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Abstract— World Health Organizations declared that 
Coronavirus Disease 2019 (COVID-19) outbreak pandemic in 
March 2020. Countries around the world are stepping up 
effort to halt the spread of this pandemic. Some countries are 
scrambling to tackle this virus by applying lockdown policy. As 
of 10 August 2020, there have been confirmed 19.718.030 total 
cases and 728.013 total deaths of COVID-19 [2]. COVID-19 
detection is vital to decide the subsequent step in handling the 
patients. One strategy that may be applied for COVID-19 
detection is classification approach primarily based totally on 
chest x-ray of the patients. Convolutional neural network has 
been successfully applied in practical applications. It is a type 
of machine learning which the model is designed to learn 
classification tasks directly from an image. It recognizes 
patterns directly from image pixel. These patterns are used to 
classify images and to eliminate the need of manual feature 
extraction. The classification provides outcomes with recall, 
precision, and accuracy had been respectively 94.99%, 95%, 
and 95.47% for model 1 and 97.73%, 95%, and 96.59% for 
model 2. 

Keywords— convolutional neural network, covid-19, neural 
network, pandemic, coronavirus disease,  

I. INTRODUCTION

According to World Health Organization [1], 
Coronavirus Disease 2019 (COVID-19) is a disease caused 
by severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2). This virus is a family viruses that can cause 
common cold, SARS (Severe Acute Respiratory Syndrome), 
and MARS ( Middle East respiratory syndrome). As it is a 
new strain of coronavirus, the antiviral is not yet found. 
World Health Organization declared the COVID-19 
outbreak a pandemic in March 2020. Some countries are 
scrambling to tackle this virus by applying lockdown policy. 
As of 10 August 2020, there have been confirmed 
19.718.030 total cases and 728.013 total deaths of COVID-
19 [2]. 

The symptoms of COVID-19 are similar to the flu 
(influenza) or the common cold, i.e. fever, cough, shortness 
of breath, and breathing difficulties [1]. It can lead to 
pneumonia, multiple organ failure and even death in severe 
case. This is why testing is required to confirm if someone 
has COVID-19 or not. COVID-19 detection is vital to 
decide the subsequent step in handling the patients. One 
strategy that may be applied for COVID-19 detection is 
classification approach primarily based on chest x-ray of the 
patients. This image provides information on whether the 
lung is normal or not. These are interesting instances for 
medical image processing since innovations in deep learning 
and the increasing availability of massive annotated medical 
image datasets are leading to dramatic advances in 

automated knowledge of medical images [3]. 
Most lung image classification based on chest x-ray using 

neural network model with manual features extraction 
process. The preceding studies for lung image classification 
based on chest x-ray has been accomplished through the use 
of recurrent neural network for lung image and it provides 
accuracy result 81.33% [4]. This study then evolved through 
the use of wavelet for image denoising process, the model  
was called as wavelet recurrent neural network and it affords 
outcome with accuracy 84% [5]. Wavelet recurrent neural 
network used the wavelet to eliminate image noise in the 
preprocessing step and used the recurrent neural network for 
the classification step. These previouses research using 
manual features extraction process as the input for the 
classification process.  Convolutional Neural Network 
(CNN) is special types of neural network. CNN is learning to 
perform classification tasks directly from an image and there 
is no need to do manual features extraction in this model. 
CNN can recognize patterns with extreme variability, and 
with robustness to distortions and simple geometric 
transformations [6]. The classification accuracy of Covid-19 
Chest X-Ray using CNN is expected an increase as CNN 
model has been successfully applied in practical applications, 
such as the application of CNN for image classification that 
is provides accuracy 96.5% [7] and the application of CNN 
for image recognition that is provides accuracy 98.89% [8]. 

II. CONVOLUTIONAL NEURAL NETWORK FOR COVID-19
CHEST X-RAY CLASSIFICATION 

In 1980, Fukushima designed Neocognition [9], which is 
a model of unsupervised artificial networks inspired by the 
visual biological system. LeCun, et al. [10] applied the 
model to solve handwritten digit recognition problems. 
Furthermore, LeCun et al. [11] introduced the term of  
Convolutional Neural Network (CNN). CNN is a deep 
neural network in which neural systems keep up a various 
leveled structure by representing the feature learning and 
generalizing it into the common image problem. CNN isn't 
constrained to images, but to receives the advanced in 
natural language processing problems and speech 
recognition problems [12]. CNN is the advancement of 
Multi-Layer Perceptron (MLP) which is outlined to prepare 
grids data, one of which is utilized for image analysis and 
image processing. The feature learning of CNN is then used 
to distinguish between images from one another and to 
classify it. 

Generally, CNN is not that different with neural 
networks. The neurons in CNN consist of weight, bias and 
activation functions. Convolutional layer in CNN comprises 
of neurons arranged to create a filter. CNN utilizes the 
convolution process by moving a certain size convolution 
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kernel (filter) to an image that makes the computer then get 
new representative information from the multiplication of 
parts of the image with the filter used. 

A. Architecture of CNN 
CNN architecture is created and inspired by the way 

humans produce visual perception (visual cortex). The 
primary function of the visual cortex is to process visual 
information [13]. With this architecture, CNN can be trained 
to understand the details of an image, so that it can capture 
spatial and temporal dependencies in an image. CNN 
combines three architectural ideas to ensure some degrees of 
shift and distortions invariance: local receptive fields, shared 
weights (weight replication), and sometimes, spatial or 
temporal subsampling [10]. In general, the architecture of 
CNN is divided into 2 major parts, i.e. Feature Learning and 
Classification. The architecture of CNN can be seen in Fig. 
1. This figure was adapted from the CNN architecture for 
handwritten recognition [11]. In this architecture, the input 
is in the form of image. 

 
Fig. 1.  CNN Architecture 
 
  

Image is pixels framework which arranges in rows and 
columns (matrix). Pixels describe the location of rows and 
columns. It also has an intensity which is denoted as p(x,y). 
The image as the input on CNN will be read as matrix data 
by a computer, as shown in Fig. 2. If the CNN input is an 
RGB image, then the image will have 3 matrices, i.e. the 
matrix for the colors Red, Green, and Blue where the matrix 
value ranges between 0 up to 255 for each color in each 
pixel of the image. If the CNN input is a Graysclae image, 
then the image will have a matrix whose values range from 
0 (black) to 255 (white). Meanwhile, if the CNN input is in 
the form of a black and white image, the image will have a 
matrix whose value has only 2 possibilities, i.e. 0 (black) 
and 1 (white). The point of any image processing technique 
is that it allows the machine to recognize the characteristics 
of the input image, including this CNN technique. In this 
case, the input image has not yet provide any information, 
so it is necessary to do the next step, i.e. Feature Learning 
and Classification. 

 
Fig. 2.  Image Matrix 

 

B. Feature Learning 
There are several important points in the Feature 

Learning section, i.e. Convolution, Activation Functions and 
the Pooling Layer. The feature learning is rehashed a few 
times until an adequate feature map is obtained to continue 
the classification stage.  
1) Convolution 

At Convolutional layer, neurons arranged to create a 
filter that contains pixels. This filter will be moved all parts 
of the image. CNN utilizes the convolution process by 
moving a certain size convolution kernel (filter) to an image 
that makes the computer then get new representative 
information from the multiplication of parts of the image 
with the filter used. Technically, a dot product operation 
will be performed between the input and the value of the 
filter at each shift, so that it produces an output or so-called 
feature map. The preceding layer’s (input layer) feature 
maps are convolved with learnable kernels and positioned 
via the activation function to form the output feature map 
[14]. The output map may combine convolutions with 
numerous input maps. Mathematically, it can be written as 
follows [14]:  

jMi

l
j

l
ij

l
i

l
j bxxx .1        

(1) 
 

where jM  represents a selection of input maps, l
jx is the 

output map j for convolution layer’s l , and k  is the kernel. 
The output map is spesified with an additive bias, but for a 
spesific output map, the input maps might be convolved 
with other recognizable kernels. The output l

jx  is activated 

using activation function f , then l
jxfx . 

2) Activation Function 
The activation function is at the stage between the 

convolution process and the pooling layer. At this stage, the 
convolution value is subject to the activation function. The 
activation function that is most often used in the CNN 
model is the rectified linear unit or ReLU [15] and is 
formulated as follows: 

 0,max xxf         (2)   

A ReLU of x is defined as the maximum value of 0 and x, 
which means that it will equals to 0 for any negative input 
value. Meanwhile, if the input value of the activation 
function is positive, then the output of the neuron is the 
input value of the activation itself. 
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3) Pooling Layer 
 The activation function is subsequently followed by 

additional convolution such as the pooling layer, fully 
connected layer and normalization layer. These refers as 
hidden layers because their input and output are covered by 
the activation function and final convolution. The pooling 
layer generally consist of a filter with spesific size and stride 
that shifts throughout the feature map area. Pooling 
commonly used is Max Pooling and Average Pooling. The 
reason of utilizing the pooling layer itself is to diminish the 
dimensions of the feature map (down-sampling), thereby 
speeding up the computation because fewer parameters need 
to be updated. In addition, the reason of utilizing pooling 
layer is to overcome over fitting. 

C. Classification 
The results of feature learning are feature maps in the 

form of multidimensional arrays, so in this case the flatten 
process must be carried out. Through the flatten process, a 
feature map reshape will be made from a multidimensional 
array into a vector so that it can be used as the fully-
connected layer’s input. Fully-connected layers are ordinary 
neural networks, i.e. Multi Layered Perceptron (MLP). At 
this layer, all activity neurons from the preceding layer are 
associated to neurons within the next layer. The fully 
connected layer points to process data so that it can be 
classified. 

 

D. Diagnostic Test 
Diagnostic test relates to the capacity of a test to separate 

between the target condition and wellbeing (health) [16]. 
The separative potential can be measured by the measures of 
accuracy, recall and precision. The probability that may 
show up in diagnostic test are shown in Table 1. 

TABLE  I 
DIAGNOSTIC TEST 

Measure 

True Situation 

Total Performance 
Indicator 
Present  

Performance 
Indicator 
Absent 

Positive True Positive 
(tp) 

False Positive 
(fp) 

tp+fp 

Negative 
 

False Negative 
(fn) 

True Negative 
(tn) 

fn+tn 

Total tp+fn fp+tn tp+fp+fn+tn 

There are four outcomes for diagnostic tests, i.e. true 
positive (tp), false positive (fp), false negative (fn), and true 
negative (tn). The (tp) means that a sick patient is accurately 
recognized as sick, (fp) means that healthy patient is 
inaccurately recognized as sick, (fn) means that sick patient 
is inaccurately recognized as healthy, and (tn) means that 
healthy patient is accurately recognized as healthy. Recall 
refers to the percentage of relevant results that are correctly 
classified by the model. This is the relationship between (tp) 
and the total number of (tp) and (fn). Mathematically, it is 
calculated as follows: 

 
fntp

tprecall                 
(3)   

Precision refers the percentage of the results which are 
relevant.  This is the relationship between true positives and 

the total number of true positives and false positives. It is 
mathematically measured by: 

 
fptp

tpprecision                 
(4)   

 
The accuracy is the percentage of correct predictions result 
in the model among the total cases. It is a statistical 
measurement to define the wellness of the classficiation 
correctly identifies condition. The formula for quantifying 
accuracy is:  

 
fnfptntp

tntpaccuracy          
(5)   

 
 

III. RESULT AND DISCUSSION 
The dataset used in this paper is open source. There are 

97 positive Covid-19 chest x-ray dataset [17] and 121 
negative/normal chest x-ray dataset [18]. These dataset 
divided as training data (174 images) and testing data (44 
images). The CNN model will automatically train the x-ray 
image characteristic through the Feature Learning and 
Classification process. It will determine wether the x-ray 
image is positive Covid-19 chest x-ray or normal chest x-
ray. 

A.  Model 1 

 
Fig. 3.  Model 1 
 

The fisrt CNN model (Fig. 3.) is using 225x225 image 
matrix, 20x20 convolution matrix , 10x10 pooling matrix 
with 100 batch size and the number of epoch is 15, 20, 25, 
and 30. The result of the process is shown in Table II.   

 TABLE II 
DIAGNOSTIC TEST RESULT FOR MODEL 1 

Number of 
Epoch 

(tp) (fp) (fn) (tn) 

15 18 2 1 23 
20 18 2 1 23 
25 20 0 1 23 
30 20 0 1 23 

 
As shown in Table II, CNN model for Covid-19 

classification based on chest x-ray provided result 23 true 
negatives and 1 false negative for all number epoch 
choosen. The learning process using 15 number of epoch 
gives the same result as the learning process using 20 
number of epoch. Meanwhile, the learning process using 25 
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number of epoch gives the same result as the learning 
process using 30 number of epoch. The precision, recall and 
accurary of the model are calculated as shown in Table III. 
Based on Table III, the average recall, precision, and 
accuracy are respectively 94.99%, 95%, and 95.47%. 

 
TABLE III 

RECALL, PRECISION, AND ACCURACY OF MODEL 1 
Number of Epoch Recall Precision Accuracy 

15 94.74% 90% 93.2% 
20 94.74% 90% 93.2% 
25 95.24% 100% 97.73% 
30 95.24% 100% 97.73% 

 

B. Model 2 

 
Fig. 4.  Model 2 

The second CNN model (Fig.4.) is using 225x225 image 
matrix, 30x30 convolution matrix, and 20x20 pooling 
matrix with 100 batch size and the number of epoch is 15, 
20, 25, and 30. The result of the process is shown in Table 
IV. 

TABLE IV 
DIAGNOSTIC TEST RESULT FOR MODEL 2 

Number of 
Epoch 

(tp) (fp) (fn) (tn) 

15 18 2 0 24 
20 19 1 0 24 
25 20 0 2 22 
30 19 1 0 24 

 
As shown in Table IV, CNN model for Covid-19 

classification based on chest x-ray provided the same result 
for learning using 20 number of epoch and 30 number of 
epoch. The precision, recall and accurary of the model are 
calculated and shown in Table V. Based on Table V, the 
average recall, precision, and accuracy are respectively 
97.73%, 95%, and 96.59%.  

TABLE V 
RECALL, PRECISION, AND ACCURACY OF MODEL 2 

Number of Epoch Recall Precision Accuracy 
15 100% 90% 95.45% 
20 100% 90% 97.73% 
25 90.91% 100% 95.45% 
30 100% 95% 97.73% 

IV. CONCLUSION 
The procedures of Covid-19 chest X-Ray classification 

using Convolutional Neural Network was defining the input 
data, i.e. training data and testing data. The input data is 
used to determine the learning features and classification 

process in CNN architecture. The CNN model will 
automatically train the X-Ray image characteristic through 
the convolutional layer and the pooling layer. The 
classification process starts at the fully connected layer. This 
will determine whether the x-ray image is positive Covid-19 
or normal. 

The first model is using 225x225 image matrix, 20x20 
convolution matrix , 10x10 pooling matrix with 100 batch 
size and the number of epoch is 15, 20, 15, and 30. It 
afforded outcomes with recall, precision, and accuracy were 
respectively 94.99%, 95%, and 95.47%.  The second model 
is using 225x225 image matrix, 30x30 convolution matrix, 
and 20x20 pooling matrix with 100 batch size and the 
number of epoch is 15, 20, 25, and 30. It afforded outcomes 
with recall, precision, and accuracy were respectively 
97.73%, 95%, and 96.59%.  

This research used an open dataset and because of these 
limitations, this research only uses 97 positive chest x-rays 
and 121 normal chest X-rays. However, this model will 
provide better results and accuracy by using larger dataset, 
and need to be supported by clinical study. 
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