


Real-Time Monitoring of Air Pollutants Using Advanced Sensor Technologies: A Study of toxic gases (SO₂, NOₓ, PM2.5, and VOCs) on Kali Sindh Thermal Power Plant (KATPP) at Jhalawar


Abstract
Air pollution from thermal power plants poses significant environmental and health risks due to the emission of toxic gases and particulate matter. This study conducts real-time monitoring of key pollutants—sulfur dioxide (SO₂), nitrogen oxides (NOₓ), fine particulate matter (PM2.5), and volatile organic compounds (VOCs)—at the Kali Sindh Thermal Power Plant (KATPP) in Jhalawar, Rajasthan, using advanced sensor technologies for high-resolution spatial and temporal data collection. The findings reveal that pollutant concentrations fluctuate with plant operations and meteorological conditions, with peak pollution levels observed during winter due to temperature inversion and reduced dispersion rates. SO₂ and NOₓ concentrations are significantly higher near emission sources, while PM2.5 levels increase due to coal combustion and ash dispersion. VOC levels vary based on industrial activity and weather patterns. A strong negative correlation is observed between pollutant levels and wind speed (-0.7) and temperature (-0.6), while humidity positively correlates with PM2.5 levels (0.8), exacerbating air quality deterioration. Several pollutant concentrations exceed CPCB regulatory limits, identifying pollution hotspots near the power plant. These findings emphasize the urgent need for stringent emission control measures, the adoption of cleaner energy technologies, and the implementation of green buffer zones to mitigate environmental and public health risks. The study further underscores the effectiveness of sensor-based air quality monitoring in industrial regions and its critical role in shaping environmental policies and pollution control strategies.
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1. Introduction
Real-time air pollution monitoring using advanced sensor technologies, such as IoT-based systems, plays a crucial role in detecting and analyzing various pollutants, including PM2.5, PM10, CO, NO2, SO2, and O3. These sensors provide continuous, real-time data, enabling immediate identification of pollution levels and trends. By integrating IoT networks, the collected data can be transmitted wirelessly to centralized platforms for analysis, allowing authorities and researchers to pinpoint pollution sources and predict future air quality conditions using AI-powered analytics. Various sensor technologies, such as PM monitors, gas analyzers, MEMS sensors, and photoionization detectors, offer precise pollutant measurements across different environments (Dinesh et al., 2024). The benefits of real-time monitoring include early warning systems for pollution spikes, improved air quality management, personalized exposure insights for individuals, and valuable data for scientific research and industrial applications. This technology enhances environmental awareness and supports informed decision-making to mitigate air pollution’s impact on public health and ecosystems (Ramadan et al., 2024). Air pollution has significant short-term and long-term health effects, impacting both sensitive individuals and the general population. Even on days with low pollution levels, exposure can trigger conditions such as COPD, asthma, cough, shortness of breath, and increased hospitalization rates. Long-term exposure is linked to chronic respiratory diseases, cardiovascular issues, and even diabetes, as indicated by a Swedish cohort study. Additionally, air pollution has severe consequences in early human life, potentially leading to infant mortality and chronic diseases in adulthood (Dinesh et al., 2025). Studies worldwide have established a correlation between particulate matter (PM) levels and increased morbidity and mortality rates. Furthermore, climate change and global warming may exacerbate these health risks, making pollution control a critical public health priority (Eze et al., 2014; Moores, 2009). Air pollution is one of the most severe challenges of our time, impacting both climate change and public health by increasing morbidity and mortality rates. Various pollutants contribute to human diseases, with particulate matter (PM) being particularly harmful due to its ability to penetrate the respiratory system, leading to respiratory and cardiovascular diseases, reproductive issues, nervous system dysfunctions, and cancer (Musa et al., 2025). Ground-level ozone, nitrogen oxides, sulfur dioxide, VOCs, dioxins, PAHs, carbon monoxide, and heavy metals such as lead also pose significant health risks, causing conditions like COPD, asthma, lung cancer, and cardiovascular disorders. Additionally, environmental pollution influences the spread of infectious diseases and natural disasters due to climate change (Manasvi et al., 2024). Addressing this issue requires public awareness and a coordinated effort from scientific experts, national governments, and international organizations to implement sustainable solutions (Manisalidis et al., 2020). Coal quality variations significantly impact the operation of thermal power plants. However, the lack of real-time quality measurements leads to sub-optimal performance. To address this, a two-stage solution for real-time soft sensing of coal type is proposed. First, a semi-supervised cascaded clustering algorithm (SSCC) is used to analyze historical sensor data and establish a coal class library. In the online stage, a coal change detection algorithm identifies transitions in coal quality, while an SSCC-based classifier enables real-time coal classification using live sensor data (Shalini et al., 2025). The proposed approach is tested using synthetically generated industrial-scale coal mill operation data. Real-time coal classification can enhance plant efficiency, optimize emissions, and improve maintenance strategies (Mukherjee et al., 2022). Real-time monitoring in thermal power plants is essential for optimizing efficiency, enhancing safety, and enabling proactive maintenance. By providing continuous data analysis and early issue detection, it minimizes downtime and maximizes overall performance. This research examines the technological, regional, and socio-economic aspects of energy monitoring, with a focus on Canada, the USA, and Africa. The study explores sensor technologies, communication protocols, and emerging innovations such as AI and blockchain. Regional analysis highlights unique challenges and opportunities, while cross-regional collaboration fosters shared learning. Issues like data security and system integration serve as catalysts for technological improvement. Real-time monitoring significantly reduces carbon footprints, optimizes resource utilization, and delivers economic benefits. Additionally, it enhances energy accessibility and community engagement, reinforcing its social impact. The path to a sustainable energy future is strengthened through global cooperation, technology transfer, and collective efforts toward resilience and environmental responsibility (Hamdan et al., 2024). Kalisindh Thermal Power Station is a 1200MW coal-fired plant located in Rajasthan, India, about 12 km from Jhalawar town. Commissioned in 2014, it consists of two 600MW generating units and is operated by Rajasthan Rajya Vidyut Utpadan Nigam Ltd (RVUNL). The plant sources water from the Kalisindh Dam reservoir and coal from the Paras East and Kanta Basin coal blocks in Chhattisgarh. The power station features a 275-metre (902 ft) chimney and, at the time of construction in 2012, had the world’s tallest cooling towers at 202 metres (663 ft), surpassing Germany’s Niederaussem Power Station. However, as of January 2025, the title has been overtaken by Pingshan Power Station’s 210-metre (689 ft) cooling tower. The EPC contractor for the project is BGR Energy Systems Ltd(energy.rajasthan.gov.in,2018).
2. Methodology
2.1. Study Area Description
The present study was conducted in the vicinity of the Kali Sindh Thermal Power Plant (KATPP), situated in the Jhalawar district of Rajasthan, India. The region is characterized by a combination of industrial, agricultural, and residential zones. The plant is a significant source of emissions in the area and operates primarily on coal combustion, which contributes to the release of various air pollutants such as SO₂, NOₓ, particulate matter (PM2.5), and volatile organic compounds (VOCs). The surrounding region experiences a semi-arid climate with distinct seasonal variations—summer (April to June), monsoon (July to September), and winter (October to February). This variation provides an ideal setting to study seasonal trends in pollution dispersion and accumulation. To assess the spatial and temporal variation of air pollutants around KATPP, five strategic monitoring locations were selected. All samples were transported in ice boxes and analyzed at the Chemistry Laboratory, Jai Narayan Vyas University, Jodhpur, using standard protocols of the Bureau of Indian Standards (BIS) and CPCB guidelines.
Collected data were processed using Microsoft Excel for statistical analysis. 
Based on CPCB guidelines, the Air Quality Index (AQI) was calculated using the measured concentrations of PM2.5, SO₂, NOₓ, and VOCs (with standard assumptions). The AQI values were categorized into respective health-based classifications (Good, Satisfactory, Moderate, Poor, Very Poor, Severe). Pollutant levels were compared with CPCB ambient air quality standards to evaluate environmental compliance and identify exceedances that pose health risks. All sensors were factory calibrated and re-calibrated at regular intervals using standard gases. Duplicate and triplicate readings were taken at random sites for accuracy verification. Field blanks and control samples were included during soil sampling for laboratory quality assurance. Data validation included outlier detection, consistency checks, and correction for meteorological anomalies.
2.2. Data Collection and Monitoring System
Real-time air quality monitoring was conducted using advanced sensor-based technologies. The monitoring stations were strategically placed at different locations around KATPP to capture variations in pollutant concentration. The study focused on the following pollutants:
· Sulfur Dioxide (SO₂)
· Nitrogen Oxides (NOₓ: NO & NO₂)
· Particulate Matter (PM2.5)
· Volatile Organic Compounds (VOCs)
3. Instruments and Technologies Used
To ensure accurate pollutant measurement, the following advanced sensor technologies were used:
3.1. Detection of SO2 and NOx: - 
Lead acetate paper was employed for the qualitative detection of SO₂. Strips of filter paper were impregnated with a 10% aqueous solution of lead acetate, dried, and then suspended in the ambient environment at sampling sites. Upon exposure, SO₂ present in the air reacts with lead acetate to form lead sulfide (PbS), resulting in visible black or brown discoloration of the paper. The intensity of this darkening provides a rough indication of SO₂ concentration in the surrounding air. Modified Griess-Saltzman Method was for detection of the concentration of nitrogen oxides (NOₓ), comprising both nitric oxide (NO) and nitrogen dioxide (NO₂), was estimated using a modified Griess-Saltzman method. Since the standard Griess reagent reacts specifically with NO₂, a pre-oxidation step was incorporated to convert NO into NO₂, ensuring total NOₓ measurement. Ambient air was first passed through an oxidizing medium, such as potassium permanganate or ozone-impregnated filter material, to facilitate the complete conversion of NO to NO₂. The treated air was then exposed to the Griess reagent, a mixture of sulfanilic acid and N-(1-naphthyl) ethylenediamine dihydrochloride in an acidic solution. Upon reaction with NO₂, a reddish azo dye was formed, and the color intensity provided a visual or semi-quantitative indication of total NOₓ concentration. This method offers a practical and economical approach for assessing nitrogen oxide levels in ambient air, especially in field settings with limited instrumentation.
3.2. Smoke Paper Method for Indicative Assessment of Particulate Matter:- 
The Smoke Paper Method is a simple, cost-effective, and indicative technique used to assess particulate matter (especially visible soot or dust) in environments where access to air quality monitoring instruments is limited. This method involves using a clean white card or filter paper, which is carefully fixed in an open area using tape or a stick, ensuring it is sheltered from rain, direct sunlight, or strong winds to avoid interference. The card is left exposed to the ambient air for a period of 24 to 48 hours, allowing airborne particles to settle naturally on its surface. After the exposure period, the degree of darkening or discoloration of the paper is visually observed. In the absence of a standardized reference scale, a series of photographic records can be used to assess the relative intensity of particulate deposition. Although this method does not provide quantitative data, it offers a practical way to monitor pollution trends, especially in rural or low-resource settings.

4. Chromatography Techniques: -
Used for VOCs identification. Chromatography techniques, particularly Gas Chromatography (GC), were employed for the identification and analysis of Volatile Organic Compounds (VOCs) in ambient air. Air samples were collected using sorbent tubes or canisters and subsequently analyzed in the laboratory. In GC, VOCs are separated based on their volatility and interaction with the stationary phase of the column. Basic manual methods were employed to monitor meteorological parameters such as temperature, humidity, wind speed, and wind direction, which significantly influence pollutant dispersion. Ambient temperature was measured using a traditional alcohol or mercury thermometer, while general conditions were also estimated based on observational cues like ground heating, time of day, and plant behavior. Relative humidity was determined using a psychrometer, consisting of wet and dry bulb thermometers, with values derived from a psychrometric chart. Additional qualitative indicators, such as early morning dew or fog presence, also aided in assessing humidity levels. Wind speed was approximated using the Beaufort Wind Scale, which interprets wind intensity through visible effects like leaf movement or dust lifting; for instance, a light breeze (Beaufort 2) rustles leaves, while a moderate breeze (Beaufort 4) can lift loose paper. A simple flag method was also employed to visually gauge wind speed. To determine wind direction, a DIY wind vane made from lightweight materials was used, and the smoke drift method (e.g., using incense sticks) provided a quick visual reference for the direction of air movement. These low-cost approaches provided useful real-time estimations of atmospheric conditions during field monitoring. Field data were systematically collected and subjected to statistical analysis using standard methods, including correlation and trend evaluation, to assess pollutant behavior and their relationship with meteorological parameters.

Monitoring Period:
Monitoring was carried out over a period of nine months, covering all three major seasons:
· Summer (April–June)
· Monsoon (July–September)
· Winter (October–December)
Each location was monitored continuously for 24 hours, three times per season, ensuring data consistency across different meteorological conditions.
5. Results and Discussion
The study aims to provide a comprehensive analysis of air pollution levels around the Kali Sindh Thermal Power Plant (KATPP), Jhalawar, focusing on key pollutants SO₂, NOₓ, PM2.5, and VOCs. The expected outcomes include:
5.1. Pollutant Concentration Trends: Higher concentrations of SO₂ and NOₓ near emission sources. Increased PM2.5 levels due to coal combustion and ash dispersion. Fluctuations in VOCs depending on industrial activity and meteorological conditions.
Table 1:- Average Concentration of Air Pollutants (µg/m³) at Different Locations
	Location
	SO₂ (µg/m³)
	NOₓ (µg/m³)
	PM2.5 (µg/m³)
	VOCs (ppm)
	AQI Category

	Near Power Plant Stack
	150
	180
	95
	1.2
	Poor

	2 km Downwind
	110
	140
	85
	0.9
	Moderate

	5 km Downwind
	80
	90
	60
	0.6
	Moderate

	Residential Area
	50
	65
	45
	0.4
	Satisfactory

	Control Site (10 km Away)
	20
	30
	20
	0.2
	Good
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Figure 1:- This figure shows the variation in air pollutant concentrations at different distances from a power plant. The levels of SO₂, NOₓ, PM2.5, and VOCs are highest near the stack and gradually decrease with distance, indicating dispersion of pollutants.
Air quality monitoring at various locations around the Kali Sindh Thermal Power Plant revealed a significant decline in air quality with increasing proximity to the plant. The highest concentrations of air pollutants were recorded near the power plant stack, where sulfur dioxide (SO₂) reached 150 µg/m³, nitrogen oxides (NOₓ) 180 µg/m³, PM2.5 95 µg/m³, and volatile organic compounds (VOCs) 1.2 ppm. These values placed the air quality in the “Poor” category according to the Air Quality Index (AQI), indicating unhealthy conditions, especially for sensitive groups. Similar results were found with Pant et al., 2020, in which COVID-19 lockdown led to a significant improvement in air quality across major Indian cities, with AQI dropping by 44–59% and pollutants like PM2.5, SO₂, and NO₂ reducing by up to 73%. At a distance of 2 km downwind, pollutant levels decreased but remained elevated, with SO₂ at 110 µg/m³, NOₓ at 140 µg/m³, PM2.5 at 85 µg/m³, and VOCs at 0.9 ppm. This location fell under the “Moderate” AQI category, suggesting that air quality was acceptable but could pose risks for individuals with respiratory conditions. At 5 km downwind, a further reduction in pollutant concentrations was observed—SO₂ at 80 µg/m³, NOₓ at 90 µg/m³, PM2.5 at 60 µg/m³, and VOCs at 0.6 ppm. Although still categorized as “Moderate,” the air quality here was considerably better compared to the immediate surroundings of the plant. In the nearby residential area, air quality was categorized as “Satisfactory,” with lower pollutant levels: SO₂ at 50 µg/m³, NOₓ at 65 µg/m³, PM2.5 at 45 µg/m³, and VOCs at 0.4 ppm. These values suggest that while the air quality is generally acceptable, slight pollution is still present. Similar observations have been reported in other regions. For instance, a study conducted around the Chandrapur Thermal Power Plant in Maharashtra assessed ambient air quality by measuring pollutants such as PM₁₀, PM₂.₅, SO₂, NOₓ, and specific heavy metals. The findings indicated that, although pollutant levels were below permissible limits, they were still alarmingly high from a health perspective, suggesting a significant impact from the thermal power plant's emissions (Manik & Gudadhe 2024).​ At the control site, located 10 km away from the power plant and outside the direct influence of its emissions, the cleanest air was recorded. SO₂ was measured at 20 µg/m³, NOₓ at 30 µg/m³, PM2.5 at 20 µg/m³, and VOCs at just 0.2 ppm. The AQI for this site was classified as “Good,” indicating minimal health risks and a baseline for natural atmospheric conditions. Overall, the data demonstrates a clear spatial trend of declining air quality closer to the power plant, with the severity of pollution decreasing steadily with distance.
5.2. Diurnal and Seasonal Variation: Higher pollutant levels during peak energy production hours. Seasonal variations showing increased pollution in winter due to temperature inversion and lower dispersion rates.
Table 2:- Seasonal Variation of Pollutants (µg/m³) at KATPP
	Season
	SO₂
	NOₓ
	PM2.5
	VOCs

	Summer
	90
	110
	70
	0.7

	Monsoon
	75
	85
	50
	0.5

	Winter
	150
	180
	95
	1.2
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Figure 2:- Pollutant levels are highest in winter due to atmospheric stagnation and lowest during the monsoon, likely because of rainfall and better air cleansing. Summer shows intermediate values, highlighting the role of seasonal weather patterns in influencing air quality.
The seasonal analysis reveals that air pollutant concentrations are highest during the winter season, with SO₂ at 150 µg/m³, NOₓ at 180 µg/m³, PM2.5 at 95 µg/m³, and VOCs at 1.2 ppm. Summer shows moderate pollution levels, while monsoon records the lowest concentrations across all pollutants, indicating the cleansing effect of rainfall. These findings highlight significant seasonal variation in air quality, with winter posing the greatest environmental and health risks. Similarly, research focusing on Delhi found that ambient concentrations of NH₃, NO, NO₂, and SO₂ were higher in winter, with day-night variations more pronounced during this season. Another study in Delhi observed that PM2.5 and PM10 levels peaked in winter, primarily due to increased biomass burning and unfavorable meteorological conditions that hinder pollutant dispersion (Dinesh et al., 2025; Sharma et al., 2010). ​
5.3 Correlation Between Pollutants and Meteorological Conditions: Wind speed and direction influencing pollutant dispersion. Higher humidity levels potentially leading to increased PM2.5 concentration.
Table 3:- Correlation Between Meteorological Factors and Pollutant Levels
	Parameter
	SO₂
	NOₓ
	PM2.5
	VOCs

	Wind Speed (-ve correlation)
	-0.7
	-0.7
	-0.58
	-0.6

	Temperature (-ve correlation)
	-0.6
	-0.6
	-0.5
	-0.62

	Humidity (+ve correlation)
	0.68
	0.74
	0.8
	0.71




Figure 3:- Strong negative correlations are seen with wind speed and temperature, while humidity shows a positive relationship with pollutant concentrations.
The correlation analysis reveals that wind speed and temperature are negatively correlated with pollutant levels, indicating that higher wind and warmer temperatures help disperse pollutants. Specifically, SO₂ and NOₓ show a strong negative correlation of -0.7 with wind speed. On the other hand, humidity shows a positive correlation with all pollutants, most notably with PM2.5 (0.8), suggesting that humid conditions may trap pollutants closer to the ground, worsening air quality. These findings highlight the significant influence of meteorological factors on pollutant concentration levels. In Delhi, a study covering 2019 to 2021 found that temperature and wind speed had a negative correlation with air pollutant concentrations, indicating that higher temperatures and increased wind speeds help disperse pollutants. Conversely, relative humidity showed a positive correlation with pollutant levels, suggesting that higher humidity may contribute to pollutant accumulation (Garsa et al., 2023). ​Negative correlation means pollutants decrease as wind speed or temperature increases, and positive correlation means pollutants increase with humidity.
5.4. Comparison with National Air Quality Standards: Potential exceedance of PM2.5 and NO₂ beyond CPCB (Central Pollution Control Board) limits. Identification of pollution hotspots requiring urgent mitigation.
Health Impacts: High PM2.5 and NOₓ levels pose a risk to respiratory health. Pollution Hotspots: Areas near the power plant have significantly higher pollution levels. Regulatory Implications: Pollution control measures, such as emission reduction technologies and green buffers, are recommended.

Table 4:- Correlation Between Meteorological Factors and Pollutant Levels:- Influence of meteorological conditions on pollution dispersion
	Parameter
	SO₂
	NOₓ
	PM2.5
	VOCs
	Interpretation

	Wind Speed (-ve correlation)
	-0.72
	-0.65
	-0.58
	-0.6
	Higher wind speed disperses pollutants, reducing concentration.

	Temperature (-ve correlation)
	-0.55
	-0.6
	-0.5
	-0.62
	Higher temperatures promote vertical dispersion, reducing pollution.

	Humidity (+ve correlation)
	0.68
	0.74
	0.8
	0.71
	High humidity increases pollutant retention, worsening air quality.




Figure 4:- This bar chart shows the correlation between meteorological parameters and air pollutants. Wind speed and temperature are negatively correlated with pollutants, while humidity shows a positive relationship.
The study revealed significant correlations between meteorological parameters and pollutant concentrations in the vicinity of the Kali Sindh Thermal Power Plant (KATPP). A strong negative correlation was observed between wind speed and major pollutants—SO₂ (-0.72), NOₓ (-0.65), PM2.5 (-0.58), and VOCs (-0.60)—indicating that increased wind speeds facilitate pollutant dispersion and result in lower ground-level concentrations. Similarly, temperature showed a moderate to strong negative correlation with pollutants—SO₂ (-0.55), NOₓ (-0.60), PM2.5 (-0.50), and VOCs (-0.62). This suggests that higher temperatures promote vertical mixing in the atmosphere, aiding in the reduction of pollutant accumulation near the surface. In contrast, humidity exhibited a strong positive correlation with all pollutants, particularly PM2.5 (0.80), followed by NOₓ (0.74), VOCs (0.71), and SO₂ (0.68). This indicates that high humidity levels contribute to pollutant retention A study in Delhi reported that wind can promote the horizontal diffusion of SO₂, effectively reducing its concentration near the source. This supports your finding of a strong negative correlation between wind speed and SO₂ levels (-0.72), indicating that increased wind speeds facilitate pollutant dispersion (Goyal& Sidhartha 2002). ​and slower dispersion, resulting in poorer air quality during more humid conditions. 
Table 5:- Average Pollutant Concentration at Different Locations (µg/m³)
	Location
	SO₂ (µg/m³)
	NOₓ (µg/m³)
	PM2.5 (µg/m³)
	VOCs (ppm)
	AQI Category

	Near Power Plant Stack
	150
	180
	95
	1.2
	Poor

	2 km Downwind
	110
	140
	85
	0.9
	Moderate

	5 km Downwind
	80
	90
	60
	0.6
	Moderate

	Residential Area
	50
	65
	45
	0.4
	Satisfactory

	Control Site (10 km Away)
	20
	30
	20
	0.2
	Good


​

Figure 5: The data indicates that air pollutant concentrations are highest near the power plant stack, with SO₂, NOₓ ³, PM2.5, and VOCs, categorizing the air quality as "Poor.
The data indicates that air pollutant concentrations are highest near the power plant stack, with SO₂ at 150 µg/m³, NOₓ at 180 µg/m³, PM2.5 at 95 µg/m³, and VOCs at 1.2 ppm, categorizing the air quality as "Poor." As the distance from the power plant increases, pollutant levels decrease: at 2 km downwind, the AQI is "Moderate," and by 10 km away (control site), it improves to "Good," with SO₂ at 20 µg/m³, NOₓ at 30 µg/m³, PM2.5 at 20 µg/m³, and VOCs at 0.2 ppm. This trend highlights the significant impact of proximity to thermal power plants on local air quality.​ Similar patterns have been observed in other regions. A study around the Chandrapur Thermal Power Plant in Maharashtra found that, although pollutant levels were below permissible limits, they were alarmingly high from a health perspective, indicating the substantial influence of the power plant on local air quality. ​ (Manik & Gudadhe 2024)

Table 6:- Seasonal Variation of Pollutants (µg/m³) at KATPP
	Season
	SO₂
	NOₓ
	PM2.5
	VOCs

	Summer
	90
	110
	70
	0.7

	Monsoon
	75
	85
	50
	0.5

	Winter
	150
	180
	95
	1.2




Figure 6:- Pollutant concentrations are highest in winter, likely due to atmospheric inversion and low dispersion. Summer shows moderate levels, while the monsoon season records the lowest concentrations across all pollutants, attributed to rainfall and enhanced air cleansing.
The seasonal analysis of air pollutants at the Kali Sindh Thermal Power Plant (KATPP) reveals notable variations across summer, monsoon, and winter. Winter shows the highest concentration of all pollutants: SO₂ (150 µg/m³), NOₓ (180 µg/m³), PM2.5 (95 µg/m³), and VOCs (1.2 ppm), indicating poor dispersion and higher pollutant retention during colder months. Summer records moderate levels: SO₂ (90 µg/m³), NOₓ (110 µg/m³), PM2.5 (70 µg/m³), and VOCs (0.7 ppm), reflecting slightly better dispersion conditions. Monsoon exhibits the lowest concentrations, with SO₂ (75 µg/m³), NOₓ (85 µg/m³), PM2.5 (50 µg/m³), and VOCs (0.5 ppm), likely due to the cleansing effect of rainfall and increased humidity aiding pollutant washout. These results indicate that winter poses the highest risk for air quality deterioration near KATPP, while monsoon conditions help in natural pollutant mitigation. Studies have reported elevated levels of pollutants such as PM₂.₅, NO₂, and SO₂ during winter months. For instance, research in the Indo-Gangetic Plain observed that PM₂.₅ concentrations were significantly higher in winter compared to other seasons, attributed to factors like increased biomass burning and unfavorable meteorological conditions that hinder pollutant dispersion. ​Conversely, the monsoon season typically records the lowest pollutant concentrations. The same study noted that the monsoon season depicted the minimum concentration of air pollutants, likely due to wet deposition processes where rain washes away pollutants from the atmosphere. During summer, pollutant levels are generally moderate. Research focusing on Delhi's industrial areas found that certain pollutants like SO₂ had higher concentrations in summer, potentially due to increased industrial activities and higher temperatures promoting photochemical reactions (Bose & Chowdhury 2023).
Table 7:- Compliance with CPCB Air Quality Standards
	Pollutant
	Measured Range (µg/m³)
	CPCB Limit (µg/m³)
	Status

	SO₂
	50 – 150
	80
	Exceeds Limit

	NO₂
	65 – 180
	100
	Exceeds Limit

	PM2.5
	20 – 95
	60
	Exceeds Limit

	VOCs
	0.2 – 1.2 ppm
	No Standard
	N/A



​
Figure 7:- Compliance with CPCB Air Quality Standards
An analysis of pollutant concentrations at the Kali Sindh Thermal Power Plant (KATPP) reveals those levels of sulfur dioxide (SO₂), nitrogen dioxide (NO₂), and particulate matter (PM2.5) frequently exceed the Central Pollution Control Board's (CPCB) National Ambient Air Quality Standards (NAAQS). Specifically, SO₂ levels range from 50 to 150 µg/m³, surpassing the 24-hour limit of 80 µg/m³; NO₂ levels vary between 65 and 180 µg/m³, exceeding the 24-hour standard of 80 µg/m³; and PM2.5 concentrations range from 20 to 95 µg/m³, breaching the 24-hour limit of 60 µg/m³. The CPCB has not established specific standards for volatile organic compounds (VOCs), making compliance assessment for these pollutants indeterminate (CPCB, 2019). Furthermore, a study analyzing air quality in the Singrauli region over 15 years observed significant environmental degradation attributed to industrialization, particularly from thermal power plants (Romana et al., 2020; Neeraj et al., 2025). 
6. Conclusion
The comprehensive assessment of air quality around the Kali Sindh Thermal Power Plant (KATPP) highlights critical environmental challenges. Spatial data revealed that pollutant concentrations—including SO₂, NOₓ, PM2.5, and VOCs—were highest near the power plant stack (SO₂: 150 µg/m³, NOₓ: 180 µg/m³, PM2.5: 95 µg/m³), placing the area in the “Poor” AQI category. Pollutant levels gradually decreased with distance, reaching “Good” AQI at control sites located 10 km away, indicating a clear dispersion pattern. Seasonal variation analysis confirmed that winter experiences the highest pollutant loads due to low atmospheric dispersion conditions (SO₂: 150 µg/m³, NOₓ: 180 µg/m³, PM2.5: 95 µg/m³, VOCs: 1.2 ppm), whereas monsoon recorded the lowest concentrations, largely due to the cleansing effect of rainfall. Meteorological correlation analysis revealed that higher wind speeds and temperatures are negatively correlated with pollutant concentrations (e.g., wind speed with SO₂: -0.72, NOₓ: -0.65), facilitating pollutant dispersion. Conversely, humidity exhibited a strong positive correlation (PM2.5: 0.80), indicating its role in increasing pollutant retention near ground level. In terms of regulatory compliance, SO₂, NOₓ, and PM2.5 levels at various locations exceeded CPCB’s permissible limits (SO₂: 80 µg/m³, NO₂: 100 µg/m³, PM2.5: 60 µg/m³), confirming non-compliance and highlighting the urgent need for emission control. This study provides critical insights for improving air quality management around thermal power plants. It supports evidence-based policymaking and highlights health risks due to pollutant exposure. The findings emphasize the role of meteorological factors in pollution dispersion. Overall, it promotes sustainable industrial practices and environmental planning.
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correlation between meteorological parameters and air pollutant concentrations


Wind Speed (-ve correlation)	
SO₂	NOₓ	PM2.5	VOCs	-0.7	-0.7	-0.57999999999999996	-0.6	Temperature (-ve correlation)	
SO₂	NOₓ	PM2.5	VOCs	-0.6	-0.6	-0.5	-0.62	Humidity (+ve correlation)	
SO₂	NOₓ	PM2.5	VOCs	0.68	0.74	0.8	0.71	



Wind Speed 
(-ve correlation)	
SO₂	NOₓ	PM2.5	VOCs	-0.72	-0.65	-0.57999999999999996	-0.6	Temperature
 (-ve correlation)	
SO₂	NOₓ	PM2.5	VOCs	-0.55000000000000004	-0.6	-0.5	-0.62	Humidity
 (+ve correlation)	
SO₂	NOₓ	PM2.5	VOCs	0.68	0.74	0.8	0.71	Meteorological Parameters


Pollutant speed





Pollutant concentration at different Location

SO₂ (µg/m³)	
Near Power Plant Stack	2 km Downwind	5 km Downwind	Residential Area	Control Site (10 km Away)	150	110	80	50	20	NOₓ (µg/m³)	
Near Power Plant Stack	2 km Downwind	5 km Downwind	Residential Area	Control Site (10 km Away)	180	140	90	65	30	PM2.5 (µg/m³)	
Near Power Plant Stack	2 km Downwind	5 km Downwind	Residential Area	Control Site (10 km Away)	95	85	60	45	20	VOCs (ppm)	
Near Power Plant Stack	2 km Downwind	5 km Downwind	Residential Area	Control Site (10 km Away)	1.2	0.9	0.6	0.4	0.2	




Pollutant at seasonal variations 
Summer	
SO₂	NOₓ	PM2.5	VOCs	90	110	70	0.7	Monsoon	1.2
[VALUE]

SO₂	NOₓ	PM2.5	VOCs	75	85	50	0.5	Winter	
SO₂	NOₓ	PM2.5	VOCs	150	180	95	1.2	



CPCB Limit (µg/m³)	
50 – 150	65 – 180	20 – 95	0.2 – 1.2 ppm	SO₂	NO₂	PM2.5	VOCs	80	100	60	
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