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Abstract—The COVID-19 outbreak is a major global catastrophe of our time and the largest hurdle since World War II.
According to WHO, as of July 2022, there are more than 571
million confirmed cases of COVID-19 and over six million deaths.
The issue of identifying unexpected inputs based on trained examples of normal data is known as anomaly detection. In the case
of diagnosing covid-19, Chest X-ray disorders that are hardly
apparent are extremely challenging to identify. Although various
well-known supervised classification methods are being applied
for that purpose, however in the real scenario, healthy patients’
data is tremendously available but contaminated samples are
scarce. The process of gathering samples from ill patients is
troublesome and takes a lengthy time. To address the issue of
data imbalance in anomaly detection, this research demonstrates
an unsupervised learning technique using a convolutional autoencoder in which the training phase does not include any infected
sample. Being trained only with the healthy data, The patterns of
the healthy samples are preserved in latent vector space and can
differentiate ill samples by observing substantial divergence from
the distribution of healthy data. Higher reconstruction error and
lower KDE (Kernel Density Estimation) indicate affected data.
By contrasting the reconstruction error and KDE of healthy
data with anomalous data, the suggested technique is feasible
for identifying anomalous samples.
Index Terms—Chest radiograph, Autoencoder, Deep learning,
Unsupervised learning, Anomaly detection

classification techniques have to handle very imbalanced and
messy input, which usually produces erroneous decisions.
Secondly, to recognize different categories of abnormality,
it is important to generate a variety of forms of anomalous
data and annotate the anomalies, both of which are tough.
Chest X-ray observations are often so delicate that there
may be conflicting interpretations because healthy instances
predominate significantly over anomalous cases. An unsupervised anomaly detection framework can be used to deal with
these issues. such that, determining the properties of healthy
data and identifying deviations from the features of healthy
samples in the inspected samples. This approach allows for
detecting any kind of anomaly and only requires normal
samples for training. Another crucial use for anomaly detection
is the assessment of uncommon samples. Regardless of the
benefits mentioned above, unsupervised anomaly detection is
a demanding technique that has not been extensively utilized
for medical imaging. Fig. 1. shows a healthy sample. COVIDcreated pus and fluids trigger radiology sections (white regions) in the anomalous sample which is shown in Fig. 2.

I. I NTRODUCTION
Coronavirus disease (COVID-19) is a contagious disorder
caused by the SARS-CoV-2 virus. More airways may fill
with fluid when COVID-19 worsens because of leaks from
the lungs’ small blood veins. Breathing difficulty eventually develops and can result in lung failure. In the field of
computer-aided diagnosis (CAD) for chest radiographs, deep
neural network (DNN)-based techniques have made impressive
strides in recent years. The majority of these studies have
been conducted in supervised learning [1], a sort of instruction based on labels that correlate to the inputs. Yet, these
supervised learning-based CAD systems have two issues. The
trouble in providing training datasets is the first challenge.
Even for specialists, accurately labeling numerous images
with the details of disorders or lesions demands a significant
amount of time and attention. So anomaly segmentation and
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Fig. 1. A normal case of chest X-ray
This study suggests a Convolutional Autoencoder (CAE)
as a framework of One Class Classification (OCC) [2]. The
following are this research’s contributions: The CAE is an
encoder-decoder-based network in which the encoder creates
a bottleneck that generates a representation of the original

input’s features in compressed form and the decoder tries to
reproduce the input from that compressed portion. The CAE is
assessed on both healthy and abnormal instances after training
on only the healthy class.

is employed for classification. Gayathri et al. [13] employed a
technique where features are taken from pre-trained networks,
a sparse autoencoder for image compression, and a feedforward neural network (FFNN) for COVID-19 identification.
In some of the approaches mentioned above, different
models are used for feature extraction and classification respectively whereas, in the proposed approach, only a CAE
is employed for both tasks. Moreover, all the mentioned
strategies still rely on enough cases for COVID-19, which
may not be accessible in the beginning phases of an outbreak.
The literature study makes it obvious that there is a lack
of investigations employing pure OCC or anomaly detection
methods. The suggested model architecture is demonstrated
in part after, along with data processing, experiments, and
outcomes. A discussion and suggestions for new areas of
investigation are included in the paper’s conclusion.

Fig. 2. Sample of Covid-19 case in which radiopaque segments
are created by fluid accumulation

III. M ATERIALS AND M ETHODS
A. Dataset

Based on Reconstruction error and kernel density estimator,
the system can identify anomalous instances. The autoencoder
produces a larger reconstruction error when the sample used
as input is abnormal. According to KDE, samples that lie in
lower probability density areas of normal data distribution are
anomalous ones.
II. R ELATED WORKS
Even though several anomaly detection techniques have
emerged in the past few years, only a few researchers have
included medical data in their investigations [3] [4]. Latest
deep learning innovations have been substantially used in the
radiology imaging assessment of COVID-19 patients most
of which are supervised techniques. A DarkCovidNet model
was suggested by Hemdan et al. [5] using 17 convolutional
layers with various filters on every layer. Arman et al. [6]
used the transfer learning scheme and utilized the well-known
CheXNet model to develop COVID-CXNet. The confidenceaware anomaly detection (CAAD) model, proposed by Zhang
et al. [7], operates via a convolutional feature detector model
entering into an anomaly monitoring system and a confidence
projection section that combines. But positive viral-pneumonia
CXR training examples are required for CAAD, which focuses on its confidence detection system. A deep autoencoder
with gradually expanding blocks and residual connections is
suggested by Tuluptceva et al. [8] where both typical and
anomalous instances are used for training. To deal with the
significant cost of misdiagnosis in COVID-19 situations, Li et
al. [9] presented COVID-19 identification from CXR pictures
as a cost-sensitive learning issue using a conditional center
loss. Scarpiniti et al. [10] suggested an unsupervised Deep
Denoising Convolutional Autoencoder (DDCAE) training on
CT images which is very costly. By employing generative
models, Motamed et al. [11] suggest a novel GAN architecture
to improve chest X-rays for the semi-supervised identification
of pneumonia and COVID-19. Mansour et al. [12] used Inception v4 as a feature extractor and an unsupervised VAE model

In this work, the COVIDX dataset introduced by Wang and
Wong (2020) and the “Chest X-Ray Images(Pneumonia)” [14]
dataset are used from Kaggle which are publicly available.
From the “Chest X-Ray Images(Pneumonia)” dataset, only
the normal images are retrieved. The NORMAL images from
these two datasets are merged for the training and validation
of the autoencoder with a larger number of normal data.
COVID-positive images are taken from the COVIDX dataset
for the assessment of anomaly detection. The test dataset is
simply provided from the COVIDX dataset which includes 200
healthy samples and 200 anomalous samples of covid positive
patients. Details appear in Table I.
TABLE I: Dataset Information
Dataset

Number of Normal
Images

Training data
Validation data
Covid-19 data
Test data

11041
4732
0
200

Number of
Covid positive
images
0
0
4732
200

B. Convolutional Autoencoder
In the suggested system framework, the convolutional autoencoder (CAE) [15] is used to identify COVID-19 as an
abnormality in CXR pictures. Fully connected autoencoders
neglect the 2D imaging format and retrieve global features,
which is why CAE architecture is chosen, CAE, on the other
hand, maintains spatial locality and uses shared weights across
all input regions. A pair of encoder-decoder makes up a
standard CAE. Several convolutional layers are included in
each encoder layer, which is followed by pooling layers. With
layers of up-sampling and deconvolution, the decoder portion
replicates the encoder design in reverse order. The decoder
phase that recreates the input picture using the latent encoded
form follows the encoder stage where the network attempts to
extract spatial characteristics throughout training [16]. This

objective is attained by reducing the Mean Squared Error
(MSE) between the input picture and the reconstructed image.
The illustration of the encoder functions as the feature vector
for quantifying the substance of an image. Using the chain
rule to backpropagate the erroneous components initially via
the decoder system and then via the encoder system makes it
simple to acquire the necessary gradient. In an autoencoder, the
dimensionality of the input data is minimized to a code space
of a smaller one at the hidden layer because the volume of
the hidden layer is smaller than the volume of the input data.
The CAE learns to extract characteristics that are essential
for reconstructing the normal instances since it only sees the
normal examples during the training process. As a result, the
CAE is anticipated to yield low reconstruction error for the test
set’s normal samples while delivering greater reconstruction
error for samples that deviate from the norm or are abnormal.
As an outcome, the score based on CAE’s reconstruction error
may be utilized to identify abnormalities.

transposed layer, a batch normalizing layer, a leaky ReLU
layer, and an upsampling layer (factor=2) make up each of
these blocks. Filter sizes of 3*3 and ‘same’ padding are used
for every transposed convolution layer. The outputs from each
deconvolution block have 32, 16, and 8 channels, accordingly.
The decoder section is pictured in Fig. 4.
The suggested scheme is trained on normal chest x-ray
samples for 70 epochs in the Kaggle platform with GPU. The
Mean Squared Error (MSE) is used as the loss function and
also as the evaluation metrics. Adam optimizer is utilized and
the learning rate is 0.001.

C. Model Architecture and Training details
The encoder section uses batch normalization, LeakyReLU
activation, and consecutive layers of 2D convolutions to compress normalized pixel-wise data from input pictures (128×
128 x 3 volume) into reduced dimensional feature maps.256 one-dimensional feature spaces are represented by a fully
connected layer that receives the output from the convolutional
blocks. In the decoder section, transposed convolutions that
up-sample the features to the original input size are used
to enlarge that 256 fully-connected output of the encoder.
At each stage of the transposed convolution sequence, batch
normalization and LeakyReLU activation are also included,
and the dimensions of the encoder and decoder filters are
mirrored. The feature vectors for each picture in the dataset
are generated after the autoencoder has been trained by simply
passing the image forward through the network, where the
encoder’s output (i.e., the latent-vector representation) acts as
our feature space. After receiving input data, the autoencoder
will condense it to the latent-space representation into a vector
with a lot fewer dimensions (256), or essentially a compression
of almost 99 percent of the source input data (128 x 128 x 3).
There are three convolution blocks and one fully connected
block included in the encoder. Each convolution block consists
of four layers: one convolution layer, one leaky ReLU layer,
one batch normalization layer, and one Maxpool (size = 2*2)
layer. The filter size is 3*3 and ‘same’ padding is used.
The outputs from each convolution layer have 8, 16, and 32
channels, accordingly. A flattened layer of size (16384*1) and
to limit the dimensionality of the data to 128 dimensions, there
are two fully connected layers with leaky ReLU layers are
added. The encoder section is pictured in Fig. 3.
In the decoder section, there are three deconvolution blocks
and one fully connected block. The fully connected block
(FC2) comprises two fully connected layers including leaky
ReLU activation for both and it expands the dimensions of data
from (128; ) to (8192; ). It is then reshaped into (16; 16; 32)
and then sent to the three deconvolution blocks. A convolution

Fig. 3. Architechture of encoder

Fig. 4. Architechture of decoder

IV. E XPERIMENTS AND R ESULTS
The assessment of this work is based on Reconstruction
Error and Kernel density estimation. The probability density
function of the data points randomly distributed in a sample space is estimated using the kernel density estimation
approach. If it is assumed that a dataset’s norm should suit
a particular type of probability distribution, an anomaly is
something that we should only see extremely infrequently
or with very low probability. A threshold for reconstruction
error and another for the Kernel density estimation are set.
If the reconstruction error of a sample is greater than the
reconstruction error threshold or the kernel density is lower
than the kernel density threshold, then that sample is detected
to be anomalous.
The graphs of validation loss and training loss have presented in Fig. 5.

Fig. 6. Reconstruction of Normal data

Fig. 5. Loss curves

The error scores of healthy and anomalous data are mentioned in Table II. The test dataset including 200 healthy
TABLE II: Result
Dataset
Normal
COVID-positive

Reconstruction
Error
0.0024
0.0059

KDE
6845.03
5555.91

samples and 200 COVID samples is used to calculate the
Recall and ROC-AUC score which is mentioned in Table
III. I demonstrate the visualization of several instances of
TABLE III: Test Result
Dataset
Test Data

Recall
0.66

ROC-AUC
0.672

healthy and anomalous samples using the reconstruction error
approach in Fig. 6 and Fig. 7.

Fig. 7. Reconstruction of anomalous data
V. C OMPARISON WITH SIMILAR APPROACHES
Studies on the suggested method are quite scarce overall.
Compared with the others, firstly, healthy samples of two
datasets are combined for normal training data so that the

reconstruction process can correctly differentiate the anomalous samples. Secondly, none of the others investigated the
KDE which is a crucial evaluator for unsupervised one-class
classification. Furthermore, the mentioned CAE architecture
is very simple, faster, and lightweight which is convenient for
implementation.
TABLE IV: Comparison

Author

Tang et al. [17]
Khan et al. [18]
Nakao et al. [19]
Proposed work

Number
of
healthy
data
in training
4,479
8851
6853
11041

Recons-truction
error of
covid
data
0.0059

KDE
of
covid
data

AUC

Recall

5555.91

0.662
0.69
0.630
0.672

0.66

Although the AUC score is not significantly better than
those of the works listed in Table IV, the amount of normal
data is higher which is extremely significant for training the
model and obtaining an accurate score of the reconstruction
error.
VI. C ONCLUSION AND F UTURE W ORK
Unlike supervised CAD systems, which demand target
disease or lesion pictures and annotations for training, the
proposed system just needs typical chest radiographs and
no annotations, making it simple to build a training dataset.
Additionally, unlike supervised systems, which often can only
recognize particular lesions, our technique may detect a variety
of lesions or abnormalities. The fact that this approach does
not rely on any special target processing also makes it simple
to apply to any objective, including any organ or modality in
addition to chest radiographs. To aid with better monitoring,
recognition, and prognosis of COVID-19, it is crucial to integrate imaging data with pathological changes and laboratory
test findings for a system of this kind. It should be noted
that imaging only offers a limited feature for COVID patients.
Therefore, I will try to apply the fusion technique with these
several sources of data. By utilizing other picture transformation networks, such as the U-Net, or applying attention-based
networks, this design may be made even more advantageous.
The exploration of several loss functions in combination is
another scope for future improvement.
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