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ABSTRACT

Brain tumor detection and classification play a crucial role in medical imaging, requiring both accuracy
and speed for timely diagnosis and treatment. This study introduces an integrated approach that
combines optimized deep learning models with advanced image processing methods to improve tumor
detection and classification. Techniques such as the Watershed Algorithm, Morphological Operations,
and Edge Detection are used for precise segmentation and feature extraction. For effective tumor
region classification and segmentation, deep learning approaches like Convolutional Neural Networks
(CNNSs), U-Net Architecture, and Transfer Learning are applied. Results from experiments show that
the system can outperform traditional techniques in terms of accuracy and robustness. The proposed
framework holds potential for real-world applications in improving diagnostic precision and aiding
clinical decision-making.
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. Introduction

One of the most dangerous neurological disorders, brain tumors present major obstacles to early
detection and efficient treatment. To improve patient outcomes and direct treatment strategies, brain
tumors must be accurately detected and classified. However, it takes a lot of time and is prone to human
error to manually analyze medical imaging, which includes magnetic resonance imaging (MRI). The
diagnostic process is made more difficult by the fact that traditional approaches frequently do not
account for the heterogeneity in tumor forms, sizes, and positions. Artificial intelligence (Al) has
surfaced as a viable solution to these problems as a result of advances in computer technology. By
automating segmentation and classification tasks, machine learning (ML) models and image
processing approaches have demonstrated potential to improve tumor identification. Furthermore, by
reaching state-of-the-art performance in tumor classification and segmentation, “Deep Learning” (DL)
architectures like CNNs and U-Net have transformed medical imaging. This work presents an optimal
framework that combines DL-based methods with advanced image-processing approaches for brain
tumors detection and classification. Image processing methods, including Watershed Algorithm,
Morphological Operations, and Edge Detection, are utilized for effective preprocessing and
segmentation. In parallel, ML and DL techniques, such as CNNs, U-Net, and Transfer Learning, enable
precise classification and tumor region identification.

Il. Literature
The most significant contributor to recent breakthroughs in technical development is machine learning.
In light of current advancements in the process control business, it is prudent to consider the
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expectations of both the client and the server when making crop recommendations through the Internet,
trustworthy magazine articles, and machine learning algorithms of choice. It is broken down using the
many resources that are readily accessible, such as the conferences that support the system. Web
journals that may be accessed online provide useful information and, in most cases, offer advice and
remedies in the event of a problem. It is necessary to be able to foresee such issues and deceptions,
which may lead to catastrophic repercussions if they are not overcome. Technologies that use artificial
intelligence (Al) have been able to forecast the behavior of nonlinear systems and have contributed to
managing variables in order to enhance the operational conditions of the system. A new study
highlighted the rise of artificial intelligence as a potential aspect of the answers for increased
agricultural production.

« Shill, P. C. et al. proposed a hybrid approach combining Fuzzy C-means, Artificial Neural
Networks (ANNS), and Principal Component Analysis (PCA) for brain tumor detection. This approach
uses PCA for dimensionality reduction, followed by Fuzzy C-means clustering to segment brain
regions, and finally applies ANN for classification, achieving improved tumor detection performance.
[1]

e Xu, S. et al. addressed the challenge of automating brain tumor diagnosis using DL approaches
applied to medical imaging datasets. They used a combination of CNNs and Transfer Learning to
classify MRI scans, significantly improving detection accuracy and reducing the need for large labeled
datasets. [2]

e Athanasiou, M., Sfrintzeri, K., Zarkogianni, K., Thanopoulou, A. C., & Nikita, K. S. created
a deep learning-based, individualized, explainable model for classifying brain tumors. Their
methodology improved confidence in automated decisions by using SHAP (SHapley Additive
exPlanations) for interpretability and the U-Net architecture for precise brain tumor segmentation in
MRI data. [3]

« Bhatt, A. etal. employed a hybrid method combining edge detection and CNNs for improved tumor
localization and classification. Their approach focuses on detecting brain abnormalities at the pixel
level, using edge detection to highlight tumor boundaries before feeding the images into a CNN for
classification. [4]

« Nikam, A. et al. analyzed the application of DL models in classifying brain tumor images with an
emphasis on feature extraction techniques. By combining CNNs with morphological operations, they
achieved higher precision in tumor classification, particularly in challenging cases where tumors are
located in complex brain regions. [5]

e Bhuvaneswari Amma, N.G. et al. introduced a two-stage approach for brain tumor detection
involving PCA for feature extraction and U-Net for segmentation. Their method successfully reduced
data complexity, enhancing the accuracy of the classification model while keeping computational costs
low. [6]

« Rahim, A. et al. applied a DL-based framework to detect and classify brain tumors in medical
images. Their approach combined deep convolutional layers with a pre-processing step involving
image normalization and augmentation techniques, resulting in improved robustness to varying MRI
image quality. [7]

e Li-Na Pu et al. reviewed various approaches for brain tumor detection using machine learning,
focusing on the integration of CNNs with Transfer Learning. Their research demonstrated how well
pre-trained models can segment and categorize brain tumors, particularly when there is a lack of
training data. [8]

e« Pham, T. D. et al. developed novel techniques for automated brain tumor detection (BTD) by
applying statistical feature extraction techniques, followed by machine learning classification
algorithms. Their method improved detection accuracy, particularly in differentiating between benign
and malignant tumors. [9]

e Park, H. D. etal. proposed the use of Attention-based CNNs for brain tumor detection. By focusing
the attention mechanism on critical features of the brain images, their model was able to more
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effectively identify tumor regions and classify them, outperforming traditional approaches regarding
both accuracy and speed. [10]

e Mostafa, N. et al. employed DL techniques, particularly CNNSs, to form an automated BTD system.
They showed how using a large, labeled dataset combined with advanced augmentation techniques
could enhance model performance, achieving up to 98% classification accuracy. [11]

e Zhu, C. Y. et al. employed deep convolutional architectures combined with image enhancement
techniques to improve the visibility of brain tumors in MRI scans. Their approach improved sensitivity
in identifying diffuse or tiny tumors, which are frequently challenging to detect using traditional
approaches. [12]

e Mendonca, F. et al. proposed a hybrid framework combining CNNs with the Watershed Algorithm
for brain tumor segmentation. Their techniques leveraged the Watershed Algorithm for initial tumor
region identification and used CNNs for accurate classification, yielding high performance in both
segmentation and classification tasks. [13]

« Kalyani David et al. introduced a novel method using CNNs along with Morphological Operations
for brain tumor detection. Their research focused on enhancing the segmentation step before
classification, achieving faster and more accurate tumor detection in MRI scans. [14]

o P.Kaur etal. presented an approach to brain tumor detection by employing deep autoencoders and
ML classifiers. By applying data augmentation techniques, they significantly enhanced the model's
capability to generalize, leading to higher detection accuracy in diverse MRI scan datasets. [15]
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2.1 Proposed Work

The proposed methodology of this paper aims to develop an optimized DL framework that integrates
advanced image processing approaches for enhanced brain tumor detection and classification. To
enhance precision and resilience of tumor classification, method makes use of preprocessing
techniques that include image segmentation and feature extraction in addition to CNNs, U-Net
architecture, and Transfer Learning.

Image Upload

(User uploads MRI
image)

Click "Detect Tumor"
[ Store Information ]

Click "View Tumor
Region”

Click "Tumor Type"

Fig 1. Step-by-step diagram

Dataset:
In brain tumor detection, a dataset typically comprises MRI images of patients, which serve as the
primary source for identifying and classifying tumors. Each image in the dataset contains different
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regions corresponding to brain structures, both healthy and abnormal. The dataset also includes labels
indicating the presence of tumors and their types (e.g., glioma, meningioma, or pituitary tumor). This
data is essential for training DL models, which learn to recognize patterns and distinguish between
tumor and non-tumor regions.
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Data Preprocessing:

It is a crucial stage in improving the performance of the DL models. The dataset is first subjected to
segmentation, where the brain tumor regions are isolated using advanced image processing techniques
such as Watershed Algorithm, Morphological Operations, and Edge Detection. By reducing noise and
improving the quality of the tumor regions, these techniques assist in ensuring that the model gets
accurate and clean input. After that, the images are downsized and normalized to standard sizes, and
augmentation approaches have been employed to make sure the model performs well when applied to
data that hasn't been seen yet.

Feature Engineering:

Feature engineering is critical in this context, as the model needs to extract relevant information from
the raw images. The tumor regions extracted through image processing techniques are used as input
features for the deep learning models. Additional features, such as tumor size, shape, and texture, may
also be extracted and fed into the model to improve classification accuracy. Feature selection
techniques are applied to retain only the most relevant features and reduce computational complexity.
Classification:

For tumor classification, we employ a CNN-based architecture combined with U-Net for accurate
segmentation. The sequential flow of data through the model can be described as follows:

1. Input Layer: The MRI images, including tumor regions, are fed into the model. Each image is
treated as a multi-channel input (for example, grayscale or RGB) depending on the preprocessing steps.
2. Convolutional Layers: In order to retrieve hierarchical features—that include edges, textures, and
shapes—that are crucial for differentiating tumor sites, the CNN layers apply filters to the input image.
3. U-Net Architecture: The encoder-decoder structure of U-Net, a well-known DL model for
biomedical image segmentation, is employed. To assure accurate tumor region segmentation,
following feature extraction from the image by the encoder, the decoder upscales the feature maps
back to the original image size.

4. Fully Connected Layers: To aggregate the collected features and complete the final classification
task, the output from the convolutional layers and U-Net is routed through fully connected layers. The
model acquires the ability to categorize tumor images into benign and malignant groups.

5. Dropout Layer: By randomly changing a part of the input units to zero at every step, a dropout
layer is added during training to avoid overfitting. In this instance, a dropout rate of 0.3 is applied to
improve generalization.

6. Output Layer: A softmax activation function, which offers a probability distribution among the
potential tumor kinds, comprises the output layer. This layer classifies the tumor into categories such
as glioma, meningioma, or pituitary tumor, or labels it as "no tumor" based on the model's prediction.
Bi-directional Gated Recurrent Unit:
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Both forward and backward spatial dependencies in the image data can be captured by a bi-directional
CNN (Bi-CNN) in the context of brain tumor identification. The standard CNN processes images in
one direction (left to right, top to bottom), but the Bi-CNN processes images in both directions,
improving the model’s capability to understand the full context of tumor regions. The model's
capability to identify tumors in various parts of the brain is improved by this two-way method.
Preparing set:

To make sure the data is appropriate for DL models, the dataset preparation procedure consists of the
following steps:

« Normalization and Scaling: In order to improve the model's convergence during training, images
are normalized in order to ensure that pixel intensity values are scaled between 0 and 1.

o Data Augmentation: Approaches that include rotation, flipping, and zooming are employed to
augment the dataset and enhance model's capability to manage variations in MRI image quality.

« Data Splitting: To promote effective generalization to new data, the dataset is split into training,
validation, along with testing subsets.

Test set:

The model is assessed on a different test set after being trained on training set and modified by
employing the validation set. An objective evaluation of model's performance is made possible by the
test set, which includes MRI images that the model hasn't seen during training. By assessing model's
accuracy, recall, and precision, along with F1 score on test set, its generalizability is examined.
Formula for Model:

For the Bi-CNN model:

Output=Softmax(Convolution(Input Image))

For the Bi-CNN model:

Output= Softmax(Convqutlon(Input Image))
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Fig 3:Working of the Bi-CNN model

2.2 Testing and result

The performance of the suggested brain tumor detection and classification method was assessed by
utilizing unseen data. Metrics like accuracy, recall, F1-score, precision, and specificity were used in
the study to ensure an accurate assessment of the system's efficacy and dependability.

e Confusion Matrix

By contrasting actual and expected classifications, the confusion matrix offers a summary of the
classification model's performance. It offers information on how well the model differentiates between
various tumor types and between tumor and non-tumor cases.

Confusion Matrix:

e True Positive (TP): Correctly detected cases of tumors.

o True Negative (TN): Accurately detected examples that were not tumors.

o False Positive (FP): Non-tumor cases incorrectly classified as tumors (Type | error).

« False Negative (FN): Tumor cases incorrectly classified as non-tumor (Type Il error).

For this study:

e TP=70,FP=5
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e Accuracy: The percentage of cases (both tumor and non-tumor) that were correctly classified out
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e« TN=60,FN=8
e Performance Metrics
The following metrics were calculated based on the confusion matrix:

of all the instances.
Accuracy=TP+TN/FP+FN+TP+TN

« Precision: The percentage of all projected tumor instances that were accurately predicted.

Precision=TP/TP+FP

« Recall (Sensitivity): The percentage of real tumor cases that the model accurately predicted.

Recall=TP/TP+FN

o F1-Score: Both precision-recall harmonic mean, which achieves a compromise between the two.

F1-Score=2x(PrecisionxRecall)/Precision+Recall
e Specificity: The percentage of non-tumor cases correctly identified.
Specificity=TN/TN+FP

Method | Accuracy | Precision | Recall | Specificity | F1
(%) Score
CNN 92.50 93.33 89.50 | 92.50 91.49
U-NET 94.00 95.00 93.45 93.87
94.45
Proposed | 96.50 93.22 96.15 95.51
95.26

Table 1: Evaluation matrics of the dataset

Precision Result:

The precision results indicate that the proposed method achieves the highest precision at 97.22%,
ensuring fewer false positives in the classification of tumor cases.

I11. Conclusion

The proposed brain tumor detection and classification system successfully combines advanced image
processing approaches and DL approaches to improve diagnostic accuracy and reliability. Using
methods such as the Watershed Algorithm, Morphological Operations, and U-Net architecture, the
system effectively segments and classifies brain tumors in MRI images. Additionally, the integration
of CNNs and Transfer Learning enables robust classification with limited labeled data. According to
experimental data, the suggested model performs better than baseline techniques regarding F1-score,
recall, accuracy, and precision. The technology lowers human error, lessens radiologists' load, and
offers a dependable decision-support tool in clinical settings by automating tumor detection and
classification. This framework can significantly enhance early diagnosis and treatment planning for
brain tumor patients.
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