (ML) and deep learning (DL)
methods and increase precision and diagnostic accuracy, enhancing the accuracy of brain tumor

classification. [1,2]. Figure 1 depicts the structure of the human brain.
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Figure 1. Basic Structure of the Human Brain

2. Related Work

Numerous studies have explored various approaches to brain tumor classification,
ranging from traditional imaging processing techniques to advanced machine learning (ML)
and deep learning (DL) models. These methods involve segmenting images and extracting
features using manually defined techniques. Common approaches include edge detection,

thresholding, and morphological operations for tumor segmentation and detection [1-3].
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Machine learning approaches such as Support Vector Machines (SVM), Random
Forests, and k-Nearest Neighbors (k-NN), three classic ML methods, have been used to analyze

brain tumor categorization, often utilizing manually extracted features [7-9].

The introduction of Convolutional Neural Networks (CNNs) has transformed medical
image analysis, offering cutting-edge performance across various tasks. CNNs automatically
learn hierarchical features from raw image data, making them highly effective for complex

pattern recognition tasks [4-6].

While significant progress has been made, current techniques continue to face
challenges related to subjectivity and unpredictability in tumor classification. Conventional
methods lack scalability and require manual intervention, which limits their effectiveness.
Although machine learning techniques offer greater automation, they still depend on manually
extracted features and may not capture all relevant details. Deep learning models have
demonstrated high effectiveness, yet they often require large annotated datasets and substantial
computational resources. This study aims to address these challenges by identifying an optimal
method that enhances the accuracy in classification leading to early diagnosis, improved

treatment and reduced work load.

3. Proposed Work

The flowchart in Figure 2 below shows the work flow of the proposed

Dataset
Collection

> Preprocessing ||+ Opencv
* ResNet50,
Model Inception-V3,
ini EfficientNet83
Training and VGG16
D Evaluation

* BraT52021

Figure 2. Flowchart for Brain Tumor Detection and Classification
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3.1 Dataset Description

The Brain Tumour Segmentation (BraTS 2021) is used in the research. It is made up of
a collection of MRI images from several patients, each with ground truth annotations for
different kinds of brain tumors, including both low- and high-grade. The dataset consists of
multimodal MRI scans (including FLAIR, T1, T1Gd, and T2), providing thorough data for
precise tumor examination. The Figure.3 below shows the samples of the dataset used in the

study

Figure 3. Sample Dataset [11]

3.2 Data Preprocessing

Efficient preprocessing is essential for precise classification. MRI intensity
measurements are standardized to ensure uniformity across scans and imaging techniques.
Tumor areas are isolated using OpenCV from adjacent brain tissue, focusing the analysis on
relevant regions. This stage involves methods like contouring, morphological processes, and
threshold detection to accurately delineate the tumor boundaries. To achieve consistent
intensity values across MRI images, pixel intensity data are normalized using z-score
normalization and min-max scaling. Accurate delineation of tumor regions is essential.
OpenCV functions are employed for tasks such as contour detection, image thresholding, and
morphological operations (e.g., dilation and erosion) to separate tumor areas from surrounding

brain tissue.
3.3 CNN Models

Convolutional Neural Networks (CNNs): CNNs are utilized to enhance image
recognition. Their architecture generally includes several convolutional layers, pooling layers,
and fully connected layers to identify intricate patterns in MRIs. Models like ResNet 50,
Inception-V3, EfficientNetB3 and VGG16 are compared for tumor classification. Transfer

Learning enables these pre-trained models which were initially trained on large datasets like

ISSN: 2582-2640 344



Sathis Kumar.T, Amirtha.V, Srimathi.E, Yuvasri.B

ImageNet to be fine-tuned with the BraTS 2021 dataset this improves the classification

accuracy and generalization.
3.4 Framework and Tools

Pandas: Manages datasets, including tasks such as data reading and writing, handling

missing values, and performing preliminary analysis.

NumPy: Enables efficient mathematical operations, including array manipulations,

matrix operations, and statistical computations.

Matplotlib: Used for creating plots, histograms, and other graphical representations of
data and results.

OpenCV: Applied for image processing tasks, including segmentation, augmentation,

and normalization.

TensorFlow and Keras: Provide a comprehensive framework for building and training

CNNs, essential for

4, Results and Discussion

Experiments were carried out with high-performance GPUs to accelerate the testing and
training procedures. The software ecosystem consists of Keras, TensorFlow, and related

libraries. The specifics of the setup are as follows:

High-performance GPUs, such as the NVIDIA Tesla or RTX series, to speed up the
training process. The pretrained CNN models were imported from the Keras and fine-tuned on
the BraTS 2021 dataset using transfer learning, in addition, essential libraries like pandas,
NumPy, and OpenCV were used for data analysis and processing. 80% of the dataset was used
for training and 20 % of the dataset was used for testing. The hyperparameters used in training

are listed in the Table.1 below.

Table 1. Hyperparameters Used

Hyperparameter Values
Learning Rate le-4 (decay to le-6) except
EfficientNetB3 (decay to le-7)
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Epochs 50
Dropout 0.5
Loss Function Categorical Cross-Entropy

Transfer learning has proven effective for brain tumor classification using CNN models.
Results from the BraTS 2021 dataset are summarized below. The model was evaluated on the
performance metrics such as accuracy, Precision, F1-score, and recall and the results are
summarized below. Table 2 compares precision, accuracy, recall, and F1-score for ResNet50,
InceptionV3, EfficientNetB3 and VGG16.

Table 2. Performance Scores of CNN Models

Model |Accuracy|Precision| Recall |F1-Score

InceptionV3| 86.2% | 84.3% | 85.1% | 84.5%

EfficientNet | 88.5% | 86.3% | 87.2% | 86.8%
B3

VGG16 83% | 81.56% | 82.14% | 81.8%

ResNet 50 84% | 83.78% | 84.25% | 83.9%

ResNet50, works well for image classification, but it doesn't perform as well as newer
models. InceptionV3 is a bit better than ResNet50 because it has a more complex design and
deeper layers. EfficientNetB3 provides the best out of these models, as it is well-optimized,
giving high performance while being efficient. It generally shows better accuracy and
generalization. VGG16, although simple and often used as a starting point, performs worse than
ResNet50, InceptionV3, and EfficientNetB3, especially on more complicated datasets like

BraTS 2021. The Table. 3 shows the misclassification rate of the each model

Table 3. Misclassification Rate

CNN Models | Misclassification
Rate

InceptionV3 13.8%

EfficientNetB3 | 11.5%

VGG16 17%
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ResNet 50 16%

The misclassification rates represent the proportion of instances in which each model
fails to accurately predict the correct class. Among the models evaluated, EfficientNetB3 and
InceptionVV3 demonstrate superior performance, exhibiting lower error rates. In contrast,
VGG16 shows relatively higher misclassification rates, indicating a greater tendency to

misclassify instances compared to the other models.

5. Future Work

The future work of the research aims to advance tumor analysis through several
innovative approaches. The exploration of advanced models, such as U-Net, focuses on
enhancing segmentation capabilities. The integration of multimodal data, incorporating
modalities like PET imaging, seeks to enable a more comprehensive analysis of tumors.
Additionally, the development of real-time analysis methods strives to provide solutions for the
immediate classification and diagnosis of tumors, thereby facilitating timely clinical decision-

making.

6. Conclusion

This research depicts how well deep learning methods work for classifying brain
tumors. The study accomplished high tumour classification accuracy by using a Python-based
system that makes use of CNNs and transfer learning, The results have a significant effect on
the field of the healthcare and medical imaging. The effectiveness of the CNN-based strategy
creates opportunities for more study in the fields of advanced diagnostic technologies and
precision medicine. Moreover, the applicability of this technique extends beyond brain tumor
classification, with the potential for broader use in medical imaging. This work paves the way
for future advancements in automated medical image processing, contributing to the ongoing

development of more accurate and efficient diagnostic tools.
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