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Abstract 

A multi-sensor network technology is proposed in this study. This technology is 

applied at the semi-closed motorcycle parking area of Politeknik Negeri 

Sriwijaya. The sensor node is composed of a multi-sensor, and there are six 

characteristics of pollutant levels that are continuously measured. These 

parameters include Carbon Monoxide (CO), Carbon Dioxide (CO2), 

HydroCarbon (HC), temperature, humidity, and particulates (PM10). The data 

can be monitored using a mobile phone. A Support Vector Machine (SVM) is 

supplied to the system to enhance the classification validity and accuracy. The 

proposed device gives 95.02% accuracy and only 4.98% classification error for 

node 1, while for node 2, it provides 99.3% accuracy and 0.05% error, and for 

node 3, it gives 95.03% accuracy and 4.97% error. The resulting device is 

efficient for economic sensor-based air quality monitoring. 
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1. Introduction 

Air pollution happens when the air quality becomes contaminated by dangerous 

chemicals such as toxic metals, particles, and gases. This issue can result in health 

concerns. Several factors caused the increase in air pollution, such as the 

development of the infrastructure, the smoke produced by the factory, and the gas 

exhausted by vehicles. [1-3]. The existence of air pollution can cause various 

diseases, including eye irritation, upper respiratory tract infection, sore throat, and 

even fatality [4, 5]. According to information provided by the World Health 

Organization (WHO), over 4.2 million individuals have lost their lives due to air 

pollution. In other words, it is possible to say that around 5% of the 55 million 

individuals who pass away yearly around the world do so as a direct result of air 

pollution. Specifically, there will be 1.5 billion individuals who die prematurely in 

the cities of Asia. As a result, one might get the following conclusion: the rates of 

death brought on by environmental contamination is significantly higher [6, 7].  

Jakarta is one of the largest most populated cities in Indonesia. Therefore, it also 

becomes the most polluted city. It has high amounts of particulate matter and 

carbon monoxide in the air [8]. Most of these chemical substances are produced by 

vehicles that grow rapidly. A number of vehicles were continuously manufactured 

and increased nearly 10% each year. The Central Statistics Agency (BPS) recorded 

that the number of vehicles in Indonesia reached 136.32 million units in 2020. 

There are 115.29 million motorcycles, 15.8 million cars, 5.01 million trucks, and 

233.42 thousand buses [9]. The increasing number of transportation modes will 

impact the rise of the air pollution caused by gases exhausted by vehicles. It is due 

to the increasing number of vehicles used that may result in the increasing 

emissions of air pollutants, such as carbon dioxide (CO2), carbon monoxide (CO), 

particle matter (PM), nitrogen dioxide (NO2), and volatile organic compounds 

(VOCs). Various studies have been conducted to develop scenarios for emission 

reduction [10]. Some policies are declared to decrease emissions. One of them is 

the recommendation of using the reduced fuels and low-emission vehicles. 

However, this policy implementation needs time, and it is not comparable with 

vehicle growth. The rate of vehicle growth is much higher than the consciousness 

of the community to keep the environment safe and sound. 

Indonesia has developed a severe problem with indoor and outdoor air pollution 

in recent years. The quality of the air outside has a significant influence, in general, 

on indoor air quality. As a result, the quality of the indoor and outdoor air should 

receive increased attention [11]. The Environmental Protection Agency (EPA) 

reports that the pollutants found within buildings can be up to one hundred times 

higher than those found outdoors. The studies in the air provide additional evidence 

for this reality [12]. They have established the fact that indoor air is more hazardous 

than outdoor.   

The health risks posed by poor indoor air quality are significant [13]. They 

become one of the many environmental hazards that are harmful to human beings 

[11, 14]. It is due to humans usually spending 90% of their time indoors. As the 

number of industries and vehicles increases in the urban areas, toxic gas emissions 

will increase the severe impact on the general human’s health issues, such as 

coughing, wheezing, and asthma [15-17]. Poor air quality may contribute to acute 

health problems such as fatigue and nausea, chronic respiratory diseases, 

cardiovascular disease, and cancer [1, 4, 18]. 
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Nowadays, the increasing health concerns related to indoor air pollution have 

become a serious topic of discussion for researchers all over the world. Most of 

them spared much time in analyzing the harmful pollutants, such as Carbon 

monoxide (CO), particulate matter (PM), volatile organic compounds (VOCs), 

aerosol, biological pollutants, that can be found in indoor environments [19]. Some 

of them focus on indoor pollution, such as in underground parking. As the number 

of cars increases, the number of underground parking spaces also increases. 

Moreover, currently, newly constructed commercial and residential districts are 

developed equipped with the underground parking that has small ventilated spaces 

[20]. However, the high traffic in these facilities impacts the quality of the indoor 

air. In indoor parking, the air pollution produced by vehicles not only has long-term 

and negative consequences for human health but also has a bad effect on the 

environment [21]. 

Recently, the application of technologies such as the Internet of Things (IoT), 

machine learning, and big data in real-time indoor air quality monitoring has also 

attracted researchers’ interest. The Internet of Things has made it possible to 

monitor and control the air quality inside buildings with relative ease. There are 

currently some Internet of Things-based indoor air quality monitoring devices 

available on the market. These systems include open-source software for the 

processing and transmission of data. [22, 23]. Previous studies based on wireless 

sensor networks (WSN) have been applied in indoor air pollution monitoring 

applications [24-26].  

WSN consists mainly of sensor nodes with the critical function of collecting 

information from sensors. Most WSNs consist of a decentralized sensor network 

communicating with an external cloud. Some sensor network data collection has 

also been done while optimizing cloud computing systems [27]. Currently, this 

system also incorporates artificial intelligence approaches to optimize the detection 

of pollutants. The researchers also examined a different technology, a Multi-Sensor 

Network (MSN) design [28-30] which integrates many sensors with a Wireless 

Sensor Network (WSN). The information gathered by these sensors is related to a 

central monitoring station using an intelligent device. This central monitoring 

station then uses this information to manage the dispersed resources autonomously 

and to optimize processes in real-time [31-33]. This system can deliver object data 

that is automatically detected by the sensors. 

Recently, scientists who study the environment have shown a growing interest 

in developing low-cost sensors that can detect air pollution with high temporal and 

spatial resolution. However, even though the sensors’ accuracy, precision, 

sensitivity, and specificity are all increased, these sensors have a lower price tag. 

[34]. They can overcome some limitations of traditional techniques and therefore, 

it becomes a priority in air quality monitoring. It is due to not only that they are 

inexpensive but also they have superiority, such as compact size, high temporal 

resolution, portability, and low power consumption [13, 35, 36].   

In this study, the low cost Multi Sensor Network applied to air quality 

monitoring is investigated. The contribution of this paper is an automatic air 

monitoring device that can be applied in Indoor Parking Area. This research is a 

Real Time Operation System (RTOS), accurate, low-resource, portable, reliable, 

and at a low price.  In addition, it is connected to an IoT application-based network. 

In this study, a SVM is used to determine the level of the air pollution. The SVM 
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classifies the air pollution based on the data inputted to the Raspberry, such as the 

values of CO, CO2, HC, dust particulate, humidity, and temperature. The SVM will 

process the data into 3 main steps, such as classifying the normal and abnormal, it 

is then continued to the moderate and unmoderated, and at last to classify the air 

pollution whether it is dangerous or safe. The output of the systems can be 

monitored in smartphones.   

2. Materials and Methods 

Multi-Sensor Network (MSN) has a task to connect many sensors of nodes into a 

single device. In this study, the MSN is built by 3 wireless air pollution nodes as 

presented in Fig. 1. Each node (as shown in Fig. 2) is composed of some electronic 

components that are arranged in such a way in an electrical box. Six important air 

quality sensors, such as DHT11, TGS2442, MG811, TGS2611, SharpGP2Y1010, 

and Neo-6M, are placed at the cover of the electrical box. Each sensor has a 

different function in detecting the air quality. 

 

Fig. 1. Node label of sensor network device. 

  
(a) Single node (b) The top side of the device 

Fig. 2. The sketch of a monitoring device. 

The specification of the sensors used in this research is presented in Table 1. 

The functions of the sensors in this research can be explained as follows: 1. DHT11 

has a function to detect the temperature and humidity; 2. TGS2442 has a function 

to detect carbon monoxide (CO), 3. MG811 has a function to detect carbon dioxide 

(CO2), 4. TGS2611 has a function to detect hydrocarbons (HC), 5. SharpGP2Y1010 

has a function to detect the dust particulate, and 6. Neo-6M has a function as the 

GPS to detect the location of the monitored area. The connection of the electrical 

components is shown in Fig. 3. If Fig. 3 indicates the connection of node 1, then, 

the data from TGS2442, MG811, TGS2611, and Sharp GP2Y1010 will be 

converted into digital value by ADC1115 converter. 
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Fig. 3. Component connection of single node of the MSN. 

Table 1. Specifications of the gas sensors used. 

Parameter Sensor type Range Accuracy Time response  

CO TGS2442 30 ~ 1000 ppm +/- 1 <=  33 

CO2 MG811 0~10,000ppm 0.04% to 1% < 60s 

HC TGS2611 500 ~ 10,000 ppm ± 0.4°C and ± 3% RH 20-40 s 

Dust Sharp GP2Y1010 0 to 600 μg/m3 ±30% 1 s 

Temperature 

and Humidity 
DHT11 

0-50 0C 

20-90 %RH 

+/- 2 0C 

+/- 5 % RH 

1/e (63%) 

25 0C m/s Air 

Location  Neo-6M 0.25 Hz to 1 kHz 2.5 m 27s 

The data are then inputted to the microcontroller. Apart from having the data 

from ADS1115, the microcontroller also obtains data from DHT11 and Neo-6M. 

All these sensors’ data will be processed in the microcontroller. Adhao and Pawa 

[37] used a variety of sensors, including temperature, humidity, and water sensors 

to monitor soil quality, has found success using the SVM classifier algorithm 

written in Python code on the Raspberry Pi.  The SVM that has a task to determine 

the pollution level of the air will also do its classification in this microcontroller. 

The data is then sent to the server through the help of Wi-Fi connection. In this 

research, the server will not only receive the data from one node, but also from the 

other node, namely node 2 and node 3. Thus, the same procedure of the node 1 that 

has been explained above, will also be processed by node 2 and node 3.   

In this research, the microprocessor used is Raspbery Pi. Although the AT-Mega 

Microcontroller has been widely used to control real-time data collection, the 

Raspberry Pi is more robustly applied in MSN. The use of the ADS1115 converter is 

essential in this research due to Raspberry Pi can only read the output value digitally. 

For communication to the server, the Raspberry Pi is connected to a Wi-Fi 

network. Raspberry Pi acts as a gateway that serves as an intermediary to forward 

data transmission before it enters the database server. The gateway can also be used 

as a place to store data logs. The use of Raspberry Pi can enhance the network 

capabilities. As an internet service provider, the Wi-Fi network in this research is 

established using a Wi-Fi modem. All the data that is entered to the database will 

be set into a determined storage. As the final output of the proposed system, the air 

quality data will be displayed, and the emergency air quality notifications will be 
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sent when the monitoring device detects a danger. The air quality monitored in this 

research is divided into three categories: normal, moderate, and hazardous. 

The wireless sensor network (WSN) technology that is used in this MSN 

research is an Ad Hoc Network. Due to the sensor network consuming a lot of 

energy when transmitting data in multiple hops, therefore, this research utilized an 

Internet of Things (IoT). It is intended to optimize the energy consumption and to 

increase the efficiency of one-hop communication capabilities. Nowadays, IoT 

monitoring system based on an android application has become the most efficient 

approach to be used, therefore, this study also uses android to be connected to the 

IoT system. This connection will establish good communication so that the air 

quality monitoring system can be conducted in further locations at any time and 

from any places. Another superiority of this system is it requires less maintenance, 

it needs low cost, and consumes less power. This device uses conventional IoT 

node-to-node communication technology. 

To get valid experimental data, a reference value of the air quality is needed. In 

this study, the reference value is shown in Table 2 [38]. The final output obtained 

in this research was in the form of air pollution values. All obtained data was used 

to determine the success rate of system data accuracy. In addition, all of the data 

from the sensors was also used to determine the level of pollution, whether it is 

normal, moderate, or hazardous. The experimental testing was conducted in the 

state polytechnic of Sriwijaya parking area as presented in Fig. 4. It is a two-floor 

building, and it is a semi-closed parking area. The node was spread in 3 different 

places, namely, 1. In the left side (Fig. 4(a)), 2.  In the middle (Fig. 4(b)) of the 

second floor parking area, and 3. On the first floor of the parking area Fig. 4(c)). 

The location of the nodes is shown using the yellow circle in each figure. 

Table 2. Air pollution parameter. 

Air pollution 

parameter  

Air quality 

Normal Moderate Hazardous 

CO (ppm) 200-400  400-600  800-1600  

CO2 (ppm) 350-550  600-2500  2500-5000  

HC (ppm) 0-5000  5000-9000  9000-10000  

Dust (µg/m3) 0-50  51-100  301-400 

Temperature (o C) 20-30 30-40 40-50 

 

(a) node 1 

 

(b) node 2 

 

€ node 3 

Fig. 4. Nodes position in the parking area: (a) in the left;  

(b) in the middle of the 2nd floor; and (c) on the 1st floor. 
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Support vector machine 

There are many methods available for estimating the amounts of pollutants that can 

be used for creating predictions or predictions regarding the quality of the air. Some 

of the methods used include fuzzy logic [39], artificial neural networks [40], hidden 

77nalys models [41], sensor vector machine [42].  In this research for determining 

the air quality level in order to show its status, an SVM technique is used. The 

flowchart of the SVM method is presented in Fig. 5. At the beginning, the sensors 

in the device will detect the air. If the sensor cannot read the data, the step will go 

back to the initialization. However, when it detects the surrounding air well, the 

data will be inputted to the SVM classifier to be processed more. At the end, the 

data processed will be outputted as the classified air quality. 

Initialization

Air Quality Monitoring Device

Sensor Detects

YesSensor Reading Results

SVM Classification

Classification Result Output 
Data is Displayed in The 

Database

Finish

No

Yes

 

Fig. 5. A network of node sensor device. 

The SVM can be generated using some steps that are shown in Fig. 6. Machine 

learning works the same as humans. This learning process uses data that is called 

training data. This training data is in the form of a datasheet that contains 

parameters with a range of reading values of each sensor that are used for detecting 

a particle in the air. The three classification parameters used in this study are 

Normal (0.0), Moderate (1.0), and Hazardous (2.0). In addition, the range of values 

in the training data uses data from previous studies. This is to achieve a certain 

performance, so that an efficient model can be produced. 

Furthermore, from the training data, the computer will do a learning process (trained) 

to produce a model. This learning process uses a machine learning algorithm, namely the 

SVM algorithm. Thus, in this research, the training data will be entered into the SVM 

algorithm for the learning process. This learning process requires several iterations so that 

it can produce a model. This model will be used many times to predict air quality during 

testing. Therefore, the resulting model contains information that is used as a reference to 

solve an input-output process problem so that it can make predictions in the form of 

classification results. To ensure the efficiency of the model formed, a model suitability 

test was carried out. This aims to see how much performance is generated by the model 

in recognizing patterns in data. The training data screenshot can be seen in Fig. 7. 
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Fig. 6. Machine learning process. 

   

(a) (b) € 

Fig. 7. Screenshot of training data:  

(a) Normal, (b) Moderate, and (c) Hazardous. 

3. Results and Discussion 

This study aims to determine the accuracy value, precision, and recall of each node 

that is a part of a multi-sensor network used to monitor air quality. At each node, the 

air quality characteristics are measured from a multitude of sensors positioned in a 

variety of different positions. Knowing which node has good accuracy values, a high 

precision level, and the best recall value and the data provides this information. The 

results of this research can be utilized in estimating the level of air pollution present 

in a variety of locations thanks to the information provided by these findings. 

3.1. Support vector machine (SVM) simulation 

To analyze the performance of the proposed SVM in determining the level of the air 

pollution, an experimental simulation was conducted. The result is shown in Fig. 8.  

The simulation of node 1, node 2, and node 3, is shown in Figs. 8(a)-(c), Figs. 8(d)-

(f), and Figs. 8(g)-(i). Basically, the SVM can only distinguish between two classes, 

namely +1 and -1. According to Figs. 8(a), (d) and (g), it can be seen that classes are 
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separated by a gray plane, in order to classify the class into the normal and the 

abnormal one. Figs. 8(a), (d), and (g), show the normal class of the air pollution. For 

the SVM to function, it must first determine which classes are categorized as normal 

(+1) and which are categorized as abnormal (-1). If the data distribution is included 

in the normal area, it indicates that the sensor values in that area are considered 

normal. This is the case if the normal area is part of the distribution. But if the data 

distribution is in an abnormal area, then the system will move on to the next step in 

the process. At this point, the system should reconsider whether or not the sensor data 

in that area are categorized as moderate. Figures. 8(b), (e), and (h) show the data 

distribution results in the moderate class for nodes 1, 2, and 3, respectively. 

It is plain to observe that the distribution of the data falls somewhere in the 

middle of the two extremes. The moderate class occupies the area of the right top 

face of the SVM cube. The green dots represent this class, most of which are located 

in this area. It indicates that the values measured by the sensors in that area are 

considered to be moderate. However, suppose the data distribution is included as 

an unmoderated one. In that case, the system will recheck whether the area’s sensor 

readings are classed as hazardous or safe. This will happen only if the data 

distribution is included as an unmoderated one. Figure€(c), (f), and (g) illustrate the 

categorization of potentially hazardous forms of air pollution (i). It is clear from 

these figures that the SV’ cube's left top face is occupied by the vast majority of the 

blue dots that denote the potentially harmful one. 

NODE 1 
 

(a) Normal 

 

(b) Moder€ 

 

(c) Dangerous 

NODE 2 
 

(d) €mal 

 

(e) Moderate 

 

(f) Dangerous 

NODE 3 
 

(g) Normal 

 

(h) Moderate 

 

(i) Dangerous 

Fig. 8. SVM simulation. 
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3.2. Performance mea80nalyses80ory multisensor networks 

The real experiments of the MSN monitoring in this research were conducted in 3 

locations as shown in Fig. 4 in section 2. Each node that was deployed at one of 

State Polytechnic of Sriwijaya’ parking areas, recorded the data of CO, CO2, HC, 

PM10, dust particulate, temperature, humidity, and the location of the experiments. 

The sampled data of the real experiment is displayed in Figs. 9-11. This sampled 

data was obtained on July 13, 14, 15, and 17, 2020 (Table 3-6). In this step, only 4 

days sampling data are presented to test the performance of the proposed 

monitoring device and it works effectively. 

  

(a) (b) 
  

(c) (d) 

Fig. 9. Data of node 1. 

The data of node 1 was collected in 4 days (Monday, Tuesday, Wednesday 

and Friday). The experiment was conducted at 07:30-20:30. Figure 9(a) shows 

the average air pollution 15 ppm of CO, 457 ppm of CO2, 426 ppm of HC, and 

27g/m3 of dust. The observed air temperature in this area was-between 28 - 33 

°C, with a humidity level of 58 to 70%. Temperatures have risen, and there has 

been a marked increase in CO2 levels. This situation has arisen directly from the 

high temperatures and bright sunshine. Furthermore, the rise in CO2 that took 

place at 01.30 was caused by the fact that it was the break period during which a 

large number of cars were operating. This condition ultimately caused the air 

pollution in the area. The measurement results show an increasing trend and are 

above the tolerance level for health.  

Figure 9(b) illustrates the parameter average air pollution of 18 ppm of CO, 378 

ppm of CO2, 344 ppm of HC, and 23 g/m3 of dust. The average temperature 

detected was 31oC, with a relative humidity of 70%. Figs. 9(a)-(d) show that the 

CO (carbon dioxide) level in the monitored area was relatively stable between 15 

and 26 ppm. Due to a lack of air circulation in the indoor parking space, the highest 
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CO detected value is higher than the threshold value. The greatest concentrations 

of carbon dioxide for a day result in the highest carbon dioxide levels. The HC 

concentration observed is over the prescribed threshold, with a value of 300ppm to 

550ppm. Meanwhile, the CO2 level is below 1,000 parts per million, considered 

safe. The daily average concentration of dust particles in this area varies between 

20 and 70 ug/m3, which falls into the mild to moderate category. 

The measurements show that ai€ pollution is moderate when the weather is 

sunny because the area is close to the source of pollutants from vehicle emissions 

as presenting Fig. 9(c). The average level of air pollution that exceeds the limits of 

good air quality is only visible in Carbon Monoxide (CO); this is because the 

parking building is a place for motorized vehicles to pass, which is the main source 

of CO.  

The results of increased CO measurements than the previous day are shown in 

Fig. 9(d), with fluctuations in CO parameter values starting at 10.50-15.00. The 

morning peak session on Friday is later than on other days.  The results of an 

experiment conducted at multi-sensor node 1 indicate moderate air quality 

conditions at that location. This is because the parking lot area serve’ as 

automobiles' primary entry and exit points. The poor air quality directly results 

from the high volume of vehicular traffic that frequently passes through the area. 

At this stage, the precision and the margin of error of the system's reading of the 

air conditioner are determined and comp’ted. The device's accuracy was 

determined to be 95.02% based on the testing data, with a categorization error of 

4.98%. The sensor readings incorrectly classified the air concentration into the 

incorrect class, leading to classification mistakes.  

Figures 10(a)-(d) show the input value of the multi-sensor node 2, which can be 

found in graph (d). During the experiment, from 07:30 to 20:30, the average values 

detected for CO were 42 ppm, the average value of CO2 390 ppm, the average value 

for HC 353 ppm, and the average value for dust 11 g/m3. The temperature is 

currently at 31 degrees Celsius, and the humidity level is 68%. The results of the 

sensor detection were classified as normal classification, as illustrated in Fig. 10 

(d). During the test with the device between 11.45 and 14.30, the detection findings 

showed that the CO concentrations were 57 ppm, CO2 was 437 ppm, HC was 375 

ppm, and dust was 23 g/m3. Figure 10 presents the temperature, 32 degrees Celsius, 

and the humidity level, which was 68%. (b). The detection results from the second 

multi-sensor node have been assigned a moderate categorization. An increase in 

CO2’causes that day's activities, and that break time allows many cars to pass by. 

According to the results of the tests, the device accuracy is 99.33%, with a minimal 

categorization error of 0.05%. 

The input value of the multi-sensor node three is shown in Figs. 11(a)-(d), and 

the temperature and humidity readings are, on average, between 27 and 35 degrees 

Celsius and between 55 and 78 percent. Experiments were conducted between 

07:30 and 20:30, the same as with the multi-sensor nodes 1 and 2. In Figs 11(a), 

the detected parameter values show that the concentration of CO was 65 ppm, the 

concentration of CO2 was 400 ppm, the concentration of HC was 477 ppm, and the 

concentration of dust was 27 g/m3. In this condition, the results of the detection of 

the sensor are normal classification. 
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(a) (b) 
  

(c) (d) 

Fig. 10. Data of node 2. 

In Fig. 11(b), the detected parameter values include 65 ppm for CO, 315 ppm 

for CO2, 380 ppm for HC, 24 g/m3 for the dust, a temperature of 27 degrees Celsius, 

and a humidity level of 66%. In addition, the dust has a den-ity of 24 g/m3 - the 

results of the sensor detection into the usual classification category. Even though 

the parking lot has a rush hour and a rest period between 11.30 and 14.30, the air 

quality is not abnormal in that area. The fact that there are so few activities in the 

area is responsible for the relatively high level of clean air in this location. 

The results of the experiments conducted between 11.30 and 2.00 pm and 

displayed in Fig. 11(d) demonstrate that the measured values of the air quality 

parameters are as follows: CO at 48 ppm, CO2 at 350 ppm, HC at 375 ppm, dust at 

25 g/m3, and a temperature of 31 degrees Celsius with a humidity level of 72%. 

The category is considered to be normal. The results are the same as the ones 

obtained in the earlier experiment. Because there aren't many things to do in this 

area, the air quality is goo’, and there isn't much pollution. At this point, the device 

accuracy is 95.03%, whereas the categorization error is 4.97%. 

The average value that data measuring read from node 1, node 2, and node three 

are displayed in Table 3-6. The average value that the data measuring read from 

node 1, node 2, and node three are shown in Table 3-6.  The moderate status is 

stated by each node. 

  

(a) (b) 
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(c) (d) 

Fig. 11. Data of node 3. 

Table 3. Monitoring on July 13, 2020, Monday. 

Parameter NODE 1 NODE 2 NODE 3 

CO (ppm) 30 45 62 

CO2 (ppm) 525 445 327 

HC (ppm) 403 361 429 

Dust (µg/m3) 40 12 21 

Temperature (o C) 33 33 34 

Humidity (%) 75 71 79 

Air Pollution Classification Moderate Moderate Moderate 

Table 4. Monitoring on July 14, 2020. 

Parameter NODE 1 NODE 2 NODE 3 

CO (ppm) 34 45 58 

CO2 (ppm) 437 403 533 

HC (ppm) 427 409 418 

Dust (µg/m3) 44 27 24 

Temperature (o C) 29 28 27 

Humidity (%) 80 82 81 

Air Pollution 

Classification 
Normal Moderate Moderate 

Table 4-6 displays the average value read from node 1, node 2, and node 3 with 

their respective statuses. This node has been positioned in a different area. Table 4, 

the measurements were taken on July 14, 2020, and Table 5, on July 15, 2020. The 

results of the measurements performed on Friday, July 17, 2020, are also included 

in Table 6. 

Table 5. Monitoring on July 15, 2020. 

Parameter NODE 1 NODE 2 NODE 3 

CO (ppm) 33 43 58 

CO2 (ppm) 445 394 405 

HC (ppm) 460 340 360 

Dust (µg/m3) 44 17 23 

Temperature (o C) 31 31 34 

Humidity (%) 74 72 69 

Air Pollution 

Classification 
Moderate Normal Normal 



84       A.S. Handayani et al. 

 

 

Journal of Engineering Science and Technology                Special Issue 1/2023 
 

Table 6. Monitoring on July 17, 2020. 

Parameter NODE 1 NODE 2 NODE 3 

CO (ppm) 36 58 50 

CO2 (ppm) 424 379 365 

HC (ppm) 455 295 330 

Dust (µg/m3) 23 23 23 

Temperature (o C) 33 33 34 

Humidity (%) 63 58 59 

Air Pollution 

Classification 
Moderate Moderate Normal 

The data can be found easily using the mobile phone. Some sampling data that 

is displayed in android can be found in Fig. 12. The data was taken on July 21, 

2020. In Fig. 12(a), the pollution shows that it is dangerous (it is indicated by the 

warning red circle that shows (hazardous situation). All of the sensors’ data and the 

location can be monitored from the android that is shown in Fig. 12. The user can 

know the air in the determined area and the value of each gas, such as: CO, CO2, 

HC, particulate dust. It also displays the value of humidity and temperature. In 

addition, it also shows the lo-cation of the nodes. Figures 12(b) and (c) show the 

value and the condition of the air of node 2 and node 3. The mobile phone can also 

display the graphical changes of the detected air pollution. The sample of the 

monitoring can be seen in Fig. 13. It only displays the data of node 1 that is obtained 

on July 21, 2020, at 9.45 until 10.25 a.m. According to Fig. 13, it can be seen that 

the mobile phone could monitor the air condition successfully. 

   

Fig. 12. The monitoring display on mobile phone:  

(a) Node 1; (b) Node 2; and (c) Node 3. 

Figure 12 shows this device is a real-time operating system (RTOS). It is an 

operating system (OS) designed to service real-time application requests. It must 

process data as it arrives, typically without buffering delays. The results of device 

measurements can be viewed using an Android smartphone. It will display the 

measured data acquired from the multi-sensor equipment. 
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(a) (b) 

  

(c) (d) 

  

(e) (f) 

Fig. 13. The graphical result of the air monitoring of node  

on July 21, 2020, at 9.45 until 10.25 a.m. (a) CO; (b) CO2; (c)€;  

(d) Dust; (e) Temperature; and (f) Humidity. 

3.3. Comparative node multi-sensor of a location result 

The accurate location may be determined with absolute accuracy [43] due to the 

precise range measurement. Therefore, it is essential to understand the internode 

distance accurately. In Table 7, the error in the position estimation for all unknown 

nodes spans from 0.007 m up to 6,205 m. When the node is positioned closer to the 

area's center, the error in estimating the location's estimation is significantly 

reduced. As a result of the experiment, the best position that the device acquired 

demonstrates that the anchor node density in the center of the site is considerably 

more significant than the density found along the place's perimeter. 

Table 7. The location of the nodes. 

Node The estimated coordinate The actual coordinate 

 Latitude, Longitude Latitude, Longitude 

1 -2.99, 104.90 -2.983316667, 104.7328375 

2 -3.00, 104.99 -2.983295934, 104.7338968 

3 -2.99, 104.77 -2.982304732, 104.73435“4 

In thi” study, "precision" refers to the degree of precision used to characterize 

the performance of the vast majority of measurements. According to the reference 

[44], when we talk about non dimensional precision estimates, we're talking about 
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assessments that are based on relative disparities in data, whic’ is something that's 

used a lot in the subject of air quality. On the other hand, if the observed 

concentrations are at most five to ten times the threshold for ’detection. They don't 

accurately characterize the data. 

This research uses a method using multiple air monitoring instruments (by 

comparing a single parameter) simultaneously and in the same place. The Recall is 

the ratio of correctly identified air quality to real air quality detected, and using this 

performance metric [45], allows us to compare competing systems effectively. 

Specifically, Recall is defined as the ratio of correctly detected air quality to actual 

air quality “etected. The term "”alse positive rate" refers to the proportion of 

improperly detected air quality about the total number of erroneous air quality 

detections (FPR).  

Table 8 is a recapitulation of the experimental findings of our approach. It 

shows that our system has achieved Recall = 96% and FPR = 4% for node 1, while 

node two and node 3 give 98.785 recall with 1.22% FRT and Recall = 99% with 

FPR = 1%, respectively. 

Table 8. The prediction metric. 

Node Recall False Positive Rate (FRT)  

1 96 % 4 % 

2 98.78 % 1.22 % 

3 99 % 1 % 

4. Conclusions 

This work analyzes and discusses the concept of a real-time multi-sensor network 

that monitors indoor parking places. The primary objective is to develop a device 

in the form of a sensor node that is capable of real-time monitoring of Carbon 

Monoxide (CO), Carbon Dioxide (CO2), HydroCarbon (HC), temperature, and 

humidity, in addition to the concentration level of particulate matter in the air 

(PM10). Using an application that is based on Android, one can monitor the 

outcomes of the measurements. Based on the results of the measures, there is a rise 

in CO2 during breaks due to the vast number of vehicle activities that enhance 

pollution levels. The testing results show that the device has an accuracy of 99.33%, 

with a minimal error rate of categorization of 0.05%. In areas with good air quality 

and low pollution’levels, the device's accuracy is 95.03%, and its categorization 

error is 4.97%. 
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