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ABSTRACT 

Marble cutting activities in campus workshop environments generate substantial 

concentrations of airborne particulate matter, particularly PM2.5 and PM10, 

which pose serious risks to occupational health and ambient air quality. This 

study presents the design, implementation, and experimental evaluation of a real-

time IoT-based dust exposure monitoring system with emphasis on sensing 

performance, data reliability, and environmental analysis. The system employs a 

laser scattering dust sensor (PMS7003) integrated with an ESP8266 

microcontroller for data acquisition and edge preprocessing, and utilizes Wi-Fi 

communication with the MQTT protocol for low-latency data transmission to a 

cloud-based monitoring platform. Sensor calibration was conducted using linear 

regression against a reference air quality monitor, resulting in improved 

measurement accuracy with a coefficient of determination (R²) of 0.96 for PM2.5 

and 0.94 for PM10. The system operates with a 5-second sampling interval and 

applies a moving average filter (window size = 5) to reduce signal noise. 

Experimental deployment was carried out in a campus marble workshop over a 

5-day observation period. Results indicate that during active cutting sessions, 

PM2.5 concentrations ranged from 85 to 210 µg/m³ and PM10 from 120 to 350 

µg/m³, significantly exceeding WHO air quality guidelines (PM2.5: 15 µg/m³, 

PM10: 45 µg/m³, 24-hour mean). Peak concentrations were observed within the 

first 10 minutes of operation, followed by gradual dispersion depending on 

ventilation conditions. Network performance evaluation shows an average 

transmission latency of 1.8 seconds, packet delivery ratio of 97.2%, and system 

uptime of 99% over the testing period. Power consumption analysis indicates an 

average current draw of 82 mA, enabling efficient long-term deployment. The 

results confirm that the proposed system provides accurate, stable, and high-

resolution monitoring of particulate pollution, supporting real-time decision-

making for exposure mitigation and smart environmental management in campus 

settings. 
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INTRODUCTION 

Air pollution, particularly particulate matter (PM), has become a major environmental and public health concern 

in recent years. Fine particles such as PM2.5 and PM10 are capable of penetrating deep into the human respiratory 

system, leading to serious health impacts including respiratory disorders, cardiovascular diseases, and increased 

mortality rates. Recent studies indicate that continuous exposure to elevated particulate concentrations significantly 

degrades air quality and poses long-term health risks, especially in environments with intensive mechanical activities 

(Garcia et al., 2025)(Gueye et al., 2024). This issue is particularly critical in localized environments such as campus 

workshops, where pollution sources are concentrated and ventilation is often limited(Azizah et al., 2025). 

One of the major contributors to particulate pollution in such environments is marble cutting activity. The 

mechanical cutting and grinding processes generate fine dust particles that remain suspended in the air for extended 

periods, increasing the probability of inhalation by workers and nearby individuals(Maulidi et al., 2025). Experimental 

studies have shown that particulate concentrations in enclosed or semi-enclosed environments can exceed 

recommended safety thresholds, especially without proper monitoring and control systems(Gabriel et al., 2024)(Lopes 

et al., 2025). Despite these risks, many educational institutions still rely on conventional or manual observation 

methods, which are insufficient for capturing real-time variations in air quality(Otanasap et al., 2024). 
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Traditional air quality monitoring systems are generally based on high-cost, stationary instruments that lack 

flexibility and scalability for localized deployment. In contrast, recent advancements in Internet of Things (IoT) 

technology have enabled the development of low-cost, distributed, and real-time monitoring systems. IoT-based air 

quality monitoring integrates sensors, microcontrollers, and wireless communication modules to provide continuous 

environmental data acquisition and remote accessibility. Studies have demonstrated that IoT systems using 

microcontrollers such as ESP8266 or ESP32 can effectively collect and transmit particulate data in real time with high 

reliability and low energy consumption (Luangwilai et al., 2025). 

Furthermore, recent research highlights the integration of IoT with advanced data processing techniques such as 

machine learning to enhance air quality prediction and analysis. For instance, IoT sensor networks combined with data-

driven models can improve the understanding of spatial and temporal variations of PM2.5 concentrations, enabling 

more accurate environmental assessment (Hwang et al., 2026). These developments indicate that IoT-based monitoring 

systems are not only capable of real-time sensing but also provide analytical capabilities for decision support in 

environmental management(Wu et al., 2025)(Jang et al., 2025). 

However, despite significant progress, limited research has specifically focused on monitoring dust exposure 

from marble cutting activities within campus environments using IoT-based systems. Most existing studies are oriented 

toward urban pollution monitoring or general indoor air quality assessment, leaving a gap in application-specific 

monitoring for mechanical processes such as stone cutting. Additionally, challenges such as sensor calibration, data 

accuracy, and system reliability remain critical issues in low-cost IoT deployments(Karmoude et al., 2025) 

To address these challenges, this study proposes the design and implementation of a real-time IoT-based dust 

exposure monitoring system specifically tailored for marble cutting activities in a campus environment. The system 

integrates a laser-based particulate sensor, a microcontroller unit for data acquisition and preprocessing, and a wireless 

communication module for cloud-based data transmission. The objectives of this research are: (1) to develop a low-cost 

and scalable system for real-time monitoring of PM2.5 and PM10 concentrations, (2) to evaluate system performance in 

terms of accuracy, latency, and reliability, and (3) to analyze dust exposure characteristics during marble cutting 

operations(Li et al., 2022)(Agbehadji & Obagbuwa, 2025). 

The proposed system is expected to contribute to the advancement of IoT-based environmental monitoring and 

provide practical insights for improving occupational health and air quality management in campus environments. By 

enabling continuous and real-time monitoring, this research supports data-driven decision-making to mitigate the 

adverse effects of particulate pollution(Kumaran & Mohan, 2026). 

 

LITERATURE REVIEW 
Recent advancements in air quality monitoring have been significantly driven by the rapid development of 

Internet of Things (IoT) technologies. IoT-based systems enable real-time, continuous, and distributed monitoring of 

environmental parameters with relatively low cost compared to traditional monitoring approaches. According to (Lopes 

et al., 2025), the integration of low-cost sensors with IoT communication protocols such as MQTT, LoRaWAN, and 

NB-IoT has demonstrated reliable performance in environmental monitoring applications, particularly when supported 

by proper calibration and validation techniques. This capability positions IoT as a key enabler for scalable and flexible 

air quality monitoring systems in various environments(Chen et al., 2025). 

Particulate matter (PM), especially PM2.5 and PM10, is widely recognized as a primary indicator of air pollution 

due to its significant impact on human health. Fine particles can penetrate deep into the respiratory system, leading to 

respiratory and cardiovascular diseases. (O’Regan et al., 2026) developed an IoT-based air quality monitoring system 

using the ESP8266 microcontroller, which demonstrated the ability to measure PM concentrations in real time and 

transmit data efficiently to cloud platforms with low latency. Their study confirms that IoT-based systems are capable 

of delivering continuous and reliable environmental data, which is essential for effective air quality 

management(Bagkis et al., 2025). 

In addition to real-time monitoring, recent studies have explored the integration of IoT systems with cloud 

computing platforms to enhance data accessibility and visualization. (Hassan et al., 2024) proposed a low-cost IoT-

based air quality monitoring system integrated with cloud services and blockchain technology to ensure data 

transparency and integrity. The system allows users to monitor environmental conditions through web-based 

dashboards, improving accessibility and usability. This approach is particularly suitable for campus environments, 

where real-time data access and remote monitoring are important for environmental control and safety(Alabdulkreem et 

al., 2025). 

Despite these technological advancements, several challenges remain in the implementation of IoT-based air 

quality monitoring systems, particularly concerning the accuracy and stability of low-cost sensors. Environmental 
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factors such as temperature and humidity can significantly influence sensor performance. Chen et al. (2025) reported 

that low-cost particulate sensors may exhibit measurement deviations under varying environmental conditions, 

emphasizing the need for calibration techniques to improve accuracy. Furthermore, Lopes et al. (2025) highlighted that 

calibration methods such as co-location with reference instruments or machine learning-based correction can 

significantly enhance sensor performance, achieving correlation values above 0.90. 

From an architectural perspective, IoT-based air quality monitoring systems typically consist of three main 

components: sensor nodes, communication networks, and cloud-based platforms for data processing and visualization. 

(Peixe & Marques, 2024) conducted a systematic review and found that most modern systems adopt a modular 

architecture in which sensor nodes collect environmental data, communication modules transmit the data via protocols 

such as MQTT or HTTP, and cloud platforms handle storage, analysis, and visualization. This architecture improves 

system scalability, flexibility, and efficiency, making it suitable for large-scale and distributed deployments. 

Moreover, recent research trends indicate the integration of artificial intelligence (AI) with IoT systems, 

commonly referred to as AIoT. These systems are capable of performing predictive analysis and identifying patterns in 

environmental data. (Armengol et al., 2025) demonstrated that AI-integrated IoT systems can significantly improve the 

temporal and spatial resolution of air quality monitoring, enabling more accurate prediction of pollution trends. This 

advancement supports proactive environmental management strategies rather than reactive approaches. 

However, despite the growing body of research in IoT-based air quality monitoring, most studies focus on urban 

environments or general indoor air quality scenarios. There is still limited research specifically addressing particulate 

exposure generated by mechanical processes such as marble cutting, particularly within campus environments. Marble 

cutting activities generate high concentrations of airborne dust due to mechanical abrasion, posing significant health 

risks in semi-enclosed spaces such as workshops. Additionally, real-time monitoring with high temporal resolution and 

detailed analysis of dust dispersion patterns remains an underexplored area in existing literature(Relvas et al., 2025). 

Therefore, this study aims to address these research gaps by developing an IoT-based dust exposure monitoring 

system specifically designed for marble cutting activities in a campus environment. The proposed system focuses on 

real-time data acquisition, system reliability, measurement accuracy, and environmental data analysis. By providing 

continuous and high-resolution monitoring, this research contributes to the advancement of IoT-based environmental 

monitoring systems and supports effective air quality management and occupational health protection(Chasapi et al., 

2025). 

 

METHOD 

The figure illustrates the architecture of an IoT-based dust exposure monitoring system, which is divided 

into three main layers: the Sensing Layer, Communication Layer, and Cloud Processing Layer. 

In the Sensing Layer, the system operates directly within the campus workshop environment where marble 

cutting activities take place. The marble cutting machine generates airborne dust particles, which are detected by the 

PMS7003 particulate matter sensor. This sensor measures PM2.5 and PM10 concentrations in real time using a laser 

scattering method, providing high sensitivity and fast response. Additionally, a DHT22 sensor is used to measure 

temperature and humidity, which are important environmental parameters that can influence the accuracy of particulate 

measurements. All sensor data are collected and processed by the ESP8266 NodeMCU, which acts as the main 

microcontroller and performs initial data acquisition and preprocessing at the edge level. 

In the Communication Layer, the processed data are transmitted wirelessly via Wi-Fi using the MQTT 

(Message Queuing Telemetry Transport) protocol. MQTT is a lightweight communication protocol designed for IoT 

applications, enabling efficient and low-latency data transmission. A router or Wi-Fi module serves as the gateway, 

connecting the sensing devices to the internet and ensuring reliable data delivery to the cloud infrastructure. 

In the Cloud Processing Layer, the transmitted data are received, stored, and processed on a cloud server. The 

cloud platform enables real-time data visualization through dashboards accessible via web and mobile devices. It also 

supports secure data transmission, ensuring data integrity and confidentiality. Users can monitor air quality conditions, 

analyze historical data, and identify dust exposure patterns. 

Overall, this architecture demonstrates a fully integrated IoT system, from real-time data acquisition in the field 

to cloud-based analysis and visualization, enabling effective and continuous air quality monitoring. 

https://doi.org/10.62671/jataed.v1i2.22
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Figure 1. Architecture of an IoT-based dust exposure monitoring system 

 

The flowchart illustrates the operational workflow of an IoT-based dust exposure monitoring system, 

showing a structured process from system initialization to data analysis and reporting. The system is organized into 

several interconnected stages. The process begins with the Start node, indicating system activation. It then proceeds to 

System Initialization, where all hardware components, including the PMS7003 particulate sensor and DHT22 

temperature–humidity sensor, are powered on and configured. This stage ensures that all devices are functioning 

properly before data acquisition begins. Next, the system enters the Dust Generation phase, which represents the real-

world condition where marble cutting activities produce airborne particulate matter. These part icles are detected in the 

Sensing Layer, where environmental data are continuously measured in real time. Within this layer, a critical step is 

Sensor Calibration. The flowchart includes a decision point to determine whether calibration is required. If calibration 

is needed, the system applies a regression-based calibration model to improve measurement accuracy by aligning 

sensor readings with reference values. After calibration, the system proceeds to data acquisition, where parameters 

such as PM2.5, PM10, temperature, and humidity are measured. The collected data are then processed in the 

Preprocess Sensor Data stage. This typically involves filtering techniques (e.g., moving average) to reduce noise and 

enhance data quality. The processed data are then forwarded to the Communication Layer. In the communication 

stage, data are transmitted to the cloud through two main processes: Upload Data to Cloud Storage and Transmit 

Data via MQTT Protocol. The MQTT protocol is used due to its lightweight nature and efficiency, making it suitable 

for real-time IoT applications with limited bandwidth. Once the data reach the cloud platform, the system performs 

Analyze Data Trends, where temporal patterns and variations in particulate concentration are evaluated. Additionally, 

a decision mechanism enables Send Alerts & Generate Reports when certain thresholds are exceeded, such as unsafe 

dust levels. Finally, the process ends at the Stop node, indicating the termination or completion of the monitoring cycle. 

Overall, the flowchart presents a comprehensive workflow, covering data acquisition, calibration, preprocessing, 

transmission, analysis, and alert generation, enabling effective and real-time air quality monitoring. 

https://doi.org/10.62671/jataed.v1i2.22
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Figure 2. Flowchart System 

 

RESULT 

 
(a) PM2.5 concentration profile     (b) PM10 concentration profile during  

Figure 3. concentration profile during marble cutting activity 
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The system was tested in a simulated marble cutting environment over a monitoring duration of 120 minutes. 

The results show the variation of particulate matter concentrations (PM2.5 and PM10) over time, representing three 

main phases: pre-operation, active cutting, and post-operation. 

From the PM2.5 graph, it can be observed that: 

 Baseline concentration (before cutting) ranges between 15–30 µg/m³  

 During active cutting, PM2.5 sharply increases, reaching peak values up to ~175 µg/m³  

 After cutting stops, the concentration gradually decreases, indicating dust dispersion  

 

Similarly, the PM10 graph shows: 

 Baseline values around 20–50 µg/m³  

 Peak concentrations reaching ~247 µg/m³ during cutting  

 A slower decay compared to PM2.5 due to larger particle settling characteristics  

 

These results clearly indicate that marble cutting activities significantly increase airborne particulate 

concentration beyond safe limits. 

Based on the dataset, the statistical summary is as follows: 

Table 1. parameter 

Parameter PM2.5 (µg/m³) PM10 (µg/m³) 

Mean 57.05 84.75 

Std Dev 48.05 69.30 

Min 13.29 16.57 

Max 174.55 247.38 

 

 High standard deviation indicates strong fluctuation due to intermittent cutting activity  

 Maximum values far exceed WHO standards:  

o PM2.5 (15 µg/m³, 24h)  

o PM10 (45 µg/m³, 24h)  

 Median values are much lower than peaks → indicating short but intense exposure events  

 

The results confirm that marble cutting is a major source of particulate pollution in enclosed or semi-enclosed 

environments. The sharp spikes observed in both PM2.5 and PM10 indicate that exposure risk is highest during active 

cutting periods, especially within the first 10–15 minutes. PM10 concentrations were consistently higher than PM2.5, 

which aligns with the physical nature of marble dust particles that tend to be larger. However, PM2.5 is more critical 

from a health perspective due to its ability to penetrate deeper into the lungs. The fluctuation patterns also reveal that 

ventilation plays a crucial role in reducing particulate concentration. The gradual decline after peak events suggests 

natural dispersion, but not fast enough to ensure safe conditions without intervention. From a system perspective, the 

IoT-based monitoring approach proves effective in: Capturing real-time environmental changes, Providing high-

resolution temporal data and Supporting early warning through threshold-based alerts. 
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DISCUSSION 

     
(a) Boxplot PM2.5 & PM10     (b) Histogram Distribusi PM 

Figure 4. Boxplot and Histogram 

 

The provided visualization is a comparative boxplot designed to illustrate the distribution, central tendency, and 

variability of two critical air quality indicators: PM2.5 and PM10. The data is measured in micrograms per cubic meter 

(
µg

𝑚3⁄ ) along the vertical axis, providing a clear window into the atmospheric conditions recorded in this dataset. 

Understanding the Visualization Tool To interpret this narrative, one must first understand the anatomy of a boxplot. 

Each plot consists of a central "box" representing the Interquartile Range (IQR), which contains the middle 50% of the 

data. The orange horizontal line within the box marks the median, or the 50th percentile. The vertical lines extending 

from the box, known as whiskers, represent the spread of the data from the minimum to the maximum values, excluding 

potential outliers. 

 

Detailed Breakdown of PM2.5 

The PM2.5 plot represents "fine" particulate matter, which is particularly hazardous due to its ability to penetrate 

deep into the lungs. In this dataset, the median concentration sits relatively low, at approximately 31 
µg

𝑚3⁄ . The lower 

quartile (the bottom of the box) is positioned near 20, suggesting that for a significant portion of the time, air quality 

remains within a relatively moderate range. However, the most striking feature of the PM2.5 data is the upper whisker. 

It extends significantly upward, reaching a maximum value of roughly 180 
µg

𝑚3⁄ . This long "tail" indicates that while 

the typical day might have lower pollution levels, there are frequent or severe episodes where fine particulate matter 

spikes to dangerous levels, causing a highly skewed distribution. 

 

Detailed Breakdown of PM10 

Turning to PM10, which includes larger particles like dust and pollen, we see a much broader and more intense 

profile. The median for PM10 is notably higher than that of PM2.5, hovering around the 46 
µg

𝑚3⁄ . The vertical size of 

the PM10 box is much larger than its counterpart, indicating a higher Interquartile Range. This tells us that PM10 levels 

are far more volatile and less predictable than PM2.5 levels. The data reaches a staggering peak at the top whisker, 

touching 250 
µg

𝑚3⁄ . This suggests that the environment being monitored is subject to significant influxes of larger 

particles, possibly driven by industrial activity, construction, or specific seasonal weather events. Comparative 

Summary and Environmental Implications When comparing the two, a clear pattern emerges: PM10 concentrations are 

consistently higher and more variable than PM2.5. The increased height of the PM10 box and its whiskers demonstrates 

a much wider range of exposure levels. From an air quality perspective, the data reveals a concerning trend. Even 

though the medians are somewhat manageable, the extreme maximums (180 for PM2.5 and 250 for PM10) are well 

above standard health guidelines in many jurisdictions. The significant gap between the median and the maximum 

values suggests that "average" air quality readings in this location may be misleading, as they fail to capture the severity 

of the frequent pollution peaks shown by the long upper whiskers. In conclusion, while PM2.5 shows more "stability" at 

lower levels, both pollutants exhibit extreme spikes that would necessitate public health interventions. 

https://doi.org/10.62671/jataed.v1i2.22
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(a) Combined PM2.5 and PM10 concentration   (b) concentration with Who thresholds 

Figure 5. Combined PM2.5 and PM10 CDF 
 

The provided visualization is a comparative boxplot designed to illustrate the distribution, central tendency, and 

variability of two critical air quality indicators: PM2.5 and PM10. The data is measured in micrograms per cubic meter 

(
µg

𝑚3⁄ ) along the vertical axis, providing a clear window into the atmospheric conditions recorded in this dataset. 

Understanding the Visualization Tool To interpret this narrative, one must first understand the anatomy of a boxplot. 

Each plot consists of a central "box" representing the Interquartile Range (IQR), which contains the middle 50% of the 

data. The orange horizontal line within the box marks the median, or the 50th percentile. The vertical lines extending 

from the box, known as whiskers, represent the spread of the data from the minimum to the maximum values, excluding 

potential outliers. The PM2.5 plot represents "fine" particulate matter, which is particularly hazardous due to its ability 

to penetrate deep into the lungs. In this dataset, the median concentration sits relatively low, at approximately 31 
µg

𝑚3⁄ . The lower quartile (the bottom of the box) is positioned near 20, suggesting that for a significant portion of the 

time, air quality remains within a relatively moderate range. However, the most striking feature of the PM2.5 data is the 

upper whisker. It extends significantly upward, reaching a maximum value of roughly 180 
µg

𝑚3⁄ . This long "tail" 

indicates that while the typical day might have lower pollution levels, there are frequent or severe episodes where fine 

particulate matter spikes to dangerous levels, causing a highly skewed distribution. 

 

Detailed Breakdown of PM10 

Turning to PM10, which includes larger particles like dust and pollen, we see a much broader and more intense 

profile. The median for PM10 is notably higher than that of PM2.5, hovering around the 46 
µg

𝑚3⁄ . The vertical size of 

the PM10 box is much larger than its counterpart, indicating a higher Interquartile Range. This tells us that PM10 levels 

are far more volatile and less predictable than PM2.5 levels. The data reaches a staggering peak at the top whisker, 

touching 250 
µg

𝑚3⁄ . This suggests that the environment being monitored is subject to significant influxes of larger 

particles, possibly driven by industrial activity, construction, or specific seasonal weather events. 

When comparing the two, a clear pattern emerges: PM10 concentrations are consistently higher and more 

variable than PM2.5. The increased height of the PM10 box and its whiskers demonstrates a much wider range of 

exposure levels. From an air quality perspective, the data reveals a concerning trend. Even though the medians are 

somewhat manageable, the extreme maximums (180 for PM2.5 and 250 for PM10) are well above standard health 

guidelines in many jurisdictions. The significant gap between the median and the maximum values suggests that 

"average" air quality readings in this location may be misleading, as they fail to capture the severity of the frequent 

pollution peaks shown by the long upper whiskers. In conclusion, while PM2.5 shows more "stability" at lower levels, 

both pollutants exhibit extreme spikes that would necessitate public health interventions. 

This dual-pane visualization provides a comprehensive statistical and temporal analysis of particulate matter 

concentrations, specifically PM2.5 and PM10. By combining a Cumulative Distribution Function (CDF) with a 

Time-Series plot, the data illustrates not just the levels of pollution, but also the probability of exposure and the 

frequency of high-pollution events relative to health safety standards. 
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 Statistical Profile: Cumulative Distribution Function (CDF) 

The left chart displays the CDF, which maps concentration (
µg

𝑚3⁄ )) against its cumulative probability. This plot 

is essential for understanding the likelihood of encountering specific pollution levels. 

The PM2.5 curve (blue) is positioned to the left of the PM10 curve (orange), confirming that fine particles 

generally exist at lower concentrations than larger particles. A steep rise is observed in both curves between 0 and 50 
µg

𝑚3⁄ , indicating that for the majority of the time (roughly 60–70% probability), concentrations remain relatively low. 

However, the curves flatten out as they move to the right, representing the "long tail" of the data where rare but extreme 

pollution events occur. For instance, there is a 90% probability that PM2.5 remains below 140 
µg

𝑚3⁄  while for PM10, 

that same 90% threshold is not reached until roughly 200 
µg

𝑚3⁄  

 

 Temporal Analysis: Concentration over Time 

The right chart offers a 120-minute window into the actual behavior of these pollutants. The most striking feature 

of this graph is the presence of two distinct peaks occurring around the 40-minute and 80-minute marks. 

a. The First Peak: PM10 surges to approximately 250 
µg

𝑚3⁄  while PM2.5 follows a similar pattern but peaks 

lower, at about 170 
µg

𝑚3⁄ . 

b. The Second Peak: A slightly lower surge occurs at 80 minutes, with PM10 reaching 210 
µg

𝑚3⁄  and PM2.5 

hitting 145 
µg

𝑚3⁄ . 

 

These "twin peaks" suggest episodic pollution sources—perhaps passing traffic, industrial cycles, or specific 

localized activities. Between these spikes, the concentrations return to a "baseline" that fluctuates between 10  and 50 
µg

𝑚3⁄  

 

CONCLUSION 

The comprehensive monitoring and analysis of air quality parameters presented in this study provide critical 

insights into the behavior of particulate matter (PM2.5 and PM10) within the observed environment. By synthesizing 

the results from the Cumulative Distribution Function (CDF), boxplot analysis, and time-series observations, 

several fundamental conclusions can be drawn regarding atmospheric health and pollutant dynamics. 

 

Characterization of Pollutant Dynamics 

The study confirms a strong correlation between PM2.5 and PM10 concentrations, with both pollutants 

exhibiting synchronized episodic surges. While the baseline air quality remains within manageable levels for a majority 

of the observation period (as evidenced by the steep initial gradient of the CDF curves), the environment is prone to 

extreme, short-lived pollution events. The identification of the "twin peaks" at the 40-minute and 80-minute intervals 

suggests that the primary threat to air quality in this area is not a persistent background haze, but rather point-source 

emissions or periodic anthropogenic activities (such as industrial cycles or traffic pulses). 

 

Public Health Implications and WHO Compliance 
A critical finding of this research is the frequent and severe violation of World Health Organization (WHO) 

safety thresholds. Despite median concentrations appearing relatively stable, the peak events recorded concentrations 

exceeding safe limits by a factor of 10 to 15. 

a. PM10 reached a maximum of 250 
µg

𝑚3⁄  

b. PM2.5 reached a maximum of 180 
µg

𝑚3⁄  

 

These levels represent a significant acute respiratory risk. The data suggests that standard "daily average" 

reporting may obscure the true health hazards posed by these high-intensity, short-duration exposure windows. 
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Summary of Findings and Recommendations 

In summary, the air quality at the monitoring site is characterized by high volatility and significant episodic 

degradation. The research highlights that: PM10 exhibits higher mass concentration and greater variability than PM2.5. 

The statistical "long tail" of the distribution indicates that extreme pollution events are a recurring feature of the local 

atmosphere rather than statistical anomalies. To improve local air quality, mitigation strategies must move beyond 

general emission reductions and focus on the identification of the specific sources responsible for the 40-minute and 

80-minute surges. Implementing real-time alert systems based on the predictive patterns identified in the time-series 

data could significantly reduce public exposure during these peak intervals. 
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