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Abstract: Corona Virus Disease 2019 (COVID-19), a newly identified 
pandemic infection, threatened human life, and disrupted the entire world. 
Identifying and detecting this pathogenic virus is made essential as it is 
increasing the mortality rate day by day. In this scenario, alternative 
technologies play a vital role in monitoring, detecting and diagnosing the 
disease by deploying smart applications. Today smart applications are 
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incorporated with AI techniques in detecting and monitoring the spread of 
infection. The proposed work is contributed with multilayer perceptron (MLP) 
techniques integrating the artificial neural network (ANN) model for extracting 
COVID-19. The model is equipped with a normalisation process deploying 
Gaussian process regression (GPR) and radial based function (RBF) for 
detecting the noise level. The proposed work exploits the publicly available 
COVID-19 datasets of July month from GitHub and Kaggle. The AI model is 
measured using the performance metrics in terms of Precision, Recall,  
F-Measure and Accuracy and MLP model produces higher accuracy. 

Keywords: COVID-19; smart applications; sensors; multilayer perceptron; 
multilayer perceptron; AI; artificial intelligence; detection. 
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1 Introduction 

Coronavirus is an infectious disease caused by a virus, called severe acute respiratory 
syndrome coronavirus2 (SARS-CoV-2). This novel virus is now universally called 
COVID-19 [1, 2]. National and State Governments have introduced various measures 
such as lockdown, social distancing, wearing personal protective equipment (PPE). 
However, still, the fallout of COVID-19 has created a significant impact on society 
disrupting the economy of the world, the supply of food and other raw materials [3] to 
reduce the transmission of disease. Many researchers and scientists putting up with 
vaccines and medicines, none has been approved until now in the world [4, 5]. The world 
meters have reported a total of 14,684,666 COVID-19 cases and 609,747 deaths as of 
20th July 2020. In this potential crisis, it becomes essential to track, monitor and detect 
this infectious disease. Today smartphone technology has increased the footprints in 
mobile health and driven positive implications towards the patient-doctor relationship [6]. 
It is evolving 5G cellular network expansion which plays a significant role in healthcare 
systems. Pervasive computing is a benchmark in communication that includes 
information gathering and sharing [7]. These were undergoing technology when 
combined with smartphones, sensor devices, and wireless communication creating a 
pervasive environment [8, 9]. Modelling the pandemic virus infection is paramount in 
this scenario [10]. Besides conventional modelling [11] Artificial Intelligence (AI) could 
offer a significant contribution in predicting the models [12], classifying the X-ray 
images, specifying the infection stage of the patient whether the infection is mild or 
severe using image segmentation problem (ISP) [13]. Artificial neural networks (ANNs) 
an AI technique can easily extract the visual features that help in decision making and 
further treatment of the infected patients [14]. A novel ML model named adaptive neuro-
fuzzy inference system (ANFIS) tracks the disease’s progress based on historical data 
imputed from the cloud [15]. IoT devices are most probably imposed in detecting the 
spread of infection. An IoT-based biometric face detection technique is implemented in 
the places where lockdown has been announced during COVID-19 outbreaks. It is a 
three-phase technique designed under the edge computing architecture [16]. Though 
many smart devices are deployed in detecting COVID-19 cases, the existing systems are 
facing some challenges in medications and decision making which take a long duration in  
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this pandemic crisis which can be overcome by AI techniques. The proposed study is 
organised into five sections. Section 2 describes a pervasive environment, including the 
applications of smartphones, technologies of smart devices, the contribution of AI and 
ML tools in COVID-19 detection and diagnosis. Section 3 presents the contribution of 
ML and AI in monitoring and detecting infectious disease and Section 4 discusses the 
results and experiments. 

2 Smart applications 

Today smart applications are embedded with a pervasive environment embedded with 
network devices that provide continuous and reliable connectivity. This system helps us 
by focusing on sensing data, supporting information technologies to provide better 
communication capabilities in both mobile and distributed computing [17]. AI provides 
an automatic monitoring and treatment of COVID –19 patients using the ANN technique 
[18]. The CAD4COVID-XRay tool was deployed to aid the tuberculosis diseases from 
chest X-Ray images relevant to pneumonia. [19]. A novel technique named COVID-
MTNet and NABLA-3 network was used for detecting and localising the region of 
interest from two images especially from chest x-ray images [20]. The schematic diagram 
of smart applications is shown in Figure 1. The proposed work discusses the contribution 
of various sensors, smartphones and wearable devices in detecting COVID-19 diseases. 
The paper also provides insight into a pervasive environment by identifying, tracking and 
monitoring COVID-19 cases. AI models with machine learning techniques such as 
support vector machine (SVM), Random Forest (RF) and multilayer perceptron (MLP) 
have been incorporated in analysing COVID-19 cases. 

Figure 1 Smart applications towards COVID-19 (see online version for colours) 
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2.1 Mobile-based Covid-19 tracking 

A smartphone-based portable test has been launched to detect COVID-19. It identifies the 
viral and bacterial pathogens. It comprises a cartridge that contains testing reagents. 
Furthermore, a port is present where nasal extract or blood sample can be inserted. Then 
the whole device is clipped to the smartphone. RNA is accessed inside the cartridge. 
Genetic material is amplified into millions within 10–15 min, and with the help of blue 
LED light, the stains glow in green colour. The camera detects this on the smartphone. 

Luminostics and Sanofi together combined to launch a mixture of hardware and 
software platforms with a smartphone to detect COVID-19. It is a home testing device 
and is used for global health applications. It comprises an adapter that is clipped onto the 
smartphone. A cartridge is loaded into the adapter and diagnosed with swab samples 
applied to the sensor. 

A new Aranet PRO100 base station with a wireless battery has been designed to sense 
the body temperature. The sensors attached to every patient’s bed send measurements to a 
centralised monitoring system for every minute wirelessly. The history of every patient 
can be viewed, and alerts are sent to the most severe cases that require immediate care. 
These communications are made available through a smartphone [21, 22] 

A portable and reusable sensor embedded with smartphones has been developed by 
scientists from the University of Utah in the US. It detects coronavirus by taking saliva 
samples within 60 s. The sensor is about a quarter size that uses parameters containing 
single-strand DNA. This DNA strand attaches to the protein of the COVID-19 virus. It 
can be used by plugging the sensor into the mobile phone by launching an app relevant to 
the device [23] 

2.2 Sensor-based Covid-19 tracking 

Plasmonic biosensor with dual functioning with a combination of plasmonic 
photothermal (PPT) effect and localised surface plasmon resonance(LSPR) sensing 
transduction is designed for diagnosing COVID-19 disease. It comprises gold nan islands 
(AuNIs) embedded with DNA receptors that detect RNA samples with severe acute 
respiratory syndrome coronavirus2 (SARS-CoV-2) via nucleic acid hybridisation [24]. 

Portable Air Sampler, a monitoring device is used to trap the coronavirus tested 
through DNA analysis. This device traps the virus particles by sucking a huge amount of 
air, and then the virus is taken for diagnostic purposes. DejiAkinwande devised an 
electronic sensor at the University of Texas in Austin with his engineering team to detect 
both flu and COVID-19, and it has the capacity of differentiating between two viruses by 
testing the patient’s saliva. This sensor is inbuilt with graphene circuits containing 
antibodies of COVID-19 infections which is linked to the biosensors that measure the 
sensitivity and specificity readings [25]. 

A new platform, namely the plasmonic fibre optic absorbance (P-FAB) sensor was 
developed to detect viruses. To realise the detection, Murugan et al. [26] proposed two 
types of bioanalytical approaches: Label-free bioassay and labelled bioassay. It is a  
U-bent-shaped sensor device used for the early detection and diagnosis of coronavirus. 
GOQii has launched a wrist band with sensors used to detect symptoms of COVID-19. 
This device tracks vital systems such as body temperature, heart rate, blood pressure.  
It comprises a temperature display and thermal sensor. A comparative analysis of various 
sensors is presented in Table 1. 
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Table 1 Applications and challenges of smart devices in detecting COVID-19 cases 

References Device Description Applications Challenges 
Kohli [27] Smartphone-based 

portable test 
It is made of a 
small cartridge 
with testing 
reagents 

Used to test 
passengers before 
getting on a flight, 
people going to a 
theme park 

Uncertainty 
regarding 
individuals 
quarantined 

Luminostics [28] Hardware/Software 
platform with 
smartphone 

The Cartridge is 
loaded into the 
adapter and is 
clipped on a 
smartphone. Swab 
samples are 
prepared to place 
on the sensor 

Used as home 
testing, point of 
care testing and 
global health 
applications 

It takes 30 min to 
get the result 

Wang [29] An Optical Sensor 
for RNA samples 

Integrate two 
types of effects to 
identify a virus: 
thermal effect and 
an optical effect 

Used in detecting 
viruses with RNA 
sequences 

The device is not 
ready to quantify 
the concentration 
of the coronavirus 
in the environment 

GOQii [30] Vital 3.0 Wrist band with 
sensors to detect 
the early symptom 
of COVID–19 
infection 

Used to track 
pulse, body 
temperature, blood 
pressure and sleep

Used only for 
screening 
purposes and not a 
medical device 

Waltz [31] Portable Air 
Sampler 

A gooseneck-
shaped instrument 
is used to trap any 
particles inside a 
liquid 

The device can be 
used in office 
buildings, 
airplanes, etc., 

Fails to produce a 
beep to alert 
people nearby 
detecting viruses 

Crotti [32] Breathalyser The device is 
designed to detect 
specific breath and 
examine 
metabolites even 
in asymptomatic 
patients 

Used for 
monitoring gases 
in automotive 
exhaust 

It is just an early-
stage work 

Brussels [33] Ultrasensitive laser 
sensor 

The detector 
works by looking 
at the binding of 
coronavirus 
molecules to the 
sensor surface 

Used in Biological 
Laboratories, 
hospitals 

It takes 30 min for 
diagnosis 

3 Proposed work 

Smart applications comprise connected devices and systems communicating with other 
environments such as sensors with AI detectors to detect and monitor diseases. In the 
proposed work, applications of smart devices and their challenges in handling COVID-19 
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cases are furnished in Table 1. The work also implements the AI techniques in harnessing 
the COVID-19 dataset using SVM and MLP. 

3.1 COVID-19 detection with AI 

The AI-based approach is helpful for better tracking, monitoring and predicting COVID-
19 cases [34]. This technology is well suited for alert messages, notifications, and 
suggestions about the spread of viral infection [35–37]. Figure 2 furnishes the 
contribution of AI towards COVID-19. The major applications of AI in this pandemic 
COVID-19 include: Early detection of disease, monitoring the patient’s health, proximity 
and contact tracing, Identifying COVID-19 cases and their mortality, inventing new 
drugs and vaccines [38, 39]. 

Figure 2 AI-based COVID-19 diagnosis and treatment (see online version for colours) 

 

In the proposed study, the COVID-19 dataset belonging to the US country-region is 
explored with machine learning techniques to predict infected cases. The dataset contains 
58 cases with different province states. The demographic features are described in  
Table 2. 

It is compatible with diagnosing infections with medical imaging such as computed 
tomography (CT) and scanned parts of the human body with Magnetic resonance imaging 
(MRI). Figure 3 shows the CT images of 10 COVID-19 cases taken in July from the 
COVID-Chest Xray-Dataset. AI builds an intelligent platform for monitoring and 
predicting the spread of infection. AI- image acquisition method helps much in the 
automating scanning that reduces the contact of the patients and provides accurate 
delineation of infections by visualising the X-ray [40] and CT images that improves the 
clinical decision [41, 42]. The automated process is carried out by constructing a neural 
network that extracts the visual features of the infection. This extracted feature aids in 
further treatment of the infected cases [43, 44]. 
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Table 2 Demographic features of COVID-19 of the US as of 10th July 2020 

S. No. Demographic features Description 
1 Province State Number of Province States affected by COVID–19 
2 Country Region COVID–19 dataset belonging to the US in July 2020 
3 Lat The Latitude range of the Province State affected by infection 
4 Long The Longitude range of Province State affected by infection 
5 Confirmed Number of Confirmed cases as of 10th July 2020 
6 Deaths Number of Deaths occurred as of 10th July 2020 
7 Recovered Number of cases recovered from the disease 
8 Active The number of cases that remained active 
9 Incident Rate The incident rate of the Coronavirus cases 
10 People Tested Number of people who undergone a screening process 
11 People Hospitalised Number of people hospitalised due to infection 
12 Mortality Rate Mortality Rate of different Province States of US 

Figure 3 Sample image data of COVID-19 Chest_Xray (July 2020) 

 

 

 
 

3.2 SVM technique 

The SVM classifier is mainly designed for classification and regression purposes. It is 
one of the AI techniques that helps to detect outliers. It is well suited when the 
dimensions are more significant than the samples. It is mainly dependent on training 
small data [45]. The cost function ignores the sample of closed prediction. In the 
proposed method, SVM is used to detect corona patients with multi-class labels. SVM 
classifier is efficient for medical analysis, especially COVID-19 disease [46]. This 
technique combines with ANN by extracting 12 features and classifies corona patients 
into three categories, namely active, confirmed and recovered. 

3.3 MLP technique 

MLP is an ANN, well suited for nonlinear modelling via training algorithms based on a 
stochastic gradient or meta-heuristics [47]. This ANN model consists of three layers such 
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as input, output, and hidden layers Figure 4 [48] There can be any number of hidden 
layers in MLP. The function of MLP can be denoted as f(X): Xm → Xo, where m 
represents input data and o represents the number of outputs in dimensions. For a set of 
12features X = x1, x2, …, xm and y are considered as a target. Here, the three target 
variable is taken such as active, recovered and confirmed. 

Figure 4 Multi-layer perceptron with input layer, 2 hidden layers and output layer (see online 
version for colours) 

 

The leftmost layer is the input layer consisting of n neurons { }1 2 3, , , , nx x x x… . Every 
neuron present in the hidden layer transforms the values from the previous layer by 
computing the weights such as 1 1 2 2,   , , .n nw x w x w x…  With a nonlinear activation 
function. The output layer present at the rightmost end receives values from the hidden 
layer and then transforms them into output values. The MLP classifier supports multi-
class classification. In the proposed work, a dataset with multi-class labels is used with 
backpropagation. MLP is trained on two arrays X and Y. X consists of 58 samples and 12 
features. These training samples are considered as floating-point feature vectors and array 
Y consists of 58 samples holding class labels as target values. The MLP classifier uses 
parameter alpha for the regularisation process and continuous monitoring maximum 
likelihood estimation (MLE) is deployed [49]. It helps in avoiding overfitting by 
adjusting weight values. The MLP Classifier performs as follows (Figure 5). 

MLP Classifier 

1 Parameters: 

i hidden layer size = No. of tuples(58); length: n_layers; ith element denotes the 
number of neurons in the hidden layer. 

ii Activation function: rectified linear unit function(relu) returns f(X) = max(0, X) 

iii Solver: adam(Stochastic gradient-based(SGD) optimiser 

iv alpha: 0.001 to 1000; learning rate = constant 

v X is defined as the input variable, Y as output variable. 
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2 Create model: Initialise the activation function as sigmoid 

i Sum of weights is computed as: 

  
1

 
i

n

i ij X i
i

s w α
=

= +∑  (1) 

where iX  denotes the input variable, ijw  denotes weight amidst iX  and j neuron 
and iα  is the bias. 

ii Activation function: Sigmoid function is implied: 

 ( ) 1 
1 ii sf X

e−=
+

 (2) 

where if  denotes a sigmoid function for i and Si denotes the sum of weights 

iii Computing output: The output of neuron j is computed as: 

 
    

1

 
i i

k

i ij f
i

y w α+
=

=∑  (3) 

where iy  denotes the output of neuron j, ijw  represents the weight between the 
output variable iy  and the neuron j, if  is the activation function for neuron j and iα  
is the bias term. 

3 Fit the model: Epochs = 100, batch size = 12 

4 Model evaluation: 

 i Predict with MLP classifier and return the estimates of the log of probability. 

 ii Return the mean accuracy score on the test data and class labels. 

 iii Adjust the parameters according to this estimator. 

5 Iteration: Final computations for forward and backward are iterated until the 
criterion is met. Bias values adjust the momentum and learning rate parameters. 

4 Results and discussion 

In this proposed work, the COVID-19 dataset of US province States is taken for analysis. 
The dataset is analysed with 12 features with 3 class labels. As the growth of the 
epidemic diseases is increasing at an exponential rate, the research work undergoes 
analysis of active, confirmed and recovered cases for July. Figure 6 shows COVID-19 
infection concerning Latitude and Longitude for 24 Provinces. Similarly, Figure 7 depicts 
three classes of COVID-19 cases: Confirmed, Active, Recovered per day. 
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Figure 5 MLP classifier working process (see online version for colours)

Figure 6 COVID-19 infection as of 10th July 2020 (see online version for colours)

Figure 7 Classification of COVID-19 cases as of 10th July 2020 (see online version for colours)
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As the death rate of COVID-19 is spreading violently, the deaths of 24 province states are 
portrayed in Figure 8 showing the high peak rate in some states of the US. The dataset is 
downloaded from Kaggle. The analysis is carried out with 58 instances among which 
training is done with 58 states and testing with 24 states.

Figure 8 Death frequencies of COVID-19 as of 10th July 2020 (see online version for colours)

To remove the noise level of the data, supervised learning method, namely Gaussian 
process regression (GPR) is implemented as a preprocessing method. The initial mean 
value is assumed to be zero, and the covariance calculated is passed by the kernel object. 
Hyperparameters are optimised during this GPR process. Radial based function (RBF) is 
implemented for normalisation and by maximising log-marginal-likelihood (LML) with 
the help of local optimal shown in Figure 9. The parameter α specifies the noise level.

Figure 9 Noise level with LML in COVID-19 dataset (see online version for colours)

Support vector machine solves unbalanced problems as the dataset comprises three class 
labels. By assigning weight values to the samples, the unbalanced problem can be solved. 
Figure 10 depicts the decision boundary with and without weight values.
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Figure 10 Non-weighted and weighted values of samples (see online version for colours)

Figure 11 shows the mean square error (MSE) by setting the alpha parameter with a 10k 
fold cross-validation method. As the dataset contains some collinear features, cross-
validation provides advantages for selecting relevant features. In the proposed work, 
MLP uses backpropagation without activation function in the output layer. It uses the 
MSE as a loss function. Figure 12 shows the usage of the alpha parameter for 
regularisation to avoid the overfitting problem by assigning weights with large 
magnitudes. It displays the mutable decision function with an alpha value of up to 1000 
iterations

Figure 11 Gradient descent with 10k cross-validation (see online version for colours)

The classifiers are validated with the performance metrics in terms of precision, recall, 
F-measure and accuracy. MLP classifier produces higher accuracy when compared to 
SVM classifier. Figure 13 shows the comparison results of two classifiers in terms of 
performance measures producing a higher value of 64% for precision, recall, F-measure, 
and accuracy when compared to the SVM classifier.
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Figure 12 Varying regularisation in MLP for COVID-19 dataset (see online version for colours) 

 

Figure 13 Performance measure of AI models (see online version for colours) 

 

Nevertheless, many sensors and AI detectors are deployed in predicting the COVID-19 
cases, sensors and AI detectors are not reachable in all environments. But clinicians make 
use of these AI detectors for the analysis and detection of diseases and help in clinical 
decisions within a short duration. And it has a high potential to diagnose CT scans when 
compared with other clinical entities. It is a contingent of various training data with 
performance metrics in classifying the chest CT in COVID –19 infection. 

5 Conclusion 

The proposed study discussed the various sensors and their applications in tracking, 
monitoring and detecting COVID-19 infection. In this paper, the applications of 
pervasive computing are presented in terms of sensors, smart devices, and smartphones in 
COVID-19 analyses. Based on the present situation, the research work has reviewed the 
importance of sensor-based tracking by deploying smart applications. The paper also 
discussed the existing techniques and compared them against the performance metrics in 
terms of Precision, Recall, F-Measure and Accuracy producing 64% for the proposed 
MLP when compared to the SVM model that produced 58%, 43%, 58% and 56% for 
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respective performance measures. The noise level is reduced from 1 to 0.34 by 
optimising the SVM model using the RBF kernel. The study also furnishes some 
challenges of the sensors in real-time. Although some drawbacks prevail in sensor-based 
tracking of disease, it is prominent to realise the importance of smart devices in this 
pandemic situation. AI algorithms with ML-based techniques assist a lot in smart 
applications. In the future, this study helps in promoting sensor-based approaches with 
the AI model using deep learning concepts. 
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