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Abstract— Pneumonia is a form of acute respiratory infection that affects the lungs. The lungs are made
up of small sacs called alveoli, which is normally fill with air in a healthy person, but filled with pus and
fluid in an individual with pneumonia thereby reduces oxygen intake and making breathing difficult
Pneumonia is a fatal and leading cause of morbidity and mortality worldwide, especially among children
five years and below; and the elderly 65 years and above especially those with weakened immune systems.
Pneumonia can be caused by bacteria, virus, and fungi, and the severity ranges from mild to severe
depending on the causative agent and the duration of the infection. Early diagnosis, particularly knowing
the severity level of Pneumonia gains a paramount importance for saving lives. Medical diagnosis using
artificial intelligence (Al) systems, is currently an active research area in medicine widely used in
biomedical systems. Deep learning, a subset of Artificial intelligence provides a powerful tool that assist
medical experts to analyze, model, and make sense of complex clinical image data across a broad range of
medical applications. This paper proposes a deep learning technique of classifying X-ray images of
pneumonia patients into their severity classes.
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I INTRODUCTION

Pneumonia is a potentially life-threatening respiratory illness and a major global health issue characterized by
inflammation of the lungs, impacting people across all age groups and leading to high rates of illness and death
worldwide. It is a form of acute respiratory infection that affect either one or both lungs. The lungs are made up
of small sacs called alveoli, which is normally fill with air in a healthy person, but filled with pus and fluid in an
individual with pneumonia thereby reduces oxygen intake and making breathing difficult. Pneumonia is a fatal
and leading cause of morbidity and mortality worldwide, especially among the vulnerable; children five years
and below, and the elderly 70 years and above especially those with weakened immune systems. Pneumonia
can be caused by bacteria, virus, and fungi, and the severity ranges from mild to severe depending on the
causative agent and the duration of the infection. Fig. 1 shows the global death rate from year 2000 to 2019.
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Fig. 1 Deaths from Pneumonia by age, 2000 to 2019, Source: Dadonaite and Roser, (2019)

Pneumonia infection can vary from mild to severe in individuals of all age groups, but it is more prevalent
among children aged five and below, as well as adults aged 70 and above exhibiting symptoms such as coughing,
fever, sweating and shaking chills, muscle aches, chest pain, Confusion (especially in older adults), Nausea,
vomiting or diarrhoea and breathing difficulties in affected individuals (Militante and Sibbaluca, 2020; Saxena,
et al., 2022). The traditional way of diagnosing pneumonia includes through patients’ medical history, different
laboratory test such as sputum, oximetry, full blood count. Chest X-rays, chest MRIs, chest ultrasounds, lung
needle biopsies, and computed tomography (CT) of the lungs are all techniques used to diagnose pneumonia,
with chest X-rays being the most widely used because of its low cost, readily available in almost all medical
centres and its less time in analysis, and this requires an expert radiologist to interpret the image (Preiya, et al.,
2021; Yao et al., 2023). However, there are subjectivity in interpreting the X-ray image due to confusion with
other respiratory diseases sharing same features with pneumonia, which sometimes results in wrong diagnosis
and treatment. Hence, there is need for an automated system for objective interpretation (MayoClinic, 2020).

Pneumonia, a severe form of acute lower respiratory infection that has no respect for age gender or race has
been a deadly disease even before the outbreak of the lethal Covid-19 pandemic. It is more common among
children 6 years and below and the elderly 65 years and above; accounting for 14% of all deaths of children
below 5 years of age and 22% of all deaths in children aged 1 to 5, killing 740,180 children in 2019 causing the
death of a child every 43 seconds, and a worldwide occurrence of more than 1,400 cases of pneumonia per
100,000 children, or 1 case per 71 children every year making it the most common cause of hospital admission
and death globally (Eekholm et al. 2020; UNICEF, 2022; WHO, 2022).

1. RELATED WORK

In recent years, artificial intelligence (Al) techniques have been increasingly utilized for disease diagnosis.
Several researchers have proposed Al-based models for various medical conditions: Arani et al. (2019) devised
a fuzzy expert system to diagnose pneumonia. Singh and Dutta (2021) introduced a CNN deep learning model
for identifying and classifying ear infections across four categories. Alassaf and Sikkandar (2022) developed an
intelligent deep transfer learning model, IDTL-MPDC for detecting and classifying malaria parasites in blood
smear images using median filtering (MF); Xue et al. (2022) formulated a set of deep learning models for
monitoring knee joint martial arts injuries, utilizing knee MRI images from 1546 patients with such injuries
between 2015 and 2020, and Elbarougy et al. (2023) created an intelligent COVID-19 system by integrating
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features extracted from histogram-oriented gradient (HOG) features and convolutional neural networks (CNN).
These studies highlight the growing application of Al techniques, particularly deep learning and neural networks,
in medical diagnosis and disease detection across various domains, including respiratory diseases,
musculoskeletal injuries and infectious diseases.

Deep learning techniques most especially convolutional neural networks (CNN) has been used in developing
various model for pneumonia diagnosis. As a result of high pneumonia mortality rate especially in those having
weakened immune systems, more importantly, the elderly 65 years and above and children 5 years and below,
Chopde et al., 2022 proposed a pneumonia diagnostic model trained on chest X-ray images for classification
into normal and pneumonia using VGG16 pre-trained model.

The need for accurate pneumonia detection using deep learning techniques in chest X-ray images motivated
the authors in Aafrein et al., 2023 to consider the use of deep learning techniques for the detection of pneumonia
and classification into normal, viral or bacterial using chest X-ray images and highlighted the significance of
data preprocessing approaches, such as image resizing, normalization, and augmentation. The need to address
pneumonia, a leading cause of death globally, especially among children and the elderly and demonstrate the
effectiveness of deep learning in medical imaging prompted Jaiswal et al., 2019 to propose a deep learning
technique for pneumonia identification from chest X-ray images. Sequel to high global pneumonia mortality rate
and its attendant effect on vulnerable populations especially the younger children, Katoch et al., 2021 carried a
deep learning based pneumonia detection from chest X-ray images survey using VGG16, VGG19, and
ResNet50. In an attempt to provide assistant to radiologists in improving the accuracy of pneumonia detection in
patients through X-ray images, Guo, et al., 2023 developed a deep learning model for automatic and accurate
pneumonia detection using weak supervision information.

All the reviewed literature dwelt on classification into either healthy or pneumonia chest X-ray, with some
further classify into bacterial and viral pneumonia, the disease severity was not reckoned with. As a result of
limited access to healthcare facilities and diagnostic tools, Knowing the severity of pneumonia is important
during diagnosis as it helps in determining the appropriate course of treatment, allows for closer monitoring and
prompt management of potential complications, evaluating the need for hospitalization, resource allocation, and
preventive measures among others.
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11l. METHODOLOGY FOR PNEUMONIA SEVERITY DIAGNOSIS
This study suggests an ideal way of classifying a confirmed pneumonic chest X-ray image into severity class
to allow for effective medical decision by employing histogram of oriented gradient feature descriptor, Pearson
correlation for target categorization, and convolutional neural network for classification. The dataset used by
Kermany, et al, 2018 obtained from https://www.kaggle.com/datasets/paultimothymooney/chest-xray-
pneumonia was used in this study. The architecture was shown in Fig, 2.
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Fig. 2 Architecture of the Deep Learning Model for Pneumonia Severity

© 2024, 1JCSMC All Rights Reserved, ZAIN Publications, Fridhemsgatan 62, 112 46, Stockholm, Sweden 62



A

B.

1)

2)

Olukemi V. Olatunde et al, International Journal of Computer Science and Mobile Computing, Vol.13 Issue.4, April- 2024, pg. 59-67

Image Dataset
The dataset used in the proposed model is made up of 5,856 (anterior-posterior) Chest X-ray images with
3875 Pneumonia and 1341 Normal images. Fig. 3 and Fig. 4 show samples of Normal and pneumonia images
respectively.

Fig. 4 Random Sample of pneumonia X-ray images

Image Preprocessing
The input image is resized to 128 x 64 pixels (128 pixels’ height and 64 pixels’ width). The size was chosen as
the image will be divided into 8 x 8 and 16 x 16 patches to extract the features, and optionally converted to
grayscale if coloured image using equation (1)
Y=(0.299xR)+(0.587xG)+(0,114xB) (1)

Where the coefficients 0.299, 0.587, and 0.114 represent the perceived brightness of each colour channel
relative to the human eye's sensitivity to different wavelengths, and R, G, and B represent the intensity of red,
green and blue channel of the input image

Histogram of Oriented Gradient (HOG) Feature Extraction

HOG Features were extracted from both the Normal and Pneumonia X-ray grayscale images using the
following steps:
Gradient computation: For every single pixel in the cell 128x64 pixels fixed-sized window, both the
magnitude and orientation of the gradient in both the horizontal t,.(x,y) and vertical t, (x,y) directions are
calculated by employing a 1-D discrete derivative mask centered around a pixel in both the horizontal and
vertical directions on all the pixels of every image patches using convolution operation with
t.(x,¥) =[1,0,—1], and t,(x,y) = [1,0,—1]" as the horizontal and vertical filtering kernels respectively, as
defined in Equation (2) and Equation (3)

) =lx-1y)-lx+1y)l (2

t,(y) =1,y —1) —1(x,y + 1)| 3

Where x = 1--64 and y = 1---128
Gradient magnitude and angle computation: For each pixel t(x, y) the intensity value in (x,¥), the gradient
magnitude and the gradient angle and orientation are computed using Equation (4) and Equation (5)
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The gradient is then transformed to polar coordinates with the angle between 0° and 180°

u= \’tx[x,jf)2+t_,, (x,v)? (4)
o =tan~! (Eig’:‘;) (5)

Where tan™! is the inverse tangent; which yields values between -1 and ; i and @ denotes the magnitude and
the direction (angle) of the gradient of each pixel respectively.

3) Building the histogram: After obtaining the gradient of each pixel, the gradient matrices (magnitude and angle
matrix) are divided into 8x8 cells to form a block. For each block, an evenly spaced 9-point 0° to 180°
histogram with each bin having an angle range of 20 degrees as shown in Tablel is calculated.

Table 1 Histogram orientation bin

Bin Number Direction
1 0" —20°
2 20° —40°
3 40° — 60°
4 60° —80°
5 80" — 100°
6 100" — 120°
7 120° — 140°
8 140° — 160°
9 160° — 180°

4) Normalization: The histograms are normalized to reduce the system’s sensitivity to overall lighting. This is
accomplished by dividing the blocks spanning 2 x 2 cells. The L. normalization is done on (16 x 16) blocks with
0 overlaps containing four 8x8 pixels histograms of gradients. The histograms are concatenated to generate an
array of size (1 x 36).
For a vector H = [hy, hy, ha hy, ..., Byl where H is the feature of the block, and h; is the histogram of the cell
(i). The L, norm of the vector is calculated as in Equations (6) and (7)

H;z=|H|=th+h22+h32+hﬁ+---+hi+e (6)

Where € is a small positive constant preventing division by zero in gradient-free blocks.
H

Huorm = m 7

5) Obtaining HOG feature vector: All normalized blocks are concatenated into a single vector to get the final
feature vector

D. Target Categorization
The feature vectors from both Normal and Pneumonia X-ray images are passed through Pearson correlation
to determine the significance of the relationship between Normal and Pneumonia X-ray images, and the
magnitude of the strength between the randomly picked Normal X-ray image feature vector and Pneumonia X-
ray images feature vectors will be computed using the Pearson correlation as in Equation (8) which is used to
describe the strength and direction of an association between variables.

oM pi-p)
JZm; -2 X(p; - p)*
Where 5= correlation strength; n;= values of a randomly picked extracted Normal X-ray image HOG features

vector; 7 = mean value of the Normal X-ray images features vectors; p;= values of the extracted pneumonia X-
ray image HOG features vector; p = mean of the value of pneumonia X-ray images features vectors.

(8)
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Based on the correlation strength s, we chose different points for the severity levels, trained and evaluated the
model. The pneumonia images are classified into severity groups using Equations (9) — (11)

Severe if s<0.3
f(s) ={moderate if03<s5<05 (9)
mild if s= 05
Severe if s <04
f(s) = {moderate if04=5<06 (10)
mild ifs =00
Severe if s<0.2
f(s) ={moderate if0.2<s<05 (11)
mild if s =05

Dataset split
The dataset was split into train and test halves with a proportion of 0.7 and 0.3, respectively. There were 5216
X-ray images split into 3875 X-ray images of a confirmed pneumonia infected persons, and 1341 X-ray images
of healthy persons. The Normal images were used as a baseline for determining the severity of the pneumonia
images. Hence, the pneumonia images after being reclassified into severity classes through Pearson Correlation
were split into Train (2712) and Test (1163) to be train using Convolutional Neural Network (CNN) as shown in
Table 2.

Fig.2 Images present in each class
Normal 1341

Pneumonia 3875 | Train (70) | Testing (30)

2712 1163

Total Images 5216

Model Training with CNN
The reclassified multiclass are now trained with convolutional neural networks (CNN)

Classification Evaluation Matrix
Five evaluation metrics Accuracy, Precision, Recall, F1-score, and Macro Averaging with four indices, True
Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN) were used in determining the
performance of the deep learning model for pneumonia severity diagnosis, and these metrics are given as
follows:
Accuracy: This is a measure of the proportion of correctly classified cases from the total number of objects in

the dataset. It is as in Equation (12)
correct predictions

accuracy = — 12
Y= total number of predictions (12)

Precision: precision measures the model's ability to identify instances of a particular class correctly, and it is
computed as in Equation (13) through Equation (15)

.. Mild
Precisiony = mm———————— (13)
TPyiza + FPyyq
.. Maoderate
PreclsloNypderate — TP FP (14)
Maoderate + Maoderate
TP
.. Severe
Precisiongg ere = (15)
Tpsgvgrg + Fpsgvgrg
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Recall: This measures the model's ability to identify all instances of a particular severity class, and it is
computed as in Equation (16) through Equation (18)

TPyia
recallyy g = ———— ’
Mild = pp,oa + FNyoa -

TPMademte (17)

recall yygorare =
Hoderare FPMademte + FNM.'»fademte

Tpsgvgrg
Fpsgvgrg + FNS@vgrg
F1-Score: This compute the harmonic mean of the precision and recall of a specific severity class, and is

computed as shown in Equation (19) through Equation (21)
precision g, % recally .

recallsopore = (18)

Flygg =2 % (19)
Mild T
precision,, + recally;,
PrecisioNyyogerare X 7€y oqeraze
FlMadararg = Tet + il (20)
PrecisloNyaderare T TECA U praderate
pTeCiSionsgvgrg x TBCQHSEW”
F]-Seuere =2 X (21)

Precisiong,pere + 1786l oy ore

Macro Averaging: This computes the average performance across classes by averaging the precision and recall
across all classes, treating each class as equally important to get the final macro-averaged precision and recall

scores. Equation (22) and Equation (23) shows Macro Averaged precision and recall calculation respectively.
.. Precision g + Precision,gerare + PTecisSioNegore
PrecisioNygcro—average — 3 (22)

Recau}sﬁ[d + RecaH;‘dadgmrg + Recausgwm
Recauﬂacra—avgrwe = 3

(23)

Macro-Average F1 Score: This computes a single model performance indicator by averaging the precision and
recall scores of individual classes, and using the computed global precision and recall scores to compute global

F1 score. Macro-Average F1 score is computed using Equation (24).
Gprecision x Grecall

Macro — Averagep, =2 X Gprecision+ Grecall (24)
where
1% 1%
Gprecision = HZ precision; Grecall = EZTBCQII,?I = No of severity classes
i=1 i=1
and

TP (True Positive) is when a classifier correctly predicts the existence of a severity label.
TN (True Negative) is when a classifier correctly predicts the in-existence of a severity label
FP (False Positive) is when a classifier predicts a label that does not exist in the input image.
FN (False Negative) is when a classifier misses a label that exists in the input image.

IV.  CONCLUSIONS

Existing pneumonia diagnostic classification researches focus on binary classification of chest X-ray images
into either healthy or pneumonia, this study proposes the classification of confirmed pneumonia X-ray images
into their various severity levels which will complement and improve radiologists’ priority decisions from chest
X-ray images with the sole aim of reducing pneumonia mortality rate. In this study, we propose using HOG
feature descriptor, Pearson Correlation and CNN in diagnosing pneumonia X-ray images into their respective
severity levels to assist radiologists in priority decision making. As the model has not been fully implemented,
we plan to implement the model in future work.
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