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Abstract  

The disease that often affects the lung by blocking the airways is known as Chronic 

Obstructive Pulmonary Disease (COPD). There are several cause of COPD disease and 

especially smoking behaviour is the major cause of chronic illness. Howeover, offering 

treatment for COPD patients is a challengeable task, because the symptoms and actions are 

not similar for all patients. To diminish this problem, the technology called Internet of Things 

(IoT) is been introduced to monitor the patients and submit the report with a wide range of 

exactness rates. Furthermore, IoT is designed with different sensor hubs to sense the patient’s 

body condition with high accuracy. Thus, identification of the disease severity rate is possible 

by monitoring several biological parameters using different processes and sensors. Analysis 

of parameters are performed using an efficient Machine Learning (ML) or Deep Learning (DL) 

approach in a suitable platform. By, using IoT technology, anybody from anywhere can able 

to access the medical specialist suggestion based on their body conditions. The current review 

article has aimed to present the uses of IoT in COPD patient monitoring in different ways as 

well as the function of different models are compared in the form of graphs. 

 

Keywords: Biological Parameters, Chronic Diseases, Internet of Things, Sensors, Severity 

Prediction. 

 

 

1. Introduction 

Chronic Obstructive Pulmonary Disease (COPD) [1], the world's third most dangerous 

disease, has dramatically increased the death rate [2]. It is a form of lung disease in which the 

airflow from the lungs has been stopped [3]. As a result, cough, wheezing, breathing difficulty, 

and mucus are all indications of COPD [4]. The main cause of COPD is long-term cigarette 

smoking [5]. Furthermore, asthmatics may be more susceptible to COPD since asthma 

combined with smoking increases the risk of COPD [6]. Furthermore, COPD patients are 

susceptible to respiratory infections such as the flu, cold, and pneumonia [7]. To monitor the 

COPD patient regularly, a novel pressure handling spirometer was equipped [8]. Moreover, its 

operating platform was based on the cloud android framework. As a result, the mobile-based 

framework was successfully used to track COPD patients' movements [9]. Various types of 
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smart applications are employed in mobile devices for patient-physician communication [10], 

which are also equipped in both software and real-time platform. The finest relationship among 

healthcare professionals and patients has been provided maximum support to manage COPD 

[11], which was depending upon smooth communication. For that, mobile apps are very useful 

to bridge the relationship [12]. 

The allotment of medical sources is segregated according on COPD severity in the latest 

hierarchical-based medical architecture [13]. It is straightforward to obtain medical advice 

from certain doctors using smart technological devices [14]. Also, the doctors' 

recommendations are written in broad strokes [15], which makes it easier for patients to follow 

the doctor's advice without misunderstanding [16]. The disadvantage of this medical service is 

that some doctors only have limited time to provide the recommendation [17]. Cough is 

frequently associated with pulmonary illness, making it a sign of a variety of lung diseases 

[18]. A cough sensor is attached to each body to monitor the patients who all have COPD [19, 

20]. The different lung-based disorders are segregated using feature extraction algorithms [21]. 

Furthermore, the discipline of big data offers a variety of medical fields that can provide 

healthcare for a variety of people with various conditions [22]. The information system's 

analytics have gathered a large amount of IoT data in order to make the best selection for 

biological parameter monitoring [23]. Figure 1 shows the factors that cause COPD. 

 

Figure 1. Factors of COPD Disease. 

 

 

 

 

2. Respiratory Monitoring with IoT 

Different COPD disease treatment techniques are examined in order to discover the best one 

[24]. The analysis confirmed that a multi-model approach is better for managing COPD [25]. 

Furthermore, this comparison evaluation aids future researchers in developing an effective 

model [26]. The system was trained on both normal and pathological datasets for the inquiry, 

with aberrant data being similar to normal data in some rare circumstances [27]. The 

categorization accuracy was lowered in the situation. 
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Figure 2. A) Body temperature sensor, B) Heart rate sensor, C) Blood pressure 

sensor [32]. 

 

To improve COPD disease, David Naranjo-Hernández et al [28] proposed respiratory 

monitoring, in which the severity of COPD disease was assessed based on COPD patients' 

breathing rates. As a result, a chest electrode was used to assess the breathing rate. Calculating 

the intended copy there are nine COPD patients in total, three women and six men. Table 1 

contains detailed information about each subject. 

Table 1. Patient Details before Monitoring 

Body parameters Maximum 

value 

Average 

value 

Minimum 

value 

SD 

Age 76 64 55 6.6 

Index (body 

mass) 

39.3 29.2 18.7 6.3 

height 185 167.6 152 10.3 

weight 1006 81.1 58 14.9 

 

In other cases, the respiratory rate of COPD patients was predicted using a data mining 

technique and sensors [29]. Three types of sensors are fitted to COPD patients to collect body 

condition data: a heart rate calculating sensor, a blood pressure calculating sensor, and a 

temperature estimating sensor, as shown in fig.2. Furthermore, an Arduino microcontroller was 

utilised to read the sensed data [30, 31]. 

For this investigation, data from 500 individuals with three different signals related to their 

body state were collected. The supervised learning approach was used to assess the health of 

COPD patients and the severity of their disease [32]. 

People with chronic diseases have had to keep track of the body's vital signs on a frequent 

basis. Monitoring the respiratory rate is critical in this situation; it is calculated by counting the 

number of breaths per minute. Because respiration rate is often reliant on a particular 

physiological condition, it may differ from one patient to the next [33].  

A V Radognaetal [34] created the mechanical ventilator to collect COPD patients' breath 

rates and segregate the low breath rate data. The additional disease analysis process was carried 

out after the low breath rate data were separated. Fig. 3 depicts the process of IoT-based 

monitoring. 
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Figure 3. Patient Monitoring System using IoT. 

 

The home-ventilo-based therapy was created to measure physiological activity. The 

proposed device was initially attached to the human body to monitor bodily parameters. 

Furthermore, an application for knowing the doctor's recommendations from their home was 

made in a smart device, and with the help of that generated application, the patient can remotely 

employ the services [35]. 

 

Figure 4. Respiratory Rate Classification Accuracy. 

In addition, three models are used for respiratory rate prediction: vector model, naive 

Bayesian, and J48, all of which are enlarged in Fig. 4, and the additional metrics are graphically 

depicted in Fig. 5. 
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Figure 5. Performance Evaluation of F-Measure, Recall, and Precision. 

 

3. Monitoring of Body Acceleration 

In the medical business, DL and ML were successfully used to categorize disease categories 

and severity rates. As a result, the ML and DL neural models are used in medical applications 

such as electroencephalography (EEG), X-ray, and so on. Furthermore, by using ML models, 

several patients' data may be trained at once, and the desired analytical output can be reached 

with a high exactness score. As a result, the time spent on disease analysis has decreased. 

Furthermore, bodily motion or activity should be tracked for precise severity recognition. Fabio 

Pitta et al [36] have developed a body acceleration detection model for this purpose. The main 

disadvantages of this method are that if people walk smoothly, their walk acceleration is 

difficult to detect. 

To reduce the death rates associated with COPAD disease, more effective and stable 

management strategies must be established. Furthermore, many individuals in rural regions are 

unaware of this terrible disease and its severity. Jing Zhang et al [37] proposed a unique system 

based on mobile with an IoT device to improve their lifestyle. A body sensor was implanted in 

persons living in rural areas, and their condition was monitored using mobile phones. 

Simultaneously, the appropriate ideas were delivered via mobile phones by certain doctors or 

medical agencies, and individuals could then follow those suggestions and stay informed about 

specific ailments. With less cost, smart and quick information about each unique body 

condition is available. Communication was interrupted under this technique if the electronic 

equipment performed poorly. ThaoThiHo et al [38] created a 3D convolution neural network 

for better COPD severity estimate to map the disease severity. Finally, the time graphs 

representing the disease kind and affection rate are exhibited. It also achieved 89.3 percent 

illness categorization accuracy and 88.3 percent sensitivity metrics. The process was completed 

with high precision and in a short amount of time. 

A machine learning framework was used to assess the severity of COPD rate in a short 

period of time for the quick analysis. In addition, the patient's lung pictures serve as a dataset 

for calculating COPD parameters. Finally, the suggested technique is evaluated using a 
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statistical test. Multiple patients' data is analysed in a short period of time, and image noise 

tends to reduce accuracy. Cough is the most common symptom of most respiratory disorders, 

hence the characteristics of cough audio signal provide insight into the state of respiratory 

organs [39, 40]. So, with the help of IoT devices, a deep neural framework was used to extract 

features from the cough audio data. Furthermore, body sensors were inserted into the human 

body to detect the cough of COPD patients [41]. An equal number of normal and atypical 

coughs were gathered for the cough dataset. The anomalous cough signals are isolated from 

the normal cough signals during cough signal processing. It has a classification accuracy of 

95% for cough signals [42]. Finally, the various types of cough sickness were successfully 

identified. It has, however, a high mistake rate. As a result, Fig. 6 contains a summary of the 

examined literature. 

 

Figure 6. Summary about Few Literature Works. 

 

The recognition of human activity has been accomplished using a time-series dataset [43, 

44]. Body sensors were successfully incorporated in the digital healthcare framework to sense 

the body condition and biological parameters [45, 46]. Wearable devices, cellphones, and the 

Internet of Things have recently become popular equipment for regularly monitoring human 

gaits [47, 48] . Aside from that, there are several profitable sensor products [49] such as Fitbit, 

Apple Watch, Smartphone apps, and the Microsoft Band all include physiological data [50, 

51]. Deep learning can be used to extract features from sensed data for severity identification 

[52] . It has a 98 percent infection classification accuracy, but electronic devices such as the 

Internet of Things have shown more power. 
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Figure 7. Readmission Trend Analysis. 

 

Figure 8. Outcome Assessment of Surveyed Literature. 

 

Wen-Yen Lin et al colleagues [53] examined the risk of COPD patients returning to the 

hospital after 30 days of medication. To assess the patient's risks, a trend analysis model was 

created utilising mathematical formulas in a systematic manner. 

100*PoB/)PoBPoB(PoB 1i1iii −−−=  

Here, 
iPoB signifies the change in motion of one day, and i  is used to compare the previous 

day's ( 1−i ) action. 

EEE 1073 is an extended standard for healthcare frames that includes health profiles. 
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Furthermore, this approach has improved communication while avoiding signal loss [54, 55]. 

In the healthcare system, a narrow communication range on a wearable electronic device makes 

data broadcasting challenging [56, 57]. Fig. 7 shows the readmission framework in greater 

depth. 

The ML strategy is the radial basis model, and the classification approach is the analyzed 

vector scheme. Furthermore, the vector classification mechanism's default kernel is radial 

basis. Fig. 8 depicts the performance of each plan. 

 

4. Management Procedure for COPD Disease with IoT 

Sensors are increasingly important in the healthcare business [58]. For a secure and precise 

forecast of illness severity rate, specialists need reliable data obtained directly from the patient's 

body [59]. Different body parameters can be used to monitor human health, and different 

sensors should be used for different body parameters [60]. As a result, these sensor-based 

electronic devices are referred to as wearable devices [61, 62].  

Wearable devices are the most common technique to gain access to patient data without 

jeopardizing security; all poses are acquired via wearable sensor devices [63, 64]. As a result, 

data from hospitals, medical institutions, and other organizations was transferred to the cloud. 

To observe the patient's activities and functions of all bodily parameters, Christos C et al [65] 

used both a respiration and a body motion acceleration sensor. Finally, the data was recorded 

in a Broadway-style format. To de-noise the obtained data, the respiration signals required a 

pre-processing program with adequate feature extraction. Furthermore, the respiration rate was 

assessed using the respiration reference signal. Ioanna Chouvarda et al [66] proposed an 

integrated method to manage many diseases, which has supported various types of disease 

prediction. WELCOME was also given to the anticipated replica; it is a form of application 

that is run in a software environment and may include several gadgets. 

The electrocardiographic signal is the most modern bio-signal for monitoring and analysing 

a patient's health status [67]. Furthermore, the wearable device with heart rate and diabetes 

sensor has enabled patients to track their bodily status for several days. Diego A et al [68] 

created an activity training program to isolate the aberrant heart rate. For this software, 29 

patient data were trained, with people ranging in age from 18 to 68. The fitted heart rate sensor 

may initially collect each person's heart rate for 1 minute, after which the abnormal heartbeat 

was specified based on the normal heartbeat situation. 

 

Table 2: Merits and Limitations in IoT Based COPD Management 

Author System Merits demerits 

Christos C et 

al [44] 

Intelligent system It has obtained wide range of chronic 

infection prediction accuracy. 

Moreover, for the high exactness 

prediction acceleration and 

respiratory sensors were used 

The sensor 

gadgets have 

needed more 

power 

Ioanna 

Chouvarda 

et al [65], 

WELCOME It has the capacity to detect several 

kinds of diseases within one single 

monitoring 

High delay 

time was 
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recorded to 

broadcast data 

Diego A et al 

[66] 

Exercise program The abnormal heartbeat rate is 

specified with the help of heart 

monitoring sensors 

It takes long 

time period for 

execution  

MoeenHassa

nalieragh et 

al [73] 

Secure cloud 

model 

Security frames were developed to 

secure the sensed data during data 

broadcasting. Here, heart rate 

sensors are used to calculate the 

heartbeat.  

Power 

consumption 

was too high 

because of 

powerful 

sensor 

Gutte et al 

[74] 

Raspberry Pi – 

respiratory rate 

and body action 

(movement 

monitoring) 

Less expensive in cost It has required 

high resources 

to complete the 

task 

 

The context-based data-aware paradigm was developed with sensing functions to improve 

security in communication channels [69, 70]. As a result, attack vulnerabilities are prevented 

during data transmission [71, 72]. Here, strong sensors were utilized to value each chronic 

patient's heartbeat; the sensors required more power to detect the event [73]. As a result, the 

model's constraint is a large range of power observations due to powerful sensors. The author 

of one paper used a Raspberry Pi sensor to track the rate of breathing. The Raspberry Pi board 

was directly connected to the smart system or PC in this case, and it updated the patient's 

breathing rate every minute. Furthermore, an acceleration-based sensor was installed on the 

patient's bed to determine the pace of movement. The patient's bodily movements were then 

recorded, and the required values were calculated. Furthermore, the disease severity range was 

computed using that value [74]. 

 

5. Performance Assessment 

Because the IoT sensed data is kept in the cloud platform, the IoT healthcare system is 

frequently integrated with cloud platforms. As a result, the cloud service platform provides a 

wide range of capabilities for carrying out healthcare tasks.  

Different types of spirometers were used to assess the biological parameters of COPD 

patients. Furthermore, the sensor-based monitoring system is frequently linked to a mobile 

phone or other smart device in order to get notifications on body functions at any time and from 

any location. 

The misclassification of prediction is given as error rate or occurrence of error during disease 

detection. Figure 9 also shows the exactness score of disease severity detection. Figure 10 

shows the evaluation error rate.  

Furthermore, some studies have shown that using a powerful sensor consumes more energy 

than using a traditional sensor type. As a result, the IoT-based health monitoring paradigm has 

necessitated greater resources to carry out the sensing process. 
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Figure 9: Accuracy Comparison of Various Techniques. 

 

 

Figure 10: Assessment of Error Rate. 

 

 

6. Conclusion 

Several models were proposed for estimating the COPD illness rate by monitoring lung 

disease patients using sensor-based IoT devices. Because of factors such as large datasets, 

difficult data, data inaccuracy, and inefficient algorithms, many techniques can produce low 

exactness scores for infection prediction. Figure 11 depicts the area explored in this review 

study graphically. 

Nowadays, the digital world embraces innovative technologies that promise to integrate a 

variety of electronic devices. Furthermore, IoT is a sophisticated mechanism that is simple to 

implement in our daily lives to improve our quality of life. As a result, the Internet of Things 

has become user-friendly in a variety of fields, including medical, monitoring, and so on. 
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Figure 11. Overview of Present review. 

 

The uses of IoT gadgets in COPD illness monitoring are detailed in this article, and the 

severity score of the disease is derived by evaluating the biological parameters of each patient. 

Furthermore, the current evaluation has demonstrated that data collecting is the most important 

duty for COPD treatment and disease severity analysis. As a result, a heuristic model with a 

hybrid deep neural frame will improve data sensing in the future by achieving the highest 

sensing accuracy. 
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