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Abstract -The accurate detection of brain tumor in
Magnetic Resource Imaging (MRI) remains a critical task in
the field of medical image analysis. This research introduces a
novel deep learning approach using Conventional Neural
Network (CNN) for accurate and predictable brain tumor
detection in MRI images. Leveraging the power of CNNs, the
proposed method achieves enhanced accuracy in identifying
tumor boundaries and differentiating tumor regions from
healthy brain tissue. Experimental results, obtained using a
various dataset comprising a large number of annotated MRI
images, demonstrate the superior performance of the proposed
method compared to existing state of the art approaches. The
achieved accuracy, efficiency and specificity validate the
effectiveness of the CNN - based method for accurate brain
tumor detection, thus showcasing its potential as a valuable
tool for reliable clinical decision-making and improved
robustness outcomes.
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1.INTRODUCTION

In recent years, the advancement of Convolutional Neural
Network (CNN) technologies has revolutionized the domain
of medical image analysis, particularly in the field of brain
tumor detection. Magnetic Resonance Imaging (MRI) has
emerged as a pivotal diagnostic tool providing detailed
insights into brain abnormalities.

This study presents a pioneering approach that harnesses
the power of CNN-based methodologies for the precise
detection of brain tumors in MRI images. The primary
objective is to enhance the accuracy and robustness of
existing detection systems, thereby improving diagnostic
efficiency and reducing the likelihood of misdiagnosis.
Primary brain tumors continue to be relatively insensitive to
cancer treatments like radiation and chemotherapy.

The term “Cancer” is generally not applied to brain tumors
since they are not equivalent to most other malignancies that
cause damage and ultimately death through metastasis.

The proposed methodology not only seeks to achieve
superior accuracy in tumor localization and segmentation
but also prioritizes the development of a robust and
adaptable system capable of handling diverse clinical
scenarios. This research aspires to set a new standard in the
domain of brain tumor detection, ultimately contributing to
improved patient outcomes and more effective clinical
decision-making.

2. INTRODUCTION TO CONVOLUTIONAL
NETWORK:

NEURAL

The Convolutional Neural Network (CNN) is a specialized
type of deep neural network designed for processing and
analysing structured grid-like data. It is particularly powerful
for processing visual data such as images and videos. The
fundamental architecture of a CNN includes convolutional
layers, pooling layers, and fully connected layers.

One of the key strengths of CNNs lies in their ability to
learn spatial hierarchies of features, enabling them to
discern complex patterns and structures within the data.
Through the integration of multiple convolutional and fully
connected layers, CNNs can progressively extract high-level
representations, thereby facilitating the classification and
understanding of intricate visual information. CNNs have
proven to be highly effective in tasks such as image
recognition, object detection, image segmentation, and more.
From enabling autonomous vehicles to perceive their
surroundings to facilitating the identification of diseases in
medical imaging, CNNs have revolutionized numerous
industries, underscoring their profound impact on modern
technological advancements.

Their ability to automatically learn hierarchical
representations from raw data and their capacity to capture
spatial dependencies make them well-suited for various
computer vision applications.
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Fig- 1: Schematic diagram of a basic convolutional neural
network (CNN) architecture

2.1 Input Layer:

The Input Layer receives the raw image data, where each
pixel's intensity value serves as the initial input to the
network. The dimensions of this layer correspond to the size
of the input image.

2.2 Convolutional Layers:

The Convolutional Layer applies a set of learnable filters to
the input image. These filter, also known as feature detectors,
slide over the input performing element -wise multiplication
and aggregation to capture specific patterns, such as edges,
textures or other visual features.

2.3 Activation Functions:

The Rectified Linear Unit (ReLU) activation layer
introduces non-linearity into the network between the input
and output and helping it learn complex patterns and
relationships in the data.

2.4 Pooling Layers:

Pooling Layers reduces the spatial dimensions of the
feature maps, effectively down-sampling the data. Common
pooling operations include max pooling and average pooling,
which consolidate the most significant information while
reducing the computational load.

2.5 Fully Connected Layers:

Fully Connected Layers connect every neuron in one layer
to every neuron in the next layer. These layers process the
high-level features obtained from the previous layers and are
responsible for learning complex patterns in the data. They
contribute to the network’s ability to perform classification
and regression tasks.

2.6 Output Layer:

Output Layer produces the final predictions or outputs of
the network such as classification probabilities or regression
values, depending on the specific task the CNN is designed
for Depending on the task, the output layer may consist of
one or more neurons, with each neuron, representing a
specific class or target value.

3. OBJECT DECTECTION

Brain tumor detection refers to the process of identifying
the presence of abnormal growth or mass within the brain.
These tumors can be either benign (non-cancerous0O or
malignant (cancerous) and can arise from various types of
cells within the brain. Early detection of brain tumors is
crucial for timely treatment and improved patient outcomes.

3.1 IMAGING TESTS:

MRI (Magnetic Resonance Imaging): This is one of the most
sensitive imaging techniques for identifying brain tumors. It
provides detailed images of the brain and can detect even
small tumors.

CT (Computed Tomography) scan: It is often used to
identify and abnormalities in the brain structure. Although it
may not be as sensitive as MRI, it is useful for initial
screening and can detect certain types of tumors.

3.2 Brain tumor detection using CNN:

Data collection and preprocessing: Gather a dataset of
brain MRI images with tumor and non-tumor labels.
Preprocess the images by resizing them to a uniform size,
normalizing pixel values and applying any necessary
augmentation techniques to increase the diversity of the
data.

Building a CNN model: Designa CNN architecture suitable
for image classification tasks. This typically includes
combinations of convolutional layers and fully connected
layers. Choose an appropriate loss function and an
optimization algorithm for training the model.

Training the CNN model: Evaluate the trained model on a
separate test dataset to assess its performance accurately.
Calculate metrics such as accuracy, precision, recall, and
efficiency in tumor detection.

3.3 Real-Time Performance:

Real-time performance in the context of brain tumor
detection typically refers to the speed and accuracy to
ensure reliable and precise results at which a system can
identify and analyse potential tumors in the brain.

Real-time performance is critical in the field of brain
tumor detection as it allows for timely and accurate
diagnosis, leading to better patient outcomes and improved
treatment planning. Ongoing research and technological
advancements continue to improve the real-time
performance of brain tumor systems.
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Fig -2: Block Diagram of Proposed system
4.1 Upload the brain images:

Gather a dataset of brain MRI images with tumor and
nontumor labels to detect and classify and can use publicly
available datasets like Brain Tumor Segmentation dataset.

4.2 Preprocessing:

In this module we convert the RGB image into grey scale
image before preprocessing. Preprocessing the images by
resizing them to a uniform size, normalizing pixel values and
applying any necessary augmentation techniques (e.g.,
rotation, cropping, zooming, etc.,) to increase the diversity of
the data.

4.3 Noise removal and irrelevant feature removal:

Remove the noises from images by using filter
techniques. The goal of the filter is to filter out noise that has
corrupted image. Gaussian filter is a low pass filter for
removal of noises from the MRl images and blurring regions
of an image.

4.4 Feature extraction:

Feature extraction is the approximate reasoning method
to observe the tumor shape and position in MRl image using
edge detection method.

4.5 CNN algorithm:

The CNN algorithm shows the promising results in brain
tumor detection. The data attained high statistical accuracy,
precision, efficiency of tumor identification, aiding medical
professionals in making timely and accurate diagnoses for
detecting brain tumors from MRIs.

4.6 Patch extraction:

Patch extraction is the process of dividing the
preprocessed brain MRI images into smaller and localized
regions or patches to analyse and detecting tumors.

4.7 Normal and Abnormal detection:

After the patch extraction process the brain images are
detected it is normal or abnormal and it's analysed by
imaging modalities such as MRI, CT scans or PET scans.
These techniques aid in the accurate and timely diagnosis of
brain tumors, facilitating prompt medical intervention and
treatment planning.

4.8 Statistical region merging techniques:

Statistical region merging aims to propose a path and
provide extensions to miscellaneous problems related to
image segmentation. Resulting in a smaller list and a greater
number of information is collected and compared with the
database and finally abnormality can be detected.

4.9 Disease detection:

Disease detection often involves the identification of
various types of abnormalities, such as tumor, edema and
other pathological conditions.

4.10 Performance evaluation:

It can evaluate the performance to analyse the
effectiveness of our proposed algorithm. Accuracy metric is
used to evaluate the performance of the system. It can be
measured using truly classified pixels.

5. PROPOSED METHOD- CNN (Convolutional
Neural Network)

CNN are a class of deep neural networks commonly
applied to analysing visual imagery. Developing a CNN for
brain tumor detecting using MRI images involves several key
steps.

5.1 Data Collection and Preprocessing:

Gather a diverse set of MRI images with labelled tumor
regions. Preprocess the images to enhance contrast, remove
noise, and standardize dimensions.

5.2 Data Augmentation:

Augment the dataset with techniques like rotation,
flipping and zooming to increase the robustness of the model
and prevent overfitting.

5.3 Model Architecture Design:

Choose an appropriate CNN architecture. Configure the
layers including convolutional, pooling and fully connected
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layers, with appropriate activation functions like ReLU and
normalization layers.

5.4 Training the Model:

Divide the dataset into training and validation sets. Train
the CNN using backpropagation and optimization algorithms
like Stochastic Gradient Descent or Adam. Monitor the
performance metrics like loss and accuracy.

5.5 Hyperparameter Tuning:

Optimize hyperparameters like learning rate, batch size
and regularization techniques such as dropout to improve
model performance.

5.6 Evaluation and Validation:

Evaluate the trained model on a separate test dataset to
assess its generalization capability. Calculate metrics such as
accuracy, precision, recall and F1 score to measure the
model’s performance.

5.7 Interpretability and Visualization:

Utilize techniques like Grad-CAM to understand which
parts of the image the model focuses on during the
classification process, aiding in interpretability and trust.

5.8 Deployment and Integration:

Integrate the trained model into a user-friendly
application for seamless use by healthcare professionals.
Ensure compliance with medical regulations and ethical
considerations.

5.9 Continual Improvement:

Continuously update the model with new data and
monitor its performance over time to adapt to changes in
the distribution of data.

5.10 Ethical Considerations:

Ensure patient data privacy and compliance with
regulations such as HIPAA. Communicate clearly the
limitations and potential biases of the model to healthcare
practitioners for responsible use.

6. MRI - MAGENTIC RESONANCE IMAGING

MRI (Magnetic Resonance Imaging) plays a crucial role in
brain tumor detection. By utilizing powerful magnetic fields
and radio waves, MRI provides detailed images of the brain’s
internal structure, enabling to identify the abnormalities like
tumors. The process involves:

6.1 Image Acquisition:

During the MRI scan, a patient lies within a large,
cylindrical magnet. Radio waves are used to stimulate the
body’s hydrogen atoms, and the energy emitted by these
atoms is detected by the MRI machine to create detailed
images of the brain.

6.2 Tumor Identification:

Trained radiologists examine these MRI images to identify
potential abnormalities in the brain, such as tumor masses
or irregularities in tissue structure. It characterizing the type,
size, location, and extent of the tumor, which is crucial for
treatment planning and monitoring the progression of the
disease.

6.3 Classification and Diagnosis:

Radiologists use various imaging sequences such as
T1weighted, T2-weighted, and contrast-enhanced images to
distinguish between different types of tumors (e.g., gliomas,
meningiomas, metastatic tumors). The images help in
understanding the location, size, and characteristics of the
tumor.

6.4 Distinguishing Tumor from Healthy Tissue:

By contrasting different tissue types, MRI helps
differentiate between healthy brain tissue and abnormal
tumor tissue.

6.5 Integration with Al:

Advanced Al and machine learning techniques, including
Convolutional Neural Networks (CNNs) and image
segmentation algorithms, can assist radiologists in
automating the detection and classification process, leading
to more accurate and timely diagnoses.

6.6 High Resolution Imaging:

MRI provides high-resolution images of the brain,
allowing for detailed visualization of the structure and any
abnormalities, including tumors.

6.7 Monitoring Treatment Response:

It allows healthcare providers to monitor the effects of
treatments, such as surgery, chemotherapy and radiation
therapy, by tracking changes in the tumor size.

6.8 Non-Invasive Nature:

MRI is non-invasive and does not involve the use of ionizing
radiation, making it a safer option for repeated imaging
when compared to other imaging modalities like CT scan
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7. SOFTWARE USED-MATLAB 8.3 TUMOR CLASSIFICATION:

Tumor Classification: Benign

MATLAB is an abbreviation for “Matrix laboratory”. MATLAB
is a popular programming language designed for engineers
and scientists to express matrix and array directly and itis a
numeric computing platform. It is used for a variety of
application, including data analysis, algorithm development,
modelling, simulation, and prototyping. It is widely used in
academic and research institutions, as well as in industry for
tasks such as signal processing, image processing, control
systems and communications.

8. OUTPUT SCREENSHOTS
8.1 INPUT IMAGE:

Input image

8.4 ERODED IMAGE:

eroded image

8.2 FILTERED IMAGE:

Filtered image

8.5 TUMOR OUTLINE:

Tumor Outline
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8.6 DETECTED TUMOR:

Detected Tumer

8.7 PERFORMANCE EVALUATION:

Parformance Evaluation

8.8 HISTOGRAM OF FILTERED IMAGE:

Histogram of Filtered Image
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9. FUTURE WORK

Now we use the 2D convolution method of brain images. In
future work we can extend our work to implement this
approach in advance 3D and 4D images with improved
various segmentation algorithms to predict the neuron states
of brain images. MRI image of tumor diseases in brain
images with improved accuracy rate and easily find out the
disease and predict.

10. CONCLUSIONS

In conclusion, our project on CNN based method for
accurate brain tumor detection in MRI images demonstrate
significant promise, offering improved robustness and
reliability in identifying potential malignancies. The training
accuracy of the proposed 2D CNN was found to be 98% and
the training accuracy of the proposed network was found by
96%.

By harnessing the power of convolutional neural networks,
this approach showcases a sophisticated means of analysing
complex imaging data, paving the way of enhanced precision
in the diagnosis and treatment of brain tumors.

As technology continues to advance, this method holds the
potential to revolutionize the field of medical imaging,
providing clinicians with a vital tool for early and accurate
detection, ultimately leading to more timely interventions
and improved patient outcomes.
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