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Today COVID-19 pandemic articulates high stress on clinical resources around the world. At present, physical
and viral tests are slowly emerging, and there is a need for robust pandemic detection that biomedical sensors
can aid. The utility of biomedical sensors is correlated with the medical instruments with physiological metrics.
These Biomedical sensors are integrated with the systematic device to track the target analytes with a biomedical
component. The COVID-19 patients’ samples are collected, and biomarkers are detected using four sensors: blood
pressure sensor, G-FET based biosensor, electrochemical sensor, and potentiometric sensor with different
quantifiable measures. The imputed data is then profiled with chest X-ray images from the Covid-19 patients.

Multi-Layer Perceptron (MLP), an Al model, is deployed to identify the hidden signatures with biomarkers. The
performance of the biosensor is measured with three parameters such as sensitivity, specificity and detection
limit by generating the calibration plots that accurately fits the model.

1. Introduction

The COVID-19 outbreak caused a severe acute respiratory syndrome
coronavirus that was proclaimed a pandemic in 2020. It increased the
mortality rate and led to a fortuitous burden in the worldwide socio-
economic crisis [1]. The transmission of this coronavirus occurred
through the air, breathing, touching certain abiotic superficies. The
transfer of the coronavirus has also occurred through asymptotic victims
that have been contemplated in many patients [2,3]. In this scenario,
robust and efficient diagnosis has become an essential tool to overcome
the outbreak and take instantaneous decisions for better diagnosis.

The precise way of detecting target virus can be compassed using
biosensor-based techniques [4]. The technique behind the biosensors is
the method of implementing bio perception components and target
molecules on the biosensing platforms that detect the biological analytes

* Corresponding authors.

[5,6]. This integration of bio components with the biosensors acts as
transducers and generates the signals directly or indirectly through
perception components like enzymes and relevant compounds [7,8].
Nowadays, biomedical sensors are applied in various medical diagnoses,
environmental monitoring and processing food and agricultural prod-
ucts [9]. These biosensors act as analytical devices that detect the
presence of the analyte and explore the structure of the cell and the drug
molecules present on the cell [10,11]. Accordingly, the biosensors are
designed in conjunction with the target to achieve the measurable signal
with suitable resolution and differentiate even the slightest change in
the target analyte concentration [12,13]. This type of biosensor involves
the biosensing platforms that identify viral infection and analyze ana-
lytes’ presence in viral nucleic acids like DNA and RNA, proteins and
antibodies/antigens generated in the patient’s immune response against
this virus [14].
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Fig. 1. Illustrative Representation of Four Bio Sensors in COVID-19 Detection. (a) Softsonics- Blood Pressure Sensor Patch. (b) Schematic Diagram of Electrode
biosensor detecting blood samples and IgG, IgM antibody. (¢) Structure of G-FET-based diagnostic technique to detect the COVID-19 samples. (d) A biosensing

platform with Potentiometric Biosensor detecting the swab sample.

In the proposed model, the four types of biosensors are deployed to
collect the covid-19 samples from the patients and fed accordingly in the
biosensing platforms to analyze the bio perception components. Bio-
sensors contribute a lot to the detection of viral disease. The role of
immune sensors is very efficient in isolating the antibodies with
expanded analytes [15]. Potentiometric sensors draw less current, and it
serves as circuit opposition to the current flow and acts as an essential
bio-recognition process in electrochemical biosensors [16,17]. These
biosensors help exhibit the spread of covid disease even with a low
quantity of analytes. The FET-based biosensors are used in clinical
diagnosis that senses the surroundings’ changes and surface, susceptible
to noise detection.[18]. By implementing AI techniques, hidden Signa-
tures of the coronavirus are identified. The paper is organized into five
sections: Section 1 is the introduction. This section presents the need and
importance of biomedical sensors in detecting the COVID-19 disease.
Section 2 provides relevant works in this scenario and the biosensors’
implementation. Section 3 describes the materials and methods imple-
mented in the proposed work. Section 3.1 portrays biosensors’ deploy-
ment and the biological process’s layout. The integration of the bio

perception components with biomedical sensors is introduced in Section
3.2. Section 3.3 describes the Al-based detection of hidden features,
while Section 4 provides statistical analysis and measured samples and
methods. Section 5 ends with a conclusion of the paper.

2. Related works

Kumar R et al. [19] proposed Adaptive Neuro-fuzzy Inference System
(ANFIS), a machine learning technique to predict the outbreak and track
the COVID-19 disease. The system tracks the epidemic growth based on
the prior datasets harnessed from cloud computing showing an accuracy
of 86%.

Wang, Q. et al. [20] devised a model that dealt with edge and
structure information for medical image inpainting (ESMII). Features
are extracted from the image based on three scales using multi-scale
residual blocks (MRB). This model generated more structures with
good textures when compared to other models. The system also solved
the distortion of medical images.

Sitharthan, R. and Rajesh, M [21] presented an IOT based machine
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Table 1
Hidden Signatures of COVID-19 Cases.
Demographic Severe Cases Non-Severe Hidden
Features Cases Signatures
Transmission Throat infection Cough or Skin problems,
sneezes Dizziness
Touching
infected objects
Systematic High Fever Fever Brain Fog
Fatigue Fatigue
Eye problems
Circulatory Cardiovascular Decreased No Signature
damage white blood
cells
Respiratory Pneumonia Sneezing and Dry Coughing
runny nose
Acute Respiratory Shortness of
Syndrome breath
Lungs Mild breathing
inflammation difficulties
Dry Coughing Sore throat
Digestive Diarrhea Gastrointestinal
issues
Excretory Kidney failure Decreased No Signature

kidney function

learning system to monitor the infected persons from the preliminary
data to isolate themselves from the uninfected persons. This combined
technology deploys parallel computing to track the pandemic disease
using Artificial intelligence, thus preventing the spread. This system
provides 93% accuracy in monitoring and tracking the victims.

Ganesh Babu R. and Chellaswamy [22] deployed a machine learning
technique with a hyperspectral image to identify the three stages: early,
middle and critical stage diseases in squash plants. A new innovative
uncrewed aerial vehicle (UAV) was implemented to collect information
from the field. The model also implemented Locality Preserving
Discriminative Broad Learning (LPDBL) to distinguish healthy and
diseased plants.

Kumar R et al. [23] proposed a new methodology to identify the
hidden feature of lung sickness and monitor the growth in the early stage
itself to prevent further growth and save the patient from lung sickness.
The system used P-SVM calculation for sequencing high dimensional
lung datasets. The model produced 83% of accurately predicting the
characterization.

Karthickraja, R et al. [24] implemented sensor devices with wearable
sensors to predict the COVID-19 cases. The model also incorporates
clinical therapy with wearable devices that monitor the symptoms and
test the suspicious cases that integrate the IoT elements. The paper also
includes the risk factor analysis that acknowledges the oxygen satura-
tion (Spo2) with chi-square distribution.

Nandagopal, V et al. [25] proposed a computation method, namely

-

({ COVID 19 Dia

—

—
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fuzzy-based logistic regression, for predicting the gene expression data.
The feature selection is carried out using LASSO Logistic Regression
(LLR). Maximum likelihood estimation (MLE) is integrated with the
regression model for continuous monitoring of the gene data. The sys-
tem explores mining technology to classify the cancer data by evaluating
the training and testing data.

Koushik, SS and Srinivasa, KG [26] proposed Nesterov accelerated
Adaptive moment estimation to predict pneumonia in two phases:
bacterial phase and viral phase from chest X-rays deploying convolution
neural networks. The model achieved 94% and 93% validation accuracy
with training data and 87% test accuracy.

Casaccia, S et al. [27] devised a real-time location system (RTLS)
integrated with inertial measurement unit (IMU)sensors implemented
for social distancing and to measure physical activities. This system
monitors and tracks the social distancing using this instrumentation and
continuously assess their interpersonal distance does not exceed the
maximum of 1.54 min. The collected data through the accelerometers
are filtered by deploying discrete wavelet transform and measures the
ageing people by fixing the threshold value.

3. Materials and methods
3.1. Biosensor

Today biosensors play a vital role in analyzing the molecular in-
teractions in the human body. Biosensors generally comprise biological
receptors and transducers. The former detects the target analyte and
converts the recognized biomolecules into electrical signals and then is
processed and displayed in an electronic system [28]. The transducer
and electronics are combined, known as complementary metal-oxide
semiconductors [29,30]. This technology comes with a solution that
designs silicon integrated with various potential at a low cost. This
sensor provides varied ion sensitivity with different outputs based on the
charge transfer process. These biosensors provide digital output by
determining the recognized biological molecules, including enzymes,
antibodies/antigens, proteins, viral RNA, and DNA interacting with a
transducer. This interaction is computed by the transducer that produces
a measurable signal equivalent to a target analyte.

The biosensor’s relevance concentrates on the place of interest
[31,32] when detecting biological sources, and specific biosensors are
used in clinical diagnostics to determine the virus proportion in the air.
A few molecular-based biosensors are used to detect the virus in the
environment and detect the air pollutant [33]. The Covid-19 samples are
collected through various biosensors such as blood pressure sensor, G-
FET based biosensor, Electrode Biosensor and Potentiometric sensor by
identifying various biomarkers [Fig. 1]. The proposed Al model im-
proves the correlation performance and discriminates between COVID-
19 + ve, COVID-19 -ve and viral pneumonia. Finally, Al-based
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Fig. 2. COVID-19 Target Samples and Biomarkers.



V. Hemamalini et al.

Measurement 194 (2022) 111054

4{ Check for severity ]

Clustering into Detecting Hidden
severe\non-severe
Features rrrrry
cases SIS
Immobhilized
COVID-19 samples AT based biomarker L
with biosensing detection
platform ‘
v
Conjugating Bio
perception elements on
biomedical sensors
T
Multiclassification based on
X-ray screening using MLP

Fig. 3. Proposed Architecture of detecting and diagnosing the COVID-19.

Table 2
Diagnosing Target Samples with Bio Perception Components(BPC).

Biomedical Sensors Bio Perception Components Extracting Sample Type Target Sample Diagnosis Detection Limit
Blood Pressure Sensor Blood Pressure Blood Blood yes 1 Pa.
G-FET-Based biosensor Antibody/Antigen (IgG, IgM) Antibody yes 1 fg/ml
Electrochemical Bio Sensor Viral RNA separated from molecules (IgG, IgM), Saliva Sputum Spike Protein yes 10 pg mL~!
Potentiometric Biosensor Viral RNA, Protein Swab, Saliva Sputum Anti-Spike Protein yes 10! cfu mL ™!

evaluation measures provide better results in detecting the hidden sig-
natures of COVID-19 viruses.

The proposed framework is focused on quick diagnosis by detecting
the hidden signatures. The dataset is patterned into severe, non-severe
and hidden signatures following the demographic features in Table 1.
The decision-making diagnosis is mainly based on these hidden signa-
tures using the MLP classifier.

3.1.1. Blood pressure sensor

Hypertension is a common cause of COVID-19 infection. Softsonics
(Figure) is a flexible patch-like device that measures blood pressure
using ultrasound pulses. This device can easily be worn on the skin over
the jugular vein that produces 24 h continuous measurement. It delivers
continuous reading essential in ICU wards and daily.

3.1.2. G-FET based biosensor

Graphene-based field-effect transistor biosensors are utilized for
sensitive and effective measurements with few analytes [34,35]. These
FET-based biosensors are substantially used in clinical diagnosis on-spot
detection specifically for testing in point of care aspects. Graphene-
based F.E.T. biosensor comprises carbon atoms arranged hexagonally
with two-dimensional sheets exposing towards the surface [36]. It

senses environmental changes and detects low noise with its ultrasen-
sitive nature. So, it is mainly considered for pathological diagnosis
[37,38]. In the proposed work, Graphene sheets act as a detection
platform against COVID-19 spike antibody, and the sensor detects the
target antigen protein and the detection limit is measured as 1 fg/ml.
This sensor illustrated the better synthesize of COVID-19 spike antibody
with that of the graphene sheet producing sensitive detection with the
samples. The graphene sheet produces ultrasensitive with low noise
detection and provides instant measurement periodically.

3.1.3. Electrochemical biosensor

An electrochemical biosensor is an electrochemical integrated
biosensor that provides quantitative information based on analytes and
mainly based on the current, field-effect that interacts with the target
molecule with the bio perception components placed on the sensing
platform. The enzymes on the biosensors initiate the process and in-
crease the electron transfer towards the surface of the electrode. Then
these electrical signals are then transferred to the reference electrode,
and the current output is measured. The applied potential induces the
electrochemical reaction in the blood sample solution [39,40]. This
biosensor provides a limited current with varied potential and a quan-
tifiable current that helps the biorecognition process.
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Fig. 4. X-Ray Samples of COVID-19 and Viral Pneumonia images.

Table 3
Trained and Tested COVID-19 Samples.
COVID —19 Samples Categories Frequencies
Trained Samples COVID + Ve 26
COVID -Ve 20
Viral Pneumonia 24
Tested Samples COVID + Ve 111
COVID -Ve 70
Viral Pneumonia 70

3.1.4. Potentiometric biosensor

This EC is categorized into different metrics based on the transducer
deployed in the electrochemical biosensor. The potentiometric
biosensor is one of the potentiometry of the electrochemical sensor. This
sensor is an alternate of EC where it measures the electrode’s potential in
the case of failure of current flow in the EC cell [41]. The potentiometry
produces an output of redox (reduction and oxidation). The Bio
perception components are conjugated into potentiometric sensors
where the electrodes detect the catalysts [42]. The swab of the COVID-
19 patients is fed into the sensor plates that act as an analyte.

3.2. Bio perception components

The bio perception components (BPC) are strapped on the surface of
the transducer to interact with the analytes. Bio perception elements are
classified into biocatalytic in the proposed work, including enzymes,
antibodies, antigen, and nucleic acid sequence [43]. To sense the

analyte, a nanomaterial-based surface is utilized. Perhaps, very sensitive
and selectivity perception components are not used. However, the
equilibrium between physical parameters is maintained by Morales and
Halpern’s systematic design of biosensors [44,45]. The BPCs used in this
proposed work is as follows:

3.2.1. Antibody/Antigen

It is a protein-based BPC possessing 3D recognized pattern to identify
the analyte combining antigen-antibody immune compound. This
antibody-antigen is observed by the electrochemical and potentiometric
sensor [46-48]. Different types of antibodies the deployed in the
biosensor in appropriate proportion to increase the sensitivity of the
biosensor [49].

3.2.2. Enzymes and RNA

It is one of the biocatalysts used for its specificity, and it induces to fit
the model. Enzyme-based biosensors act as biocatalytic, and analytes are
converted into the product measured when the color changes [50]. The
enzymes are located very close to the surface of the transducer to
enhance signal generation. These enzymes are integrated into the anti-
body to generate the signal [51]. The glucose detection is mainly used
enzyme in the biosensor [52]. RNA is an influential biomarker used to
detect the COVID-19 virus. RNA expression genes are considered the
intended targets for biosensors and PCR-based tests [5,53]. The diag-
nosis is mainly made based on the target samples integrated with the
biomarkers immobilized on the biosensing elements [Fig. 2].
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Fig. 5. Classification of COVID-19 Dataset using MLP.

Table 4
MLP Classification with Error Rate.
Classes  Covid-19 Correlation MAE RAE RMSE
samples Coefficient
Classl Covid-19 - -ve 1 0.0025 0.001 0.004
Class 2 Covid-19 - +ve 0.98 0.0021 0.005 0.0056
Class 3 Viral Pneumonia  0.85 0.1004  0.02 0.004

3.3. Al-Based techniques in the detection of biomarkers

Artificial intelligence-based diagnosis is a great weapon to use large
data models. Few data restrict the exploitation of Al for disease diag-
nosis [54]. Though the usage of CT and X-rays explores some patho-
logical solutions, the visibility of the images does not lead to the proper
diagnosis of disease for further treatment, and the spread of infection are
not reported due to abnormal pattern [55]. The COVID samples are
collected and clustered into severe and non-severe categories concern-
ing their demographic features in the suggested work. Then the COV-
ID—19 samples are immobilized with biosensing platforms. To identify
the biomarkers, the target analytes are conjugated with the bio
perception components (BPC), thus analyzing the progression of the
infection. With this BPC, the severity of the virus is determined. The

proposed model also deploys Al techniques to identify and recognize the
CT X-ray images of COVID-19 using an MLP classifier with a neural
network. Al-based X-ray screening is implemented to identify hidden
signatures during COVID-19 testing and categorize the multi-class
probes from the Kaggle Chest X-rays into COVID + Ve, COVID -Ve
and Viral Pneumonia. The architecture of the proposed model is shown
in Fig. 3. The two phases of the MLP are used for error propagation and
classification. The forward process is implemented for classification and
backward procedure for error identification with nonlinear activation
with hidden layers solving nonlinear paradigms.

4. Results and discussions

The propounded work is deployed with three biomedical sensors
associated with bio perception components. The extracted samples are
synthesized with the bio perception components. Then target samples
are identified for further diagnosis. The significant issue of diagnosis lies
in the sample collection and transportation from COVID 19 patients. The
detection limit is computed for the various biosensors and bio percep-
tion components (BPC) associated with COVID 19 virus testing and
validating, shown in Table 2. The detection limit of the biomedical
sensors is measured for each sample. The Kaggle dataset was harnessed,
and these COVID-19 datasets were split into training and test datasets.
MLP classifier model is implemented to distinguish multiple classes. The
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dataset is divided into three classes with COVID-19 positive, COVID-19
negative and Viral Pneumonia influenced by the COVID—19 viruses. The
dataset is comprised of chest images of pneumonia patients. Fig. 4 shows
some samples of COVID-19 cases obtained from the kaggle X-ray dataset.
After synthesizing the samples, the biosensors are evaluated for the
analytical measures. At the initial stage, the sensors are assessed with
sensitivity and selectivity based on the target analyte [56].

A regression plot is generated under the signal output with different
concentrations of enzymes and molecules, which is further considered
for the sensing process. Based on this calibration plot, the performance
of the biosensors are measured with specific parameters:

i. Sensitivity: The sensitivity in the biosensor is a regression line
representing the slope. This slope highlights the changes in the
output signal concerning the concentration of the analyte. A steeper
slope in the biosensor is considered more sensitive and can easily
detect a slight change in a solution. The equation of the sensitivity is

given as:
X, — X

§="A2_-r 1
s @

Whereas X, and X, are signals of the analyte concentrations and A,
and A, are the two analytes.

ii. Limit of detection (LOD): The limit of detection (LOD) is measured
in the minimum quantity of analyte that produces a discernable
signal in the biosensor. LOD is computed as:

_ 3SDhlzmk

S (2)

D
where Lp is the detection limit, 3SDp« is the standard deviation of
blank, and S is the slope that shows the probe sensitivity for the analyte.
During the clinical detection, some sample loss affects the LOD. This loss
can be expressed as:

Lip = tytank +tag—1Sy 3

Where tyqnx is a quantile function with k-1 degrees of freedom, t,;_;
defines the confidence interval k at various analyte concentrations. The
limit detection can also be extracted by adjusting the inverse function
f~! and represented as:

Lip = £ (Lytank + 30max) ()]

Moreover, the detection limit can also be calculated in terms of
sensor resolution and surface mass concentration concerning the
analyte.

Rs Rs
LLD = x = 1 5)

Mmax

Where Rs is the resolution of the sensor; S, resultant between the
change in sensor and S, surface mass concentration 7,,, of the analyte.

iii. Selectivity: This measure identifies and differentiates the target
analyte from other molecules present in the sample. Furthermore,
it produces the output signal corresponding to the target analyte.
This parameter gives the ideal solution to recognize one target
analyte in the complex solution. Specificity is achieved by
deploying antibodies and antigens, whereas selectivity is the
property of analyzing the nearest molecules group.

The hidden features of COVID-19 are detected using MLP classifiers.
Totally 321 COVID-19 samples are taken for analysis. Among which 70
samples are used for training, and 251 samples are taken for testing. The
proposed model MLP classifier is deployed to optimize the clinical trials
for medications as the classifier supports multiple classifications. With
Al-based techniques, the CT scans and X-rays are generated to diagnose
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the COVID-19 samples in three categories: positive, negative, and viral
pneumonia, shown in Table 3. The corresponding graphical represen-
tation (Fig. 5) is portrayed.

MLP regression deploys the backpropagation without activation
function in the output layer. This classifier uses the square error as a loss
function, and the continuous values are set as output. The correlation
coefficient and the error rate are computed for the MLP classifier with its
parameters Mean Absolute Error (MAE), Relative Absolute Error (RAE)
and Root Mean Square Error (RMSE) for all three class labels (Table 4).
Calibration of the many biosensors is quantified in terms of limit
detection and each sensor’s flow rate in seconds, as seen in Fig. 6.

5. Conclusion

Biomedical sensors are mainly devised for the sensitivity of the target
analytes with bioanalytical instruments. The proposed model exploits
three types of biosensors: blood pressure biosensor, Electrochemical
biosensor, G-FET-based biosensor, and potentiometric biosensor. These
biosensors are developed to detect the sensitivity of the microbes or
viruses with a meagre amount of analyte in very complex bio perception
compounds. The proposed model segregates the severe and non-severe
cases under the demographic features. These targets are extracted and
conjugated with bio perception compounds (BPC) and then immobilized
on the biosensing platforms. Each biosensor comprises its detection limit
based upon the target analyte. The suggestion model identifies the target
analyte and is synthesized with biomarker elements. The Bio perception
compounds such as blood samples, antibody/antigen, viral RNA are
integrated with the target analyte to detect the infection range of the
COVID-19 cases. The hidden signatures of the COVID-19 are detected
using Al technique with the Chest X-rays, and an MLP classifier is
deployed to classify the virus in three categories comprising COVID +
ve, COVID -ve and viral pneumonia. The flow rate of biosensors is
measured in terms of bio perception compounds integrated with the
target analyte, and calibration parameters of biomedical sensors are
compared in terms of detection of limit. Besides these biosensors,
technologically developed innovative devices-based biosensors need to
be developed to target the antibodies or antigens that give quick remedy
when compared to these devices. Usage of biosensors provides high
throughput sensing background. The large scale of testing includes a
variety of characterizations to explicit the biosensors’ specificity and
sensitivity, which becomes a significant challenge in deploying the
biosensors in this pandemic crisis.
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