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Abstract
Background: COVID-19 diagnoses during the pandemic require fast and accurate identi�cation of chest X-
Ray (CXR) images. Image processing techniques are critical in accurately diagnosing diseases. This
study establishes a method for image analysis and classi�cation using the Multi-Layer Hybrid
Classi�cation (MLHC) technique on COVID-19, non-COVID-19 (viral and bacterial pneumonia), and
healthy CXR images.

Methods: In this retrospective study, �ve public datasets of 4,200 CXR images were analyzed using
several machine learning techniques which include Decision Tree (DT), Support Vector Machine (SVM)
and Neural Networks (NN). Pre-processing was performed by image segmentation, image enhancement,
and feature extraction techniques. The best performing classi�ers were identi�ed based on evaluation
criterion and ensembled into MLHC for COVID-19 (MLHC-COVID-19).

Results: MLHC-COVID-19 was trained using ten-fold cross-validation. For the unseen test, MLHC-COVID-
19 showed promising performance achieving an accuracy, sensitivity, and speci�city of 96.2%, 96.2%,
and 98.1%, respectively. Therefore, MLHC-COVID-19 can effectively classify CXR images enhancing the
accuracy of CXR image interpretation.

Conclusion: Rigorous comparative studies used more than ten advanced convolutional neural network
(CNN) based classi�cation models. The results showed that the proposed method outperforms the
comparative models in classi�cation. Therefore, MLHC-COVID-19 can be a potential practical computer-
aided diagnostic (CADx) tool for COVID-19 CXR classi�cation. Additionally, a web-based MLHC-COVID-19
CADx is available at http://psuva.com/mlhc.

Introduction
Viruses, bacteria, and fungi can all cause lung infection or pneumonia [1]. Chest X-Ray (CXR) examination
is considered gold standard in diagnosing pneumonia. With the recent widespread of SARS-CoV-2,
differentiation between COVID-19 pneumonia and non-COVID-19 pneumonia (other viruses or bacteria) is
a challenging task. In resource-constrained situations, computer-aided diagnosis (CADx) may help
clinicians identify COVID-19 pneumonia using CXR images [2] [3]. With advancements in computer vision
and machine learning, CADx of medical images are becoming increasingly viable. CXR image analysis
using state-of-the-art machine learning approaches has shown promising results in identifying patients
with pneumonia related to COVID-19 infection [4–6]. The researchers in [7] proposed COVID-CAPS, based
on capsule networks, as a modeling framework. COVID-CAPS can perform effectively on small datasets.
The dataset was retrieved from the NIH repository and consisted of 94,323 CXR images of common
thoracic diseases. The reported method achieved an accuracy, sensitivity, and speci�city, respectively, of
95.7%, 90.0%, and 95.8%; however, the authors did not report the details of the dataset used. CoroNet
model [8] was proposed to classify COVID-19 CXR images. Accuracy of 89.6% and 95.0% for
classi�cation, respectively of four and three classes, was achieved with a dataset consisting of 284
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COVID-19, 327 viral pneumonia, 330 bacterial pneumonia, and 310 normal X-ray images. A similar work
in [9] implemented VGG16 to distinguish COVID-19 infections from non-infected and healthy cases. They
developed two machine learning models using 6,523 CXR images (250 COVID-19 CXR images). The �rst
model obtained an accuracy of 96.0% when discriminating between healthy and generic pulmonary
diseases, whereas the second model achieved an accuracy of 98.0% for distinguishing between generic
pulmonary diseases and COVID-19. In [10], an image augmentation technique was used for COVID-19
CXR images. They �ne- tuned a pre-trained model, SqueezeNet, using Bayesian optimization. Their
proposed model classi�ed COVID-19 on CXR images. The study consisted of 4,290 pneumonia, 1,583
normal, and 76 COVID-19 CXR images. Furthermore, pneumonia and normal classes were partially split to
balance the dataset. The authors obtained an accuracy and an F-measure of 98.3% and 98.3%,
respectively, during testing. Whereas [11] employed a transfer learning approach, image augmentation
was utilized on 423 COVID-19, 1,485 viral pneumonia, and 1,579 normal CXR images. The authors
proposed a different classi�cation model. Two different classi�cations — normal and COVID-19 (two
classes) and normal, viral pneumonia, and COVID-19 (three classes)–were identi�ed. The two classes
classi�cations respectively achieved an accuracy, sensitivity, and F-measure of 99.7%, 99.7%, and 99.7%.
Moreover, the three classes classi�cations respectively obtained an accuracy, sensitivity, and F-measure
of 97.4%, 97.4%, and 97.4%. A transfer learning approach for identifying the COVID-19 disease in CXR
images [12] was presented using a COVID-19 dataset divided into 2,084 training and 3,100 test images.
The study performed four different transfer learning techniques: ResNet18, ResNet50, SqueezeNet, and
DenseNet-121. SqueezeNet achieved the highest speci�city (92.9%) and sensitivity (98.0%); however, the
accuracy rates of different transfer learning techniques were not reported. In [13], the researchers
proposed an algorithm to iteratively prune the �ne-tuning of the DL model ensembles. This algorithm was
used to determine the optimal number of neurons in the convolutional layers. The dataset consisted of
7,595 normal images, 3,012 pneumonia images (type unknown), 2,780 bacterial pneumonia images, and
313 COVID-19 images. The authors achieved the highest accuracy of 97.4% for a three-class
classi�cation task.

Researchers in [14] used a generative adversarial network (GAN) [15] to increase the number of CXR
images and to prevent over�tting because the dataset contained 198 COVID-19 and 210 healthy images.
They performed a feature selection technique using principal component analysis (PCA) in combination
with convolutional neural networks (CNNs). The proposed method achieved a high accuracy of 1.0
showing promising results for small datasets. This study should be re-conducted using a larger dataset.
The authors in [16] developed the VGGNet model using a histogram-oriented gradient (HOG) in
combination with a CNN to detect COVID-19. The CNN classi�ers were trained using �ve-fold cross-
validation to evaluate the model’s performance. This study examined 3,111 normal and 1,979 COVID-19
CXR images. The fusion model attained an accuracy of 99.5%. The authors in [17] used the optimized
genetic algorithm-extreme learning machine (OGA-ELM) approach from [18] for COVID-19 detection on
CXR images. They used HOG and PCA to extract the features of 94 COVID-19-infected images and 94
uninfected images. The evaluation result showed accuracy of 1.00 in classifying two classes with
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reduced computation time. However, a small dataset was employed, which limited the scope of their
research.

In [19], deep feature extraction and �ne-tuning of a pre-trained CNN, as well as an end-to-end trained new
CNN model, were proposed as three deep learning approaches for COVID-19 detection. The researchers
experimented on a CXR dataset containing 180 COVID-19 and 200 healthy images. The deep features
extracted from the ResNet50 model and support vector machine (SVM) classi�er outperformed other
approaches with an accuracy of 94.7%. A similar work in [20] adopted �ve different pre-trained deep
models that classi�ed using various ma- chine learning classi�ers (i.e., decision tree, random forest,
AdaBoost, bagging, and SVM). They used a dataset of 1102 CXR images, consisting of 565 normal and
537 COVID-19 images for their experiments. The dataset was divided into training and test sets in a ratio
of 70:30. The results showed that the Xception combined with the SVM classi�er was the most e�cient,
with accuracy, sensitivity, and speci�city of 99.3%, 99.2%, and 99.3%, respectively. Furthermore, in [21] the
authors proposed a hybrid ensemble model for identifying COVID-19 infections in CXRs. The proposed
method was developed by combining MobileNet and InceptionV3. Both deep models were �ne-tuned for
the learned weights. The authors performed a four-fold cross-validation on the dataset of 1,050 normal,
1,050 viral pneumonia, 1,050 bacterial pneumonia, and 1,050 COVID-19 CXR images. The test set result
showed an accuracy, precision, and speci�city of 94.2%, 89.9%, and 88.3%, respectively. Table 1 shows a
summary of related studies on COVID-19 CXR images.
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Table 1
Related studies of the COVID-19 CXR Images.

Method Dataset (C = COVID-19 : B = Bacteria
Pneumonia : V = Virus Pneumonia : H = 
Healthy : P = Pneumonia)

No. of
Classi�ed
Classes

Cross

Validation

Ref

CNN-based Capsule
Networks

Not speci�ed 5 No [7]

CoroNet (Xception) C = 284 : B = 330 : V = 327 : H = 310 3 and 4 4-fold [8]

VGG-16 C = 250 : H = 3,520 : P = 2,753 2 No [9]

Bayes-SqueezeNet C = 76 : H = 1,583 : P = 4,290 3 No [10]

Different pre-trained
CNN model

C = 423 : V = 1,485 : H = 1,579 2 and 3 5-fold [11]

Different pre-trained
CNN model

C = 184 : H = 5,000 2 5-fold [12]

Iteratively pruned
deep learning
model ensembles

C = 313 : B = 2,780 : H = 7,595 : P = 
3,012

3 No [13]

PCA + CNN C = 198 : H = 210 2 No [14]

Fusion features + 
VGG19 pre-trained
model

C = 1,979 : H = 3,111 2 5-fold [16]

HOG + PCA + OGA-
ELM

C = 94 : H = 94 2 No [17]

ResNet50 for
Features extraction 
+ SVM

C = 180 : H = 200 2 No [19]

Xception + SVM C = 537 : H = 565 2 10-fold [20]

Hybrid ensemble
model

C = 1,050 : V = 1,050 : B = 1,050 : H = 
1,050

4 4-fold [21]

MLHC-COVID-19 C = 1,050 : non-COVID-19 = 2100 : H = 
1,050

3 10-fold Our
method

On literature review, most of the reported studies used DL and a pre-trained model with data
augmentation to detect COVID-19 from CXR images. However, to the best of our knowledge, only a few
studies have used multi-layer classi�ers for detecting COVID-19 based on CXR images. Also, there is a
lack of traditional machine learning models conducted on open source with x-ray images. The MLHC-
COVID-19 model aims to address these shortcomings.

Methodology
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The general overview of the proposed MLHC-COVID-19 for identifying CXR images of COVID-19 infection
is shown in Fig. 1. The block diagram depicts the vital processes embedded in the model. The following
subsections will discuss each process.

COVID-19 CXR images dataset

In this retrospective study, �ve datasets of CXR images were used and made publicly available by
Mendeley [22], the Italian Society of Medical and Interventional Radiology (SIRM) [23], Github [24],
Radiopaedia [25], and Kaggle [26]. The number of images used in this study were 4,200 divided in three
classes: (a) healthy, (b) non-COVID-19 (viral pneumonia + bacterial pneumonia), and (c) COVID-19. Each
image was annotated by medical specialists. The �rst four sources contained 1,050 CXR images of
COVID-19 infected patients (912 + 138). The last source contained 3,150 CXR images of healthy, viral
pneumonia, and bacterial pneumonia patients (1,050 healthy, 2,100 non-COVID-19). Table 2 lists the CXR
image datasets used in this study and the samples of the CXR images in the combined dataset are
shown in Fig. 2.

Table 2
CXR images datasets

Open Source Classes Number of Images

Kaggle [26] Healthy 1050

Kaggle [26] non-COVID-19 (Viral + Bacterial) 2100 (1050 + 1050)

Mendeley dataset [22] COVID-19 912

SIRM [23], Github [50] and Radiopaedia [25] COVID-19 138

Image Preprocessing

In this study, image pre-processing consists of three steps: image segmentation, image analysis, and
feature extraction as shown in Fig. 3. For image segmentation, we designed three sub-steps: removal of
the partial black background, image resizing, and grayscale conversion. The combined dataset had
different formats and a partial black background in the CXR images. This was caused by many factors
such as the �lming position, types of X-ray machines used, etc. The black background affected the
classi�cation performance therefore it was removed. In Fig. 4, an example of a black background
completely removed. Furthermore, the CXR images were of different dimensions; consequently, all the
images were resized to an identical size of 500 × 500 pixels. The last image segmentation step is
converting the images to grayscale to reduce the image features. Reducing the image features improves
the classi�cation result and mimics the complexity of the algorithm [27]. The grayscale formula is given
by Eq. 1.

Gintensity(x, y) = 0.2989*f(x, y, R) + 0.5871*f(x, y, G) + 0.1140*f(x, y, B)

1
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where Gintensity (x, y) is an image with grayscale, then f (x, y, R) is a pixel value in the (x,y) coordinates of
the red channel, f(x, y, G) is a pixel value in the (x,y) coordinates of the green channel, and f (x, y, B) is a
pixel value in the (x,y) coordinates of the blue channel [28].

The second image preprocessing step was image enhancement. We utilized the power law
transformation to adjust the brightness of the CXR images. We applied a γ value of 0.5. The power-law
transformation formula is shown in Eq. 2 [29, 30]. In addition, the two-dimensional Gaussian �lter
technique was selected to reduce the Gaussian and salt-and-pepper noise [31]. The Gaussian �lter
technique is given by Eq. 3. In Fig. 5, the CXR image after image enhancement.

s = c ∗ rγ

2

where s is the output pixel value, c is a value of the normalized image, γ is the gamma value, and r is the
input pixel value.

GFilter(x, y) =
1

2π∂2e−
x2+y2

2∂2

3

where ∂2 is the variance of the Gaussian �lter with a 3 x 3 kernel size, x, and y are the horizontal and
vertical axes of the kernel size [32].

The last image preprocessing step is feature extraction for which histogram analysis and L2-
normalization were performed. Histogram analysis reduces the image features by retrieving vital image
statistics. Speci�cally, low-intensity values produce a dark-toned image and vice versa [33] (see Algorithm
2 in Appendix A). After the histogram analysis, each feature in the histogram had different scales.
Subsequently, to obtain a standard scale, we performed L2-Normalization. L2-Normalization or the
Euclidean norm normalizes the features of the histogram to the same scale using Eq. 4. In Fig. 6, the
output of feature extraction.

L2 =
X

X2
i + X2

i+1 + X2
i+2 + ⋯ + X2

i+n

4

Where X is a feature of the histogram.

Multi-layer Hybrid Classi�cation Model

First, the original MLHC was developed to classify the sleep stages automatically by our research team.
Each layer in the MLHC is a binary classi�cation model that uses different machine-learning techniques

√
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[34]. The MLHC-COVID-19 method in this study was designed with two layers. The �rst differentiated
unhealthy or infected subjects (viral, bacterial, and COVID-19 infection) from healthy subjects. The
second classi�ed COVID-19 and non-COVID-19 (viral and bacterial) subjects. Figures 7 shows
pseudocode of the MLHC-COVID-19.

Three machine-learning techniques, DT, SVM, and NN were experimentally evaluated as candidates for
embedding into MLHC-COVID19. DT is a well-known supervised machine-learning method. Each node
represents a condition for deciding on data classi�cation, where various branches of trees represent the
results from testing and the leaves of the DT represent the classi�cation [35, 36]. DT is one of the
simplest techniques to understand and is suitable for classi�cation tasks [37]. SVM is a supervised
machine-learning method with promising performance in statistical classi�cations [38]. It distinguishes
data by �nding hyperplanes as separators. Identifying hyperplanes iterates toward the best line during the
training [39]. The radial basis function (RBF) was selected as the kernel function [40]. Finally, NN are
types of mathematical models for processing data with connected computation nodes that mimic the
functions of biological neural networks [41]. They build complex models between the inputs and outputs
with high e�ciency [42]. We designed four fully connected layers (dense layers) and two dropout layers.
The input to the �rst dense layer consisted of 256 histograms. The �rst and second dense layers used
128 neurons and the third dense layer used 32 neurons. The last dense layer was fed into the SoftMax
classi�er [43]. In addition, dropout layers with an 0.2 ratio were interpolated between the dense layers [44].
Figures 8 shows the MLHC-COVID-19 �owchart.

Experimental Results
Performance Evaluation

The training and testing datasets were divided using an 80:20 ratio. The training dataset was used to
train the model, which was evaluated using ten-fold cross- validation. The testing or unseen dataset was
used to select the best model. The performance measures were accuracy, sensitivity, speci�city, precision,
F-measure, and the area under the curve (AUC) [45, 46]. The performance measure formulae are given in
Eq. 5–10., and the measured performances include true positive (TP), true negative (TN), false positive
(FP), and false negative (FN). In addition, the classi�cation performance was evaluated using the area of
the receiver operating characteristic curve (AUC of ROC). Python module 3.8.3 known as Scikit-learn was
used for the machine learning algorithms [47] with an NVIDIA GeForce-960 M GPU, 4 GB GDDR5, on-
board memory with an Intel Core i7-6700 HQ (2.60 GHz, 6 MB L3 Cache, approximately 3.50 GHz), 8 GB
DDR4 RAM, and a 1 TB hard drive.

Accuracy =
TP + TN

(TP + FP) + (TN + FN)

5
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Sensitivity =
TP

(TP + FN)

6

Specificity =
TN

(TN + FP)

7

Precision =
TP

(TP + FP)

8

FMeasure =
2TP

(2TP + FP + FN)

9

AUC =
1
2(

TP
TP +FN +

TN
TN+FP ) (10

Results And Discussion
The MLHC-COVID-19 design left the distribution of data in each layer imbalanced, potentially causing
bias in the evaluation. The synthetic minority oversampling technique (SMOTE) was applied to balance
the classes [48]. The SMOTE synthesized new data from the existing data using k-nearest neighbors
(kNN) and inserted them into the original dataset [49]. This technique alleviated the imbalanced class
problem in the MLA. Table 3 shows the number of images of the original and applied-SMOTE datasets in
each class based on the MLHC-COVID-19 design. For example, there were 840 subjects in the Healthy
class and 2,520 subjects in the Non- healthy class. The Healthy class became a minority class in Layer I.
We synthesized 1,680 healthy instances using the SMOTE to balance both classes.
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Table 3
Comparison of the number of instances of the original and applied-SMOTE datasets.

MLHC-
COVID-19

Class No. of Images in Training set
(80%)

No. of Images in Unseen Testing set
(20%)

Original SMOTE Original SMOTE

Layer I Healthy 840 2520 210 630

Unhealthy 2520 2520 630 630

Layer II COVID-19 840 1680 210 420

Non-COVID-
19

1680 1680 420 420

Three machine-learning techniques, DT, SVM, and NN were investigated. The best classi�cation model for
each layer was selected for the MLHC-COVID-19. Table 4 shows the classi�cation results for the training
and testing. During the training, ten-fold cross-validation was performed. First, the NN achieved the
highest accuracy at 98.8% during the training, followed by the SVM and DT in Layer I. In addition, the NN
achieved the highest position with a sensitivity of 99.2%, speci�city of 98.5%, precision of 98.5%, F
measure of 98.9%, and AUC of 99.5%. The DT minimized the time spent in Layer I. Considering Layer II,
the SVM had the highest performance metric in all the aspects during the training (AUC of 98.5%). The
second best was the NN followed by the DT. Subsequently, Fig. 9 (a) and (b) graphically represent the
averaged zero-fold cross-validation’s ROC after training. The NN achieved the best classi�cation result in
Layer I and the SVM outperformed all other models in Layer II. Second, as previously mentioned, 20% of
the dataset was used for testing. The classi�cation results in the unseen test also con�rm that the NN
and SVM are the best classi�ers in Layers I and II, respectively. Table 4 shows the highest accuracy of
96.7% (NN) in Layer I and 98.7% (SVM) in Layer II.
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Table 4
Classi�cation results.

Layer Performance
Metric

Train (10-fold cross-
validation)

Unseen Test (Hold-out)

DT SVM NNs DT SVM NNs

Layer I

(Healthy,

Unhealthy)

Accuracy (%) 86.3 96.2 98.8* 83.6 94.2 96.7*

Sensitivity (%) 71.9 97.2 99.2* 75.4 92.4 95.7*

Speci�city (%) 91.2 95.3 98.5* 91.7 96.0 97.6*

Precision (%) 72.8 95.4 98.5* 90.1 95.7 97.6*

F Measure (%) 72.3 96.3 98.9* 82.1 94.1 96.6*

AUC (%) 81.9 96.2 99.5* 83.6 94.2 96.7*

Time (sec) 1.108* 1.201 24.888 < 
1.000

< 
1.000

< 
1.000

Layer II

(COVID-19,

Non-COVID-
19)

Accuracy (%) 93.6 98.5* 97.9 94.6 98.7* 98.5

Sensitivity (%) 95.0 98.1* 97.7 94.8 98.3* 98.1

Speci�city (%) 90.8 98.7* 98.1 94.5 99.0* 98.8

Precision (%) 95.4 98.7* 98.1 94.5 99.0* 98.8

F Measure (%) 95.2 98.4* 97.9 94.6 98.7* 98.4

AUC (%) 92.9 98.4* 97.9 94.6 98.7* 98.5

Time (sec) 0.749 0.275* 18.183 < 
1.000

< 
1.000

< 
1.000

* Best classi�cation results.

For the MLHC-COVID-19 method, NN were applied in the �rst layer and the SVM in the second. In Fig. 10,
the complete confusion matrix of the MLHC- COVID-19 in the unseen test. It correctly classi�ed 415
COVID-19 cases. Two COVID-19 cases were classi�ed as non-COVID-19 (viral and bacterial pneumonia)
and three COVID-19 cases were incorrectly classi�ed. Conversely, eight cases (seven non-COVID-19 and
one healthy) were incorrectly classi�ed as COVID-19 cases. The MLCM-COVID-19 classi�cation results for
the unseen test show comprehensively superior performance over the other techniques. This is discussed
below and considers the accuracy, sensitivity, speci�city, and AUC of 96.2%, 96.2%, 98.1%, and 97.1%.

Conclusion
Deep Learning vs Hybrid Machine Learning Technique
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COVID-19 can be diagnosed using CXR images. Many studies have reported various pre-processing,
feature extraction, and classi�cation methods, among which customized CNN and ensemble learning are
the foremost deep learning approaches. These approaches diagnose e�ciently; however, are di�cult to
implement practically owing to their complex processing. Nevertheless, the MLHC-COVID-19 can be used
in CADx especially with large datasets because it is simpler and has faster processing time than its
counterparts. The results shown below were slightly different using the same resources.

Misdiagnoses can expose patients to risks. This study's objective was to develop a model with perfect or
near-perfect accuracy levels. Compared to relevant studies, it achieved an accuracy of over 90%, which is
considered very high from a statistical perspective. The results in Table 5 compared these performances
using the same resources and showed that the proposed model outperformed the hybrid ensemble
model. In [21], researchers proposed a hybrid ensemble model for multi-class classi�cation, with its
evaluation result on the test set showing an accuracy, sensitivity, precision, and F-measure of 94.2%,
88.4%, 89.9%, and 88.6%, respectively. On the same dataset, the MLHC-COVID-19 produced classi�cation
with an accuracy of 96.2%, an AUC value of 97.1%, and speci�city of 98.1%.

Table 5
Comparison of the COVID-19 classi�cation results.

No. of
Classes

Accuracy
(%)

Sensitivity
(%)

Speci�city
(%)

Precision
(%)

F
Measure
(%)

AUC
(%)

Author

5 95.7 90.0 95.8 - - 97.0 [7]

3 95.0 96.9 97.5 95.0 95.6 - [8]

3 98.3 - 99.1 - 98.3 - [10]

3 97.9 97.9 98.8 98.0 97.9 - [11]

2 - 98.0 90.0 - - - [12]

3 99.0 99.0 - 99.0 99.0 99.7 [13]

2 100 100 - 100 100 - [14]

2 99.5 93.7 95.7 - - - [16]

2 100 - 100.0 100 100 - [17]

2 94.7 91.1 98.0 97.6 94.3 - [19]

2 99.3 99.0 99.4 99.3 99.3 99.3 [20]

4 94.2 88.4 - 89.9 88.6 - [21]

3 96.2 96.2 98.1 96.2 96.2 97.1 MLHC-
COVID-19
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Currently, the COVID-19 pandemic crisis is ongoing owing to the rapid spread of viral infection. Therefore,
a rapid COVID-19 diagnosis is essential. This study has developed MLHC-COVID-19, a hybrid
classi�cation model, to detect lung infections automatically. It incorporates three ML techniques: DT,
SVM, and NN, which were trained, validated, and tested for classifying no infection, pneumonia, and
COVID- 19 patients using CXR images. Furthermore, the dataset was divided according to a newly
proposed multi-layer architecture. Considering the �rst layer, the NN slightly outperformed the other
techniques, while in second, the SVM outperformed the other two techniques.

The �rst layer used as NN and the second as SVM equipped with a newly proposed algorithm produced
the above results. The classi�cation accuracy, sensitivity, speci�city, and precision on healthy, viral and
bacterial pneumonia, and COVID-19 images were 96.2%, 96.2%, 98.1%, and 96.2%, respectively. The
MLHC- COVID-19 classi�cation results were acceptable compared to other techniques.

Web-based Computer-aided Diagnosis Tool for COVID-19 from CXR Images

As mentioned above, the MLHC-COVID-19 is a simple to apply computer-aided diagnosis tool, which is
highly accurate. Considering the pandemic, this CADx tool must be easily accessible; therefore, a web-
based solution is available. The prototype web-based CADx brings the MLHC-COVID-19 technique into the
clinical setting as a useful tool for radiologists to improve COVID-19 diagnostic accuracy. The tool allows
users to upload CXR images, which are then diagnosed to evaluate for non-infection, pneumonia, or
COVID-19. The system is available at http://psuva.com/mlhc.

Limitation and Future work

The limitation in the proposed study is that raw images must be pre-processed before being fed into a
machine learning model otherwise the result may be ineffective. Image pre-processing that removes noisy
or distorted pixels is critical for obtaining meaningful information and accurate classi�cation. The
classi�cation model diagnosed infections from the appropriately preprocessed CXR images e�ciently.
Interestingly, histogram analysis of CXR images and L2-normalization consumed little time in training the
data because it does not localize the regions where the CXR images show abnormalities. The
classi�cation model has a limitation that could be improved in future work. Histogram analysis was used
to obtain complete images. Other techniques classify COVID-19 very well, however a few studies have
used multi-layer classi�ers to detect COVID-19 in chest X-ray images. The proposed techniques uses
these resources without requiring extended processing. In future, plans are to use image data
augmentation techniques on CXR images to improve the classi�cation accuracy. Moreover, the study is
limited because it is only classi�ed into three classes. Finally, we plan to expand the dataset and develop
a model that can classify into four classes by adding a new layer for classifying viral and bacterial
pneumonia to the multi-layer architecture.

Abbreviations
MLHC
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Multi-Layer Hybrid Classi�cation.
CXR
Chest X-ray.
CNN
Convolutional neural networks.
DL
Deep Learning.
CADx
Computer-aided diagnosis.
DT
Decision Tree.
SVM
Support Vector Machine.
NN
Neural Networks.
AUC
Area Under the Curve.
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Figures

Figure 1

The block diagram of the proposed MLHC-COVID-19.
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Figure 2

Samples of the CXR images in the combined dataset (a) healthy images. (b) Viral pneumonia images. (b)
Bacterial pneumonia images. (d) COVID-19 images.
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Figure 3

Image preprocessing

Figure 4

(a) An original CXR image with a partial black background and (b) The image after partially removing the
black background
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Figure 5

(a) Image after the image segmentation. (b) Image after the Power Law Transformation.

(c) Image after the Gaussian Filter.

Figure 6

Final output of the image preprocessing step.
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Figure 7

Pseudocode of the MLHC-COVID-19.
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Figure 8

MLHC-COVID-19’s �owchart.
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Figure 9

Receiver-operating characteristics (ROC) in (a) Layer I and (b) Layer II.
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Figure 10

Confusion matrix of the MLHC-COVID-19.


