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ABSTRACT

Early cancer diagnosis using inexpensive and fast techniques could save many lives. Late-stage cancer treatment is difficult.
Invasive or non-invasive brain cancer diagnosis is possible. ANN architecture must be carefully chosen for the application,
as biopsy is intrusive. This research proposes a functional ANN model to improve diagnosis procedures. ANN research is
hot in radiology, cardiology, and oncology. This study used ANNs in medicine. The study also attempted brain tumor
diagnosis application. The MR picture requires the neural network to assess brain health. In the hands of human clinicians,
this process has a high computational complexity. Experienced radiologists are necessary for accurate classification and
segmentation of the brain tumour. We suggest a computer-aided diagnosis-based strategy for segmenting brain tumours as a
means of getting around these problems. Below are the steps that make up the proposed artificial neural network and random
forest algorithm, support vector machine method. An asymmetrical gradient filter is applied during preprocessing to reduce
background noise and even out intensity variations. The artificial neural network is then used to determine if the input brain
image is normal or pathological. The result is a model in the vector space. A greater success rate of 2.31% is achieved using
the proposed strategy. When compared to other techniques, this one has a sensitivity of 5.81% and a specificity of 2.28%,
respectively.
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1. INTRODUCTION

The WHO estimates 251,329 brain tumour deaths per year. The National Brain Tumour Foundation (NBTF) [1] reports that
brain tumour deaths in low- and middle-income nations have tripled. Brain tumours can affect toddlers and adults. 85%—
90% of the primary Central Nervous System (CNS) malignancies are brain tumours. Brain tumours affect 11,700 people
annually. For patients with a malignant brain or CNS tumour, the 5-year survival rate is approximately 34% for men and
36% for women. Brain tumours are benign, malignant, pituitary, or other. Proper therapy, planning, and diagnosis extend
patient lives. MRI detects brain tumours best [2]. Brain tumours must be detected and diagnosed quickly. Computer science's
artificial intelligence (Al) researches human-like hardware and software. Al-enhanced programmes can learn, plan, and solve
problems. Al has many benefits [41-45]. These include helping professionals with challenging operations, decision-making,
and jobs, giving accurate Brain Tumour in images, minimising composite handling risks, boosting Brain Tumour information
about individual behaviour, and more.

Brain cancer kills most Asians [1]. Brain or spinal cord cancer [2]. Brain tumours are categorised by origin, growth rate, and
progression [3,4]. Malignant or benign brain tumours. Meningiomas, pituitary tumours, and astrocytomas (WHO Grade-I)
are benign brain tumours that seldom invade healthy cells, have defined borders, and grow slowly.
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Brain tumours can be primary or secondary. Brain tumours originate. Secondary brain tumours or metastases occur when
cancer in another organ spreads to the brain. Brain tumours are classed by malignant cell proliferation from low to high. The
WHO divides brain tumours into four growth rates [2,5-9] (see below). Brain tumours are also staged (0, 1, 2, 3, and 4).
Stage-0 cancer cells are abnormal but do not spread. Stages 1-3 indicate fast-growing cancer cells. Finally, Stage 4 cancer
spreads throughout the body. Early cancer diagnosis using inexpensive and fast techniques could save many lives. Late-stage
cancer treatment is difficult. Invasive or non-invasive brain cancer diagnosis is possible. To analyse a cancer sample, biopsy
requires a skin incision. Pathologists examine tumour cells under a microscope to confirm cancer. Body and brain imaging
are non-invasive methods. CT and MRI are faster and safer than biopsy. These imaging tools help radiologists diagnose brain
illnesses, track disease progression, and plan surgery [10].

Early cancer diagnosis using inexpensive and fast techniques could save many lives. Late-stage cancer treatment is difficult.
Invasive or non-invasive brain cancer diagnosis is possible. ANN architecture must be carefully chosen for the application,
as biopsy is intrusive. Choosing an application-appropriate network type, b. Layer count. Hidden layer nodes and d. Interlayer
functions. Network generalisation is how well a neural network handles different data kinds. Despite well-designed and
trained ANN that decreases performance error to the minimum amount, ANN fails when given fresh input data and performs
poorly. Artificial neural networks have been used in brain cancer detection studies. Kumar and Raju (2) use textural features
and neuro classification logic to predict brain cancer early using computer-aided diagnostics. Cluster microclassification and
tumour mass detection predicted malignancy. Nine invariant traits and the cancer prediction minimal distance were used to
predict tumours in MRI images. Kadam et al. (3) suggested a hardware-and-software neural network brain cancer detection
system. To simplify processing and analysis, an adaptive filter removed spurious signals and scaled the image. Segmented
the ROI. Haralick's grey tone spatial dependence matrix was used to obtain eight texture features from cancer and normal
regions. Back propagation neural networks were trained to detect brain cancers (2). Brain Tumour A "tumour,” which
meaning "swelling," is any condition that causes a lump or mass in the body. Neoplasms, or malignancies, are characterised
by tumours. Infections and other disorders can generate tumours, making imaging diagnosis challenging (4). Neoplasms arise
from normal body cells that no longer respond to growth-limiting physiological processes. Uncontrolled growth causes
tumours. Malignant tumours grow rapidly, invade adjacent tissues, and metastasis (5). Even a minor brain tumour might
cause problems. Primary and secondary brain tumours differ in genesis. a. Brain tumours are primary. b. Lung and breast
cancers start elsewhere and travel to the brain. Primary brain tumours cannot be removed. Brain tumours can be classified
by cell type and microscopic appearance. Oligodendroglioma, meningioma, and glioblastoma are common (6). Scanners
identify, classify, stage, and compare cancers. Based on suspicion, detection can be diagnosed, case found, or screened.
Cancer referrals (1). MR imaging locates tumours, however visual inspection alone cannot identify their types. ANN can
improve diagnosis by identifying all pixel correlations and variations. The brain controls other organs and helps make
decisions [10].

1.1 Contribution

In this section, our contribution in this research paper has been presented. The aforementioned previous approaches have
drawbacks such as low segmentation accuracy, poor tumor segmentation findings, low immunity to noise and artefacts, and
low sensitivity and specificity. To address this issue, we offer a novel method for classifying and segmenting the tumour in
MR brain images using an anisotropic diffusion filtered support vector machine RF approach. The MR brain image is then
sent into a neural network support vector machine RFclassifier. Anisotropic filters typically perform preprocessing on an
image in order to improve it and get rid of any artefacts that could have been present to begin with. After the image has been
preprocessed, features are obtained using the ANN-SVM-RF classifier, and the picture is then labelled as having either high
(abnormal) or low (normal) brain volume. Next, the high-density MR brain picture undergoes a morphological procedure to
segment the tumour area. This article's structure can be summarized as follows: The Literature Survey is presented in Section
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2. The artificial neural network and random forest algorithm, support vector machine classifier presented here are discussed
in detail in Sections 3 and 4, respectively. The paper's findings and comments are presented in Section 5, and it concludes in
Section 6.

2. RELATED WORKS

The word bio The Convolutional Neural Network (CNN) was utilised to diagnose meningioma, glioma, and pituitary cancers
with 91.3% accuracy and recall of 88%, 81%, and 99%, respectively. MRI slices were utilised to classify brain cancers using
2D convolutional neural networks. This article uses data collection, preprocessing, modelling, optimisation, and hyper
parameter adjustment. To assess model generalizability, the full dataset was cross validated 10-fold.

[1] The brain directs and coordinates body functions. It controls the central nervous system's daily voluntary and involuntary
processes. Our brain's fibrous tumour grows unchecked. Radiologists use magnetic resonance imaging (MRI) to prevent and
treat brain cancers. This study found brain tumours. Much research has been done in the following fields: The main purpose
of [1] was to demonstrate the produced findings, which were an average of 0.82 dice similarity index, which was better
because it showed better overlap between the extracted tumour region and the manually extracted tumour by radiologists.
The author tested ResNet, DenseNet, and Mobile Net in [2,] and found accuracy of 91.8, 92.8, and 92.9.

In [3,] picture segmentation was done using TK means clustering to find the cancer. In [4], different ensemble approaches
like KNN-RF-DT are used to compute the region of the tumer and construct a suitable voting mechanism. 2556 photos
yielded 97.3% accuracy.

According to Tandel et al. Five clinical multiclass datasets were produced by him. Brain tumour categorization was enhanced
using MRI images and a Convolutional Neural Network (CCN) trained with transfer learning. Several other classification
strategies were tested against CNN, including Decision Trees, Naive Bayeses, Linear Discrimination, K-Nearest Neighbors,
and Support Vector Machines (SVM). On five different multiclass classification brain tumour datasets, the CNN-based (DL)
model achieved better results than six machine learning model techniques. After being subjected to K2, K5, and K10 cross-
validation, the CNN-based AlexNet achieved mean accuracy values of 87.14, 93.74, 95.97, 96.65, and 100% across five
classes, respectively.

KNN, SVM, DT, NB, EM, RF, and others are the most common ML methods for medical image analysis. Researchers used
many of them to analyse brain images. Table 4 lists some. ML-based brain cancer categorization methods follow. Texture,
brightness, and contrast are used to create mathematical models for feature extraction. ML algorithms sometimes combine
variables from many extraction models to better discrimination [17]. K-Nearest Neighbours (KNN) [18] and Support Vector
Machines (SVM) [19] are two popular brain image categorization and segmentation methods.

3. PROPOSED ALGORITHM

3.1 Feature extraction using Curvelet transform

The Multi-scale analysis was not possible with the ridgelet transform, but it is with the curvelet transform. Therefore, we
kick things off with a definition of a ridgelet transform [19].

As an example (1), we can express the ridgelet coefficients for a given image as a series of numbers:
fe.t,0) = [ [YeroCe,)f (x,y)dxdy 1)
Scale factor an, rotation angle, translation t, rotation R, and angle between zero and two. The term "ridgelet” will be used in
the following two sentences:
1
Yoo y) = 2 ( (2)

The sign denotes the ridgelet orientation, and the ridgelets maintain a constant profile along the lines. Unlike the ridgelet
transformation, the curvelet transformation is able to tightly capture edge information across all scales. Combining the
benefits of the Radon and wavelet transforms, the ridgelet-based curvelet transform is a powerful tool.

x cos 6+y sin th)
c
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Fig. 2 Proposed brain tumor detection block diagram

The curvelet method divides the input picture into several bands. Each of these is partitioned into multiple blocks for ridgelet
analysis. The Radon transform, a 1-dimensional wavelet transform, is utilised to realise the ridgelet transform. To lessen the
impact of obstructions, ridgelets alter space with overlapping panes. A great deal of effort is wasted as a result of this.
However, this process is extremely sluggish, making it unsuitable for data analysis in large datasets.

3.2 Radom Forest classifier

The suggested method employs binary classification via the RF algorithm. During the training phase, RF builds a large
number of decision trees and produces a class with an average forecast. Using a grid search, the RF hyper-parameters were
fine-tuned. Table 9 displays the variety of parameter settings used in grid search. Training a random forest with the optimal
set of parameters recovered from the grid search yielded the highest possible classification accuracy. We use a confidence
of 0.5 in the voting method and the Gini impurity criterion (split criterion) to determine the optimal nhumber of random trees
to generate; we prune and pre-prune; the minimum leaf size is 2; and the minimum size for splitting is 4. The Gini coefficient
is based on:

nc

Pn .
@) = E (kj)l—pj"pj"“’”

kj=1
where C is the total number of categories and p(j) is the chance of picking instance j.

For each attribute, we first determine its T2 metric by analysing its conditional mean and variance under the 'Num = 1" and
‘Num = 0' conditions, respectively.

(RFT)? = [X1 - X0] + (mlnlx | mnn - 1)5p2>

where X1 is the mean when Num = 1 and X0 is the mean when Num = 0 and Sp is defined as follows:
s (14 mnx—1 mn(n—1)51?
h n0 + 1! nl +n0 + 2!

where nl is the sample size when Num = 1, and n0 is the sample size when Num = 0. Furthermore, the standard deviations
for Num =1 and Num = 0 are S1 and SO, respectively. When Num = 1 and 0 the statistical analysis is performed on all the
attributes in the specified datasets. Additionally, the T2 metric is determined in data sets.
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Fig. 3 Proposed brain tumor detection architecture ANN-RF-SVM layer diagram

When compared to other popular machine learning methods, random forest classifier (RF) performs exceptionally well in
both classification and regression. And training and setting user-defined parameters is a breeze. Fig. 7 depicts the structure
of the random forest model that we employ in our work to categorise the grip rectangle. The number (8) stands for the input
dataset we used.

RFT = {(rf1, rf1), (rf2, rf2), ..., ('N, fN )} (8)

where ri is a vector of input features and fi is a bool value (-1 for poor grasp and 1 for good grasp). Instances of grip number
N. Additionally, the dimension of our input feature ri, M, is equal to wf hf 7 = 4032. Instructions for training a random forest
classifier are outlined below. First, select n training examples from these N occurrences randomly while replacing some of
them. Next, choose m characteristics (mxn).

The grayscale morphological procedure is employed in this suggested effort to isolate MR brain tumours. The threshold is
computed using the opening and closing Grayscale morphological processes. Smoothing out the MRI image’s contour parts
with a closure operation. The contour parts have gaps and holes that are closed during the closure operation. Given a structural
element E, closure procedure Brain tumours are excellent examples of abnormal binary images.

4. ARTIFICIAL NEURAL NETWORK RANDOM FOREST CLASSIFIER

Acrtificial Neural Networks mirror human brains. Like neurons in our nervous system, the ANN can learn from input and
predict or classify. Nonlinear statistical models like ANNs use complicated input-output interactions to find new patterns.
These neural networks do image recognition, speech recognition, machine translation, and medical diagnosis. ANN benefits
by learning from examples. ANN is mostly used for random function approximation. These technologies enable cost-
effective distribution specification. ANN can also generate output from sample data. ANNs improve data analysis due to
their high prediction abilities. Artificial Neural Network Architecture resembles neurons in our nervous system. Warren S.
McCulloch and Walter Pitts coined "Neural Networks" in the early 1970s. ANNs must be structured to be understood. Neural
networks require three layers. Input Layers An ANN's input layer receives text, numbers, audio files, image pixels, etc.
Hidden layers are crucial to the ANN model. A perceptron has one or more hidden layers. These hidden layers recognise
patterns in input data via mathematical calculations. The output layer receives the middle layer's rigorous computations.
Many neural network characteristics and hyper parameters affect model performance. These parameters most affect ANN
output. Weights, biases, learning rate, batch size, etc. ANN nodes have weights. Network nodes have weights. For calculating
the weighted input total and bias.

Applying ANN to the brain tumour dataset involves these steps:
e Import necessary packages.
e Data directory import.
e Label and store the photos in the Data Frame.
e Reading each shot changes the image size to 256x256.
e Image normalisation
e Train, validate, and test the dataset.
e Model it.
e Model it.

e Train set and model.
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e Test the model on the test set.

Orignal
Images

Proposed
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Fig. 4 Proposed contrast enhancement results using ANN-RF-SVM Classifiers

There areseven levels to the ANN model utilized here. The initial flatten layer flattens the 256x256x3 photos into a 1D
array.Following a single sparse layer, there are five dense layers with activation functions of relu and neuron counts of 128,
256, 512, 256, and 128 single neuron represents the two classes in the last dense layer whose activation function is sigmoid,
which acts as the output layer.These five layers serve as the hidden layers, while the final dense layer with a sigmoid
activation function serves as the output layer, each class being represented by a single neuron.

1. Setup of Weights and Bias

2. Procedural feedback loop

3. Errors that are repeated in reverse

4. Improvements to priors and weights

I. Setup of Weights and Bias

Step 1: Start with small, random numbers close to zero as the weights.
Step 2: Perform steps 3—10 so long as the stop condition is not met.
Step 3: Repeat steps 4-9 for each training pair. Inputs that are fed forward
Step 4: The ith input xi is obtained and passed on to the hidden layers above.
Step 5: Sum of the weighted inputs is computed by the hidden unit as
RZinj = FWoj + Zrxirwij

Making use of the Activation function

RZzj = f(RZinj)

To the output layer we send this value.

Step 6: A weighted sum of input units is the output unit.

Fyink= FVoj + £ RZjFVjk

Putting in Practise the Activation Function

FYk = f(Fyink)

I11. The Error Backpropagation Process

Step 7: dsk = (tsk — FYK)f(fyink )

Step 8: 6inj = X §jFVjk

IV. Revised weighting and biassing
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Step 8: Weight correction is Arwij = adrkZj
bias Correction is Afwoj = adfk
Ratio and Proportionality Corrections
Step 9: kept going:
The New Load
ANNWij(imagenew) = ANNWij(imageold) + Arwij
NNVjk(imagenew) = NNVjk(imageold) + AFVjk
New bias is
ANNWoj(imagenew) = ANNWoj(imageold) + Arwoj
NNVok(imagenew) = NNVok(imageold) + AFVok
Step 10: Verify Termination of Action

5. RESULT AND DISCUSSION

For this study, we consult the BRATS-2015 reference data set. The experimentMR brain pictures used in the proposed system
include 126 tumored images and 174 normal images. The data set is randomly split into three parts: 60% for training, 20%
for verification, and the remaining 20% for testing. Differentiating a high-den and a low-den MR brain images is possible.
Model creation and testing occurred in the MATLAB 2020 development environment on a machine with an Intel i7 processor
and 8 GB of RAM.

This research makes use of 250 magnetic resonance scans of the brain from the BRATS database. Sixteen MR brain slices
(coronal, axial, and sagittal) were obtained for this study. T1w, T2w, and FLAIR modalities are all derived from the retrieved
MR brain slices. Brain slices obtained from MRI scans are utilised for random exercises in learning, testing, and verification.

The outcome of a simulation run using three test MR brain pictures and the proposed ANN-SVM-RF technique. The input
MR brain picture that was used to train the proposed ANN-SVM-RF model. Anisotropic diffusion is used as a filter on the
initial magnetic resonance (MR) image. Figure 5B shows an MR image of the brain after smoothing, with the edge
information still intact. Therefore, it offers a method to enhance accuracy when segmenting tumour regions. After that, the
image after filtering is sent on to the ANN-SVM-RF method. The retrieved features are used by the ANN-SVM-RF model
to reliably label the MR brain picture as abnormal or normal.

Using a bounding box and an ANN-SVM-RF model, we were able to pinpoint the area of the filtered MR brain image that
contained the tumor. The MR brain picture is then coloured green to identify the regions where the tumor was excised. The
grayscale morphological operation is then used to precisely segment the tumor regions. Filtering followed by the ANN-
SVM-RF method produces excellent results for tumor segmentation and classification. Using grayscale morphological
techniques, the discovered tumor regions in the MR brain picture are properly segmented.

Table 1 ANN-SVM-RF model Feature Selection Algorithm

Methods % Sensitivity Specificity Accuracy

SWT-GCNN 74 74 71.5
77 78 735
78 75.7 74.2
78.6 79.8 75.7
81.8 82 75.6
87.23 94.81 95.19

Patch-based CNN 82.6 83.3 84.7
86.3 87.6 83.4
91.3 92.5 93.2
95 96 94.5

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 11s
pg. 397



D Jareena Begum, M. Diviya

96 96.2 93.6
91.22 98.39 95.01
Dual force CNN 98.4 97.7 95.3
93.2 94.6 93.2
93.3 95.2 94.4
94.1 95.5 95.2
95.3 96.4 96.6
Proposed ANN-RF-SVM 96.01 97.41 98.22
Accuracy
99.00%
98.00%

97.00%
96.00%
95.00%
94.00% I I
93.00%

SWT-GCNN Patch-based Multi-grade  Dual force ~ Proposed
CNN CNN  ANN-RF-SVM

Fig. 5 Enhancement classification accuracy results using ANN-RF-SVM Classifiers

As can be shown in Figure 2, SWT-GCNN outperforms Patch-based CNN, Multi-grade, Dual force CNN, and the proposed
ANN-RF-SVM in terms of classification accuracy (4.09%), specificity (2.02%), and sensitivity (2.24%).

As can be seen in Figure 4, SWT-GCNN outperforms Patch-based CNN, Multi-grade, Dual force CNN, and the proposed
ANN-RF-SVM in terms of classification accuracy by 5.09%, 3.02%, and 1.24%, respectively.

Specificity

99.00%

98.00%

97.00%
96.00%
95.00%
94.00% I I
93.00%

SWT-GCNN Patch-based Multi-grade  Dual force Proposed
CNN CNN ANN-RF-SVM

Fig. 6 Enhancement classification specificity results using ANN-RF-SVM Classifiers
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Sensitivity

98.00%
96.00%
94.00%
92.00%

SWT-GCNN Patch-based
CNN

90.00%
88.00%
86.00%
84.00%
82.00%

Multi-grade  Dual force CNN Proposed ANN-

RF-SVM

Fig. 7Enhancement classification senitivity results using ANN-RF-SVM Classifiers

Table 2 ANN-SVM-RF model tumor detection Feature Selection Algorithm

GAR % ;?ﬁorrig?itive Rate - True Positive Rate — MCI | True Positive Rate —Normal
SWT-GCNN 68.5 68 66.5
72 72.5 68
72.5 72.5 68
735 74.5 69
76 76.5 70
77 75.5 71.5
Patch-based CNN 76.5 75.5 79.5
81 82 77.5
85.5 85 86
88 91 89
93 90.5 88
92 90.5 90
Dual force CNN 92 925 89.5
92 91.5 88.5
94 92 88
93 91 88
92 925 89.5
Proposed ANN-RF-SVM | 92.78 90.92 89.11
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Fig. 8 Enhancement classification True Positive Rate results using ANN-RF-SVM Classifiers

The proposed ANN-RF-SVM improved the true positive rate for Dual force CNN from 5% to 6.25%. See Figure 3 for details.
ANN-RF-SVM achieved 4.51%, while Patch-based CNN achieved 0.98%. Compared to Multi-grade (14.74%), SWT-GCNN
(10.84%), and Patch-based CNN (3.7%), the ANN-RF-SVM's true positive rate for MCI is greater. True positive rates for
tumour detection range from 6.25 percent for SWT-GCNN to 6.45 percent for patch-based CNN and 6.44 percent for Dual
force CNN. The average true positive rate was 7.16% for Patch-based CNN, 5.77% for Multi-grade CNN, and 5.09% for
Dual-force CNN and the proposed ANN-RF-SVM.

Conclusions and Future Works

Feature engineering gives deep learning an edge over other machine learning methods. This analyses the data to look for
related qualities and includes them to speed up the learning process. utilise input spatial consistency. Training and testing
come after the initial image processing step of selecting and extracting features. Improved accuracy in detecting and
segmenting brain tumors in MR images is demonstrated here using an anisotropic diffusion-filtered ANN-RF-SVM
technique. Using the proposed ANN-RF-SVM method, we were able to extract and classify features from the processed MR
brain pictures. The performance of the suggested approach is compared to that of existing methods using a sensitivity,
specificity, and accuracy metre. The evaluation outcomes showed that the suggested ANN-RF-SVM approach provides
significantly more significant outcomes than the current approaches. Medical image processing will benefit greatly from the
suggested ANN-RF-SVM method because of how well it can detect and isolate tumours. The proposed method, however,
requires a substantial quantity of information and settings used to refine a model and produce reliable results. The suggested
system relies on the qualities of the target image, which necessitates subjective empirical parameter adjustment. An
optimisation algorithm will be used to accurately choose the parameter value in a future iteration of the suggested method.
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To further improve brain tumour classification, A higher number of layers will be added to the proposed system, and data
augmentation techniques will be integrated.
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