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Abstract: The most common alarming and dangerous disease in the world today is the coronavirus disease 2019 (COVID-19). The coronavirus is perceived as a group of coronaviruses which causes mild to severe respiratory diseases among human beings. The infection is spread by aerosols emitted from infected individuals during talking, sneezing, and coughing. Furthermore, infection can occur by touching a contaminated surface followed by transfer of the viral load to the face. Transmission may occur through aerosols that stay suspended in the air for extended periods of time in enclosed spaces. To stop the spread of the pandemic, it is crucial to isolate infected patients in quarantine houses. Government health organizations faced a lack of quarantine houses and medical test facilities at the first level of testing by the proposed model. If any serious condition is observed at the first level testing, then patients should be recommended to be hospitalized. In this study, an IoT-enabled smart monitoring system is proposed to detect COVID-19 positive patients and monitor them during their home quarantine. The Internet of Medical Things (IoMT), known as healthcare IoT, is employed as the foundation of the proposed model. The least-squares (LS) method was applied to estimate the linear model parameters for a sequential pilot survey. A statistical sequential analysis is performed as a pilot survey to efficiently collect preliminary data for an extensive survey of COVID-19 positive cases. The Bayesian approach is used, based on the assumption of the random variable for the priori distribution of the data sample. Fuzzy inference is used to construct different rules based on the basic symptoms of COVID-19 patients to make an expert decision to detect COVID-19 positive cases. Finally, the performance of the proposed model was determined by applying a four-fold cross-validation technique.
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1  Introduction

The Coronavirus pandemic (also referred to as the COVID-19 epidemic) has generated social and financial disruption worldwide, causing the most significant worldwide downturn since the Great Depression. Up to 100 million people have fallen into destitution, and worldwide starvation influences 265 million people. It has prompted the delay or crossing out of brandishing, strict, political, and social occasions, far-reaching deficiencies exacerbated by alarm purchasing, and decreased emissions of contaminants and greenhouse gasses. Educational institutions have been shut down at national or local levels in 161 nations, influencing approximately 98.6% of the world's student population [1].

The Coronavirus pandemic remains an ongoing worldwide pandemic. The first outbreak was recognized in December 2019 in Wuhan, China. Consequently, the WHO declared a global health emergency in early 2021. Since then, the outbreak has created extensive worldwide damage to human lives and economies. Even after numerous measures to halt the spread of COVID-1—such as strict lockdown measures, the shutdown of workplaces, educational institutions, housing production, and daily transport system—it was nevertheless impossible to control or stop the spread of the virus. Recognized in late 2019 as an infectious disease, the Coronavirus affects the human body in several ways. It causes shortness of breath or trouble breathing, fatigue, headache, body aches, loss of taste, loss of smell nausea, or vomiting. Coronavirus spread is considered to occur mainly via saliva droplets or the nasal discharge from an infected person. It belongs to a large family of viruses with a wide variety of severities. Whenever a country suffers from such an infectious and deadly virus, as is the case with the Coronavirus, the entire world is affected, and everybody must bear the effects. Therefore, sharing national data concerning this virus becomes important.

The Internet of Things (IoT) is capable of introducing a variety of conceivable outcomes in chronic care management with its capabilities. The information regarding the corona positive patients is collected through IoT framework, eliminating the need for manual data collection and at the same time maintaining social distancing. Associated with the health information network, a customer's wearable IoT device can ceaselessly screen and continuously provide health suggestions to the patient. The IoT is a system of interconnected frameworks and advanced data analytics, Artificial Intelligence (AI), and omnipresent networks, that is capable of providing an early warning and detection framework to control the spread of infectious diseases. Allamand et al. [2] proposed an IoT technique to share national data securely by making neighboring countries aware of the spread of the disease. Song et al. [3] likewise proposed a novel technique using IoT and AI that can serve patients with minimal contact, including long-distance communication and medical assistance in hospitals. Thus, social distancing is maintained. At the time of an infectious disease outbreak, the main focus of attention must be on implementing measures to stop the spread of the disease. Zhu et al. [4] reported a highly cost-effective technique using IoT and the polymerized chain reaction of deoxyribonucleic acid to control the spread of the disease. The data collected using technique could be easily transferred to a global virus network using the Android Bluetooth transfer system. According to reports of various disease control organizations, an early-stage warning system can be established with IoT, AI, and data analytics to stop the spread of infectious diseases.

Facial recognition technologies can be helpful in monitoring, tracking, and tracing infected people. Although it is not possible to set up global level surveillance, in a country like China, an existing system of Closed-Circuit Tele Vision (CCTV) cameras could be leveraged to build a video surveillance in the entire country. To fight such a deadly virus, the first war is to stop or control its spread. Currently, it is challenging and almost impossible to manually trace back the contacts of an infected person. Nonetheless, the IoT proves to be favorable for this task. Another measure that can be established to control the disease spread is the setup of massive thermal scanning in public spaces. As it is not possible nor feasible to manually maintain and manage the thermal data of every person, IoT and thermal scanners can be used to scan and collect data of people in a group of at least 8–10 people at a time. Along with the thermal scanning techniques, CCTV video surveillance can be set up in the entire environment to capture contacts in the case of an infected person. During this pandemic, maintaining social distance is the highest priority to save lives. Hence, it is challenging for health service people to monitor the movement and behavior of the COVID-19 patients.

In this study, we propose an intelligent health monitoring system to detect COVID-19 positive cases through IoT devices. A data set of COVID-19 from the World Health Organization (WHO) is analyzed to validate the system and understand how the Coronavirus spreads in different parts of the world, as well as the rate of increase of COVID-19 positive cases. Fuzzy inference is deployed based on MISO to form fuzzy rules, and the fuzzy inference is applied to implement a decision-making system using these rules. Statistical analysis was performed on the existing dataset to create a pilot survey to normalize the data. The proposed model is deployed in an Internet of Medical Things (IoMT) environment, known as healthcare IoT. The Arduino UNO board, temperature sensor named LM35, and SIM 900 embedded circuit were used to implement the proposed model. Finally, the performance of the proposed model was evaluated and compared with that of the existing model.

The remainder of this paper is organized as follows. Relevant studies are described in Section 2. Section 3 presents a hybrid intelligent IoMT could-based system for monitoring COVID-19 along with the proposed model and algorithms. The data preparation is discussed in Section 4 followed by fuzzy rules exploration in Section 5. The results and simulations are presented in Section 6, followed by the discussion in Section 7. Finally, Section 8 presents the conclusion and directions for future research.

2  Literature Review

COVID-19 is a family of Coronaviruses that cause mild to severe respiratory disease in humans. This family of viruses causes severe acute respiratory syndrome Coronavirus 2 (SARS-COV-2, also known as 2019-nCOV). The first case was reported in Wuhan, China, on December 31st, 2019, by the WHO. On March 11th, 2020, it was declared a global pandemic [5]. The SARS-COV-2 virus is zoonotic, meaning that transmission can occur between animals and humans. It has been observed that among this family of viruses (COVID-19), there are some found in animals that have not yet affected the human species [6].

Abir et al. [7] proposed a novel cloud-based model for the identification and treatment of COVID-19 patients. The questionnaire-based online communication is maintained through the page selection key. After receiving and analyzing the answers, the results are stored into three categories, namely, confirmed, suspected, or suspicious. After this confirmation, guidance for the respective users’ treatment is established with experts and doctors at the front line. This helps to block the transmission of the disease and has a better impact on its treatment.

Dewey et al. [8] provided practical recommendations to support the clinician workforce during the pandemic. Whenever any medical equipment is considered, it must be considered both logistically and with regard to the medical personnel. Currently, sensors and devices are limited in their scalability factors. The use of Radio Frequency Identification (RFID) proposes a reasonable solution to both problems through cheap tag designs, allowing real-time monitoring of medical equipment and presenting itself as a new means of design diagnosis in patients [9]. The ongoing COVID-19 pandemic has not only affected people's physical health but also their mental health on a vast scale. The information and statistics presented by the media have created large-scale anxiety in people's day-to-day lives. Roy et al. [10] conducted a survey and recorded the participants’ mental health based on their responses. In this survey, people's awareness about the coronavirus and actions were also studied. The study showed that many people are aware and taking precautions regarding the disease, and a significant percentage declared their anxiety levels through several symptoms, such as sleeplessness and social media paranoia. Thus, it is essential to carefully consider the mental health of individuals in this scenario.

Since the start of the Coronavirus's spread, significant confusion and panic were generated regarding the treatment of the disease. Gupta et al. [11] presented research on chloroquine and hydroxychloroquine for COVID-19 patients. An analysis was presented on using inhibitors of the renin-angiotensin system, unusual symptoms such as gastronomical issues, and cardiac enzyme functionalities which are not symptoms of a normal patients. COVID-19 patients are identified by the analysis of the unusual symptoms. It was also observed and verified that diabetic patients are at a high risk of influenza and pneumonia. The same effect was noted in patients with heart and kidney disease. Research based on the relationship between COVID-19 and diabetes has been published, suggesting several critical and meticulous ways of treating COVID-19 patients with the existing disease [12]. Dhiman et al. [13] proposed a fuzzy inference framework to analyze the COVID-19 condition by considering six information factors: ethanol, atmospheric temperature (AT), body temperature (BT), breath shortness (BS), cough, and cold. The yield factor was partitioned into three linguistic classes that indicate the severity level of the infected patients. Al-Qaness et al. [14] proposed an Improved Versatile Neuro-Fuzzy Inference System (ANFIS) model utilizing an upgraded flower pollination algorithm (FPA) by using the SalpSwarm Algorithm (SSA). As a rule, SSA is used to improve the FPA to avert its downsides (i.e., getting caught at the nearby optima). The primary aim of the proposed model, called FPASSA-ANFIS, is to improve the exhibition of ANFIS by determining the boundaries of ANFIS utilizing FPASSA. With the outburst of COVID-19, there are several approaches of handling and improving the quality of the treatment to reduce the risk in patients with Coronavirus disease. Singh et al. [15] proposed 12 possible IoT applications that could be used in different ways to identify COVID-19 patients and enhance their treatment rapidly with minimal human contact and minimal human error. Tang et al. [16] proposed an availability performance improving (API) method for the Healthcare Internet of Things (IoT) System that can help patients or users in this field. Markov state-space models are used for the modelling and performance evaluation of the whole IoT enabled system model. The implementation of the API technique enhances the service availability.

A review article on the Internet of Things (IoT) empowered healthcare service providers to undertake the challenges of COVID 19 epidemic. Doctors can easily detect various parameters of COVID 19 and other parameters such as asthma, diabetes, and arthritis using the IoT-based system, leading to a decrease in the risk associated with the patient's health condition [17]. Pradhan et al. [18] reviewed healthcare applications of IoT (HIoT). The HIoT framework and applications are explained and show how remote medical services can be provided with the help of devices and sensors using HIoT techniques. The advantages and limitations of HIoT were also discussed by the researchers.

A review of contact tracing methods and applications were presented by Jahmunah et al. [19] to combat the COVID-19 epidemic. A novel intelligent method was proposed, which may improve contact tracing and the prediction of COVID-19 clusters. The existing limitation of contact tracing is explained, and a solution provided to overcome false predictions of COVID cases. Hegde et al. [20] reviewed the different smart healthcare monitoring technologies. Chronic diseases affect the day-to-day lives of people, and proper monitoring of their daily health data can be used to prevent health hazards. The health-related information can be collected from patients using various sensors and can be stored for further analysis. The stored information can be sent to the doctor for consultation purposes. Since COVID-19 was identified, research indicated that people with diabetes and heart disease and those that are suffering from mental disorders are also very prone to the coronavirus, and their treatment must be carefully addressed [21].

3  Hybrid Intelligent IoMT Cloud-Based System for COVID-19 Monitoring

The COVID-19 pandemic has become a hotspot in clinical research. Novel developments can be a panacea for this global emergency. For the IoTs and IoMTs in particular, the sky is the limit when it comes to addressing the difficulties of recognition, observation, contact following, and control of this ailment. As an all-encompassing, healthcare-specific, explicit form of the IoT [22], IoMT alludes to the interconnectedness of clinical hardware, programming applications, and information related to the medicinal services industry. It could be utilized to construct a clinical stage to help patients obtain appropriate healthcare services at home and build up a complete disease management database for government and healthcare providers. The accompanying areas include diverse novel utilizations of IoMT to counter the continuous COVID-19 health emergency. Individuals with mild symptoms can receive demonstrative and healthcare equipment. They can upload data of their health status routinely to the IoMT cloud platform through the web, and their data can be moved to the nearest clinics, the Center for Disease Control (CDC), and state and nearby health authorities. Hence, medical clinics could offer online health consultations for every patient's health condition, and governments could allot equipment and crucial isolation stations.

Mohammed et al. [23] proposed a research model to identify Coronavirus patients with minimal human interactions using smart glasses based on IoT technology. This technology can be used to trace back infected users, as it is also capable of facial recognition and storing data. The information captured through this device can add information about the visiting location through Google Location History (GLH) to provide accurate and trustworthy data. Utilizing the IoMT platform, individuals can monitor their disease status and obtain legitimate clinical requirements without spreading the infection to other people. Such technology would diminish the cost of national healthcare, relieve the stresses of clinical device deficiency, and provide a proper database that permits the government to promptly monitor the spread of disease, adequately disseminate supplies, and execute emergency strategies.

3.1 Proposed Model

As we gradually move towards normalcy, it is essential to identify people in large gatherings with visible coronavirus symptoms, such as high body temperature, to halt the spread of the disease. Thermal body temperature scanning is widely used in public places such as restaurants, markets, offices, institutions and malls. However, on an ongoing basis, this approach is not sufficient. Utilizing an IoMT-based platform is a more effective alternative. The IoMT framework comprises clinical devices and applications interconnected by the Internet, measuring the temperature, carbon dioxide, Electrocardiography/Electroencephalogram/Electromyography (ECG/EEG/EMG), pressure, gyrator, blood oxygen immersion, moistness, breath, and circulatory strain. All of these empower the perception and monitoring of the patients’ wellbeing. In this study, an IoMT-based health monitoring system was developed with Arduino UNO [24,25] and SIM 900. The proposed model is illustrated in Fig. 1.
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Figure 1: Smart monitoring system for COVID-19 patients

In Fig. 1, the temperature sensor Linear Monolithic (LM35), CC camera, and different sensors are interfaced with the Arduino UNO board. The temperature sensor (LM35) is used to continuously measure the patients’ temperature. SIM 900, a Global System for the Mobile Communications (GSM) module, is interfaced to transmit data from Arduino to the cloud platform and the data are stored in the data center for further analysis. An intelligent model is deployed within the cloud to analyze the data and produce an expert Arduino, which aids doctors and health providers. The utilization of IoMT brings significant changes to the analytical-based health care industry. It offers a remote monitoring facility for patients with chronic diseases. IoMT is associated with data transmission to online analytic dashboards and medical clinic beds with sensors to measure the patients’ acute symptoms.

3.1.1 Thematic Treatment for COVID-19 Patients

To detect COVID-19 positivity, the existing COVID-19 dataset must be analyzed. The dataset for COVID-19 is a linear pattern model, such that statistical inference [26] based on linear models is used for expectation and structures specifications of the dataset's variances and covariance. The least square (LS) method [27] is applied to estimate the parameters in a linear model. To optimally estimate unknown parameters, the LS method is used from a broad class of possible estimates. The estimation process is done under unusual assumptions for process modeling. LS makes efficient use of data, such that the desired result can be obtained. In this research, the dataset is has a small volume, hence LS is an efficient method for use with this data set.

As a typical application of sequential analysis, a pilot survey is conducted to efficiently collect preliminary information to plan an extensive study of COVID-19 positive cases. The sequential analysis consists of two state sampling plans. We assume that the sample size is C, where C1 and C2 are the lower limit and upper limit of the sample, respectively. A random entity r1 is selected among the sample data C. Consider r1 being the number of COVID-19 positive in the first sample n1.

If r1≤C1 accepts the lot and

If r1≥C2 rejects the lot

If C1<r1<C2, then take a further sample of size n2

If the total number of COVID-19 positive cases r in both samples is less than C, then the lot is accepted, otherwise it is rejected.

AcceptedlotRejectedlot}r<COtherwise(1)

This decision-making problem is based on the results of different disjoint observations. To enhance the optimized decision between the two samples, a sequential analysis is performed. Let ξ1,ξ2,…,ξn be a complete disjoint identically distributed random variables with a distribution function Fθ(x)=Pθ{ξ1≤x}, where Fθ(x) depends on the unknown parameter θ. The main objective is to make a confident decision about the real value of the parameter θ based on the observation results.

Assume that D is a sample space of the terminal final decision d, and the condition for the termination rule r, where r is an independent random variable of the “future”.

Let Fn=ϕ{w;ξ1…..ξn} be an ϕ algebra generated by the random variable from the Fn. ξ1,ξ2,…,ξn and the random variable r=r(w). Assume that the number of patients lies between 0……+∞.

The Markovian time is considered, and in this Markovian period, the event {r≤n}Fn for any n≥0(F0={φ,r}).

Aterminaldecisiond=d(w)(2)


Fk is a measurable function with all values of the sample space D. The pair δ=(r,d) is referred to as a decision rule. Now, we determine the optimal decision among all decisions. Consider a risk function S(r,θ,d) and a mathematical expression EθS(r,θ,d). The decision rule M∗ is defined as:

M∗=(r∗,d∗)(3)

The Bayesian approach [28] is applied based on the assumption of a random variable parameter θ with an a priori distribution π=π(dθ), namely, π− risk.

Rδ(π)=∫θEθS(r,θ,d)π(dθ)(4)


To solve Eq. (4), some conditions are defined as follows.

If Rδ∗(π)≤Rδ(π), we use the risk function S(r,θ,d), where Cr+S1(θ,d), and the constant C≥0 for unit observation. S1(θ,d) is the resulting loss function from the terminal decision.

3.1.2 Fuzzy Rules Implementation

Fuzzy logic [29] is applied to control the uncertainty of symptoms and predict COVID-19 positive cases. Assume that set S represents all positive symptom cases. Any case x either belongs to S or does not. The membership μs∼:(x) of x in S is mapped, as shown in Eq. (5).

μs∼:X→{0,1}(5)

where, x∈X

If x does not belong to S, then it belongs to the inverse set S′∼⁡S∼∩S∼′=ϕ. Thus, it is confirmed that S∼⁡ and S∼′ are both disjoint sets.

To render the proposed model more efficient, more than one dataset is considered for validation, and two different fuzzy sets A∼ and B∼ that belong to the universe of discourse U1 and U2 are used too. Here, we apply the MISO rule [30] based on N rules. As per the fuzzy rules if Aij is a premise then consequent is Bj.

IFAi1andAi2and….andAinTHENBj(6)

where n is the number of input variables and the jth rule is implemented in Eq. (7).

Ii=Ai→BiAi=Ai1∩Ai2∩…Ain=⋂i=1nAij(7)

The total implementation ITotal of N is expressed as shown in Eq. (8).

ITotal=R1∪R2…∪RN=⋃i=1NRi=⋃i=1NAi→Bi(8)

where R is a fuzzy relation on U1×U2.

3.2 System Implementation

The proposed model comprises two parts, as shown in Fig. 1. The first part implements the Arduino UNO interfaced with the SIM 900 (GSM module) and different sensors. The second part implements the intelligent model for an expert system deployed on a cloud platform. The hardware component is implemented in the laboratory, where different light-emitting diode (LED) indicators blink based on various output. The intelligent model, on the other hand, is designed using statistical and fuzzy inference techniques [31], and the proposed algorithm is shown as follows:
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Algorithm 1 describes the selection of the dataset with π−risk factors. The dataset was accepted based on the value of C.

4  Data Preparation

Nineteen individual data records were collected on June 10th, 2020 from a real dataset from the WHO's official website [32] and Kaggle [33]. Each record contains two attributes: the number of confirmed cases and the number of deaths during 7 days. Each record includes the same details for three different regions: India, Southeast Asia, and the world. Tab. 1 shows data from only 15 weeks from 28th February to 7th June 2020. The dataset was prepared according to the requirements of the proposed methodology. The modified dataset is presented in Tab. 1.

The data in Tab. 1a covers the period from February 28th, 2020, to September 1st, 2020. Tabs. 1a and 1b show the report of COVID-19 cases in India and the world. Tab. 1b is also derived from the WHO data collected from January 29th, 2020, to July 23rd, 2021. In Tab. 1b, the case fatality ratio (CFR %) is shown [34]. Before applying the proposed logic, Figs. 2 and 3 are plotted based on the datasets from India and Kuwait, respectively.
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Figs. 2 and 3 show that the death rate is very low compared to the respective confirmed cases. The rates of confirmed cases and deaths exhibit a continuous pattern. Tabs. 1a and 1b show confirmed cases and deaths in various countries including India, Kuwait, Egypt, United Arab Emirates, and Yemen. In Tabs. 1a and 1b, a comparison is drawn among these countries. Tab. 1c is derived from Tabs. 1a and 1b.
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Figure 2: COVID-19 cases in India from 28 February 2020 to 28 August 2020 shows the number of confirmed cases and death cases
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Figure 3: COVID-19 dataset for confirmed cases and death cases from Kuwait [34]

The comparison of the cumulative cases and cumulative deaths is visualized in Fig. 4.
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Figure 4: Confirmed cases and deaths

Fig. 4 shows the ratio of cumulative deaths with respect to cumulative confirmed cases in five different countries. In Fig 4, X axis denotes the various countries and Y axis denotes the number of cumulative cases and cumulative deaths. The death rate is significantly lower than the number of cumulative cases for all. Among of these five countries, the number of cumulative cases for India is the highest. Tab. 2 reveals that the recovery rate for COVID-19 depends on the age of the patients and it plays an important role on the death cases. The recovery rate is high for the young aged patients. The impact of the age group on the death rate is also shown in Tab. 2.
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The ages were categorized into nine groups. Tab. 2 shows that the highest recovery rate is attributed to ages between 20–29 (Group 3). It is difficult to identify COVID-19 positive cases each time due to the variability in the symptoms. The primary symptoms are presented in Tab. 3. Based on the severity of these symptoms, they are considered to be mild, moderate, and severe. All symptom parameters have a standard maximum and minimum weight value such as a fixed threshold value. In this study, a threshold value was assigned for each symptom, as shown in Tab. 3.
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Based on the threshold value in Tab. 3, a set of fuzzy rules were constructed to implement the fuzzy inference model.

5  Fuzzy Rules Exploration

To implement the smart healthcare monitoring system, ten fuzzy rules are proposed, based on the threshold values listed in Tab. 3. In this study, ten basic rules are derived based on COVID-19 positive symptoms.

Fuzzy Rules

Rule 1: IF “Fever” > 100.4 AND “Dry cough” > 0.2

             THEN COVID‐19 is Positive

Rule 2: IF “Fever” > 100.4 AND “Chest pain” OR “Pressure” > 0.54

             THEN COVID‐19 is Positive

Rule 3: IF “Loss of smell” < 0.75 AND “Fatigue” > 0.14

             THEN COVID‐19 is Negative

Rule 4: IF “Vomiting and Diarrhea” > 0.37 OR “Loss of smell” > 0.75

             THEN COVID‐19 is Positive

Rule 5: IF “Loss of smell” > 0.75 OR “Dry Cough” > 0.25

             THEN COVID‐19 is Positive

Rule 6: IF “Fever < 100.4 OR “Vomiting and Diarrhea” < 0.37

             THEN COVID‐19 is Negative

Rule 7: IF “Chest pain” < 0.54 OR “Dry Cough” > 0.25

             THEN COVID‐19 is Negative

Rule 8: IF “Fatigue” > 0.14 OR “Chest Pain” > 0.54

             THEN COVID‐19 is Positive

Rule 9: IF “ Fever” > 100.4 OR “Loss of Smell” >0.75

             THEN COVID‐19 is Positive

Rule 10: IF “Vomiting and Diarrhea” > 0.37 OR “Fatigue” > 0.14

             THEN COVID‐19 is Positive

6  Simulation and Results

The proposed working model, which is implemented using Arduino UNO With LM35, is validated with the dataset. It takes temperature as an input. The experimental output for two different cases are shown in Figs. 5 and 6.
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Figure 5: Circuit diagram of arduino interfaced with temperature sensor LM35 (36.66°C)
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Figure 6: Circuit diagram of arduino interfaced with temperature sensor LM35 (Temp > 36.66°C)

The LM35 temperature sensor with 5 V is attached to Arduino to collect the patient's temperature, as shown in Fig. 5. The code is written in such a manner that if the human body temperature increases above the given threshold, i.e., above the average human body temperature of 36.66°C, then the D1 LED (Yellow) glows, notifying that the temperature is rising, as shown in Fig. 6.

The topology for the data transfer in an IoMT environment is shown in Fig. 7. Here, three nodes are offered. Among them, two are wired nodes, and one is a wireless node. The wired nodes are connected via a router; the wireless node is connected to the wireless access point, and the router is connected to the wireless access point.
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Figure 7: Topology for data transfer in the IoMT environment

The link throughput for a constant bit rate is shown in Fig. 8. The link throughput is consistent after a fraction of a second of data transmission. The CBR throughput is 0.583 Mbps.
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Figure 8: Link throughput graph for constant bit rate (CBR) data

The link throughput for the database type data is shown in Fig. 9. It is not constant and reached 0.077 Mbps.
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Figure 9: Link throughput graph for database type data

Fig. 10 shows the simulation results using the data in Tab. 2. The simulation results show that the rate of recovery for those affected depends on the age of the patient, such that the quality of treatment is the highest at age group 3 (ages 20 to 29), and the Coronavirus infection consequences do not lead to death. The recovery rate is higher than the rate of death. The variation in the number of deaths and recovered cases is shown in Fig. 11.
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Figure 10: Rate of cure cases based on the age of the patients
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Figure 11: Variation of confirmed and recovered cases, and deaths

The population density is among the most critical causes of death in the Coronavirus pandemic. The population density of all 32 states in India was considered in this study. The density unit is persons per square kilometer. In Fig. 12, the x-axis denotes 35 different provinces in India. At this point, X = 20 indicates the province of Maharashtra (365/km2 or 950/sq mi), where the population density is 929, and the number of deaths is 20265, which is the highest number in India. The proposed model is validated using this dataset.
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Figure 12: Number of deaths is dependent on population density

7  Discussion

In this study, a smart monitoring system is explored to detect COVID-19 positive cases as the first testing level. Due to the insufficient number of laboratories for testing COVID-19, large number of suspected patients, and shortage of quarantine rooms, a model is proposed for monitoring suspected patients during their home quarantine. The Arduino Uno enables the smart monitoring model to identify COVID-19 positive patients based on primary symptoms. The model is validated by a real dataset before deployment. The proposed model is based on an intelligent algorithm and makes decisions based on fuzzy rules that are set, and their corresponding threshold values are also fixed. The proposed model is not able to determine Pressure Injury (Pi) risk factors which is a multifactorial phenomenon for the patients in critical condition. The Pi risk factor is calculated based on the previous Pi factor of the patients. Pi includes the humoral immune defect in congenital for the patients in their critical condition. For patients in critically ill condition, true risk is both pervasive or elusive. This analysis is required to examine the risk factors associated with the adult patients with critical condition. The proposed model is designed for the detection of COVID-19 patients based on their current symptoms, and not their previous Pi risk factors. The performance of the model is also determined, and the error is minimized at every iteration.



7.1 Performance Analysis

The performance of the proposed model is analyzed based on different parameters of the confusion matrix [35]. A four-fold cross-validation [36] is performed based on the given data set. Because the dataset is not balanced, error correction is required to enhance the accuracy of the model. The proposed model is deployed as a monitoring system in health care, and recall and precision are critical indices for performance measurement. The performance metrics are listed in Tab. 4 using four different strategies, showing the ratios of the training and testing data and values for the accuracy, recall, and precision for different adopted training and testing strategies. The means of these four strategies determine the considerable value of the performance metrics. The average rate of the performance metrics is shown in Fig. 13.
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Figure 13: Performance metrics for proposed model

7.2 Analytical Comparison

Because the symptoms of COVID-19 positive cases are not firmly established each time, suggesting an approach for combating the Coronavirus is a challenge for the researchers involved in this area. In the year 2020, different approaches were developed to diagnosis COVID-19 patients and combat against COVID-19. In this section, an analytical comparison is drawn between the proposed methodology and two other existing methods. Tab. 5 presents two approaches, along with their limitations.
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8  Conclusion and Future Studies

The rapid spread of the coronavirus continues to fuel the infection rate of COVID-19. The WHO declared a worldwide health emergency. Health ministries around the world have taken initiative regarding this issue and provided standard updates to keep the coronavirus from spreading further. However, due to insufficient medical test facilities and quarantine rooms, governments around the world must act further to properly monitor the movement and behaviour of COVID-19 positive patients. This study proposes a smart monitoring system to detect COVID-19 patients at the first level of testing and monitor them during their home quarantine period. The symptoms of the patients are collected by the smart monitoring model with the help of various electronic devices. A camera, LM35 sensor, and humidity sensor are used to measure the temperature, carbon dioxide, and Electrocardiography/Electroencephalogram/Electromyography of the patients. The data is sent to the cloud by the IoT with SIM 900 GSM module for analysis. A statistical analysis is performed on the collected dataset, and Fuzzy inference is applied to make decisions based on the primary symptoms of patients. The proposed model is validated with a real data set from the WHO and Kaggle. The performance of the proposed model is determined by applying a four-fold cross-validation system. The overall recall and precision of the proposed model are 92% and 91%, respectively. Improving the performance of the proposed model and enhancing the link throughput of data transmission will be considered as future research directions. The model proposed in this paper can be modified to accommodate both variants of COVID-19 or any virus within the COVID family.
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Table 1c: Dataset from WHO. Comparison details

Country Cumulative Cumulative
cases deaths
India 32,768,880 438,560
Kuwait 388,881 2,255
Egypt 283,862 16,465
United Arab 667,080 1,910
Emirates
Yemen 6,997 1,371
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Table 2: Percentage of recoveries based on age

Group Age group Total Percentage of
No. (year) cases recoveries (%)
1 0-9 22 3.18

2 10-19 27 3.90

3 20-29 172 24.86

4 30-39 146 21.10

5 40-49 112 16.18

6 50-59 77 11.13

7 60-69 89 12.86

8 70-79 28 4.05

9 >=80 10 1.45
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Table 5: An overview of existing approaches

SL Reference Methodology Limitations
No No
1 [16] Fuzzy inference system to Disease diagnostic is performed based on
diagnose COVID-19 disease. six symptoms. These symptoms do not
Considering six different apply to all patients. Thus, the model is
symptoms. not generic. There is no concept of an
intelligent system. Therefore, the model is
unable to perform efficiently every time.
2 [18] Adaptive neuro-fuzzy inference ~ The proposed model can predict

system with enhanced flower
pollination algorithm.

COVID-19 positive cases within ten days,
which is not instant. Thus, there is a
chance of spreading the disease during
these ten days. All data related to
COVID-19 symptoms are entered
manually; there is no IoT device concept.
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Table 1a: Dataset from WHO. Data from India and World

SL No Date Confirmed Deaths Confirmed Deaths
cases (India) (India) cases (World) (World)
1 28-Feb-20 3 0 - -
2 9-Mar-20 44 0
3 14-Mar-20 84 2 132 758 4955
4 22-Mar-20 360 7 266 073 11 184
5 28-Mar-20 909 19 462 684 20 834
6 5-Apr-20 3577 83 1 051 635 56 985
7 12-Apr-20 8 447 273 1610909 99 690
8 19-Apr-20 16 116 519 2241 359 152 551
9 26-Apr-20 26917 826 2719897 187 705
10 3-May-20 40 263 1306 3267 184 229971
11 10-May-20 62 939 2109 3 855788 265 862
12 17-May-20 90 927 2872 4 425 485 302 059
13 24-May-20 1,31,868 3,867 51,03,006 3,33,401
14 31-May-20 1,82,143 5,164 59,34,936 3,67,166
15 7-Jun-20 2,35,657 6,642 66,63,304 3,92,802
16 14-Jun-20 3,08,993 8,884 75,53,182 4,23,349
17 21-Jun-20 4,10,461 13,254 8, 708,008 4,61,715
18 28-Jun-20 5,08,953 15,685 9, 653,048 4,91,128
19 5-Jul-20 6,48,315 18,655 1,09,22,324  5,23,011
20 12-Jul-20 849553 22674 12552765 561617
21 19-Jul-20 1 038716 26273 13 876441 593087
22 26-Jul-20 1336861 31358 15581009 635173
23 2-Aug-20 1695988 36511 17396943 675060
24 10-Aug-20 2215074 44386 19718030 728013
25 17-Aug-20 2589682 49980 21294845 761779
26 24-Aug-20 3106348 57542 23311719 806410
27 1-Sep-20 3691166 65081 25118689 844312
28 1-Sep-21 32,768,880 438,560 216,867,420 4,507,837
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Table 4: Values for accuracy, recall, precision for different adopted training and testing strategies

Training and Strategy 1 Strategy 2 Strategy 3 Strategy 4
testing strategy ~ (50%-50%)  (60%—40%)  (70%-30%)  (80%—20%)
Accuracy 90.88 94.68 95.87 94.86
Recall 90.68 92.82 93.86 92.88
Precision 90.32 91.85 90.64 92.62
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Table 1b: Dataset from WHO. Data from Kuwait, Egypt, UAE, and Yemen from 29" January 2020 to

23 July 2021

Country Daily Newly

New Cumulative Cumulative Cumulative Case

cases recovered deaths cases recovered  deaths fatality
cases cases ratio (CFR
%)

Kuwait 0 0 0 388,881 371,125 2,255 0.6%
Egypt O 0 0 283,862 225,869 16,465 5.8%
United 1547 1519 3 667,080 644,753 1,910 0.3%
Arab
Emirates
Yemen 0 0 0 6,997 4,162 1,371 19.6%
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Table 3: Threshold values of COVID-19 symptoms

COVID-19 parameters/symptoms Maximum  Minimum  Threshold

Fever 104°F 97°F 100.4°F
Dry cough (continues for five days)  0.15 0.34 0.25
Fatigue (continuously for a week, 0.11 0.23 0.14
even for easy daily tasks)

Vomiting and diarrhea 0.26 0.49 0.37
(continuously for five days at least)

Chest pain or pressure 0.39 0.64 0.54

Loss of smell and taste 0.47 0.88 0.75
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Algorithm 1: Selection of sample data set with = — risk factor

begin
Initialize the first data sample #, and termination rule r
Initialize the number of COVID-19 positive cases in the first sample as r,
if r, < C, then accept the sample
if r, > C, then reject the sample
If C, <r < C, then take a further example of the size n,
if the total number of COVID-19 positive r in both samples is less than C, then
Accepted lot r<C
Reject lot ] Otherwise
Consider a complete disjoint identically distributed random variable with
distribution function
F,(x) = P,{& < x}, where F,(x) depends on the unknown parameter 6
if {r <n} F, foranyn > 0(F, = {¢,r}) thing
A terminal decision d = d(w)
else Define the decision Rule M* as M* = (i, d*)
forn>0ton < F,
R(m)= [E,S(r,6,d)w(do)

0
if R*(w) < R*(r), then the most widely used form of the risk function as indicated in Eq. (4).
The resulting loss function from the terminal decision is S, (0, d)
end if
end for
end begin
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