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Abstract : This research work presents a novel approach to medical image analysis, introducing
a YOLO-based instance segmentation model specifically tailored for neurological conditions in
brain scans. By leveraging state-of-the-art deep learning techniques, the proposed model aims to
not only detect but also precisely delineate anomalies such as tumors and lesions within these
images.Through the adaptation of the YOLO architecture for instance segmentation, we enable
real-time detection and accurate outlining of abnormalities, providing clinicians with valuable
insights for diagnosis and treatment planning.The significance of this development lies in its
potential to revolutionizeneurology by enhancing the accuracy and efficiency of medical image
analysis, ultimately leading to improved patient care and outcomes. With the automation
capabilities of our model, healthcare professionals can streamlinetheir workflow, dedicating
more time to patient interaction and decision- making. This research work represents a
significant step forward in the integration of deep learning technologies into clinical practice,
promising to advance diagnostic capabilities and transform patient care in neurology and beyond.
Keywords: YOLO,CNN, Brain Tumors, Segmentation.

1. INTRODUCTION

The introduction of this project highlights the critical importance of accurateand efficient
medical image analysis in the field of neurology. Neurological conditions, such as brain tumors
and lesions, require timely diagnosis and precise delineation for effective treatment planning.
Traditional manual analysis of medical images is time-consuming and prone to human error.
To address these challenges, To propose the utilization of YOLO-based instancesegmentation,
a deep learning approach, to automate and improve the accuracy of identifying and segmenting
neurological anomalies in brain scans.This research holds the promise of significantly enhancing
the quality of care provided to patients with neurological conditions.

1.1 GENERAL

Machine learning is a growing technology which enables computers to learn
automatically from past data. Machine learning uses various algorithms
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for building mathematical models and making predictions using historical dataor information.
Currently, it is being used for various tasks such as image recognition, speech  recognition,
email filtering, Facebook auto- tagging, recommender system, and many more.

A Machine Learning system learns from historical data, builds theprediction models,
and whenever it receives new data, predicts the output forit. The accuracy of predicted output
depends upon the amount of data, as thehuge amount of data helps to build a better model which
predicts the output more accurately.

1. Categorization

In general, to categorize between cats and dogs, or men and women, this project don’t
draw a line in our brains, and the position of dogs and cats isarbitrary for illustration purposes
only, and it is needless to say the way to categorize between cats and dogs in our brains is much
complex than drawinga red line as above. To categorize between two things based on shapes,
size,height, looks, etc., and sometimes it will be difficult to categorize with these features such
as a small dog with fury and a new born cat, so it is not a clear-cut categorization into cats and
dogs. Once those are able to categorize between cats and dogs when we are children, then
onwards that are able to categorize any dog or cat even didn’t see it before.

2. Prediction

For prediction based on the line, To draw through data points if we areable to predict
where it is most likely to go upward or downward. The curve isalso a prediction of fitting new
data points within the range of existing data points, i.e., how close the new data point is to the
curve. The data points whichare in red color in the above image (right side) are examples of both
within and beyond the range of existing data points, and the curve attempts to predict
both.Finally, both task categorization and prediction are ended at a similar point, i.e., drawing
a curvy line from data points. If those are able to train the computer model to draw the curvy
Line based on data points those are done with, then we can extend this to apply in different
models such as drawing a curvy line in three-dimensional planes and so on. The above thing
can be achieved by training a model with a large amount of labeled and unlabeled data, which
is called deep learning.

1.2.SCOPE OF THE RESEARCH

The primary objective of this reseach is to develop an advanced YOLO-based instance
segmentation model tailored for medical image analysis, prioritizing the detection and
delineation of neurological conditions in brain images. By harnessing the power of deep
learning, this innovative approach aims to provide healthcare professionals with a reliable and
efficient tool for automating the identification and segmentation of neurological abnormalities,
such as tumors or lesions, within medical images. Through the integration of cutting-edge
algorithms and techniques, the model endeavors to achieve highlevels of accuracy and speed,
facilitating quicker and more precise diagnosis and treatment planning processes. Furthermore,
by reducing the reliance on manual analysis, this technology has the potential to enhance the
productivityand effectiveness of medical practitioners, allowing them to allocate more timeand
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resources to patient care. Overall, this project represents a significant step forward in the
intersection of artificial intelligence and healthcare, promising torevolutionize the field of
neurology and improve patient outcomes on a globalscale.

1.3.EXISTING SYSTEM

The existing system for medical image analysis in neurology typically involves manual
inspection by radiologists or neurologists. These professionals review brain scans, such as MRI
or CT images, to identify abnormalities like tumors, lesions, or other structural anomalies.

In some cases, basic automated tools might assist in image processingor preliminary
analysis, but they often lack the accuracy and specificity neededfor precise diagnosis. These tools
might include image registration techniques,basic thresholding algorithms, or simple pattern
recognition methods. However, they are not as advanced or as capable as deep learning
approaches like YOLO-based instance segmentation.

Overall, the existing system heavily relies on human expertise and is time-consuming,
potentially leading to delays in diagnosis and treatment. Additionally, human error is always a
possibility, which can impact the accuracy of diagnosis and subsequent treatment planning.
Therefore, there's a significant need for more automated, accurate, and efficient methods for
medical image analysis in neurology, which is where the proposed YOLO- based instance
segmentation method aims to make a difference.

1.4.LITERATURE REVIEW

Ruixin Yang Yingyan Yu “Artificial Convolutional Neural Network in Object Detection
and Semantic Segmentation for Medical Imaging Analysis.”Inthe era of digital medicine, a vast
number of medical images are produced every day. There is a great demand for intelligent
equipment for adjuvant diagnosis to assist medical doctors with different disciplines. With the
development of artificial intelligence, the algorithms of convolutional neural network (CNN)
progressed rapidly. CNN and its extension algorithms play important roles on medical imaging
classification, object detection, and semantic segmentation. While medical imaging
classification has been widelyreported, the object detection and semantic segmentation of
imaging are rarelydescribed. In this review article, we introduce the progression of object
detection and semantic segmentation in medical imaging study.

Elyan, E., Vuttipittayamongkol, P., Johnston, P., Martin, K., Mcpherson,K., Moreno-
Garcia, C.F., Jayne, C. And Sarker “Computer vision and machinelearning for medical image
analysis.”The recent development in the areas of deep learning and deep convolutional neural
networks has significantly progressed and advanced the field of computer vision (CV) and image
analysisand understanding. Complex tasks such as classifying and segmenting medical images
and localising and recognising objects of interest have become much less challenging. This
progress has the potential of acceleratingresearch and deployment of multitudes of medical
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applications that utilise CV.However, in reality, there are limited practical examples being
physically deployed into front-line health facilities. In this paper, we examine the current state
of the art in CV as applied to the medical domain.

Xuxin Chena, Ximin Wangb, Ke Zhanga, Kar-Ming Fung ¢, Theresa C.Thaid,Kathleen
Mooree, Robert S. Mannele, Hong Liua, BinZhenga,YuchenQiua. “Clinical Applications of
Deep Learning in Medical Image Analysis.“Deep learning has received extensive research
interest in developing new medical image processing algorithms, and deep learning based
models have been remarkably successful in a variety of medicalimaging tasks to support disease
detection and diagnosis. Despite the success, the further improvement of deep learning models
in medical image analysis is majorly bottlenecked by the lack of large-sized and well-annotated
datasets. In the past five years, many studies have focused on addressing thischallenge. In this
paper, we reviewed and summarized these recent studies toprovide a comprehensive overview
of applying deep learning methods in various medical image analysis tasks.

Abdou, M. A. (2022). Literature review: Efficient deep neural networks techniques for
medical image analysis. Neural Computing and Applications, 34(8), 5791-5812. The review
critically examines recent advancements and methodologies in leveraging deep learning
algorithms for the interpretation andanalysis of medical images, with a particular emphasis on
efficiency considerations. The author explores various deep neural network architectures,
optimization techniques, and model compression methods tailored specifically for medical
imaging tasks.

George, J., Skaria, S., & Varun, V. V. (2018, February). Using YOLO based deep
learning network for real time detection and localization of lung nodules from low dose CT
scans. In Medical Imaging 2018: Computer-Aided Diagnosis (Vol. 10575, pp. 347-355). SPIE.
The authors address the critical need for efficient and accurate detection of lung nodules, which
are indicativeof potential lung diseases such as cancer, particularly from low-dose CT scansthat
are commonly used for lung cancer screening. The study proposes the use of YOLO (You Only
Look Once), a state-of-the-art object detection algorithm, for its ability to simultaneously detect
and localize objects in imageswith high speed and accuracy. By leveraging deep learning
techniques and the YOLO architecture, the authors aim to develop a robust system capable of
identifying lung nodules in real-time, thereby facilitating early diagnosis and treatment of lung
diseases.

Hang Yuad, Laurence T. Yang a, Qingchen Zhang a, David Armstrongb, M. Jamal Deen
Convolutional neural networks for medical image analysis: State-of-the-art, comparisons,
improvement and perspectives. Convolutional neural networks, are one of the most
representative deep learning models. CNNs were extensively used in many aspects of medical
image analysis, allowing for great progress in computer-aided diagnosis in recent years. In this
paper, we provide a survey on convolutional neural networks in medical imageanalysis. First, we
review the commonly used CNNs in medical image processing, including AlexNet, GoogleNet,
ResNet, R-CNN, and FCNN. Then,we present an overview of the use of CNNs, for image
classification,

909



1.5.

MACHINE INTELLIGENCE RESEARCH ISSN:2731-538X | E-ISSN:2731-5398
Vol. 18 No. 01 (2024)

segmentation, detection, and other tasks such as registration, content-based image retrieval,
image generation and enhancement, in some typical medicaldiagnosis areas such as brain,
breast, and abdominal.

Jianguo Chen, Nan Yang, Mimi Zhou, Zhaolei Zhang & Xulei Yang A configurable
deep learning framework for medical image analysis.Artificial intelligence-based Medical
Image Analysis (AI-MIA) has achieved significant advantages in accuracy and efficiency in
various biomedical applications. However, most existing deep learning (DL) models have a
fixed network structure and aim at single MIA tasks, making it difficult to meet the diverse and
complex MIA requirements. To improve the universality of the AI-MIA DL models, we propose
a configurable DL framework, which consists of a MIA task element library and a DL model
component library. We establish a MIA task element library to accurately define various
potential MIA tasks fornumerous diseases.

Karimunnisa.shaik , Dr. Dyuti Banerjee , Dr. R. Sabin Begum , Narne Srikanth ,
Jonnadula Narasimhara (2024). This research examines the profound challenges associated with
precise object localization and identification in complex real-world scenarios. The subject of
computer vision has advanced significantly with the introduction of the new hybrid deep
learning architecture. By integrating semantic and instance segmentation approaches with
attention mechanisms to maximize their respective strengths, the strategy has demonstrated
exceptional performance[10].

PROPOSED SYSTEM

The proposed system implements YOLO instance segmentation, leveraging deep
learning to automate the identification and precise delineationof neurological anomalies in brain
scans, including tumors, lesions, andstructural abnormalities. Trained on a diverse dataset, the
model achieves high

accuracy and generalization, enabling real-time analysis of new images.Beyond automation, the
system facilitates prompt decision-making by healthcare professionals, potentially leading to
earlier intervention and improved outcomes, while also reducing the time and effort required
for manual inspection. Moreover, it fosters collaboration and knowledge sharing among
professionals by providing standardized assessments of medical images. Overall, the system
represents a significant advancement in neurology, offering efficient, accurate, and timely
image analysis to enhance diagnostic capabilities and patient care.

1.6. OBJECTIVE OF THE RESEARCH

The field of medical image analysis for neurological conditions facessignificant
challenges due to the inherent limitations of current manual or semi- automated methods. These
methods, which are crucial for detecting and segmenting brain anomalies such as tumors and
lesions, rely heavily on human expertise and intervention, resulting in variability in interpretation
and time-consuming processes. Such inefficiencies lead to delays in diagnosis andtreatment
initiation, potentially impacting patient outcomes adversely. Therefore, there is an urgent need
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for advanced and automated solutions to revolutionize this landscape. By harnessing cutting-edge
technologies like deep learning and artificial intelligence, these solutions can offer enhanced
speed and precision in identifying neurological abnormalities from medical images. Automated
algorithms have the potential to analyze large volumes ofdata swiftly and accurately, surpassing
the capabilities of manual methods. This shift towards automation reduces the burden on
healthcare professionals, allowing them to focus on complex clinical decision-making and
personalized patient care. Ultimately, the adoption of advanced automated solutions promises to
improve patient outcomes by enabling expedited diagnoses,timely interventions, and optimized
treatment plans, thus advancing the standard of care for individuals affected by neurological
disorders.

2. METHODOLOGY

The methodology for this research encompasses several essential steps:firstly, gather a
diverse dataset of medical images, including MRI and CT scans, with annotated examples of
neurological abnormalities like tumors andlesions, then preprocess and partition the data. Next,
select a suitable deep learning architecture for instance segmentation, such as YOLO, and train
the model using the annotated dataset, optimizing parameters for accuracy and generalization.
Evaluate the trained model on a validation set, fine-tuning it asneeded, then test its performance
on a separate test set to validate real-worldapplicability. Deploy the final model into clinical
settings, integrating it into existing workflows and software. Continuously validate the system's
performance in practice, gathering feedback for iterative improvements.Through this
approach, the research work aims to develop and implement an advanced, automated solution
for precise and efficient medical image analysisin neurology, ultimately enhancing patient care
and outcomes.

2.1.MACHINE LEARNING

Machine learning is a branch of artificial intelligence (Al) that focuses on developing
algorithms and models capable of learning from data and making predictions or decisions
without being explicitly programmed. In essence, it enables computers to automatically learn
and improve from experience. In a project context, machine learning involves the following key
components:

Data Collection: The first step in a machine learning project is to gather relevant
data that represents the problem or task at hand. This data could come from various sources such
as sensors, databases, or onlinerepositories.

Data Preprocessing: Once the data is collected, it often needs to be cleaned and
preprocessed to remove noise, handle missing values, andnormalize features. This step ensures
that the data is suitable for training machine learning models.

Feature Engineering: Feature engineering involves selecting or creating the
most relevant features (variables) from the data to represent patterns and relationships. This step
can significantly impactthe performance of machine learning models.

Model Selection: Choosing the appropriate machine learning algorithmor model is
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crucial for achieving the desired outcome. There are varioustypes of machine learning models,
including supervised learning (wherethe model learns from labeled data), unsupervised learning
(where themodel learns from unlabeled data), and reinforcement learning (where the model
learns from feedback).

Model Training: In this step, the selected model is trained using the prepared
data. During training, the model learns from the input data to make predictions or decisions.

Model Evaluation: Once the model is trained, it needs to be evaluatedto assess its
performance and generalization ability. This involvestesting the model on a separate dataset
(validation set or test set) that it hasn't seen during training.

Model Deployment: After successfully training and evaluating themodel, it can
be deployed to make predictions or decisions on new, unseen data. Deployment involves
integrating the model into the production environment where it can be used to solve real-world
problems.

2.1.1 YOLO

YOLO (You Only Look Once) is a state-of-the-art object detection algorithm that
revolutionized the field of computer vision by offering real-time detection of objects in images
and videos. Developed by Joseph Redmon, Santosh Divvala, Ross Girshick, and Ali Farhadi,
YOLO stands out for its speed and accuracy, making it widely adopted in various applications
such asautonomous vehicles, surveillance systems, and augmented reality.

The key innovation of YOLO lies in its ability to perform object detectionin a single
forward pass of the neural network, unlike traditional methods that require multiple passes. This
approach enables YOLO to achieve remarkablespeed, making it capable of processing images
in real-time.

YOLO divides the input image into a grid of cells and predicts boundingboxes and class
probabilities directly from the grid cells. Each grid cell is responsible for predicting a fixed
number of bounding boxes, along with the corresponding class probabilities. This grid-based
approach allows YOLO to detect multiple objects of different classes within a single image
efficiently.

Several versions of YOLO have been developed, each introducing improvements in
terms of speed, accuracy, and functionality:

YOLO: The original YOLO model introduced in 2016 achieved real-time object
detection but had limitations in detecting small objects andaccurately localizing objects with
significant overlap.

YOLOV2: Released in 2017, YOLOvV2 addressed some of the shortcomings of
the original model by introducing techniques such as batch normalization, anchor boxes, and
multi-scale training. These improvements enhanced the accuracy and robustness of object
detection, especially for small objects and objects with different aspectratios.

YOLOV3: YOLOV3, released in 2018, further improved upon YOLOvV2 by
introducing a more powerful backbone network (Darknet-53), featurepyramid networks, and
prediction across multiple scales. These enhancements significantly boosted the accuracy and
detection capabilities of the model across a wide range of object sizes and classes.
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YOLOvV4: YOLOV4, introduced in 2020, incorporated advancedtechniques such
as Mish activation function, CSPDarknet53 backbone,and weighted residual connections.
YOLOV4 achieved state-of-the-art performance in terms of both accuracy and speed, surpassing
previousversions and competing object detection algorithms.

YOLOVS: YOLOVS, released in 2020, is an independent reimplementation of
YOLO that introduces a streamlined architecture, improved training pipeline, and efficient
inference. YOLOVS offers comparable performance to YOLOv4 while being simpler and easier
touse.

2.1.2. CNN

Convolutional Neural Networks (CNNs) are a class of deep learning models widely used

for image and video analysis tasks. They are designed toautomatically learn and extract relevant
features from input data, capturing spatial patterns in an efficient manner. CNNs consist of
multiple layers,including convolutional layers, pooling layers, and fully connected layers.
The Convolutional Neural Network (CNN) algorithm, widely employed for taskslike image
classification, operates through several distinct layers. Beginning with the input layer, where
images are represented as pixel grids, CNNs applyconvolutional layers which use learnable
filters to extract features from the input. Activation functions like ReL U introduce non-linearity,
crucial for learningcomplex patterns. Subsequently, pooling layers downsample feature maps,
reducing spatial dimensions while retaining important information. Flattening layers reshape
these maps into one-dimensional vectors, facilitating input to fully connected layers. These
layers, densely connected, perform high-level reasoning based on the features identified earlier.
The output layer, employing softmax activation for multi-class classification, produces
predictions. During training, the network's performance is optimized by adjusting weights using
anoptimization algorithm to minimize a chosen loss function. Finally, trained models are
evaluated on separate datasets to ensure generalization and effectiveness on unseen data.
Overall, CNNs excel in capturing intricate features within images, making them pivotal for a
multitude of computer visionapplications.

In a CNN, the convolutional layers apply filters to input images, extracting different
features at different spatial scales. These filters learn to recognize patterns such as edges,
textures, and shapes by sliding across theinput and performing element-wise multiplications.
The pooling layers then down sample the convolved feature maps, reducing the spatial
dimensions while preserving important information. Figure 2.1 shows the Schematic diagram
of a basic convolutional neural network
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Fig 2.1 Schematic diagram of a basic convolutional neural network
3. OVERALL SYSTEM ARCHITECTURE

This architecture will give explanation about the entire concept about the project. This
defines the structure of the developed system, which comprises different modules and their
externally visible properties and relationship among them. Many aspects need to be taken into
consideration when building towards a commercial usable system. Figure 3.1 shows the Overall
System Architecture

Data Collection Model

(mage) Data Preprocessing Tplementation Anaconda prompt

YOLOvs Deep Learning
(Instance Upload Images

Segmentation)

Identify the disease
and Segment

Fig 3.1 Overall System Architecture

3.1. IMPLEMENTATION

In this section, implementation details to thesuccessful development and deployment of
image analysis of brain cancer detection system can be seen. Effective implementation of these
ensures the accuracy, reliability, and efficiency of our predictive model.
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3.1.1. Data Acquisition and Preprocessing

This module involves collecting data from various sources such as x- ray, MRI.Data
preprocessing techniques may include image resizing, normalization, and augmentation to
prepare the input data for the deeplearning model. In the domain of medical image analysis, the
process of collecting and preprocessing data from diverse sources such as x-ray and MRI is
foundational for building effective deep learning models. Beyond mere resizing and
normalization, a comprehensive preprocessing pipeline encompasses several key techniques to
ensure the quality and relevance of input data. Image cropping is employed to isolate pertinent
regions of interest, while denoising methods such as Gaussian blur or median filtering help
mitigate noise inherent in medical images. Intensity normalization standardizes pixel values
across images, facilitating uniformity for model training. Data augmentation strategies,
including rotation, flipping, and scaling, are essential for enriching the training dataset and
enhancing model robustness against variations. Histogram equalization enhances contrast in
images, particularly beneficial for those with uneven illumination. Additionally,artifact removal
techniques address issues arising from image acquisition, ensuring cleaner data for analysis.
Anatomical landmark localization and databalancing further contribute to enriching the dataset
and ensuring model accuracy. By incorporating these preprocessing steps, researchers and
practitioners optimize the input data quality, laying a solid foundation for subsequent deep
learning model training and accurate medical image analysis. Figure 3.4 example data of ALL
X-ray and MRI

Fig 3.4 Example data of ALL X-ray and MRI

3.1.2. Training and Fine-Tuning

The YOLO model is trained on a labeled dataset containing images of Neurological
Conditions and corresponding ground-truth annotations.Fine- tuning may be necessary to adapt
the model specifically to the diseasesegmentation task. Training the YOLO (You Only Look
Once) model for disease segmentation in neurological conditions typically involves leveraging
a labeled dataset comprising images of various neurological conditions alongside their
corresponding ground-truth annotations. However, due to the unique characteristics and
complexities of medical imaging data, fine-tuning the pre-trained YOLO model may be
necessary to tailor it specifically to the disease segmentation task. Fine-tuning involves
adjusting the parameters and architecture of the pre-trained model to better align with the
nuances of medical images, such as varying image resolutions, anatomical structures, and
disease manifestations. This process may includemodifying the network architecture, adjusting
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hyperparameters, and retraining the model using transfer learning techniques. Additionally,
fine- tuning may involve augmenting the training dataset with additional annotated images to
enhance model generalization and robustness. By fine-tuning the YOLO model on a labeled
dataset of neurological conditions, researchers and practitioners can optimize its performance
for accurately segmenting and detecting disease-related abnormalities in medical images,
thereby advancing diagnostic capabilities and improving patient care outcomes.

train/box_loss train/seg_loss train/obj_loss train/cls_loss metrics/precision(B) metrics/recall(B) metrics/precision(M} metrics/recall(M)
0.02376 0.02709 0.0093 0.00593 0.93251 0.92177 0.92141 0.90702
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0.6 0.4 0.6 0.6 0.6 0.6
0.4 0.4 0.4 04 0.4

02 02 02 02 0.2
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o 20 40 0o 20 40 o 20 40 0 2 40 o 20 40 o 20 a0 o 20 40 o 20 40

valibox_loss val/seg_loss valfobj_loss valicls_loss metrics/mAP_0.5(B) metrics/mAP_0.5:0.95(B) metrics/mAP_0.5(M) metrics/mAP_0.5:0.95(h
0.03125 0.0062 0.00971 0.9435 0.63129 0.93043 0.55129
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0.6

0.012 0.6 0.4
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0.0% 0.008 0.02 02 0.2

0.03 0.006 0.0 0.0 0.0 0.0
0 20 40 0 20 40 o 20 a0 0 20 40 o 20 ao o 20 40 o 20 a0 o 20 a0

Figure 3.5 Training and Validation

3.1.3. YOLOVS Model

YOLO is the short term of "You look only once", and it is the deep learning-based object
detection algorithm invented by Joseph Redmon et al.53. YOLOv554 is also a deep learning-
based object detection algorithm that improves the previous versions of YOLOv1 to YOLOV4,
and it was recently released by the Ultralytics company54 on 27 May 2020. It is much faster
and has a less computational architecture than the previous versions. The YOLOvVS model can
balance detection accuracy and real-time performances. The YOLOVS incorporates a one-stage
deep convolutional neural network (DCNN) architecture that divides the images into a grid of
cells. Straightly, each grid cell predicts a bounding box (BB) for object categorization. Every
cell is liable to detect the target object as an item and expects BB with the confidence score
(CS)53. In YOLOWVS, the CS replicates whether a target object exists in a cell or not and predicts
the object accurately. The CS is calculated by using the following Formula (1):

CS = Pr (1) (Tobject) x IoU(GT,PB) (1)

Intersection over union (IoU) calculated by between the GT and PB. GT means Ground
Truth, and PB means predicted box. It is noticeable that,if no target object presents in the grid
cell, the CS should be one (1);otherwise, the CS should be the IoU between the GT and PB. In
addition, each cell predicts CL-class probabilities for identifying the objects. However, the
predicted output tensor (POT) is expressed by using the Eq. (2) as follows:
POT =BBx(5+CL) ()
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Here, BB is the bounding box for each grid prediction, and it is considered as 3, the “5”
denotes every pre- diction box’s four coordinates [x, y, w, h], and one object confidence score
(CS). In this instance, [x, y] denotesthe middle position’s coordinates of the box, and [w, h]
indicates the box’s width and height, respectively. CL represents the class probabilities. Hence
an object can exist in numerous classes; thus, a single 1 % 1 convolutional layer, sigmoid, and
Leaky ReLu activation functions are used in YOLOVS.

In addition, the activation function Leaky ReLu is applied in intermediate or hidden layers, and
the sigmoid function is involved in the ending pre- diction layer. The CS of each class is
projected by the Leaky ReLu, sigmoid activation function, and a threshold value responsible
for identifying the targetobject. In YOLOVS, the Binary Cross-Entropy with Logistic Loss
(BCELL) function from the PyTorch library is used for calculating the loss of class probability
and target object scores55. The estimated loss integrates a sigmoid layer and a BCELoss
function in a single class.

Ins,c =—wns,c[pcyns,c.logo(xns,c)+(1-yns,c).log(1—o(xns,c))] (6)
Here, N denotes the batch size, c represents the class number, (xi, yi) is the coordinate value of
predicted boxes, the offsets of the center locations are presented by ¢ (xns ) and ¢ (xns,c ), ns

is the nunmheitidéwalnphssificHtehatdospc fdecoiensthenwBERI At cdass expfessed, it wouldg behe
single-lab%lli)(i)wgc&ﬁﬂﬁsﬁgpn, and if ¢ > 1, it would be a multi-label binary classification.
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Fig 3.6 Accuracy result of yolov5 algorithm
3.1.4. Instance Segmentation

In this module, the preprocessed images are processed by an instancesegmentation
model. The model identifies and segments different Neurological conditions present in the
images, generating precise boundariesaround each instance of the disease. Within this module,
the preprocessed images undergo further processing via an instance segmentation model, a
pivotal stage where intricate details of neurological conditions are delineated. This model
operates by identifying and segmenting distinct instances ofneurological abnormalities present
within the images, thereby generatingprecise boundaries around each instance of the disease.
Leveraging advanced techniques, such as deep learning architectures like Mask R-CNN or U-
Net, the model excels in distinguishing and delineating subtle variations and complexities
inherent in medical images. By accurately delineating the boundaries of neurological
conditions, the instance segmentation model facilitates precise localization and characterization
of abnormalities, thereby empowering clinicians and researchers with invaluable insights for
diagnosis,treatment planning, and advancing our understanding of neurological disorders.

4. RESULT

The detection of brain cancer represents a critical application of medicalimage analysis,
where advanced techniques are employed to identify and characterize abnormal tissue growth
within the brain. In this context, the utilization of deep learning models, such as convolutional
neural networks (CNNs), plays a crucial role. Initially, medical imaging modalities such as
magnetic resonance imaging (MRI) or computed tomography (CT) scans are utilized to acquire
detailed images of the brain. These images are thenpreprocessed to enhance quality, remove
noise, and standardize features, ensuring optimal input for subsequent analysis. Figure 4.1
Detection of brain cancer
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FILE = Path(__file_ ).resolve()
ROOT = FILE.parents[@] # YOLOvS root directory
if str(ROOT) not in sys.path:
sys.path.append(str(ROOT)) # add ROOT to PATH
ROOT = Path(os.path.relpath(ROOT, Path.cwd())) # relative

from models.common import DetectMultiBackend

from utils.dataloaders import IMG_FORMATS, VID_FORMATS, LoadImages, LoadStreams

from utils.general import (LOGGER, Profile, check_file, check_img_size, check_imshow, check_requirements, colorstr, cv2,
increment_path, non_max_suppression, print_args, scale_coords, strip_optimizer, xyxy2xywh)

from utils.plots import Annotator, colors, save_one_box

from utils.torch _utils import select_device, smart_inference_mode

‘) for i, det in enumerate(pred): # per image
seen += 1
if webcam: # batch_size >= 1
p, ime, frame = path[i], im@s[i].copy(), dataset.count
s += f'{i}: °
else:
p, ime, frame = path, im@s.copy(), getattr(dataset, 'frame’, )
p = Path(p) # to Path
save_path = str(save _dir / p.name) # im.jpg
txt_path = str(save dir / 'labels’ / p.stem) + ('' if dataset.mode == 'image’ else f'_{frame}') # im.txt
s += '%gx%g ' % im.shape[2:] # print string
gn = torch.tensor(im@.shape)[[1, ©, 1, ©]] # normalization gain whwh
imc = im@.copy() if save crop else im@ # for save_crop
annotator = Annotator(im@, line_width=line_thickness, example=str(names))
if len(det):
# Rescale boxes from img_size to im@ size
det[:, :4] = scale_coords(im.shape[2:], det[:, :4], im@.shape).round()

Fig 4.1 Detection of brain cancer

41 EVALUATION PARAMETERS

Evaluation parameters for a classification model include accuracy,precision, recall, F1
score, and specificity, which help assess the model's overall performance and identify areas
needing improvement.

411 CONFUSION MATRIX

A confusion matrix is a tool used to evaluate the performance of a classification model
by illustrating the accuracy and misclassification rates. It shows the number of true positives,
true negatives, false positives, and false negatives, providing insight into the model's predictive
accuracy and areas where it may be making errors.

The metric provide insights in to the precision and inaccuracies of the proposed models.
Each element (i, j) within the matrix denotes the proportionof instances that are labeled as class

while predicted as a class *‘j”’. Fig 4.4This confusion matrix shows the accuracy and
misclass of prediction

IT3EE)
1
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Fig 4.2 This confusion matrix shows the accuracy and misclass ofprediction
41.2 PRECISION

This metric asses the correctness of the bounding box (bbox) predictions by calculating
the proportion of true positive detections to the combined count of true positive and false
positive using (5)

Precision = TP/ TP + FP

whereas TP and FP are the true positive and false positive values, respectively

Fig 4.3 Precision confidence curve for YOLOVS
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Fig 4.3 Precision confidence curve for YOLOVS

413 RECALL

It is determined by calculating the ratio of true positive detections to thetotal of true
positive and false negative using

Recall=TP/ TP + FN

whereas TP and FN are the true positive and false negative values, respectively. Fig 4.4
Recall-confidence curve for YOLOvVS
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Fig 4.4 Recall-confidence curve for YOLOVS
414 F1-CONFIDENCE CURVE

It is a graphical illustrates the correlation between F1 score and the confidence threshold
for object detection. Understanding the trade off betweenprecision and recall at different degrees
of confidence may be facilitated by examining the F1-confidence curve Fig 4.5 . F1-confidence
curve for YOLOVS
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Fig 4.5 . Fl-confidence curve for YOLOvS

S. CONCLUSION
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In conclusion, the development and deployment of a YOLO-based instance
segmentation system for the analysis of neurological conditionssignify a notable advancement
in the realm of medical image analysis. This system not only brings forth the benefits of
heightened accuracy and efficiencybut also introduces automation, thereby expediting the
identification andsegmentation of neurological anomalies in medical images with precision. By
optimizing the workflow of healthcare professionals, it facilitates swift and accurate diagnosis,
potentially leading to timelier interventions and improved patient outcomes. Moreover, the
scalability of this system and its potential fordata-driven research further underscore its
significance, offering opportunitiesfor large-scale analyses and insights that can enrich both
clinical practice andour comprehension of neurological disorders. Overall, the integration of a
YOLO-based instance segmentation system holds promise for revolutionizingneurological
condition analysis, paving the way for enhanced patient care, andfostering advancements in
medical research.
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