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ABSTRACT

Pneumonia can affect people of all ages, especially children. One way to identify pneumonia
is by using medical equipment through radiological examinations such as chest X-rays. This
study proposes the development of an entropy formula found in the gray level co-occurrence
matrix (GLCM) texture extraction method to automatically detect pediatric chest X-ray results
in identifying pneumonia. The pre-processing stage is tested with several steps, including con-
verting RGB to grayscale, adaptive histogram equalization (AHE), filtering, Otsu thresholding,
image inversion, and automatic image cropping. After preprocessing is the segmentation stage
that conducted by processing the image from the cropping results. The testing process in the
segmentation stage includes contrast enhancement, Otsu multi-thresholding, border clearing,
and image segmentation. The results from the segmentation process are then followed by
the extraction stage. The extraction stage focuses on developing the entropy value found in
GLCM, referred to as the entropy value algorithm with gray level co-occurrence matrix (EVA-
GLCM). The key contributions of this study lie in the advancement of digital image processing
methods for the accurate identification of childhood pneumonia through improved texture
feature extraction. This study compares the developed entropy value with several previous
studies. The development of this entropy value is then followed by the classification stage
using a support vector machine (SVM). The accuracy achieved in this study was 97.5%, mean-
ing it was able to accurately detect 390 images out of 400 images. This indicates that the
entropy value calculation using the EVA-GLCM formula and classification using SVM can pro-
vide more accurate output with a higher accuracy rate.
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1  INTRODUCTION

Pneumonia is an acute respiratory infection that can infect one or both lungs [1].
Pneumonia can be caused by bacteria, viruses, or fungi present in the air [2]. A healthy
immune system typically protects the body from infections, but many factors can weaken
this protection [3]. One of the factors that weakens the immune system in children is
air pollution [4]. Outdoor air pollution poses a threat to children, especially with the
increasing level of urbanization in countries with high pneumonia rates [5]. Indoor air
pollution contributes to 62% of child deaths from pneumonia related to air pollution [6].
The lung tissue infected with pneumonia is located in the alveoli. When someone has
pneumonia, the alveoli are filled with pus and fluid, making it difficult for the person
to breathe and limiting oxygen intake. Approximately 7% of the world’s population
contracts pneumonia each year, and four million affected patients face a fatal risk.

Information technology in the healthcare field has many advantages, particularly
in the processing of digital images taken from various medical imaging tools such
as X-rays [7], [8], CT scans [9], [10], and MRIs [11], [12]. These technological advance-
ments offer promising performance in medical image analysis during radiological
examinations. One of the most widely used radiological examinations is the X-ray.
X-rays are generally performed to view images of the heart, lungs, respiratory tract,
blood vessels, and lymph nodes. Chest X-rays of the lungs are used to detect infections
in the lungs. One such infection is pneumonia.

Early detection and treatment of pneumonia can reduce child mortality rates [13].
Diagnosing childhood pneumonia is challenging due to the low sensitivity of
microbiological tests and weak clinical findings [14]. One of the most important and
commonly used techniques for diagnosing childhood pneumonia is chest X-ray imag-
ing[15].ChestX-raysareasimple,easy,and effective way for doctorstoanalyze internal
organs. However, chest X-rays are difficult to interpret without a radiology expert [16].
Current computational tools still focus on evaluating adult pneumonia, making it
difficult to assess pneumonia in children, especially infants. Various methods have
been used to evaluate chest X-ray results to achieve accuracy in diagnosing child-
hood pneumonia, but the routine use of chest radiography for diagnosing childhood
pneumonia in outpatient settings is not recommended.

Research conducted [17] discussed a machine learning approach to chest X-rays
for detecting pediatric pneumonia. The approach proposed in this research requires
data augmentation to balance the classes of the dataset used, optimize the feature
extraction scheme, and evaluate the performance of several machine learning models.
Image pre-processing and data augmentation were applied by resizing all chest
X-ray images to a uniform size and converting them to grayscale. The next stage used
AlexNet for this purpose, as it demonstrated a strong ability to provide high pneumo-
nia classification. This study was limited to binary classification of pneumonia using
pediatric X-rays with specific resolution and an adequate number of samples.

In 2023, [18] proposed several techniques in their research to analyze chest X-ray
images to detect and differentiate between pneumonia and tuberculosis (TB). The
techniques used in this research included texture feature extraction using gray level
co-occurrence matrices (GLCM), VGG16, ResNet18, and SVM. The results obtained
an accuracy rate of 99.6%, sensitivity of 99.17%, specificity of 99.42%, precision
of 99.63%, and an AUC of 99.58% in distinguishing between pneumonia and TB.
Further research was conducted [19]. This study proposed pneumonia detection
divided into two stages: mild pneumonia and severe pneumonia. The stages involved
feature extraction for both mild and severe pneumonia using several methods such
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as CLAHE, SVM, GLCM, and random forest. The accuracy rate and parameters using
random forest yielded better results than other models, reaching 83.11%.

The key contributions of this study lie in the advancement of digital image process-
ing methods for the accurate identification of childhood pneumonia through improved
texture feature extraction. Specifically, this study builds upon the foundational research
[19] and [20], focusing on refining the GLCM algorithm to enhance texture analysis
capabilities. Unlike previous studies that primarily applied standard texture extraction
or machine learning models, this study proposes a novel development of the GLCM
algorithm to achieve more precise and discriminative texture features from chest X-ray
images. The enhancement of GLCM aims to address the challenges of low sensitivity and
limited specificity found in existing computational tools, thereby offering a method that
improves the robustness and accuracy of pneumonia diagnosis in children. By optimiz-
ing the GLCM model for texture extraction, this research contributes a significant step
toward creating reliable and effective diagnostic support tools, which are crucial for
medical practitioners, particularly in settings with limited access to specialized radiol-
ogy expertise. The outcomes are expected to lead to a higher accuracy rate in detecting
childhood pneumonia and to facilitate earlier and more reliable diagnoses, ultimately
aiding in the reduction of pediatric mortality rates linked to respiratory infections.

2 MATERIALS AND METHODS
2.1 Research framework

This study was conducted with the aim of improving the quality of X-ray images
in identifying childhood pneumonia by developing a texture extraction method
using the GLCM algorithm. The research framework can be seen in Figure 1 below:

In this study, the initial step was the collection of chest X-ray images of children.
These images were then categorized based on their type, specifically identifying
which X-rays indicated pneumonia or other lung diseases. The X-ray images of chil-
dren diagnosed with pneumonia were selected and processed in the following steps,
while images of other lung diseases were set aside. The next stage was pre-processing,
which in this study included the following steps: converting RGB to grayscale, adap-
tive histogram equalization (AHE), object filtering, and Otsu thresholding. The follow-
ing stage was segmentation, which in this research involved contrast enhancement,
Otsu multi-thresholding, clearing borders, and image segmentation. The next step
was feature extraction, where the focus was on developing the GLCM method, par-
ticularly in the search for entropy values. The final stage was classification, where
the images were grouped into three categories: severe pneumonia, mild pneumonia,
and normal, using the SVM method. Below is an explanation of each research stage:
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Fig. 1. Research framework
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2.2 Research framework details

Data collection and grouping. The collection of X-ray images was taken from
the SIEMENS MULTI SELECT DR X-ray machine owned by the Radiology Department
of the Regional General Hospital (RSUD) Dr. Rasidin in Padang City. The images col-
lected were chest X-rays of children’s lungs. This research tested a total of 400 pedi-
atric chest X-ray images. The test data in the form of chest X-rays consisted of three
types of health conditions in children’s lungs, namely 170 severe pneumonia,
130 mild pneumonia, and 100 normal. The X-ray images were obtained from the
Radiology Department, specifically children’s chest X-rays, and also from a public
dataset from the internet. The data was categorized into images identified as pneu-
monia and other lung diseases.

Pre-processing. Pre-processing involves image acquisition as input, obtaining
grayscale images, noise filtering, and creating binary images. Preprocessing is also an
advanced process used to normalize images without losing color, texture, intensity,
or information. This research includes several preprocessing steps, explained below.

1. Chest X-ray image input. The image input process is done using pediatric chest
X-ray images. Image input is performed after the data is categorized based on
pediatric chest X-ray images identified with pneumonia or other lung infections.

2. RGB to grayscale. The initial step in preprocessing is converting the original
image, which is in RGB format, to grayscale. This aims to change the original
image’s color so that the pixel intensity is represented in shades of gray.

3. Adaptive histogram equalization (AHE). AHE is a technique used in digital image
processing to enhance the contrast of an image by adjusting the pixel intensity
values. AHE is especially useful in medical image processing because it enhances
image contrast and clarifies details, particularly in images with complex contrast
variations.

4. Filtering. The goal of the filtering stage is to modify the appearance of the image
by altering pixel colors, enhancing contrast, adding special effects, and removing
noise around the characters in the image.

5. Otsu thresholding. Otsu thresholding is an image processing method based on the
intensity histogram of the image [21]. Its purpose is to find the threshold value
by separating the histogram into two groups, thereby minimizing the inter-class
variance between the two groups [22].

Segmentation. Segmentation is the process of dividing an image into several
smaller parts [23]. The main goal of image segmentation is to identify object bound-
aries or contours, separate objects from the background, and group image pixels into
different clusters based on certain characteristics such as color, intensity, texture, or
shape [24]. In this research, several steps were taken to achieve the desired segmen-
tation result for the object. The steps taken to achieve the appropriate segmentation
result for the research object are contrast enhancement, Otsu multi-thresholding,
and clearing the border.

1. Contrast enhancement. Contrast enhancement is a technique in image processing
aimed at increasing the difference between bright and dark areas in an image,
making features that may not be visible in the original image easier to recognize.

2. Otsu Multi-Thresholding. This step is performed to achieve image segmentation
with more than two threshold levels. The process aims to automatically calculate
the optimal threshold and separate the object from the background in a binary
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image (with two threshold levels). In this research, the image contains more than
two groups of pixels and will be classified into several classes based on intensity
or certain features.

3. Clearing the border. This step aims to remove or replace pixel values around the
image border with specific values, making it easier to isolate or process objects
within the image. This process is often used to eliminate effects caused by artifacts
around the image edges, which can interfere with further analysis or processing.

4. Image segmentation. The segmentation process is carried out after the clearing
the border step, with the goal of dividing the image into different parts based on
specific characteristics. The characteristic used for segmentation in this process is
the texture of the pediatric lung X-ray image.

Texture feature extraction: GLCM method. Image extraction is the process of
extracting important information or features from a digital image for analysis and
further processing. The purpose of image extraction is to reduce the dimensionality
of image data and capture relevant information from the image. The type of image
extraction used in this research is texture feature extraction. Texture feature
extraction is a process that describes the textural properties of an image. The goal of
texture features is to identify patterns, structures, or texture characteristics within
an image. In this research, the texture extraction method used is GLCM [25]. The
steps in the GLCM process involve calculating the frequency of pixel intensity pairs
occurring at a specific distance and direction. In this study, GLCM can extract fea-
tures such as entropy, contrast, correlation, energy, homogeneity, dissimilarity, and
measure of smoothness [26]. The study focused on developing the GLCM algorithm,
particularly in calculating the entropy value. Entropy is one method used to mea-
sure image complexity by considering neighboring pixels and providing insight into
the complexity and uncertainty of the pixel intensity distribution within the image.
This method involves calculating the entropy of each pixel by taking into account
the values and distribution of neighboring pixels in a certain region. By calculating
entropy, we can analyze and process images for various purposes such as segmenta-
tion, compression, and pattern recognition, which can help improve the quality and
efficiency of digital image processing applications.

1. Entropy before development: The steps performed on entropy before this devel-
opment involved calculating the entropy value using the basic entropy formula
and the modified entropy formula from previous researchers. The first formula,
which is basic entropy, is obtained from the book Computer Vision and Image
Processing Fundamentals and Applications, with the following formula [27]:

Entropy = —ZZ pli, j1log, [i, 1 1
T

Where: ¥, = sum of all elements in row (i) of the probability distribution,
Y. =sum of all elements in column (j) of the probability distribution, P[i, j] = the
joint probability of elements (i, j) in the two-dimensional probability distribution,
log, [i, j] = the logarithm of the joint probability (p[i, j]).

The basic entropy formula in the above equation is used to calculate the proba-
bility of pixel pairs with intensities i and j in GLCM using a base-2 logarithm [28].
The entropy value calculation using the basic formula before development is
done by calculating the pixel pairs in each row and column, starting from row =1
and column =1.
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The basic entropy formula that existed previously, as explained above,
was developed by another researcher [29]. This researcher made modifica-
tions to the initial and final iteration values of the summation, where in this
case it started fromi=2toi= 2vg, resulting in the formula contained in the
equation below:

2vg

Entropy = Zlog(P(i, NXFG, ) 2)
i=2

Where: (i=2) (2v,) = Addition operation from i (row) =2 to i = 2v, by adding the
elements in this range, log F(i, j) = Logarithm operation applied from joint proba-
bility, F(i, j) = probability of element (i, )).

. Entropy after development: The entropy formula that has been developed by

previous researchers was Contribution (development result) is obtained by
developing the basic entropy formula redeveloped in this study to produce a
new one to obtain a better entropy result. The derivation of the entropy formula
is carried out based on the previous formula contained in equation 3, which
meets the following conditions:

w3 og fi FG )
> (og f(i, PG, ) > S
i=2

3 (log £, )Df(E )+ Y (og FDIf D)

S Qog faDfG)  +Y ogfmm)ftmm+Y" (g f(0,p)fo,p)
] 4 2 m 4 o

At this stage, entropy is calculated in 4 directions, namely = 0°, 45°, 90°, 135°

3" "(og £, /D16, )
4
X Y LI .. X y
.2, dog f /NfE ) S dog fm,myfmm)
X y X y
> i szl (].Og f(k’ l))f(k’ l) + * Zozp(log f(O, p))f(ox p)
] * : 3)
! 17 ;g X Y T .. X y
2., Uo8SEDfC)) 2.2, (ogfli Nf.j) . > > dog fik,D)f kD
4 - 4 7
Znyﬂng(m,n»f(m,n) szz(logf(o,l?))f(o,p)
4 &=nen L0
4 4

The equation above can be seen that, on the right side, there is an entropy
calculation for 4 directions; if averaged, the value will be smaller or the same
as the left side. A more complete explanation of the calculation is as follows: For
example, rows and columns in the co-occurrence matrix with directions, for, for,
and for, then (2) is the entropy value for each matrix by adding columns so that
(1) 2)or
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4 ==
4

If we assume that each entropy is E, then equation (2) can be written more
simply as in the equation below.

21 3 ogfG.i)fG) E E_E, E
{ =

= Z(log fGNfG )= 1 + 45+4 90+"135

Average entropy can be defined as total entropy E, that is

X y .. .. X y
. .. 2. Qosfuinf@ ) 2,2 log /(D) (kD .
! 4 4

3" log fam ) famn) sz:(log fopfep E g E E
+ m n 4 o _ N

45+ 790+ 135

4 4 4

The above description shows that the basic entropy has a greater value than
the total entropy developed through current research. Where: 3, ¥,, >, % =Sum
of pixel values for each row i, k, m, o, Zj, 2y 2 ZP = Sum of pixel values for each
row J, L n, p, f(Q, )), f(k D, f(m, n), f(o, p) = Probability of pixel values in rows and
columns, (i, ), (k, D, (m, n), (o, p), log (f (i, M), log (f(k, D), log (f(m, n)), log (f(o, p)) =
base 2 logarithm value of the probability of pixel values in rows and columns
@ ), (k D, (m, n), (o, p).

The entropy formula developed in this research is presented in equation 5, where
the equation is derived from the formula in equation 1. The image objects used in
this research are children’s lung X-ray images. For good results, the entropy value
obtained should be low, not high, because high entropy causes noise to be visible.
The higher the entropy value, the more complex and random the texture in the
image. High entropy can make the image appear more blurred or difficult to inter-
pret by doctors or medical professionals. Low entropy in an X-ray image indicates
that the image has a more stable intensity. This allows the important structural details
needed to detect childhood pneumonia to be more clearly visible in the lung area.
The development of the entropy formula carried out in this study can provide lower
entropy values compared to the two previous entropy formulas because the formula
developed in this study is capable of providing a more accurate and comprehensive
measure of texture diversity in the image by considering the direction of different
pixel pairs. This is part of the research’s contribution (development result), called the
extended visual assessment with gray level co-occurrence matrix (EVA-GLCM).

Classification. Classification is the process of grouping images into specific cate-

gories based on certain characteristics [30]. The classification process in this research
was conducted based on the results of processing children’s lung X-ray data to iden-
tify lungs infected with mild pneumonia, severe pneumonia, and normal lungs.
The data processed in this research consists of 400 images. The processed data in
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the form of chest X-rays consisted of three types of health conditions in children’s
lungs, namely 170 severe pneumonia, 130 mild pneumonia, and 100 normal. The
classification stages in this research used the SVM. SVM is an algorithm in machine
learning used for classification and regression tasks. SVM seeks the optimal separator
between two data classes in the feature space.

Accuration. Accuracy is a method used to measure how well the results of image
processing or analysis reflect reality or meet the desired objectives [31]. Accuracy
is crucial in various applications such as image segmentation, pattern recognition,
edge detection, and object classification. High accuracy indicates that the model or
algorithm can be trusted for specific image processing tasks [32]. This study used
400 images to group data from X-ray images of mild pneumonia, severe pneumonia,
and normal lungs. The accuracy achieved in this study was 97.5%, meaning it was able
to accurately detect 390 images out of 400 images with the following distribution: cor-
rectly detect 167 images out of 170 severe pneumonia with three inaccurate images,
correctly detect 126 images out of 130 mild pneumonias with four inaccurate images,
and correctly detect 97 images out of 100 normal with three inaccurate images.

3  RESULTS

The data tested in this research consists of 400 children’s lung X-ray images,
which were then processed through several stages to achieve results in line with this
research. These stages include preprocessing results, segmentation results, texture
extraction results using the GLCM matrix, which focuses on entropy development to
measure diversity or complexity in the children’s lung X-ray images, and classification
using support vector machine.

3.1 Inputimage

The number of data tested is 400 images. The data in the form of chest X-rays con-
sisted of three types of health conditions in children’s lungs, namely 170 severe pneu-
monia, 130 mild pneumonia, and 100 normal. These data will be tested through several
stages, namely pre-processing, segmentation, extraction, and classification, to obtain
information on the detection of mild pneumonia, severe pneumonia, and normal. As
a sample in this paper, we present six test images with details of two images of severe
pneumonia, two images of mild pneumonia, and two images of normal. The chest X-ray
images of children used in this study as initial data and input data can be seen in Table 1.

Table 1. Input image

No Severe Pneumonia No Mild Pneumonia
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3.2 Pre-processing

The first preprocessing stage is converting the original X-ray image into a grayscale
image. This is done to clearly distinguish between the lung area and the non-lung
area of the image. The second preprocessing stage is AHE, aimed at improving image
quality. The third preprocessing stage is filtering, which involves removing noise from
the inputimage after AHE has been applied. The fourth preprocessing stage involves
further testing the image by enhancing the threshold value using Otsu thresholding,
a technique designed to segment the image automatically and effectively. The results
of the preprocessing stages, including RGB to grayscale conversion, AHE, filtering,
and Otsu thresholding, are provided. The results of image testing in the preprocess-
ing stages are shown in Table 2.

3.3 Segmentation

The cropping results from the preprocessing stage are then followed by the
segmentation stage. In this segmentation stage, several methods are used, includ-
ing contrast enhancement, multi-Otsu thresholding, border clearing, and image
segmentation. The results of contrast enhancement are then processed in the
multi-Otsu thresholding stage. The next stage is border clearing. The results from
the border clearing process are then passed on to the next stage, which is image
segmentation. This stage will produce an output image that meets the required
object detection criteria. The segmentation testing process can be seen in Table 2.
The testing was conducted on 20 children’s lung images. These 20 images con-
sist of eight images identified with mild pneumonia, six images identified with
severe pneumonia, and four normal lung images. As a sample for this research,
we displayed six children’s lung images, consisting of two images identified with
mild pneumonia, two images identified with severe pneumonia, and two nor-
mal lung images. The image testing is conducted based on the cropping results
and then proceeds to the contrast enhancement stage, which aims to clarify the
visual differences between various elements in the image features, making them
clearer and easier to see. The images processed with contrast enhancement are
then passed to the next stage, which is multi-Otsu thresholding. The use of the
multi-Otsu thresholding technique aims to find threshold values at more than
two levels to obtain the optimal threshold value from the pixels, as this research
involves grouping the images into two classes based on the intensity values of
each feature.

The image processed using multi-Otsu thresholding is then followed by the border-
clearing stage, using the clearing the border technique to improve segmentation
accuracy, reduce errors in analysis, enhance visualization, and facilitate object
detection and recognition. The final stage of segmentation is displaying the results of
the image segmentation. This image segmentation stage is carried out with the aim
of separating the image from its background to isolate the desired object and obtain
an image with specific characteristics. The result of this image segmentation is then
passed on to the texture extraction stage. In this research, the texture extraction stage
is conducted by developing the entropy value in GLCM, referred to as the entropy
value algorithm — gray level co-occurrence matrix.
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Table 2. Input image, pre-processing result image, and segmentation result image

Preprocessing Result Image Segmentation Result Image

Input
Image RGB Otsu Contrast Multi Otsu Clearing Image

No

to Grayscale AHE Rillesios Thresholding Enhancement Thresholding theBorder Segmentation
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3.4 Texture extraction

The texture extraction tested in this study uses the processed images obtained
in the previous segmentation stage. At the segmentation stage, the object image
has already been separated from the background. The results of the segmentation
are then processed using the GLCM matrix. Calculations and tests using the GLCM
matrix involve measuring the values of entropy, contrast, correlation, energy, homo-
geneity, dissimilarity, and the measure of smoothness in each test image. The testing
was conducted on 20 chest X-ray images of children, consisting of eight images with
severe pneumonia, eight images identified with mild pneumonia, and four normal
lung images. As a sample for this research, we displayed six children’s lung images,
consisting of two images identified with mild pneumonia, two images identified
with severe pneumonia, and two normal lung images.

The development result of this study focuses on developing the formulation for
calculating entropy values in the GLCM method. The results of feature extraction
testing and visualization with the basic entropy formula (before development) and
the EVA-GLCM entropy formula can be seen in Table 3 below, which compares the
two testing results of entropy values and image visualization.

The development result of this study lies in the development of an entropy for-
mula. The development of the entropy formula in this research helps describe the
level of uncertainty or complexity of the texture in the images, as the lung X-rays
processed in this research have a high level of complexity. With the improvements
made to the entropy formula used in this research, it is possible to measure the
quality of the image after testing. Images with high entropy values indicate that the
image contains a lot of noise, with evenly distributed pixel pairs, less structure, and
more blurriness, making interpretation difficult. On the other hand, images with low
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entropy values indicate that the image is more stable and makes it easier to detect
the desired object.

Table 3. Texture extraction test results with basic entropy formula (before development) and entropy
formula development (EVA-GLCM)

Entropy Before Development Entropy After Development
Input Image (Standard GLCM Method) (EVA-GLCM Method)

Value Visualization Value Visualization

1 13.26 1.92
2 14.09 1.9333
3 13.01 1.99
4 12.01 1.72
5 13.36 1.85
6 1353 1.81

The development of the formula, based on the basic entropy formula, has
resulted in a new formula that serves as the development result of this research. The
newly developed entropy formula in this research is named the EVA-GLCM. Based
on Table 5, it can be proven that the entropy values tested for each image are sig-
nificantly lower compared to tests using the basic formula. The development result
of the entropy formula discovered in this study results in better image quality and
makes it easier to identify children’s lung X-rays that are diagnosed with pneumonia
compared to the use of the entropy formula from the two previous methods, which
consistently produced high entropy values for each test image.

3.5 C(lassification

The results of the tests, whose values were calculated using the GLCM matrix in
the texture extraction, will then be processed to classify the test images into three
result groups: images identified as mild pneumonia, severe pneumonia, and normal.
The image classification for testing at the classification stage is performed using a
SVM. This SVM process is carried out through several testing steps. The first stage in
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the SVM process involves training all the input data obtained from children’s chest
X-ray images. This data is then tested to achieve data classification. The data clas-
sification results from the SVM testing produce three data groups identified from
the X-ray results: mild pneumonia, severe pneumonia, and normal. The final stage
of this classification process is to obtain the accuracy rate of all the tested data. The
accuracy rate obtained from this classification process is 96%. The classification test
results can be seen in Table 4.

Table 4. Classification results using SVM

No Rontgen Image Object Detection Pixel Number Classification

Count Pixel Segmentation Predict Result
50843 Pneumonia - Berat
Count Pixel Segmentation Predict Result
63155 Pneumonia - Berat
Count Pixel Segmentation Predict Result
18604 Pneumonia - Ringan
Count Pixel Segmentation Predict Result
3589 Pneumonia - Ringan
-9 Count Pixel Segmentation Predict Result
o 0 Normal
B |
F Count Pixel Segmentation Predict Result
0 Normal

The comparison of previous research conducted by Saroj Agrawal and Eva Rianti
can be seen in Table 5. In Saroj Agrawal’s research, the data processing included a
preprocessing stage but only involved one step of noise cleaning in the image, using
the CLAHE technique. However, the cropping and segmentation stages were not
explained in that research. For the extraction stage, Saroj Agrawal used the GLCM
matrix but focused solely on optimizing pixel values for children’s lungs infected
with pneumonia. Saroj Agrawal used SVM and random forest for the image classifi-
cation process and grouped the images into mild and severe pneumonia categories,
achieving an accuracy rate of 85%. The accuracy achieved in this study was 97.5%,
meaning it was able to accurately detect 390 images out of 400 images with the fol-
lowing distribution: correctly detect 167 images out of 170 severe pneumonia with
three inaccurate images, correctly detect 126 images out of 130 mild pneumonias
with four inaccurate images, and correctly detect 97 images out of 100 normal with
three inaccurate images.

Based on these two previous studies, the author of this research performed
several stages on the lung images, including preprocessing to obtain automatic
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cropping, focusing on the object to be processed, and continuing to the segmentation
stage to remove noise from the object. Saroj Agrawal focused only on calculating
the overall pixel values from X-ray results identified as pneumonia. In this research,
the author developed the entropy formula in the GLCM, named the EVA-GLCM. The
development of this entropy value was carried out to improve image quality by
producing much lower entropy values, resulting in a structured pixel pair probabil-
ity distribution that is easy to analyze, especially for medical images.

4  DISCUSSION
4.1 Inputimage discussion

Table 1 presents the results of chest X-ray image classification, categorized into
three distinct groups: Severe pneumonia, mild pneumonia, and normal. Each image
in the table shows specific radiographic patterns, indicating that the classification
model used, possibly based on machine learning or deep learning, has successfully
differentiated the severity levels of lung infection from the radiographic images. In
the severe pneumonia group, images one and two exhibit typical characteristics
of severe pneumonia, such as increased opacity, extensive lung consolidation, and
significant deviation from normal lung patterns. The visible infiltrates indicate
widespread infection, consistent with clinical symptoms of severe pneumonia,
where lung function is significantly impaired. The images in the mild pneumonia
category (numbers three and four) show more localized and less dense infiltrates
compared to the severe pneumonia category. This pattern is consistent with mild
pneumonia, where only a small portion of the lungs is affected by the infection.
The classification model appears to have successfully distinguished mild pneumonia
from severe pneumonia and normal lungs, demonstrating its sensitivity in detecting
the early stages of lung infection. For the normal category (numbers five and six), the
images show clear lungs without any signs of consolidation or opacity, characteristic
of healthy lungs.

4.2 Pre-processing and segmentation discussion

Table 2 provides a detailed overview of the image preprocessing and segmentation
pipeline applied to chest X-ray images for the detection and analysis of lung abnormal-
ities. The table is divided into three main sections: 1) Input Image, 2) Pre-processing
result image, and 3) Segmentation result image. Each section illustrates the transfor-
mation that the images undergo as part of the image processing workflow, which
includes multiple steps aimed at enhancing the image for better segmentation and
analysis. The results in Table 2 suggest that the preprocessing and segmentation pipe-
line is highly effective in preparing chest X-ray images for diagnostic analysis. Each
step in the preprocessing pipeline contributes to improving the quality of the images
and ensuring that the lung structures are accurately segmented. The RGB to grayscale
conversion and AHE steps provide a strong foundation by enhancing the contrast
and simplifying the images. The Otsu thresholding and multi-Otsu thresholding steps
effectively separate the lung regions from the background, which is crucial for sub-
sequent diagnostic tasks. The clearing of borders ensures that artifacts and irrele-
vant regions do not interfere with the analysis, improving the overall precision of the
segmentation. The preprocessing and segmentation workflow presented in Table 2
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successfully transforms raw chest X-ray images into well-segmented lung regions,
which can then be used for further analysis. This process is critical in medical imag-
ing, where accurate segmentation of lung fields is essential for the detection of dis-
eases such as pneumonia. The workflow’s robustness, with multiple noise-reducing
and contrast-enhancing steps, ensures that even challenging images, such as those
with low contrast or noise, can be processed effectively. This segmentation process
can be highly beneficial in the automation of pneumonia detection or other lung con-
ditions, ultimately contributing to improved diagnostic accuracy in clinical settings.

4.3 Texture extraction discussion

Table 3 presents a comparison of texture extraction results using two different
entropy-based formulas applied to chest X-ray images. The first method, entropy
before development, employs the basic entropy formula to quantify the texture,
while the second method, entropy after development, uses an advanced entropy
calculation based on the EVA-GLCM technique. The table is organized into three key
sections: Input image, entropy Before development (with value and visualization),
and entropy after development (with value and visualization). The analysis aims to
evaluate how the entropy values and their visual representations differ between the
two methods and how they contribute to improved texture extraction in medical
image analysis.

The second section of the table showcases the results of the basic entropy formula
applied to the input images. Entropy is a statistical measure that quantifies the ran-
domness or complexity of pixel intensities in an image, which is useful for analyzing
texture. Entropy values: The values in this column range from 12.08 to 13.53, indi-
cating a moderate level of texture complexity across the six images. Higher entropy
values suggest more variability in pixel intensities, which can be indicative of com-
plex textures within the lung fields. Visualization: The visualizations associated with
these values show pixel segmentation results. The segmentations, however, appear
relatively coarse, with large uniform regions that may not capture all the fine-grained
details in the lung texture. This suggests that the basic entropy method might not be
fully capable of highlighting intricate structures within the X-rays, leading to less
precise diagnostic outcomes.

The third section represents the results of an enhanced entropy formula, lever-
aging the EVA-GLCM method. This method combines entropy with GLCM to provide
a more detailed analysis of texture patterns, capturing both local and global pixel
relationships. Entropy values: The entropy values for the developed formula are sig-
nificantly lower, ranging from 1.81 to 2.03. These lower values reflect a more refined
focus on specific texture regions of interest, rather than the broader, less detailed
approach of the basic entropy formula. The decreased entropy indicates that the
method is better at isolating key features within the X-ray, such as lung structures
affected by disease. Visualization: The visualizations in this column demonstrate
clear improvements in segmentation. The blue bounding boxes highlight distinct
regions of interest within the lung fields, providing a more targeted approach to tex-
ture analysis. The improved segmentation is particularly evident in the precise delin-
eation of lung boundaries and pathological areas. These visualizations suggest that
the EVA-GLCM method is more effective in isolating relevant texture information,
which is crucial for identifying abnormalities in chest X-rays.

The lower entropy values after development suggest that the enhanced formula
can focus on more specific, diagnostically relevant texture patterns. By reducing
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the overall complexity and isolating key regions, the EVA-GLCM method provides
a more detailed analysis of the lung texture. The segmentation results after devel-
opment are much more precise, with clear identification of areas that likely cor-
respond to pathological features. In contrast, the basic entropy method produces
broader, less focused segmentations, which could lead to less accurate diagnoses.
The improvement in both entropy values and visual segmentation demonstrates that
the EVA-GLCM method provides a more nuanced and effective approach to texture
analysis in medical images. This enhanced method can contribute to better diagnos-
tic accuracy by more clearly highlighting abnormalities within the lung fields, which
are critical for detecting conditions such as pneumonia.

4.4 C(Classification discussion

Table 4 presents the classification outcomes of chest X-ray images using a SVM
classifier. The table is divided into four key columns: Rontgen image, object detection,
pixel number, and classification. This analysis focuses on how the SVM classifier,
using pixel segmentation and object detection, successfully identifies the presence of
pneumonia and classifies it into different severity levels, such as severe pneumonia,
mild pneumonia, and normal cases.

The SVM classifier demonstrates high accuracy in distinguishing between severe
pneumonia, mild pneumonia, and normal cases. The use of object detection and
pixel segmentation provides a robust methodology for focusing on the relevant lung
regions, reducing the likelihood of misclassification. The classifier’s performance
can be evaluated based on the following criteria: The classifier accurately identifies
cases of severe pneumonia by detecting large pathological regions and assigning
high pixel counts. This suggests that the SVM model is sensitive to extensive lung
abnormalities, which is critical for detecting high-risk cases. The classifier also per-
forms well in detecting mild pneumonia cases, as indicated by the smaller regions
of interest and lower pixel counts. This ability to differentiate between mild and
severe pneumonia is vital for providing appropriate medical interventions. The clas-
sifier successfully identifies normal cases with a pixel count of zero and no detected
abnormalities. This high specificity ensures that healthy lungs are not incorrectly
classified as diseased, avoiding unnecessary medical treatments.

The results presented in Table 4 highlight the effectiveness of the SVM classifier
in analyzing chest X-ray images for the detection and classification of pneumonia.
By combining object detection and pixel segmentation, the classifier is able to accu-
rately differentiate between severe pneumonia, mild pneumonia, and normal cases.
The pixel count serves as a quantitative measure of the extent of the disease, sup-
porting the classification decisions. These results suggest that the SVM-based system
could be a valuable tool in clinical settings for the early detection and classification of
pneumonia, ultimately leading to more timely and effective treatments for patients.

4.5 Comparative and accuracy discussion

The current research does not explicitly elaborate on the use of standard perfor-
mance metrics such as precision, recall, and F1-score. Integrating a discussion on
these metrics could provide a clearer comparative analysis of the proposed EVA-GLCM
method’s performance against traditional and recent algorithms. Precision would
highlight the method’s ability to correctly identify positive cases, recall would show
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its capacity to detect actual positive cases, and the F1 score would offer a balance
between the two, ensuring a comprehensive evaluation. Discussing these metrics
could strengthen the case for the superiority of EVA-GLCM and SVM over prior tech-
niques. The significance of this research lies in its theoretical and practical contribu-
tions. Theoretically, it advances the field of digital image processing by developing
the EVA-GLCM algorithm, which offers a more nuanced approach to texture analysis
in medical imaging. This development allows for a lower entropy calculation, lead-
ing to clearer, more structured images that improve interpretability and diagnos-
tic accuracy. Practically, the implementation of this algorithm can enhance clinical
workflows by providing a reliable, automated system for identifying pneumonia
in pediatric chest X-rays. This is particularly beneficial in healthcare settings with
limited radiology expertise, aiding in quicker, more accurate diagnoses and contrib-
uting to reduction in child mortality rates.

Conducting a comparative analysis using metrics such as accuracy, preci-
sion, recall, and F1-score would provide a clear determination of which model—
EVA-GLCM with SVM or other existing models—is the most efficient for identifying
childhood pneumonia. This analysis would highlight strengths and weaknesses and
provide a data-driven recommendation for clinical use. Incorporating additional
performance metrics such as precision, recall, and F1-score would present a more
comprehensive picture of the model’s performance. These metrics are crucial in
medical diagnostics to evaluate false positives and negatives, ensuring a reliable
method that minimizes diagnostic errors. Evaluating the real-world implications
of this method involves assessing its integration into clinical settings, considering
the computational demands of the EVA-GLCM and SVM classification process. It is
essential to determine if standard healthcare hardware can support these computa-
tional processes without requiring significant upgrades or adaptations. The authors
may consider exploring image enhancement techniques in other domains, such
as the wavelet domain, where methods like continuous wavelet transform (CWT)
have shown promising results in improving image detail and quality. Integrating
such approaches could potentially enhance the current pre-processing and feature
extraction pipeline.

5 CONCLUSION

The key contributions of this study lie in the advancement of digital image pro-
cessing methods for the accurate identification of childhood pneumonia through
improved texture feature extraction. The development of the entropy formula in this
research involved modifying the previous entropy formula into the EVA-GLCM. The
result of this modification was an improvement in image quality, as the entropy value
obtained became smaller compared to the previously used entropy formula. The
development result of this study has a significant impact on education, particularly in
the field of digital image processing. The development of the EVA-GLCM in this study
proves that the image quality is better than that produced by the earlier entropy
formulas, as it generates a lower entropy value and enhances the image quality. A
lower entropy value indicates that the image contains less noise, is more structured,
more stable, and facilitates the detection of desired objects, particularly in the anal-
ysis of medical images for identifying pneumonia in children using X-ray images.
The testing of the developed entropy formula allows conclusions to be drawn. The
development of a new formula in texture extraction using GLCM to identify pneu-
monia in children through X-ray images was successful. The testing of the entropy
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formula in the GLCM matrix, through the derivation of the EVA-GLCM, resulted in a
lower entropy value compared to the basic entropy formula and those modified by
previous researchers, thus producing better image quality. The accuracy achieved
in this study was 97.5%, meaning it was able to accurately detect 390 images out of
400 images with the following distribution: correctly detect 167 images out of 170 of
severe pneumonia with three inaccurate images, able to correctly detect 126 images
out of 130 of mild pneumonia with four inaccurate images, and able to correctly
detect 97 images out of 100 of normal with three inaccurate images. The applica-
tion of pneumonia identification in children using X-ray images in this research can
determine the infected area of the lungs by detecting objects in the lung region and
displaying the number of pixels in the image. The higher the number of displayed
pixels, the larger the lung area identified, and conversely, the lower the number of
pixels, the smaller the lung area identified. Areas not identified are shown by the
number of pixels. The entropy formula developed in this study can classify the X-ray
test data of children’s lungs into three groups: mild pneumonia, severe pneumo-
nia, and normal. The limitation of this study is that it heavily relies on the quality
of the input images, particularly those with clear contrast between the lungs and
the affected areas. If the images are of poor quality or contain noise, the model’s
performance may be significantly impacted, despite the existence of techniques for
enhancing contrast and noise removal. Although the EVA-GLCM algorithm demon-
strated high accuracy (97.5%), this comparison may not be entirely fair if the same
datasets were not used or if the datasets in other studies differed in quality or size.
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