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1. INTRODUCTION 

Medical classification of images is an exciting area of study 

because it combines the problems of diagnosis and analysis 

of medical images [1]. Data clustering is the process of 

grouping together sets of related data. A clustering method 

divides a data set into groups so that group similarities are 

more significant than group differences. [2]. These bits of 

information can be called data points, observations, or feature 

vectors. The data in each cluster are similar to each other but 

different from the data in other clusters. Clustering can be 

used to find information, compress data, study the weather, 

physiology, and medicine, and even run a business. 

Therefore, image clustering is the process of putting together 

groups of images from a database. After grouping, each 

picture in the database has a "class label" that tells us how 

similar this image is to other images with the same class label. 

The main goal of image clustering is to divide image 

databases or archives into groups or clusters from which 

knowledge or predictions can be derived. Image clustering 

also summarizes and displays the content of images. 

Moreover, it can be used for unsupervised clustering of an 

image set or database, image categorization, picture 

segmentation, content-based image retrieval, and image 

categorization [3]. In medical image datasets, unsupervised 

clustering is needed to organize and store many medical 

images quickly and easily. This makes it easier to classify 

medical images based on their content [3,4]. In addition, 

clustering is the most important part of data analysis and 

mining. As data sets grow and their properties and 

relationships change, finding groups of objects that are highly 

related to each other is very useful even when there are a lot 

of them [5]. A clustering method can be either clear or 

unclear. A hard clustering algorithm puts each pattern in only 

one cluster and gives the result during run time. A fuzzy 

clustering method provides each input with a membership 

degree based on how close it is to more than one cluster [6,7].  

The aim is to present a new way to solve the problem of 

separating parts of a medical image by using improved 

clustering techniques based on image processing and data 

clustering techniques that already exist. 

2. THE PROPOSED METHOD OF MEDICAL 

IMAGES CLUSTERING 

The block diagram of the proposed medical image clustering 

algorithm is shown in Fig. (1) 

 

Fig. (1) The Block Diagram of Clustering Algorithm 

Abstract Imaging data and biological records are both included in the field of medical informatics. Medical 

image clustering is an important area of research that is getting increased interest in both academia and the 

health professions. It addresses the issues of medical diagnosis, analysis, and education. Several medical 

imaging methods and applications based on data mining have been made and tested to deal with these 
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has a much higher cluster classification than those published before.  A user-friendly Matlab program has 
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The block diagram consists of five stages. The input image is 

taken from the device. Next, it is treated by several 

preprocesses and adapted in size and converted into 

grayscale. Then, feature extraction is performed. In this work, 

multiwavelet transform is applied to extract useful features. 

Finally, a clustering algorithm is implemented to work on the 

multiwavelet coefficients to obtain the required clusters. 

A detailed description of the different stages will be given 

next sections. 

3. IMAGE ACQUISITION 

During the phase of image acquisition, datasets from the UCI 

machine learning repository are accessed. There will include 

data sets on Wisconsin breast cancer (wdbc and wpdc), the 

heart, diabetes, the thyroid, lung cancer, and the initial tumor. 

After that, the data will undergo procedures that make it ready 

for usage [9]. 

Biomedical devices that use imaging techniques such as 

computed tomography (CT), magnetic resonance imaging 

(MRI), and mammography provide medical image data. 

Several medical imaging modalities use ionizing radiation, 

nuclear medicine, magnetic resonance, ultrasound, and 

optical techniques as their modality media. Each modality has 

a unique quality and specific effect on the human body's 

structure and organs. [1] 

There are four imaging modalities: 

3.1.1. Projectional Imaging.  

X-rays are electromagnetic radiation (EM) wavelengths 

ranging from 0.1 to 10 nm. They are changed into photons 

with 12–125 keV of energy. The x-ray image processing 

projection is used almost when lab tests become important to 

diagnose medical problems. Making an image comprises 

three main steps: pre-reading the image, reading the main 

image, and processing the image [1]. 

3.1.2. Computed Tomography (CT). 

 Minor variations in attenuation (less than 5%) can prevent 

the typical x-ray imaging projection from producing 

acceptable results. CT enhances subject to contrast with 1% 

or less discrimination. CT is commonly used in cancer 

screening applications, including virtual colonoscopy and 

lung screening. CT imaging has different variations: PET/CT, 

CT perfusion, CT angiography, dual-source and dual-energy 

CT, and PET/CT positron emission tomography [1]. 

3.1.3. Magnetic Resonance (MR). 

In the Magnetic Resonance Imaging (MR) technique, a strong 

magnetic field is used to align the hydrogen atoms in water 

molecules' nuclear magnetization. Cross-sectional imaging 

techniques using MR have become the norm for observing 

both soft tissues (such as muscle, brain, and fat) and hard 

structures (like bones, especially marrow bone) [1]. 

3.1.3. Ultrasound Imaging. 

Cross-sectional images of the human body can be made using 

high-frequency sound waves between 1 and 20 MHz. The 

type of tissue the sound waves are passing through determines 

the strength of the echo ultrasonography. [1]. 

4. DATA PRE-PROCESSING   

Data pre-processing is a set of steps taken on raw data to get 

the best results for a single dataset. It has a significant effect 

on how well classification algorithms work. So, in the pre-

processing phase of this algorithm, the min-max 

normalization method is used to ensure that the data range is 

between [1,0]. Normalization is an important part of data 

preprocessing because some machine learning methods can't 

directly deal with continuous attributes. First, the change of 

data in the interval [1,0] is better for humans to understand 

cognitively. Second, the process of computing will go faster 

[9]. Unfortunately, there are a few difficulties with image 

data, such as complexity, accuracy, and sufficient. To get the 

intended outcomes, the data must be preprocessed (cleaned 

and processed to the proper format) before creating a 

computer vision model. We will examine image data 

preparation in this section, which transforms image data into 

a format that machine learning algorithms can understand. 

This is usually used to improve the model's accuracy and 

simplify it. To preprocess image data, many techniques are 

used. Examples include image resizing, grayscale image 

conversion, and image enhancement [9]. 

5. FEATURE EXTRACTION 

In this part, the Multiwavelet Transformation algorithm is 

used. After pre-processing the image, in this case, 

Multiwavelet decomposition is applied. The Multiwavelet 

decomposition process of matrix X is discussed briefly 

below. 

5. 1. Fundamental of Multiwavelets 

n particular, multiwavelets have two or more scaling and 

wavelet functions in contrast to wavelets, which only have 

one scaling functionΦ(𝑡) and one wavelet functionΨ(𝑡). For 

notational convenience, the set of scaling functions can be 

written using the vector notation ɸ(𝑡) =

[𝜙1(𝑡),   𝜙2(𝑡) … 𝜙𝑟(𝑡)]
𝑇 Where Φ(t) is called the 

multiscaling function. Likewise, the multiwavelet function is 

defined from the set of wavelet functions as 𝜓(𝑡) =
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[𝜓1(𝑡), 𝜓2(𝑡) … 𝜓𝑟(𝑡)]
𝑇. When r=1, ψ(t) is called a scalar 

wavelet or simply a wavelet. While in principle, r can be 

arbitrarily large. The majority of multiwavelets researched up 

to this point are for r=2 [9]. Similar to scalar wavelets, the 

multiwavelet two-scale equations 

𝜙(𝑡) = √2∑ 𝐻𝐾𝜙(2𝑡 − 𝐾)∞
𝐾=−∞    … (1) 

𝜓(𝑡) = √2∑ 𝐺𝐾𝜓(2𝑡 − 𝐾)∞
𝐾=−∞    … (2) 

 Note, however, that {𝐻𝐾} and {𝐺𝐾} are matrix filters, i.e., 

𝐻𝐾and 𝐺𝐾 are r × r 

[
𝜙1(𝑡)

𝜙2(𝑡)
] = √2∑ 𝐻𝐾𝐾 [

𝜙1(2𝑡 − 𝐾)

𝜙2(2𝑡 − 𝐾)
]   … (3) 

[
𝜓1(𝑡)

𝜓2(𝑡)
] = √2∑ 𝐺𝐾𝐾 [

𝜓1(2𝑡 − 𝐾)

𝜓2(2𝑡 − 𝐾)
]   … (4) 

where 𝐻𝐾  for the GHM system are four scaling matrices 𝐻0,  

𝐻1, 𝐻2, and 𝐻3, [12],                                                                                 

𝐻0 = [

3

5√2

4

5

−
1

20
−

3

10√2

],  𝐻1 = [

3

5√2
0

9

20

1

√2

],  𝐻2 = [
0 0
9

20
−

3

10√2

],  

𝐻3 = [
0 0

−
1

20
0]    …(5), where 𝐺𝐾 for the GHM system are 

four scaling matrices 𝐺0,  𝐺1, 𝐺2, and 𝐺3, [12], 𝐺0 =

[
−

1

20
−

3

10√2
1

10√2

3

10

], 𝐺1 = [

9

20
−

1

√2

−
9

10√2
0

], 𝐺2 = [

9

20
−

3

10√2
9

10√2
−

3

10

], 

𝐺3 = [
−

1

20
0

−
1

10√2
0
]   …(6) 

5.2 Preprocessing for Multiwavelets 

A tree-structured matrix filter bank that operates on vector 

sequence inputs instead of scalar ones can conduct 

multiwavelet transformation (lower resolution coefficients 

can be derived from higher resolution coefficients by a tree-

structured technique called a filter bank [17]). Unlike scalar 

wavelet systems, then, preprocessing is often necessary to 

extract vector sequence input from the signal to improve 

performance [15]. Numerous techniques exist for producing 

such a signal from 2-D signal data[10]. Oversampled 

approach, a 2-D approximation-based preprocessing scheme 

for GHM discrete multiwavelet transform of 2-D signals, is 

developed in this paper called an  Oversampled Scheme 

3.5.  Oversampled Scheme: Tretreatment of Repeated 

Rows 

In multiwavelet situations, GHM multiscaling and 

multiwavelet function coefficients are 2×2 matrices that must 

multiply vectors throughout the transformation stage (instead 

of scalars). Therefore, a multifilter bank requires two input 

rows. Thus, signal repetition is the most obvious approach to 

obtaining two input rows from a given signal. There are two 

rows in the multifilter bank. This approach, known as 

"Repeated Row," introduces a two-factor oversampling of the 

data. To perform repeated row preprocessing on a scalar input 

signal {X_K } of length N (where N is supposed to be a power 

of 2 and is, therefore, an even number), we need to replicate 

the input stream with the same stream multiplied by a 

constant α. Thus, the input length-2 vector is formed from the 

original as, 

[
𝑋𝐾

𝛼𝑋𝐾
]      𝑤ℎ𝑒𝑟𝑒 𝐾 = 0, 1, 2, … , 𝑁 − 1        … (7) 

Here 𝛼 is a constant; it is commonly set so that if 𝑋𝐾 = 𝐶 =

𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡, the output of the high-pass multifilter is zero for 

every k. This is always possible if the system's approximation 

order is greater than zero. For the GHM case, 𝛼 = 1 √2⁄   is 

selected since: 

[𝐺0 + 𝐺1 + 𝐺2 + 𝐺3] [
𝐶
𝐶

√2

] =
1

10
[
8 −

10

√2

0 0
] [

𝐶
𝐶

√2

] = [
0
0
].. (8) 

The output from the low-pass multifilter is simply a scaled 

version of the input, 

[𝐻0 + 𝐻1 + 𝐻2 + 𝐻3] [
𝐶
𝐶

√2

] =
1

5
[

6

√2
4

4 √2
] [

𝐶
𝐶

√2

] = √2 [
𝐶
𝐶

√2

].. (9) 

Following the multiwavelet reconstruction (synthesis) step is 

the post-filtering process. 

5.4 General Formula for Calculating DMWT Using an 

Oversampled. Preprocessing Scheme (Repeated Row 

Preprocessing)    

By utilizing an oversampled preprocessing approach 

(repeated row preprocessing), the DMWT (discrete 

multiwavelet) matrix is doubled in size relative to the input, 

which should be a square matrix 𝑁 × 𝑁 where N is a power 

of 2. After preprocessing, transformation matrix dimensions 

equal image dimensions. To compute a 2-D Discrete 

Multiwavelet Transform with a single level, the following 

steps must be taken: 

5.4.1. Verifying input signal dimensions: The input matrix 

must be square, 𝑁 × 𝑁, with N being a power of 2. Therefore, 

the initial phase of the transform technique is to verify the 

dimensions of the input matrix. If the input is not a square 

matrix, the rows or columns of zeros must be added to create 

a square matrix. 

5.4.2. THE BUILDING OF A TRANSFORMATION 

MATRIX:  
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For computing Discrete Multiwavelet Transform, using the 

following transformation matrix 

[
 
 
 
 
𝐻0 𝐻1 𝐻2 𝐻3 0 0 …
𝐺0 𝐺1 𝐺2 𝐺3 0 0 …
0 0 𝐻0 𝐻1 𝐻2 𝐻3 …
0 0 𝐺0 𝐺1 𝐺2 𝐺3 …
⋯ … … … … … …]

 
 
 
 

      ... (10) 

Where Hi and Gi are the low- and high-pass filter impulse 

responses. The GHM low- and high-pass filter matrices 

described in (5) and (6) should be used to create a 𝑁 × 𝑁 

transformation matrix. After replacing the values for the 

GHM matrix filter coefficients supplied by the following 

matrix, 

[
 
 
 
 
 
 
 
 
 
 
 
𝐻00,0

𝐻00,1
𝐻10,0

𝐻10,1
… … ⋯ ⋯ ⋯

𝐻01,0
𝐻01,1

𝐻11,0
𝐻11,1

⋯ ⋯ ⋯ ⋯ ⋯

𝐺00,0
𝐺00,1

𝐺10,0
𝐺11,0

⋯ ⋯ ⋯ ⋯ ⋯

𝐺01,0
𝐺01,1

𝐺11,0
𝐺11,1

⋯ ⋯ ⋯ ⋯ ⋯

0 0 0 0 𝐻00,0
𝐻00,1

𝐻10,0
𝐻10,1

⋯

0 0 0 0 𝐻01,0
𝐻01,1

𝐻11,0
𝐻11,1

⋯

0 0 0 0 𝐺00,0
𝐺00,1

𝐺10,0
𝐺10,1

⋯

0 0 0 0 𝐺01,0
𝐺01,1

𝐺11,0
𝐺11,1

⋯
⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯
⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯ ⋯]

 
 
 
 
 
 
 
 
 
 
 

 … (11). Preprocessing a 2𝑁 × 2𝑁 transformation matrix 

yields the same dimensions as the dimensions of the input 

matrix after preprocessing. 

5.4.3. Row Preprocessing 

Row preprocessing doubles the number of the input matrix 

rows. Therefore, if the 2-D input consists of 𝑁 × 𝑁 matrix 

elements, the outcome of row preprocessing is a 2𝑁 × 𝑁 

matrix. The odd rows 1,3,...,2N-1 of this resultant matrix are 

the same original matrix rows values  1,2,3,..., N, 

respectively. While the even rows 2,4,...2N represent the 

initial signal rows multiplied by 𝛼. For GHM system function 

𝛼 = 1 √2⁄ . 

5.4.4. Transforming Rows Can Be Accomplished As 

Follows 

a. Apply matrix multiplication to the 2𝑁 × 𝑁 input matrix 

that has been preprocessed. 

b. Permute the resulting 2𝑁 × 𝑁 matrix rows by putting the 

row pairs 1,2 and 5,6..., 2N-3,2N-2, after others in the upper 

half, then the row pairs 3,4 and 7,8,..., 2N-1,2N below them 

in the next lower half. 

5.4.5. Preprocess Columns 

to repeat the approach used for preprocessing rows. 

a. Transpose the 2𝑁 × 𝑁 matrix that was row converted in 

step 4. 

b. Repeat step 3 on the 𝑁 × 2𝑁 matrix (transposition of the 

row-transformed 2𝑁 × 2𝑁 matrix), producing a 2𝑁 × 2𝑁 

column preprocessed matrix. 

5.4.6. The Transformation Column 

 transformation columns are done to the preprocessed 2𝑁 ×

2𝑁column matrix as follows: 

a. Perform matrix multiplication on the 2𝑁 × 2𝑁 constructed 

transformation matrix produced by the 2𝑁 × 2𝑁 column 

preprocessed matrix. 

b. Change the order of the rows in the resulting 2𝑁 × 2𝑁 

matrix by putting the row pairs 1,2, and 5,6,..., and 2N-3,2N-

2 next to each other in the upper half of the rows, then placing 

the row pairs 3,4, and 7, 8,..., and 2N-1,2N below them in the 

next lower half. 

5.4.7 The Completely Transformed Matrix 

Use the following to obtain the final transformed matrix: 

a. Transpose of the matrix produced by the column 

transformation. 

b. Use coefficients permutation on the transpose matrix that 

you just produced. Each of the four basic sub-bands of the 

resulting transpose matrix is given a coefficients permutation. 

This means that each sub-band permutes rows and then 

permutes columns. With repeated row preprocessing, the 

original 𝑁 × 𝑁matrix is turned into a 2𝑁 × 2𝑁 DMWT 

matrix. 

5.5.  Numerical Exampl 

 In this section, we will use a numerical example for 

computing 2-D FDMWT using the Separable   Method [8]. 

1. Let X be  input 2-D signal: 𝑋 = [

16 2 3 13
5 11 10 8
9 7 6 12
4 14 15 1

]

4×4

   

2. For this 4×4 matrix input 2-D signal, construct an 8×8 

transformation matrix W, using Multiwavelet low and 

high pass filters. 

3. Apply row preprocessing to the input matrix X, using 

repeated row preprocessing, which results in a PR 
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matrix. 

 
 

4. Apply row transformation: [Z]=[W] × [PR] 

 

5. Apply columns preprocessing 

a. Transpose [Z] matrix 

 

b. preprocessing [𝑍]𝑇  Results in 8x8 column     

preprocessed matrix [PC]. 

 

6. 6.Transformation of input columns: Let [BB]=[W] × 

[PC] 

7. To get the final transformed matrix 

a. Transpose [BB] to get [y]. 

b. Apply coefficient permutation to the [Y] matrix to get the [YY] matrix. 
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6. The Proposed Clustering Algorithm 

Clustering is the process of automatically organizing data into 

meaningful groups, or "clusters." Data points, observations, 

and feature vectors are all terms used to describe individual 

data bits. The data that is contained within each cluster are 

equivalent to one another but distinct from the data that are 

contained within the other clusters.   Clustering is a 

foundational process in many software packages; hence, it 

must be reliable. Among the many applications of cluster 

analysis is data compression, the study of climate, 

physiology, medicine, and business. Essentially, simple 

image clustering is the method through which collections of 

images from a database are assembled. Each image in the 

archive is then assigned a "class label" based on the results of 

the clustering procedure. Images with the same "class label" 

are considered to be of the same type. The primary objective 

of image clustering is to combine existing image databases. 

[3]. 

6.1 K-Means Clustering 

K-MEANS Clustering is a type of cluster analysis that aims 

to divide n objects into k groups so that each data is placed in 

the cluster with the closest mean. K-means is the algorithm's 

name, where k is the number of groups. A case corresponds 

to the location in the cluster where it is closest to the cluster 

mean. The algorithm's focus is on achieving k-means. We 

begin with the first set of criteria and break instances into 

groups depending on their proximity to the centres. Next, the 

cluster mean is recalculated using the subjects that are already 

included in the cluster. Every case is reclassified based on the 

new set of rules. This phase is done until there is little 

variation in the cluster meanings from step to step. Finally, 

we recalculate the cluster averages and place the cases in 

permanent clusters. 

6.2 Algorithmic Steps For K-Means Clustering 

Let X = {X1, X2, X3…….,Xn} be the set of data points and 

V = {V1,V2,…….,Vc} be the set of centers. 

1. Randomly select 'c' cluster centres. 

2. Calculate the distances between each data point and cluster 

centre. 

3. Assign the data point to the cluster centre whose distance 

from the cluster centre is the minimum of all the cluster 

centres. 

4. Recalculate the new cluster centre using  

𝑉𝑖=(1 𝐶𝑖⁄ )∑ 𝑋𝑖
𝐶𝑖
𝑗=1 . Where 'ci' represents the number of data 

points in 𝑖𝑡ℎ cluster. 

 

5) Recalculate the distance between each data point and the 

new obtained cluster centres. Distances: Quantitative 

Variables in K-Means. Identity(absolute) error  𝑑𝑗(𝑥𝑖𝑗,𝑥𝑖�́�) =

𝐼(𝑥𝑖𝑗≠𝑥𝑖�́�). Squared distance  𝑑𝑗(𝑥𝑖𝑗,𝑥𝑖�́�) = (𝑥𝑖𝑗 − 𝑥𝑖�́�)
2
 

𝐿𝑞 norms 𝐿𝑞𝑖�́� = [∑ |𝑥𝑖𝑗−𝑥𝑖�́�|
𝑞

𝑗 ]
1 𝑞⁄

. Canberra distance 𝑑𝑖�́� =

∑
|𝑥𝑖𝑗−𝑥𝑖�́�|

|𝑥𝑖𝑗+𝑥𝑖�́�|
𝑗 . Correlation 𝑝(𝑥𝑖,𝑥�́�) =

∑ (𝑥𝑖𝑗−�̅�𝑖)(𝑥𝑖�́�−�̅��́�)𝑗

√∑ (𝑥𝑖𝑗−�̅�𝑖)
2

𝑗 ∑ (𝑥𝑖�́�−�̅�𝑖 ́)
2

𝑗

      

6) Stop if no data point was reassigned; else, repeat from step 

3. To divide the dataset into k clusters based on the variance, 

you must find the k points mj (j = 1, 2,..., k) in Rd that make 

the distance between xi and mj the smallest. Cluster centroids 

are the points mj, where j = 1, 2..., k. 

 

• Ordinal variables can be allowed to fall between 0 and 1 so 

that quantitative metrics can be used: 

• Distances between each pair of categories in a categorical 

variable must be set by the user [2]. 
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Fig. (2)  k-means clustering flowchart 

7. PERFORMANCE EVALUATION EXPERIMENTAL 

RESULTS AND EVALUATION 

Fig. (3) The proposed strategy to implement multiwavelet and k-

means algorithms. (a) original image without denoising (b) Image 

after preprocessing (c) image using multiwavelet transform 

algorithm (d) Image zoomed in upper left most (e) result Image 

after using GHM algorithm and k-mean algorithm. 

Table (1). (Evaluation metrics of GHM and k-means algorithm) 

Table of Images measures calculation using MATLAB software 

after implementing the Multiwavelet transform algorithm 

 MSE PSNR 
MNC

C 
SC MD NAE 

Image

1 

 

 

2.331

5e+03 

 

14.45

45 

 

 

1.367

1 

 

0.499

5 

 

58 

 

0.457

6 

Image

2 

813.4

587 

19.02

74 

1.418

5 

0.461

2 
60 

0.511

9 

Image

3 

3.114

9e+03 

13.19

64 

1.402

2 

0.483

9 
79 

0.439

2 

Image

4 

474.9

277 

21.36

45 

1.414

6 

0.0.45

97 
58 

0.527

4 

Image

5 

7.693

7e+03 

9.269

5 

1.932

0 

0.210

4 
128 

1.381

8 

MSE     Mean square Error 

PSNR   Peak Signal Noise Ratio 

MNCC   M-Normalized Cross-Correlation 

SC         Structural Content 

MD      Maximize Difference 

NAE      Normalized Absolute Error 

8. CONCLUSIONS  

In this paper, a clustering of medical image data was 

achieved. The proposed method used the Multiwavelet 

filterbank transform algorithm and k-means clustering 

algorithm. It extracts features from MRI medical images and 

works on them to assist clinicians in diagnosing diseases and 

detecting the affected part. The proposed method works 

effectively on the feature extraction due to using the 

Multiwavelet filterbank transform algorithm. To the best of 

our knowledge, this is the first study that used the 

multiwavelet filterbank transform for feature extraction with 

k-mean clustering. The clustering results and feature 

extraction can be used as benchmark scores for several new 

algorithm implementations
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