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Abstract

In this research, an improved automated medical prediction system, namely, the Neoplasm
Medical Image Classification System (NMICS), is proposed. The proposed NMICS aims to
robotically identify whether the given test magnetic resonance image (MRI) belongs to the
tumor group or the non-tumor group using machine learning techniques. The proposed
NMICS is divided into two stages, namely, the Train Medical Image Model (TMIM) and
the Medical Image Prediction Stage (MIPS), respectively. In the TMIM stage, the NMICS
performs various distinct operations including improving input medical image data set
quality and consistency through standard arithmetic operations; extracting specific features
(edge) from every individual medical image in the input medical image set using the
CNN method; and separating the feature vector set of the input medical image set into
two distinct clusters, namely, tumor and non-tumor, respectively, using the unsupervised
k-means clustering technique. In the MIPS stage, the proposed (NMIC) system performs
the same types of operations, including preprocessing and feature extraction, on the test
medical image samples. Next, the NMICS maps and classifies the feature vector of the test
medical image sample against trained medical image data set clusters using a KNN classifier.
The investigation results show that the NMICS is well-suited to diagnosing whether the
given medical image is grouped into the neoplasm category or the non-neoplasm group.
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1. Introduction

Brain tumor detection is a crucial medical process, and it is expected to identify
abnormal growths in the brain [1-5]. These growths, known as tumors, can be either benign
or malignant and may impact normal brain functions. Detecting brain tumors early is
essential for effective treatment. Various imaging techniques, such as MRI scans, play a
vital role in identifying the presence, size, and location of tumors. Advanced technologies,
including machine learning algorithms, are increasingly employed to enhance the accuracy
and speed of detection. Symptoms of brain tumors can vary, ranging from headaches and
nausea to changes in cognitive function. Early detection allows healthcare professionals
to act quickly, which increases the chances of successful treatment and lowers the risk of
complications [6-9].

The existing system for brain tumor detection employs machine learning techniques to
analyze medical imaging data such as MRI scans. These algorithms are trained to identify
abnormal patterns and anomalies within the brain, helping radiologists and clinicians to
diagnose tumors with greater accuracy and efficiency. By leveraging features like image
segmentation and classification, this technology aids in early detection, ultimately improv-
ing patient outcomes and reducing the burden on healthcare professionals. Detecting brain
tumors is crucial for early intervention and treatment. In this paper, the combined approach
allows for a robust analysis of brain MRI for tumor detection. CNNs efficiently capture
complex image features, K-means clustering aids in segmentation, and K-NN facilitates
precise pattern matching for accurate classification. Integrating these techniques provides a
holistic solution, leveraging the strengths of each algorithm to enhance the accuracy and
reliability of brain tumor detection in MRI.

2. Proposed NMICS

The proposed NMICS is designed to partition brain MRIs into two clusters through the
dynamic identification of centroids using the K-means clustering algorithm. Additionally,
it performs the classification of brain MRIs into tumor and non-tumor categories. This
process involves multiple stages, including image preprocessing, edge feature extraction,
clustering, and classification. The functional stages of the NMICS are visually depicted
in Figure 1.

2.1. Data Collection Stage

A set of brain MRIs deployed in an NMICS is represented as X = X;; for X; = X,
i=12..,nj=12,...,handr = 1,2,...,w where X indicates the ith input of the
medical image in the MRI deposit X with n MR, Xj; denotes the pixel element location of
jth row and rth column in the ith MRI in input medical, n is the size of the input medical
image set X = X;, w is describing the width of the image, and h denotes the height of the
input medical image in the input image repository.

2.2. Data Preprocessing Stage

Brain MRIs” preprocessing involves several steps to enhance the quality of the images.
Resizing ensures that you adjust the dimensions of the image while keeping the aspect
ratio constant. This helps prevent distortion and ensures that structures in the brain are
accurately represented. MRIs might have some level of random noise that can interfere
with the interpretation of important features. Gaussian blur is a smoothing technique that
helps reduce this noise.
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Figure 1. Proposed (NMICS) System Architecture.

2.2.1. Resizing

The MRIs undergo re-sizing using the aspect ratio preservation technique, ensuring
that the original proportions of the images are maintained throughout the process. Aspect
ratio preservation maintains the original proportions of the MRI. Re-sizing ensures unifor-
mity in image dimensions. To represent the re-sizing process with aspect ratio preservation
mathematically, let us denote the original dimensions of each brain MRI as w; (width) and
h; (height) of the input image in the medical image set X = X;. The aspect ratio AR(wj, h;)
of width and height have been given below in Equations (1) and (2)

AR(w;) = L:;%“ )
1
h
AR(h;) = t;r?et 3]
1

where AR(wj) is the aspect ratio of the i-th image width, AR(w;) is the aspect ratio of the
ith image height, Wiarget is the target width of the image, and htarget is the target height of
the image. Later resize width and height with the following equation:

Wy = Wi X AR(WI) (3)
h;i = h; x AR(h;) “)
where, wy; is the resized width of the ith image and h;; is the resized height of the ith image.

2.2.2. Noise Reduction

Gaussian blur is a common technique employed in preprocessing brain MRIs to reduce
noise and enhance the clarity of structural information. Mathematically, the Gaussian blur
operation involves convolving the image with a Gaussian kernel. The convolution of an
image X; with a 2D Gaussian kernel G is given by
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where G(i,j) is the value of the Gaussian kernel at position where i represents the row index;
j represents the column index; and o is the standard deviation of the Gaussian distribution,
controlling the amount of blur, and applying this kernel to the re-sized MRI X; to obtain a

pre-processed MRI X’ by
Xi" =) i) jx Xi x G(i,j) (6)

where X' is the resulting blurred image or pre-processed brain MRI, and X; is the set of
re-sized MRI for X = )A(i fori=1,2,...,n.

2.3. Feature Extraction Stage

In this stage, the proposed system is currently focused on extracting edge features
from brain MRIs with the goal of identifying unique patterns that distinguish tumor regions
from non-tumor areas using convolution neural network. In brain tumor detection using
Convolutional Neural Networks (CNNs), feature extraction is a critical step. CNNs auto-
matically learn relevant features from input images. In this context, the CNN layers identify
distinctive patterns or structures in MRIs that are indicative of tumors. These features may
include shapes, textures, or variations in intensity. The network then uses these learned
features to classify regions of the image as tumor or non-tumor, making it a powerful tool
for automating the detection process and improving diagnostic accuracy. Assuming a
single convolutional layer with a filter (kernel) F and bias term b, the convolution operation
for the ith image X/ can be represented as Z;.

Zi=Y o YN X xF4b @)

where Z; is the result of a convolution operation, X{ denotes the ith pre-processed MRI, and
F(m, n) is the filter weight at the position of (m, n). Subsequently, M and N are representing
the dimensions of the filter. Afterward, the ReLU activation function is performed for the
result of the convolution process Z; and it is defined in Equation (8).

a; = max(0,Z;) (8)

In the next step, assuming max pooling with a pooling window of size P x Q, apply the
pooling operation for the ith image to extract the feature from the brain MRI as explained
in the following mathematical Equations (7)-(9).

X = MaX(m,n)epoolingwindow A )
where, X is the result of the max pooling operation at position (u,v), a; is the ReLU-activated
value at position (u,v), and the max operation is taken over the pooling window. The set of
MRIs, X, after feature extraction and pooling, can be represented as X = {Xq,Xp,...,Xn}.
This notation signifies that X consists of images obtained after applying the convolutional
layer, ReLU activation, and max pooling to each image in X'. The output X represents a
set of images with extracted features and reduced spatial dimensions. The step-by-step
process of feature extraction operation is presented in Algorithm 1.
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Algorithm 1: Feature Extraction

Input : Preprocessed brain MRI X' = {X},X5,..., X}
Output: The set of images X = {Xy, Xy, ..., Xq } with extracted features.

Begin

1. The convolution operation is applied to the input image X’ with a filter F by
Equation (7).

2. Apply the ReLU activation function a; to introduce non-linearity by Equation (8).

3. Apply max pooling X to downsample the spatial dimensions of the activation map
a; using Equation (9).

4. Repeat the above steps with multiple filters and for multiple layers to extract the
hierarchical feature from X = {X;,Xy,...,Xq } and the input image
X = {X,Xb,..., X}

End

2.4. Training Stage

In this stage, the proposed NMICS is iteratively separating the brain MRI set into two
clusters, such as C; (normal) and C; (tumor) using the k-means technique [10-12] based on
the feature set of the MRI set, which is carried out at the previous stage through a CNN
approach. Each image X; in X is typically represented as a feature vector. Let us denote the
feature vector of Xj as vi fori = 0,1, ..., m where m is the number of features in the feature
vector. The first step is to compute the Euclidean distance d;j; and dj» between each image’s
feature vector v; and the cluster centroids as Cy; (normal) and Czj (tumor).

dyy = \/ Z]Til (vij — Elj)z (10)

dy = \/Z].‘il (vi _62].)2 (11)

where dj; and dj; representing the Euclidean distance between a data point v;; and the
centroids C; (tumor) and C; (no tumor), respectively. During the training process, the
image feature set X = X; of the input image set is divided into two distinct clusters, namely
C (normal) and C; (tumor). In the next step, the assignment of a data point vjj to a cluster
is determined by comparing the distances d;; and dj, between the data elements and the
cluster centroids. If the distance to C; is less than or equal to the distance to C,, the data
element vy is assigned to the cluster C;. Otherwise, it is assigned to the cluster C;. The
steps involved in the training operation are described in Algorithm 2.

G ifdy < dpp
C(v;) = 12
(vi) {Cz ifdy; > dpp (12)
_ 1 d
C = il x Y Cyi | VG € Gy (13)
_ 1 d
C = @ X Zi Cy | VCyi € Cp (14)
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Algorithm 2: Training Data Model using Clustering

Input: The set of images X = {Xy, Xy, ..., Xq } with extracted features.

Output: The two distinct clusters C; (normal) and C; (tumor) are obtained.

Begin

1. Pre-determined number of clusters in k = 2.

2. Randomly select k number of cluster centroids from the MRI feature set X of the
input image set
X and obtain the selected feature vectors to respective cluster centroids,
namely C; and C,.

3. Calculate the Euclidean distance between the image’s feature vector set
X=X, fori=0,1,...,n, and the cluster centroids C; and Cy, respectively, using
Equations (10) and (11).

4. TIteratively separate the contents of the image feature vector set into its closest
cluster, either C; or Cp, using Equations (10) and (11).

5. Update the content of cluster centroids C; and C; through the data elements of the
clusters C; and C respectively using Equations (13) and (14).

6. Repeat the steps from 3 and 4 until the previous iteration centroid value is the same
as the current iteration centroid value.

End

2.5. Testing and Classification Stage

Classification of brain MRIs as tumor and no tumor typically involves using machine
learning algorithms. In this context, C; (normal) and C; (tumor) clusters likely refer to
distinct features or patterns associated with the classes. The algorithm analyzes patterns
in the MRIs, using features from C; (normal) and C;, (tumor) clusters to distinguish be-
tween tumor and non-tumor cases. This process aids in accurate classification based on
the identified patterns in the images. KNN is used for classification, considering the Eu-
clidean distances between the test sample’s feature vector and the centroids of the tumor
and no-tumor clusters. T’ is the feature vector obtained from the CNN output for the
test sample, representing the high-level features extracted from the brain MRI dgym, the
Euclidean distance between the feature vector T’ and the Centroid C; of the tumor cluster
in Equation (15), dnotum is the Euclidean distance between the feature vector T and the
centroid C; of the no tumor cluster in Equation (16). The steps involved in the KNN
classifier are illustrated in Algorithm 3.

dium (T, Cy) = { Y (T - Cyy)? [VCy € €y } (15)

dnotum (T, C2) = { > (T - Cy)? [VCy € Cz} (16)
\Cj | -

& = Count d(T,lclj ) {é dcgr(ricéig;:tt} (17)
\Cj | =

¢, = Count d(T,ZCzj) , {(1) dé?,}f:élz §)<>:tt} (18)

CI(T) = majority{cy, 2} (19)
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Algorithm 3: Classification

Input: Trained data set with two clusters C = {Cy,C, } and feature vector of test sample

(T) with m features

Output: KNN classification result either tum as tumor or no tumor.

Begin

1. Determine the number of neighbors K to consider during classification.

2. Iteratively compute the distance between the feature vector of the test sample and
the data elements of each individual cluster d(T, C;) in the training data set using
Equations (15) and (16).

3. Measures the frequency of closeness between the test sample (T) and data
elements in the clusters using Equations (17) and (18).

4. Note the class label of the test sample (T) which belongs to either the tumor class
or the no tumor class using Equation (18).

End

3. Results and Discussion

For demonstration purposes, we have randomly selected a few images from the Kaggle
MRI data set [13], and the sample medical pictures are presented in Figure 2. Figure 3 shows
that the preprocessing result of the input sample medical image set is illustrated in Figure 2.
The proposed NMICS and its preprocessing methods have been described in Section 2.2.
The feature extraction results of the pre-processed input MRI set are presented in Figure 4.
It is clearly shown in Figure 4 that the proposed NMICS extracts edge features from all
MRI samples through the CNN method, which has been discussed in the Algorithm 1 at
Section 2.3. Subsequently, in the training stage, the NMICS iteratively separates the MRI
sample set into two (K = 2) distinct clusters, namely C; (normal) and C, (tumor), based on
the feature set of the MRI sample set in Figure 4 through the k-means clustering technique,
and the results have been presented in Figure 5. The classification results of the NMICS
with different test MRI samples have been presented in Table 1, which is discussed in
Algorithm 3 at Section 2.5.

MRI-12.jpg MRI-9.jpg MRIL.jpg

MRI6.jpg MRI7.jpg

MRI13.jpg MRIl4.jpg MRI2.jpg MRI3.jpg MRI4jpg  MRIS.jpg

Figure 2. Input MRI samples with different sizes.
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MRI-10.jpg MRI-11jpg  MRI-12.jpg MRI-8.jpg MRI-9.jpg

MRI1.jpg MRI13.jpg MRI14.jpg MRI2.jpg MRI3.jpg

MRI4.jpg MRIS.jpg MRI6.jpg MRI7.jpg

Figure 3. Result of pre-processed stage over the input MRI samples in Figure 2.

MRI-10.jpg MRI-11.jpg MRI-12.jpg MRI-8.jpg MRI-9.jpg MRI1.jpg

MRI6.jpg MRI7.jpg

Figure 4. Result of feature extraction (edge detection) operation conducted on the improved MRI set
in Figure 3.

MRI-10.jpg MRI-11.jpg MRI-12.jpg MRI1.jpg MRI13.jpg MRI14.jpg MRI2.jpg MRI3.jpg

MRI4.jpg MRIS5.jpg MRI6.jpg MRI7.jpg

(a) Cluster-1 with normal MRIs (b) Cluster-2 with numor MRIs

Figure 5. Training result of the input MRI set in Figure 3.
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Table 1. Classification results of sample MRI tested by proposed NMICS System.
Test MRI Improved MRI Feature of MRI Classification Result
Image Sample Samples Samples Cluster 1 (Normal) Cluster 2 (Tumor)

ST

4. Conclusions

In this paper, an improved automated medical prediction system, namely, the Neo-
plasm Medical Image Classification System (NMICS), is presented, and it is intended to
instinctively classify the test medical image into either the tumor group or the non-tumor
(normal) group, respectively, through machine learning techniques. The NMICS is divided
into two stages, including the Train Medical Image Model (TMIM) and Medical Image
Prediction Stage (MIPS). In the TMIM stage, the NMICS separates the input MRI set into
two distinct clusters based on the feature set of the MRI set through the k-means tech-
nique, and also performs the essential operations before the training process, including
preprocessing and feature extraction. In the MIPS, the NMICS performs the same types
of operations over the test medical image samples, which are then followed by the TMIM
stage, excluding the training operation. Following, the NMICS classifies the feature vector
of the test medical image sample with trained medical image data set clusters using a KNN
classifier. The investigation outcomes demonstrate that the NMICS is fit to categorize the
given test sample of MRI into the neoplasm or non-neoplasm group.
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