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ABSTRACT:  Air quality monitoring was a crucial aspect of maintaining occupational health 

and safety, particularly in industrial environments. This study proposed the design and 

implementation of an Internet of Things (IoT)-based indoor air quality monitoring system 

capable of measuring environmental parameters in real time. The system integrated an ENS160 

gas sensor and an AHT21 temperature–humidity sensor with a Wemos D1 Mini 

microcontroller. Sensor data were transmitted via the MQTT protocol to an Orange Pi 4A 

server and visualized using a Node-RED dashboard. The monitored parameters included Total 

Volatile Organic Compounds (TVOC), equivalent CO₂ (eCO₂), temperature, and humidity. 

Experimental evaluation demonstrated that the system responded proportionally to different 

pollutant exposure levels. Under high NH₃ exposure (100%), TVOC values reached a 

maximum of 12,697 ppb with an average of 5,037 ppb, clearly exceeding the hazardous 

threshold (>200 ppb). At moderate exposure (50%), the average TVOC decreased to 2,106 ppb, 

while at low exposure (10%), the average value remained within the safe range at 84 ppb. For 

eCO₂ testing, cigarette smoke exposure produced a peak value of 11,524 ppm with an average 

of 1,663 ppm, indicating hazardous conditions (>1000 ppm). Statistical analysis using mean 

and standard deviation confirmed that sensor stability improved at lower pollutant 

concentrations. The proposed system successfully provided stable real-time monitoring, 

threshold-based classification, and automatic mitigation control, demonstrating its feasibility 

for intelligent indoor air quality management in industrial workspaces. 

 

KEYWORDS: Indoor air quality; internet of things; ENS160 sensor; multi-node monitoring 

system; real-time air pollution detection 

 

1. Introduction 

Clean and comfortable air is a basic necessity for human health and productivity. However, 

approximately 99% of the world’s population still breathed air with pollution levels exceeding 

safe limits [1]. Exposure to air pollutants generated by industrial chemical activities could 

trigger respiratory disorders, cause irritation, and reduce work performance. In Indonesia, air 

pollution remained a serious issue, with industrial activities, transportation, and biomass 
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burning identified as major contributors of pollutants such as particulate matter (PM₂.₅/PM₁₀), 

harmful gases, and chemical compounds that increased the risk of respiratory and 

cardiovascular diseases [2]. Therefore, effective air quality monitoring and management, 

particularly in occupational and industrial environments, was essential to protect workers’ 

health and safety. 

Indoor air quality (IAQ) played a significant role in determining human health and 

comfort, as most daily activities were performed indoors. Continuous exposure to indoor 

pollutants has been associated with chronic respiratory and cardiovascular diseases, 

emphasizing the importance of continuous and reliable monitoring systems [3]. Recent 

technological developments showed that Internet of Things (IoT)-based IAQ monitoring 

systems enabled real-time environmental data acquisition and integration with centralized 

monitoring platforms [4]. The integration of IoT architectures with advanced sensing 

technologies further improved scalability, remote accessibility, and environmental data 

processing capabilities in modern monitoring systems [5]. 

Several studies demonstrated practical implementations of IoT-based air quality 

monitoring. Rahmadani et al. developed a real-time monitoring system integrated with web-

based visualization for campus environments [6], while Azizah et al. implemented an IoT 

monitoring system equipped with automatic notification features when pollutant thresholds 

were exceeded [7]. Distributed monitoring platforms using MQTT and Node-RED 

architectures were also explored for multi-point environmental monitoring applications [8]. In 

industrial contexts, intelligent control strategies such as ANFIS-based VOC mitigation systems 

were proposed to improve emission control effectiveness [9]. 

This study was conducted in a large-scale fertilizer manufacturing environment that 

utilized chemical substances, including ammonia (NH₃), as part of its production processes. 

Controlling gaseous emissions, particularly ammonia, was essential because prolonged 

exposure could pose health risks and reduce workplace comfort [10]. In addition, carbon 

dioxide (CO₂) was an important parameter in IAQ assessment, as prolonged exposure to 

moderate CO₂ concentrations could reduce alertness and cognitive performance [11], while 

short-term exposure might cause mild irritation and respiratory discomfort [12]. 

Although numerous IoT-based air quality monitoring systems had been developed, many 

existing implementations remained limited to single-node measurements, relied on analog gas 

sensors, or primarily focused on visualization and notification features without integrating 

scalable multi-node architectures and automatic mitigation mechanisms [13–15]. Moreover, 

low-cost gas sensors were often sensitive to environmental variations, potentially affecting 

measurement stability and reliability [16,17]. Therefore, a scalable multi-node IAQ monitoring 

system capable of distributed sensing, real-time data processing, and automatic environmental 

control was still required. 

In this study, digital environmental sensing modules were employed to monitor gas 

parameters, temperature, and humidity, enabling stable real-time indoor air quality 

measurements. Unlike many previous systems that primarily focused on monitoring and 

notification functions, the proposed approach introduced a scalable multi-node indoor 

monitoring architecture integrated with real-time data acquisition, visualization, threshold-

based classification, and automatic exhaust mitigation control. Compared to analog gas sensors, 

the ENS160 provided digital output, lower power consumption, and improved measurement 

stability, while the AHT21 sensor enabled environmental compensation for more consistent 
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readings [18–20]. This study demonstrated the implementation of a multi-node indoor air 

quality (IAQ) monitoring system capable of real-time sensing, distributed data communication, 

and automated environmental response, making it suitable for deployment in industrial 

workplace environments. 

2. Materials and Methods 

2.1. System architecture and block diagram. 

The proposed system consisted of three sensor nodes deployed at different indoor locations. 

Each node functioned independently to acquire environmental data and transmit the 

measurements wirelessly to a central gateway. The gateway, implemented using an Orange Pi 

4A platform, acted as both an MQTT broker and a data distribution server that forwarded 

sensor data to the visualization layer. Figure 1 showed the architecture of the multi-node air 

quality monitoring system, consisting of one main node (Node 1) and two additional nodes 

(Node 2 and Node 3). Each node used a Wemos D1 Mini microcontroller operating in station 

(STA) mode as a wireless network client. The microcontroller functioned as a data processing 

unit and sent data to the central server via the MQTT protocol. On Node 1, the data obtained 

was processed locally and displayed on a 16×2 LCD. In addition, this node was connected to 

an actuator module in the form of an exhaust fan that was automatically controlled based on 

the results of air quality classification. Thus, Node 1 acted not only as a monitoring unit but 

also as a mitigation unit.  

 
Figure 1. System block diagram. 

Node 2 and Node 3 functioned as additional monitoring units placed in different locations 

within the room. Both nodes displayed data locally via a 16×2 LCD and periodically sent data 

to the gateway without being equipped with a control actuator. All data from each node was 

sent via the MQTT publish mechanism to the Orange Pi 4A, which acted as an access point, 

MQTT broker, and data processing center. The gateway then forwarded the data to the Node-

RED dashboard for real-time visualization and monitoring. This architecture enabled the 
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system to perform distributed monitoring with centralized processing and supported the 

integration of monitoring and automatic control functions in a single network platform. 

2.2. Hardware design ( Node 1, Node 2 and 3 ). 

The hardware used in this study was designed to support IoT-based indoor air quality 

monitoring and control with a multi-node architecture. The system consisted of a main node 

(Node 1), which functioned as both a monitoring and control unit, and additional nodes (Node 

2 and Node 3), which functioned as portable monitoring units (Figure 2). 

 

 

Figure 2. Schematic diagram of node 1 system circuit. 

During the development of this system, detailed schematic design was conducted to 

ensure that all components operated as intended and that the circuit functioned reliably as an 

integrated unit. The schematic design process verified correct electrical connections, power 

distribution, and communication pathways between sensors, microcontrollers, displays, and 

actuators. Table 1 provides a comprehensive overview of the hardware components and power 

supply configuration used in Node 1, which served as the main monitoring and control unit. 

The Wemos D1 Mini microcontroller formed the core of the system, handling both data 

acquisition from the environmental sensors and wireless communication with the central 

gateway via the MQTT protocol. All low-voltage components, including the ENS160 gas 

sensor, AHT21 temperature–humidity sensor, and 16×2 LCD module, were supplied with a 

stable 5 V output generated by an XL4005 step-down converter from a 12 V DC input. To 

enable automatic mitigation, a relay module controlled by the microcontroller was used to 

switch a 220 V AC exhaust fan on or off whenever measured pollutant concentrations exceeded 

predefined threshold values, providing active air quality management. Figure 2 illustrates the 

circuit schematic for Nodes 2 and 3, which functioned as supplementary monitoring units 

without actuator control but maintained the same data acquisition and wireless transmission 

capabilities. This design ensured consistent monitoring across multiple locations while 

enabling centralized control and visualization of indoor air quality. 
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Table 1.  Hardware components and power supply configuration. 

No Component Function Operating Voltage Power Source 

1 Wemos D1 Mini Main controller for data 

acquisition and communication 

5 V (via USB) / 3.3 

V logic 

XL4005 Step-Down 

Converter 

2 ENS 160+AHT21 

Sensors 

Detection of TVOC,  eCO₂, 

temperature, and humidity 

5 V XL4005 Step-Down 

Converter 

3 LCD Display Local visualization of air 

quality status 

5 V XL4005 Step-Down 

Converter 

4 XL4005 Step-Down 

Converter 

Regulates 12 V input to stable 

5 V output 

Input: 12 V, Output: 

5 V 

Power Supply (AC 220 

V → DC 12 V) 

5 Relay Module Automatic 

activation/deactivation of 

exhaust fan 

5 V control AC 220 V 

6 Exhaust Fan Removes polluted air 

exceeding threshold limits 

220 V AC External DC input 

7 Power Supply  Converts AC 220 V to DC 12 

V 

Input: 220 V AC, 

Output: 12 V DC 

AC 220 V 

 

 
Figure 3. Node 2 and 3 circuit schematic. 

 

Nodes 2 and 3 functioned as portable monitoring units without integrated control 

actuators, providing flexible deployment for distributed air quality assessment within the room. 

Similar to the main node, both units utilized the Wemos D1 Mini microcontroller for data 

processing and MQTT-based wireless communication, as well as the ENS160 and AHT21 

sensors to measure environmental parameters including Total Volatile Organic Compounds 

(TVOC), equivalent CO₂ (eCO₂), temperature, and humidity. Unlike Node 1, these nodes were 

powered by 18650 lithium-ion batteries with an integrated UPS module, allowing continuous 

operation and flexible placement without reliance on a direct AC power supply. Sensor 

readings were displayed locally on a 16×2 I²C LCD for immediate visualization, while 

simultaneously transmitting data wirelessly to the central Orange Pi 4A gateway using the 

MQTT protocol. This configuration enabled real-time, multi-point monitoring of indoor air 

quality across different locations. The complete list of hardware components and their 
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corresponding power supply configurations for Nodes 2 and 3 is summarized in Table 2, 

highlighting the integration of battery power, voltage regulation, and sensor interfacing to 

ensure stable and autonomous operation. 

Table 2.  Hardware components and power supply configuration. 

No Component Function Operating Voltage 
Power Supply 

Configuration 

1 Wemos D1 Mini Data processing and MQTT-

based wireless communication 

5 V (USB) / 3.3 V 

logic 

Supplied from UPS 

module (5 V output) 

2 ENS160 + AHT21 Measurement of TVOC, eCO₂, 

temperature, and humidity 

3.3 V Powered via Wemos D1 

Mini 3.3 V output 

3 LCD 16×2 (I²C) Local display of air quality 

status and environmental 

parameters 

5 V Supplied from UPS 

module (5 V output) 

4 18650 Lithium Battery Primary portable energy source 3.7 V nominal Directly connected to 

UPS module 

5 18650 UPS Module Battery charging management 

and voltage regulation (boost to 

5 V) 

Input: 3.7 V, 

Output: 5 V 

Connected to 18650 

battery and AC/DC input 

6 AC 220 V Input External charging source for 

battery 

220 V AC Supplies UPS charging 

circuit 

2.3. Software Implementation and communication protocols. 

This section describes the operational mechanism of the developed air quality monitoring 

system, including device initialization, data acquisition, wireless communication, and 

automatic control processes. Each sensor node, based on a Wemos D1 Mini microcontroller, 

was connected to an Orange Pi 4A gateway, which functioned as an access point and MQTT 

broker. After successful network initialization, the microcontroller periodically read sensor 

data and sent it to the server using the MQTT publish–subscribe protocol. 

Sensor measurements were collected every 2–3 seconds, resulting in approximately 

130 samples during each 5-minute experiment session. Each transmission contained a 

structured JSON payload that included TVOC (ppb), estimated CO₂ (ppm), temperature (°C), 

and relative humidity (%RH), with an average message size of approximately 100–150 bytes, 

ensuring lightweight communication suitable for real-time IoT applications. Received data 

were processed and displayed via a Node-RED dashboard for real-time monitoring, while key 

parameters were also shown locally on an LCD module. Operating within a local area network 

(LAN), the system experienced minimal communication latency and no significant packet loss 

during testing, enabling reliable real-time visualization and threshold-based actuator control. 

Figure 4 illustrates the operational workflow of the proposed system. After initializing 

the microcontroller and sensors, the device established a WiFi connection and connected to the 

MQTT broker hosted on the Orange Pi 4A. Sensor data were collected at periodic intervals and 

transmitted to the dashboard for visualization. The system then evaluated whether the measured 

TVOC value exceeded 200 ppb or the estimated CO₂ exceeded 1000 ppm. If either threshold 

was exceeded, the system classified the condition as “Danger,” activated the ventilation fan, 

and updated the dashboard status. Otherwise, the condition was classified as “Safe,” and the 
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fan remained inactive. The monitoring process ran continuously in a loop to ensure real-time 

environmental assessment and automatic mitigation (Figure 4). 

 

 
Figure 4. System operation flowchart. 

The Node-RED flowchart illustrates the data handling and visualization process on the 

server side (Figure 5). Data from each sensor node were received through the MQTT 

subscription node and then processed using the JSON parsing component to extract relevant 

parameters. Each parameter, including TVOC, eCO₂, temperature, and humidity, was directed 

to specific dashboard elements such as gauges, graphs, and numeric indicators, enabling real-

time monitoring and trend observation over time. In addition to visualization, the flow 

incorporated functional nodes responsible for evaluating air quality thresholds. When pollutant 

levels exceeded predetermined values, the system generated a warning status and sent a control 

signal to activate the exhaust fan. This real-time feedback loop ensured timely mitigation in 

response to hazardous air quality conditions. The modular structure of Node-RED allowed for 

flexible expansion, supporting the addition of new sensor nodes, different environmental 

parameters, or alternative control strategies without requiring significant modifications to the 

overall architecture. Figure 5 shows the design of the Node-RED website dashboard, 

highlighting the visualization of environmental parameters, threshold indicators, and real-time 

status updates for each monitoring node. 
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Figure 5. Node-RED website dashboard design. 

2.4. Experimental procedure and data acquisition. 

System testing was conducted to evaluate the sensors’ response to variations in pollutant 

exposure within a semi-enclosed space. The test environment consisted of a laboratory room 

with a volume of approximately 36 m³ (3 m × 4 m × 3 m). During the experiments, the doors 

and windows were closed, and no mechanical ventilation was used to ensure stable pollutant 

concentrations within the test chamber. The sensors were positioned at a distance of 

approximately 20 cm from the pollutant source, avoiding direct contact with the test liquid or 

material. Each test session lasted approximately five minutes, with periodic readings taken at 

short intervals, resulting in roughly 130 data samples per experiment. The collected data 

included Total Volatile Organic Compounds (TVOC), estimated CO₂ (eCO₂), temperature, and 

relative humidity, providing a comprehensive view of the indoor air quality conditions. 

The tests were conducted under two main schemes. The first scheme evaluated the sensors’ 

TVOC response to NH₃ solution at concentrations of 100%, 50%, and 10%, with the solution 

placed near the sensor to observe variations in response due to increasing ammonia-based 

volatile compounds. The second scheme assessed the eCO₂ response to typical indoor VOC 

sources, specifically cigarette smoke and air fresheners, chosen because they reflect common 

real-world indoor pollutants. 

All sensor readings were transmitted in real time using the MQTT protocol to the Orange Pi 

4A server and stored in a MySQL database for further analysis. The stored data were then 

exported and processed to calculate the mean and standard deviation, which served as 

indicators of measurement trends, sensor reliability, and overall system stability during 

operation. 

2.5. Performance evaluation. 

System performance was evaluated based on three main aspects: sensor response to 

concentration variations, measurement stability, and threshold-based classification capability. 
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2.5.1. Concentration response evaluation. 

Sensor response was assessed by analyzing changes in TVOC and eCO₂ values as pollutant 

concentrations increased. Performance was considered satisfactory if the sensors exhibited a 

proportional increase in measured values corresponding to the intensity of exposure. This 

relationship was examined by comparing the minimum, maximum, and average values 

obtained in each test scenario, providing insight into the sensors’ sensitivity and responsiveness. 

2.5.2. Measurement stability evaluation. 

Measurement stability was evaluated to determine the consistency and reliability of sensor 

readings throughout the experimental period. Statistical parameters, including the mean and 

standard deviation, were used to quantify central tendency and dispersion of the data, following 

standard statistical analysis methods [21]. This evaluation allowed for the identification of 

fluctuations or drift in sensor output under controlled testing conditions, ensuring the 

robustness of the monitoring system. 

 
 

 
 

The average value of the measurements was calculated to represent the central tendency 

of the collected data. In this calculation, 𝑋𝑖represented each individual measurement, while 

𝑁denoted the total number of samples. The standard deviation was calculated to quantify the 

dispersion of the data around the mean. In this calculation, 𝑋𝑖represented each measurement 

value, 𝑁denoted the total number of samples, 𝜇was the mean value, and 𝜎represented the 

standard deviation. These statistical parameters were used to evaluate the consistency and 

stability of the sensor measurements throughout the experiments. 

The mean value indicates the general concentration trend, while the standard deviation 

reflects measurement stability and response variability. The mean value represents the overall 

concentration trend of the measured parameter during each test session, while the standard 

deviation reflects the variability and stability of the sensor response. A smaller standard 

deviation indicates more stable measurements, which indicates consistent sensor performance 

under controlled environmental conditions. Conversely, a larger standard deviation implies a 

higher level of fluctuation, which may be caused by rapid pollutant accumulation, transient 

sensor behavior, or environmental disturbances. 

 

2.5.3. Threshold classification evaluation. 

 

A threshold classification evaluation was conducted to determine the system’s ability to 

identify indoor air quality conditions based on applicable regulatory standards. This study 

referred to the Indonesian Minister of Health Regulation No. 1077/MENKES/PER/V/2011, 

which classifies indoor air quality into two categories: Safe Threshold and Danger Threshold 

[13]. The threshold values used in this study are summarized in Table 3. For the TVOC 

parameter, values below 200 ppb were categorized as safe, while values in the range of 200–
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500 ppb were classified as dangerous. For the eCO₂ parameter, values below 1000 ppm were 

considered safe, whereas values between 1000 and 1500 ppm were classified as dangerous. 

The use of these national regulations was chosen because they are directly relevant to 

environmental conditions and health standards in Indonesia. When compared with international 

guidelines, such as those established by the World Health Organization (WHO) and the United 

States Environmental Protection Agency (EPA), the thresholds used in this study were 

generally consistent with acceptable pollutant exposure levels, although international standards 

typically emphasize long-term exposure limits rather than short-term indoor monitoring. Based 

on these thresholds, the system automatically classified room conditions by comparing the 

measured sensor values to the predefined categories. The classification results were used to 

determine the safety status of the room and to trigger mitigation mechanisms, such as activating 

the exhaust fan at the main node, thereby ensuring timely response to potentially hazardous air 

quality conditions (Table 3). 

 

Table 3.  Threshold values classification. 
Parameters Safe Threshold Danger Threshold 

TVOC < 200 ppb > 200-500 ppb 

eCO2 < 1000 ppm > 1000-1500 ppm  

3. Results and Discussion 

3.1. Hardware implementation. 

 

The hardware implementation stage began with the assembly of all main components according 

to the system design developed during the design stage. The devices used included the Wemos 

D1 Mini, ENS160 + AHT21 sensors, and the Orange Pi 4A as the main control unit for the air 

quality monitoring system. All components were assembled into a single interconnected circuit, 

ensuring stable communication lines, safe cable arrangement, and easy access to modules for 

testing and maintenance purposes. Each part was tested individually to verify that the basic 

functions worked correctly, including sensor readings, LCD display operation, power supply 

verification, and connectivity between modules. This approach was adopted to minimize 

failures during the overall system integration process. Figure 6 shows the complete hardware 

configuration of the developed system, including the main control unit, two distributed sensor 

nodes, and the exhaust ventilation actuator. This integrated configuration demonstrates the 

practical implementation of the proposed multi-node architecture for real-time indoor air 

quality monitoring and automatic mitigation. 

 
Figure 6. Hardware implementation of the air quality monitoring system. 
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Figure 7 presents detailed views of the individual nodes. Figure 7(a) shows the assembled 

main unit (Node 1), configured as the central monitoring and control device. The casing 

integrates the sensor, processing, and control modules into a single compact structure designed 

for fixed installation. Its physical layout ensured stable power distribution, structured cabling, 

and direct interfaces with actuators to support automated ventilation control. Figure 7(b) shows 

the distributed sensor nodes (Node 2 and Node 3), which were designed to be compact and 

portable. Their self-contained casings supported flexible placement at various monitoring 

points within the room. The modular design enhanced mobility and ease of deployment while 

maintaining consistent real-time data acquisition and wireless communication with the central 

gateway. 

 

Figure 7. Hardware implementation of the air quality monitoring system: (a) Node 1 main unit (b) Node 2 and 

Node 3 sensor nodes. 

3.2. Software implementation. 

The Wemos D1 Mini microcontroller was programmed using Visual Studio Code (VS Code) 

with the ESP8266 development framework. The firmware was developed to read sensor data, 

process air quality measurements, and transmit the data in real time to the IoT platform via the 

MQTT communication protocol. The software implementation phase focused on developing 

firmware for each sensor node and configuring the IoT communication and visualization 

platform. The firmware initialized the ENS160 + AHT21 sensors, periodically read 

environmental parameters, and processed the obtained data before transmission. The measured 

parameters included Total Volatile Organic Compounds (TVOC), estimated CO₂ (eCO₂), 

temperature, and relative humidity. Each data reading was formatted into a structured JSON 

payload to ensure compatibility with the MQTT publish-subscribe communication model. 

Once formatted, the data were transmitted wirelessly to an MQTT broker hosted on the Orange 

Pi 4A. The transmitted data were then displayed on the Node-RED dashboard for real-time 

monitoring. Figure 8 presents the Node-RED dashboard interface implemented for monitoring 

indoor air quality parameters. The dashboard displays readings from multiple sensor nodes, 

including TVOC, eCO₂, temperature, and humidity values. Each parameter is visualized using 

gauge indicators and time-series graphs, facilitating intuitive interpretation of air quality 
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conditions. The interface also incorporates air quality classification indicators based on 

predetermined health thresholds. When pollutant concentrations exceeded safe limits, the 

dashboard provided visual warnings and triggered the exhaust fan control mechanism at Node 

1. 

. 
Figure 8. Dashboard display results. 

3.3. System testing.  

System testing was conducted to evaluate sensor response performance, measurement stability, 

and threshold classification capabilities, following the evaluation methods described in 

Sections 2.4 and 2.5. Data collection was performed automatically and transmitted via the 

MQTT protocol to the Orange Pi 4A server, then stored in a MySQL database for further 

analysis. 

3.3.1. TVOC response test results. 

The TVOC test results, based on the experimental scenarios described in Section 2.4, 

demonstrated a significant change in sensor response to pollutant exposure within the test 

chamber. The detected concentration profiles during the observation period are presented in 

Figure 9, which illustrates the dynamics of TVOC values over time, including patterns of 

increase, decrease, and fluctuations in sensor response during testing. Figure 9 shows the 

TVOC response trend under three different NH₃ concentration exposures: 100%, 50%, and 

10%. The results indicated a clear concentration-dependent behavior of the ENS160 sensor. At 

an NH₃ concentration of 100%, a rapid and significant increase in TVOC values was observed 

immediately after exposure, followed by fluctuating peaks that suggested high VOC 

accumulation and a possible temporary sensor saturation effect. At a concentration of 50%, the 

TVOC response exhibited moderate peak levels with reduced variability compared to the 100% 

condition. Meanwhile, exposure to a concentration of 10% resulted in relatively stable and low 

TVOC readings, which remained within the safe threshold range. 

. 
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Figure 9.  TVOC response under NH₃ exposure at different concentrations, (a) 100%, (b) 50%, (c) 10% NH₃. 

TVOC testing using NH₃ solutions at concentrations of 100%, 50%, and 10% showed a 

clear concentration-dependent response pattern. At 100% exposure, TVOC values increased 

sharply, reaching a maximum of 12,697 ppb, with an average of 5,037 ppb and a standard 

deviation of 3,992 ppb, indicating high sensitivity but also considerable fluctuation at extreme 

concentrations. This behavior aligned with the working principle of metal-oxide semiconductor 

(MOX) sensors, where changes in gas concentration alter the resistance of the sensing material 

through surface redox reactions [11,12]. At 50% concentration, the TVOC range decreased to 

33–8,605 ppb, with an average of 2,106 ppb and improved stability, demonstrating more 

consistent sensor performance at moderate exposure levels, as reported in previous MOX 

sensor studies [11]. At 10% exposure, TVOC values remained within 21–144 ppb (average 84 

ppb), falling within the safe threshold and showing stable, low-variability responses consistent 

with prior IoT-based IAQ monitoring research [14]. Overall, the proportional increase in 

TVOC values with rising NH₃ concentration confirmed the concentration-dependent response 

characteristic of MOX sensors, although potential limitations, such as sensor drift and 

environmental sensitivity, should be considered when interpreting extreme readings. The 

detailed results are summarized in Table 4. 

Table 4. TVOC test results. 

No Test material 
Minimum  

TVOC (ppb) 

Maksimum  

TVOC (ppb) 

Average  

(ppb) 

Standard  

deviation (±SD) 

1. Liquid NH3 100% concentration 67 12697 5037 3992 

2. Liquid NH3 50% concentration 33 8605 2106 2336 

3. Liquid NH3 10% concentration 21 144 84 40 

3.3.2. eCO2 response test results. 

The eCO₂ test results based on the experimental scenario described in Section 2.4 showed a 

significant change in sensor response to pollutant exposure within the test chamber. The 

detected concentration changes over time are illustrated in Figure 10, which shows the 

dynamics of eCO₂ values, including patterns of increase, decrease, and fluctuations in sensor 

response during the testing process. The eCO₂ response for exposure to cigarette smoke and air 

fresheners is presented in Figures 10(a) and 10(b), respectively. Both tests showed a 

pronounced temporary increase in estimated CO₂ levels immediately after the introduction of 

pollutants. When exposed to cigarette smoke, the sensor recorded a sharp spike, followed by 
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fluctuations in values as VOC compounds accumulated and dispersed within the semi-enclosed 

room. In contrast, exposure to air fresheners produced a noticeable peak that was relatively 

lower than that observed for cigarette smoke. This pattern indicated that the sensor’s internal 

algorithm interpreted increases in VOC concentrations as corresponding increases in 

equivalent CO₂ levels, which is consistent with the operational characteristics of digital MOX-

based air quality sensors [6]. 

 

 
Figure 10. Estimated CO₂ (eCO₂) response during pollutant exposure, (a) cigarette smoke, (b) air freshener. 

Statistical analysis presented in Table 5 showed that cigarette smoke exposure produced 

higher maximum and average eCO₂ values than air freshener exposure, reflecting the higher 

VOC concentration and chemical complexity of cigarette smoke. Similar behavior has been 

reported in previous studies, where MOX-based sensors exhibited elevated eCO₂ readings 

under high VOC exposure due to algorithm-based estimation mechanisms [11,12]. The 

relatively large standard deviation observed in both conditions indicated dynamic 

environmental fluctuations typical of semi-enclosed spaces with uneven pollutant dispersion. 

Since the ENS160 estimates eCO₂ indirectly from VOC levels, these values represented 

equivalent CO₂ rather than direct CO₂ measurements. Cigarette smoke, which contains 

complex reactive VOC compounds, generated higher peaks and variability compared to air 

fresheners, which mainly released alcohol- and ester-based compounds, resulting in lower 

average responses [11,12]. The experimental results further indicated that the ENS160 sensor 

exhibited a nonlinear response under high VOC exposure. At high NH₃ concentrations, the 

sensor showed rapid spikes followed by fluctuations, suggesting temporary saturation of the 

MOX sensing layer due to excessive gas adsorption, a behavior commonly reported in MOX 

sensors [11,12]. Higher standard deviation values at 100% and 50% concentrations reflected 

rapid pollutant accumulation and uneven gas distribution, while environmental factors such as 

humidity and temperature likely contributed to short-term variability. Nevertheless, the 

proportional decrease in mean values and variability at lower concentrations confirmed the 

sensor’s ability to distinguish different pollutant intensity levels. For long-term operation, 

periodic calibration was recommended to minimize potential drift and maintain measurement 

accuracy [11,12]. 

Table 5. eCO2 test results.  

No Test material 
Minimum  

eCO2 (ppm) 

Maksimum  

eCO2 (ppm) 

Average  

(ppm) 

Standard  

deviation (±SD) 

1. Cigarette smoke 506 11524 1663 1245 

2. Air freshener 462 8452 959 1261 

 

4. Conclusions 

The developed system successfully monitored TVOC and estimated CO₂ (eCO₂) parameters in 

real time through MQTT communication and Node-RED visualization. Experimental results 
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showed that the ENS160 sensor exhibited a concentration-dependent response, where higher 

pollutant exposure resulted in higher sensor readings. Statistical evaluation using mean and 

standard deviation confirmed that the system consistently distinguished between different 

pollutant intensity levels with acceptable measurement stability. In addition, threshold-based 

classification, implemented in conjunction with automatic ventilation fan activation, enabled 

responsive mitigation of indoor air quality deterioration. Compared to previous IoT-based air 

quality monitoring implementations that primarily focused on single-node monitoring or 

notification systems, the proposed system provided a scalable multi-node architecture 

integrated with real-time control capabilities, supporting both monitoring and active 

environmental response. However, some limitations remained. The performance of MOX-

based sensors was affected by environmental factors such as humidity and temperature, which 

could cause short-term variability. Long-term exposure to high VOC concentrations could also 

lead to sensor drift, while the eCO₂ parameter represented an algorithm-based estimate rather 

than a direct CO₂ measurement. The modular multi-node architecture enabled easy scalability 

for deployment across multiple rooms or industrial areas without major system modifications. 

Future developments may include the integration of additional sensors, such as particulate 

matter (PM₂.₅/PM₁₀) and specific gas sensors, as well as the implementation of cloud-based 

predictive analytics to support early detection of air quality deterioration and proactive 

environmental control. 
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