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This study presents a comparative evaluation of high-volume samplers (HVS) and low-cost Airveda 
sensor-based platforms for monitoring particulate matter (PM₁₀ and PM₂.₅) concentrations in Kolkata 
during the pre-monsoon period from February to May 2018. Despite identical atmospheric conditions, 
notable discrepancies were observed between the two methods, attributed to differences in aerosol 
collection efficiency, sensitivity, and calibration protocols. HVS, based on gravimetric filtration, 
demonstrated higher accuracy and regulatory reliability, whereas Airveda employs optical sensing, 
which can be affected by humidity and aerosol properties. Bland-Altman analysis indicated systematic 
biases and heteroscedasticity in PM₁₀ and PM₂.₅ measurements, with greater divergence observed at 
higher concentrations. Regression results for PM₂.₅ suggested a fixed bias (mean difference: 19.35 
µg/m³) with minimal proportional bias. Paired t-tests revealed statistically significant differences 
between HVS and Airveda for both PM₁₀ (p < 0.0001) and PM₂.₅ (p = 0.0004), confirming systematic 
measurement discrepancies. The PM₁₀ mean difference of 46.63 µg/m³ highlights methodological 
limitations in Airveda sensors for longer-term monitoring. These findings underscore the critical need 
for standardized calibration, correction factor application, and validation protocols to enhance inter-
instrument comparability and data reliability. Integrating diverse measurement platforms, with 
appropriate calibration, can strengthen air quality surveillance frameworks and inform evidence-based 
policy interventions for urban air pollution mitigation. 
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1. Introduction 

Accurate measurement of airborne particulate matter (PM) is essential 
for understanding its distribution, sources, and health impacts, thereby 
informing air quality management strategies and regulatory frameworks. 
PM is typically categorized based on aerodynamic diameter into coarse 
particles (PM10), fine particles (PM2.5), and ultrafine particles (PM0.1), each 
posing distinct health risks due to their size-dependent deposition 
patterns in the respiratory system [1]. Sampling techniques for PM are 
broadly classified into manual, automated, and optical methods, each with 
specific applications, advantages, and limitations. Manual methods, such 
as filter-based gravimetric analysis and diffusion tubes, are cost-effective 
and suitable for long-term monitoring but often lack temporal resolution 
[2]. Automated systems, including continuous analyzers and mobile 
laboratories, provide real-time data and high spatial resolution but are 
more expensive and require maintenance [3]. Optical methods, like 
Differential Optical Absorption Spectroscopy (DOAS), offer remote sensing 
capabilities over extended distances, facilitating large-scale assessments 
[4]. The selection of an appropriate sampling technique depends on the 
specific objectives of the study, available resources, and required data 
resolution. Combining different methods can enhance the robustness of air 
quality assessments and provide comprehensive insights into particulate 
pollution dynamics [1]. 

High volume samplers (HVS) are widely used for collecting total 
suspended particulates (TSP) or specific size fractions such as PM₁₀ from 
ambient air over a 24-hour period. The sampler operates by drawing large 
volumes of air-typically 1.1 to 1.7 cubic meters per minute-through a pre-
weighed filter medium using a high-capacity blower. Particulate matter is 
captured on the filter, and after the sampling period, the filter is reweighed 
to determine the mass concentration of the collected particles [5]. The 
aerodynamic size selection is often achieved using an inlet device, such as 
a size-selective impactor or a cyclone separator, which ensures only 

particles below a specified size reach the filter. High volume samplers are 
considered reliable and standardized methods for gravimetric PM analysis 
and are commonly used in regulatory and epidemiological studies [6]. 

Beta attenuation monitoring (BAM) is a continuous, automated 
technique used to measure the mass concentration of particulate matter, 
particularly PM₁₀ and PM₂.₅, in ambient air. The method is based on the 
attenuation of beta radiation (typically from a carbon-14 or krypton-85 
source) as it passes through a particle-laden filter tape. As particulate 
matter is deposited onto the filter by drawing ambient air through it, the 
beta particles encounter greater resistance, leading to a measurable 
decrease in radiation intensity. This attenuation is directly proportional to 
the mass of the collected particles, allowing for real-time mass 
concentration readings [7]. BAM instruments are valued for their ability to 
provide high time-resolution data (e.g., hourly or sub-hourly), minimal 
maintenance requirements, and compatibility with regulatory standards. 
However, the accuracy of BAM measurements can be influenced by factors 
such as humidity, temperature fluctuations, and particle composition [8]. 

The current study aims to explore and analyze the differences in 
particulate matter (PM) concentrations measured using two distinct 
sampling techniques: the High-volume sampler (HVS) and the beta 
attenuation monitor (BAM). Both methods are commonly used for 
quantifying PM₁₀ and PM₂.₅ concentrations in ambient air, but they 
operate on different principles. The high-volume sampler collects 
particulate matter on a filter through which a large volume of air is drawn, 
and the mass of the particles is determined gravimetrically by weighing 
the filter before and after sampling [6]. In contrast, the beta attenuation 
monitor continuously measures the attenuation of beta radiation as it 
passes through a filter tape on which particles have accumulated, 
providing real-time data on PM concentrations [7]. The primary objective 
of this study is to assess the temporal and mass concentration differences 
between the two methods, taking into account factors such as 
measurement precision, sampling resolution, and potential biases 
introduced by each technique. Additionally, the study will examine the 
impact of environmental conditions, such as humidity and temperature, 
on the accuracy of both instruments, as these factors can affect the 
performance of the BAM while remaining less influential on the 
gravimetric method used in HVS. By understanding the comparative 

 
*Corresponding Author:anishganguly70@outlook.com(Anish Ganguly) 
 

https://doi.org/10.30799/jespr.259.25110402 

 

ISSN: 2455-0272 

https://creativecommons.org/licenses/by/4.0/


528 
 

https://doi.org/10.30799/jespr.259.25110402 

Anish Ganguly / Journal of Environmental Science and Pollution Research 11(4) (2025) 527–532  

Cite this Article as: Anish Ganguly, Comparative evaluation of high-volume samplers and low-cost sensor-based platforms for air pollutant monitoring, J. Env. Sci. Pollut. Res. 11(4) (2025) 527–532. 

 

performance of these sampling methods, this study will provide insights 
into their suitability for various monitoring applications and contribute to 
improving the accuracy and reliability of air quality assessments. 
 

2. Experimental Methods 

2.1 Study Area  

The present study was conducted in the central part of Kolkata (22°33′ 
N and 88°20′ E), one of the most densely populated and industrially active 
metropolitan cities in eastern India. Kolkata, the capital of West Bengal, is 
characterized by a complex mix of anthropogenic activities including 
dense traffic, commercial hubs, residential areas, and small-scale 
industries, all of which contribute to elevated concentrations of airborne 
particulate matter [9,10]. The southern region of the city, which includes 
area such as Jadavpur, was selected for monitoring due to its high human 
activity levels, heavy vehicular emissions, and limited ventilation caused 
by narrow streets and dense infrastructure [11]. 

The selection of the study area was carried out through a systematic 
approach combining ground truth surveys, open-source geospatial 
datasets, and existing literature [12]. Field reconnaissance was conducted 
to validate the suitability of monitoring location based on factors such as 
land use, emission sources, accessibility, and population density. Open-
source GIS platforms, particularly OpenStreetMap (OSM), were utilized to 
obtain detailed spatial information on road networks, industrial zones, 
green cover, and residential clusters, which informed the stratified 
selection of sampling sites [12]. Additionally, relevant peer-reviewed 
literature and governmental reports were reviewed to identify regions 
with documented air quality concerns and meteorological variability. This 
multi-criteria approach ensured the selection of study areas that were 
representative of diverse urban typologies and pollution exposure 
scenarios, thereby enhancing the robustness and generalizability of the 
findings [12]. This region has been identified in previous studies as a 
hotspot for poor air quality, especially with regard to PM₁₀ and PM₂.₅ 
concentrations [12]. Furthermore, meteorological conditions such as low 
wind speed and high humidity during certain seasons exacerbate pollutant 
accumulation in this area [13]. Therefore, the central part of Kolkata 
serves as a representative urban environment for examining 
spatiotemporal variations in particulate matter and assessing the 
potential health implications associated with long-term exposure. 

 

2.2 Method 

This study aimed to monitor the concentrations of particulate matter 
(PM) in central Kolkata, focusing specifically on PM10 and PM2.5. To achieve 
this, two samplers were utilized for air quality monitoring: High-volume 
air sampler (APM 460) for PM10 and the Ecotech Model AAS 127 sampler 
for PM2.5. These samplers were positioned at carefully selected monitoring 
sites in central Kolkata, chosen to represent areas with varying traffic 
density and industrial activity. The sampling duration was done for few 
selected days in the months of February -May with samples being collected 
continuously for 24 hours to capture diurnal variations in particulate 
matter concentrations [14,15]. 

The high-volume air sampler (APM 460) was used to monitor PM10, 
which includes particulate matter with aerodynamic diameters of 10 
micrometers or less. The Ecotech Model AAS 127 sampler was employed 
to monitor the finer PM2.5 particles, which are of particular concern for 
health due to their ability to penetrate deep into the respiratory system 
[16]. The samplers were calibrated prior to deployment to ensure 
accuracy and were maintained regularly during the study to avoid 
discrepancies in measurements [17]. Each sampler was set up with filter 
media (e.g., quartz filters) to capture particulate matter from the air. Once 
the sampling was completed, the filters were carefully removed and 
transported to the laboratory for further analysis. The filters were 
weighed to determine the mass of collected particulate matter. PM 
concentrations were calculated by dividing the mass of particles collected 
by the volume of air sampled during the period [18]. Additionally, 
meteorological parameters, such as wind speed, temperature, and 
humidity, were recorded at each site to account for environmental factors 
that could influence particulate matter dispersion [19]. 

The concentration of the particulate matters was measured and 
calculated using the equation C = (A-B)/(QxT), where, C=Concentration of 
SPM in μg/m3; A=Final weight of filter paper in grams; B= Initial weight of 
filter paper in grams; Q=Mean flow rate in m3/min and T=time interval for 
which the sampling is done in hrs. 

 
2.3 Laboratory Procedure 

To ensure accurate gravimetric analysis of particulate matter, a 
Whatman filter paper was first folded into four quadrants and placed 

inside a desiccator for 24 hours to eliminate any residual moisture prior 
to use. On the day of sampling, the pre-conditioned filter paper was 
removed and weighed using a Sartorius electronic microbalance (Model: 
F 212-1), with the recorded mass noted as the initial weight (B). The filter 
was then carefully unfolded and mounted over the gasket of the APM 
460BL high volume air sampler, with the protective lid secured to prevent 
mechanical damage. The sampler was operated for a scheduled duration 
of 4 hours, during which time the initial air flow rate was recorded using 
the U-tube manometer attached to the sampler, filled with distilled water. 
Throughout the sampling period, the water level in the manometer was 
maintained at regular intervals (every 15–20 minutes) using a syringe to 
ensure accurate pressure readings. Upon completion of the sampling 
period, the device was switched off and the final air flow rate was 
measured. The filter paper was then carefully removed, refolded, sealed in 
a zip pouch, and placed again in the desiccator for an additional 24 hours 
to remove absorbed moisture. After this conditioning period, the final 
weight (A) of the filter was measured to determine the mass of collected 
particulate matter by subtracting the initial weight (B) from the final 
weight (A). 

In addition to the stationary samplers, the Airveda air quality monitor, 
a portable, real-time monitoring device, was deployed at the same 
monitoring sites. This device allowed for continuous, real-time tracking of 
PM10 and PM2.5 concentrations. The Airveda monitor provided instant 
readings, which were logged throughout the study period, offering 
complementary data to the high-volume samplers. The advantage of the 
Airveda device lies in its ability to provide real-time data on air quality 
fluctuations, which could help capture rapid changes in pollution levels 
due to transient events such as traffic peaks, weather changes, or local 
industrial emissions [20]. 

Calibration of both the high-volume air sampler and the Ecotech 
sampler was carried out prior to deployment to ensure precision in the 
measurements, and regular maintenance was performed during the study 
to avoid any discrepancies. The Airveda monitor was calibrated and 
verified against the established samplers to ensure that its real-time 
readings were consistent with the laboratory-based measurements [21]. 

Meteorological parameters, including ambient temperature, relative 
humidity, and wind speed, were obtained from publicly available 
databases maintained by authorized government agencies. Specifically, 
data were sourced from the India Meteorological Department (IMD), 
which provides high-resolution, quality-controlled atmospheric 
observations through its urban meteorological monitoring networks. 
These parameters were recorded for each sampling day and location, 
corresponding with the particulate matter monitoring schedule, to assess 
the influence of atmospheric conditions on the dispersion and 
concentration of PM10 and PM2.5 [22,23]. Temperature influences 
atmospheric stability, while wind speed and direction govern horizontal 
pollutant transport, and relative humidity affects the hygroscopic growth 
of particulate matter [24,25]. Integrating these parameters into the 
analysis enables more robust interpretation of temporal and spatial 
variations in PM concentrations, as well as identification of pollution 
episodes associated with meteorological anomalies [26]. 

Meteorological parameters such as temperature, relative humidity, and 
wind speed were cross -validated from the Central Pollution Control Board 
(CPCB) databases corresponding to the sampling dates and locations. To 
ensure the reliability of the data, validation was carried out by consulting 
with IMD officials regarding the protocols used for data acquisition and 
quality assurance. The discussions confirmed that the parameters were 
recorded following standardized procedures and national guidelines for 
meteorological data collection [22,23].  

The sampling was done from February to May 2018 two days/weekly 
for 24 hours to access the comparison between high-volume samplers and 
low-cost sensor-based platforms for air pollutant monitoring between 
pre-monsoon season and monsoon season to determine the efficiency of 
both pollutants. 

 
2.4 Statistical Assessment 

As all pollutant and meteorological data utilised in this study were 
primary in nature, considerable emphasis was placed on their statistical 
assessment. Descriptive and inferential statistical techniques including 
correlation analysis, regression analysis, and the computation of central 
tendency measures such as mean, median, and mode were employed to 
evaluate relationships, trends, and variability within the dataset [27]. For 
a more in-depth evaluation, both correlation and regression analyses were 
employed. These statistical methods were applied to identify and quantify 
the relationships between pollutant levels (e.g. PM₁₀, PM2.5) and key 
meteorological variables such as temperature, relative humidity, wind 
speed, and rainfall [27]. Correlation analysis is a statistical technique used 
to measure the degree of linear dependence between two continuous 
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variables. Pearson’s correlation coefficient (r) serves as a quantitative 
measure of this relationship, where the value of r lies within the interval -
1 ≤ r ≤ 1 [24]. The correlation coefficient r indicates the strength and 
direction of a linear relationship between two variables, where r=1 
denotes perfect positive correlation, r=−1 indicates perfect negative 
correlation, and r=0 signifies no linear correlation [27]. The Pearson 
correlation coefficient is calculated using the formula: 

 

𝑟 =
∑𝑑𝑥𝑑𝑦

√∑𝑑𝑥2 × ∑𝑑𝑦2 
 

 

where, x is the variable which represents the pollutant concentration 
(PM10, PM2.5) and y is the variable which represents the meteorological 
parameters (temperature, rainfall, humidity and atmospheric pressure) 

This method enables the assessment of how closely pollutant 
concentrations align with variations in meteorological parameters, 
offering valuable insights into potential cause-effect relationships or 
underlying patterns [27]. 

To assess the agreement between the two measurement methods high 
volume sampler and Airveda sampler for particulate matter (PM₁₀ and 
PM₂.₅), Bland-Altman analysis was performed. This method is widely used 
to evaluate the agreement between two quantitative measurement 
techniques by plotting the differences against the averages of the two 
methods, allowing for identification of systematic bias and limits of 
agreement [28]. The mean difference (bias) and 95% limits of agreement 
(mean ± 1.96 SD) were calculated to determine the level of concordance 
between the devices. Both ordinary analysis and regression analysis were 
performed. In addition to the Bland-Altman analysis, a paired t-test was 
conducted to statistically compare the mean PM₁₀ and PM2.5 

concentrations recorded by the two devices. This test assesses whether 
the mean difference between paired observations is significantly different 
from zero, under the assumption of normally distributed differences [29].  
All analyses were performed using SPSS version [SPSS version 30], with 
significance set at p < 0.05. Prior to analysis, data were tested for normality 
using the Shapiro-Wilk test [29]. 

 

3. Results and Discussion 

Monthly data from February to May 2018 were systematically collected 
and analysed to assess the variability and distribution of key 
meteorological parameters and particulate matter concentrations (PM₁₀ 
and PM₂.₅) using a combination of reference-grade and low-cost air quality 
monitoring instruments. The sampling campaign employed high volume 
samplers (HVS), specifically the APM 460 model, and the Ecotech AAS 127 
ambient air quality sampler, both of which are standard reference 
instruments widely used in regulatory monitoring networks. Additionally, 
data were concurrently collected using the Airveda monitor, a compact, 
sensor-based device designed for real-time ambient air quality 
assessment. This multi-instrument approach allowed for comparative 
analysis of data accuracy, reliability, and spatial-temporal resolution 
across monitoring platforms. The instruments were deployed at 
designated monitoring sites representing varying land-use patterns and 
emission profiles. Meteorological parameters, including ambient 
temperature, relative humidity, wind speed, and wind direction, were 
recorded using co-located sensors or secondary data from the nearest 
meteorological stations. The integration of data from both regulatory-
grade and portable monitoring devices facilitated a comprehensive 
evaluation of particulate pollution dynamics during the late winter to early 
summer transition period. Furthermore, the comparative performance 
assessment between Airveda and reference samplers contributed to 
validating the applicability of low-cost sensors in regional air quality 
surveillance and citizen science initiatives. The findings indicated a clear 
seasonal trend in the concentration levels of air pollutants in both 
smaplers. Specifically, the concentrations of pollutants were observed to 
be highest during the pre-monsoon period, with the lowest levels recorded 
during the monsoon season (Table 1). 

 
Table 1 The average and median concentration of pollutants and meteorological 
parameters in pre-Monsoon period (February 2018- May 2018) 
 

 

Statistical 

parameters 

Wind-

speed 

(mph) 

Humidi

ty % 

Mean 

Temp 

(°C) 

High Volume 

Samplers (HVS)  

Airveda 

Sampler 

(Airveda) 

PM10 

(μg/m3) 

PM2.5 

(μg/m3) 

PM10 

(μg/m3) 

PM2.5 

(μg/m3) 

Avg 13.73 69.42 28.08 102.74 51.71 58.88 32.54 

Median 13.5 70.87 29.44 106 50 52.5 31.5 

Table 2  Pearson Correlation assessment between the Particulate matters (PM) 
collected in high volume samplers (HVS) and Airveda Sampler and with the 
meteorological parameters. 

 

 High Volume Sampler Airveda Sampler (Airveda) 

Parameters PM10 (μg/m3) PM2.5 (μg/m3) PM10 (μg/m3) PM2.5 (μg/m3) 

Windspeed (mph) -0.71 -0.69 -0.699 -0.69 

Humidity % -0.63 -0.56 -0.45 -0.39 

Mean 

Temperature(°C) 
-0.74 -0.82 -0.58 -0.61 

 
3.1 Correlation Between Wind Speed and PM Concentrations 

The analysis revealed a negative correlation between wind speed and 
PM concentrations across both samplers in pre-Monsoon period, 
suggesting that as wind speed increases, particulate matter concentrations 
tend to decrease (Table 2). 

These findings suggest a consistent trend where higher wind speeds 
likely contribute to improved dispersion of particulate matter, thereby 
reducing its concentration at the sampling location. This is consistent with 
the general atmospheric dynamics where increased wind speed aids in the 
dilution and transportation of airborne pollutants [30,24]. However, the 
strength of the correlation is somewhat weaker than expected, which may 
be attributed to local variations in pollution sources, the complex 
interaction of meteorological conditions, and differences in the spatial 
distribution of pollution. 
 
3.2 Correlation Between Humidity and PM Concentrations 

The analysis revealed negative correlations between humidity and both 
PM₁₀ and PM2.5 concentrations, indicating an inverse relationship where 
higher humidity levels were generally associated with lower 
concentrations of particulate matter. 

These negative correlations suggest that, as humidity levels increase, 
the concentration of particulate matter tends to decrease. The inverse 
relationship may be attributed to several atmospheric mechanisms. 
Increased humidity can promote the wet scavenging of airborne 
particulate matter, a process where water droplets collide with and 
remove particles from the air. Additionally, higher humidity can increase 
the size of particles through hygroscopic growth, which can lead to more 
particles being removed from the atmosphere through gravitational 
settling [30,24]. 
 
3.3 Correlation Between Temperature and PM Concentrations 

The analysis of the correlations revealed a negative correlation between 
temperature and PM concentrations, which suggests that as temperature 
increases, particulate matter concentrations tend to decrease. This trend 
can be explained by several atmospheric processes, primarily related to 
thermal dispersion and increased atmospheric stability during warmer 
periods. Higher temperatures can enhance the vertical mixing of the 
atmosphere, allowing pollutants to disperse more effectively and resulting 
in a reduction of ground-level particulate concentrations [30,24]. 

 
 3.4 Comparison Between High Volume Sampler (HVS) and Airveda in Pre-

Monsoon Season 

Although both instruments show similar correlations, the HVS 
displayed slightly stronger negative correlations (r = -0.71 for PM₁₀ and r 
= -0.69 for PM2.5) compared to the Airveda (r = -0.699 for PM₁₀ and r = -
0.69 for PM2.5). The HVS is a standard, high-accuracy method used for 
regulatory air quality monitoring, which may contribute to its more robust 
correlation with wind speed, as it typically captures more representative 
concentrations over longer sampling periods. The Airveda, being a low-
cost, portable sensor, might show slightly weaker correlations due to 
inherent limitations in precision, temporal resolution, or potential 
calibration differences [31,32]. Despite this, the similarity in the 
correlation results between both samplers indicates that the Airveda 
could be a reliable tool for monitoring PM concentrations, particularly in 
settings where high volume samplers are not feasible. 

The negative correlation between humidity and PM concentrations is 
observed in both the HVS and Airveda data, the strength of the correlation 
is stronger for the HVS. Specifically, the correlation for PM₁₀ (r = -0.63) and 
PM₂.₅ (r = -0.56) from HVS was more pronounced compared to the Airveda 
monitor, which showed weaker correlations (r = -0.45 for PM₁₀ and r = -
0.39 for PM₂.₅). This difference may be due to the higher precision and 
accuracy of the HVS, which is a reference-grade instrument designed for 
regulatory air quality monitoring. The Airveda, being a low-cost, portable 
sensor, could have inherent limitations in temporal resolution, calibration, 
or sensor sensitivity, which might affect the strength of the observed 
correlation [31,32]. 
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The HVS exhibited stronger negative correlations between temperature 
and PM concentrations compared to the Airveda. For PM₁₀, the correlation 
for the HVS was -0.74, while for Airveda, it was -0.58. Similarly, the 
correlation for PM2.5 was -0.82 for the HVS and -0.61 for the Airveda. The 
stronger correlations observed with the HVS can be attributed to its 
greater accuracy and precision as a reference-grade instrument, which 
provides more reliable and robust data, especially over longer sampling 
durations and more consistent calibration. On the other hand, the Airveda, 
being a portable and low-cost sensor, may have inherent limitations in 
terms of calibration, sensitivity, and temporal resolution, which could 
slightly weaken the observed correlation with temperature [31,32]. 

 

 
Fig. 1 PM10 Concentrations (μg/m3) trends between high volume sampler (APM460) 
and Airveda sampler in pre monsoon period  (February 2018-May 2018) 
 

 
Fig. 2 PM2.5 Concentrations (μg/m3) trends between high volume sampler (Ecotech 
Model AAS 127 sampler ) and Airveda sampler in pre monsoon period  (February 
2018-May 2018) 

 
The discrepancy observed in PM10 and PM2.5 concentration 

measurements between high volume samplers and Airveda samplers, 
despite identical atmospheric conditions (Figs. 1 and 2) likely arises from 
variations in instrument sensitivity, aerosol collection efficiency, and 
calibration methodologies. High volume samplers operate using 
gravimetric filtration, where air is drawn through a filter at high flow rates, 
accumulating particulates that are later weighed to determine PM10 mass 
concentration, a method known for high accuracy and regulatory 
compliance [2]. In contrast, Airveda Samplers employ optical sensors that 
estimate PM10 and PM2.5 concentrations by detecting light scattering from 
suspended particulates, a technique susceptible to variations in humidity 
and particle refractive index, potentially leading to underestimation in 
high-pollution environments [20]. The differences in particle deposition 
mechanisms and flow dynamics between the instruments may also 
influence measurement outcomes, as filter-based systems tend to capture 
a broader range of particulate sizes compared to optical sensors, which are 
more sensitive to real-time fluctuations but can be affected by calibration 
drift [6]. Standardized inter-instrument calibration procedures, including 
side-by-side collocation studies and correction factor applications, are 
essential to harmonize data discrepancies and ensure comparability 
across air quality monitoring networks [32]. 

The presence of a systematic difference suggests that one sampler 
consistently reports higher or lower PM10 or PM2.5 concentrations than the 
other [32]. The range within which most differences fall provides insight 
into the measurement consistency and the reliability of inter-device 
comparison [33]. If the differences vary with PM10 or PM2.5 concentration 
levels, it may indicate increasing measurement divergence at higher PM10 

or PM2.5 values due to calibration discrepancies or sensitivity [6]. 

 
Fig. 3 Bland Altman Plot for assessing the agreement for PM10 between high volume 
sampler (HVS)  and Airveda sampler 
 
Table 3 Bland Altman Plot for assessing the agreement for PM10 between high 
volume samplers (HVS)  and Airveda sampler with the Shapiro-Wilk test for 
normality of the distribution of the y-variable returns a p-value of 5.38e-02. 
 

Parameter Value 95%CI lower limit 95%CI upper limit 

difference 46.63 28.8 64.45 

upper Limit of Agreement 145.29 114.8 175.77 

lower Limit of Agreement -52.03 -82.51 -21.55 

Difference between LoA 197.32   

intercept 29.75 -8.76 68.26 

slope 0.14 -0.15 0.43 

widest possible LoA 258.28   

 

The Bland-Altman plot for PM10 concentration measurements during 
the pre-monsoon period provides a statistical assessment of agreement 
between high volume samplers and Airveda samplers, highlighting 
systematic biases and variability between these two measurement 
methods (Fig. 3). The x-axis represents the mean PM10 concentration from 
both samplers, while the y-axis displays the difference between their 
measurements, allowing for a visual evaluation of bias consistency and 
dispersion across varying pollution levels (Fig. 3). The plot suggests a 
mean bias, indicating that one sampler consistently records higher PM10 
values compared to the other, potentially due to differences in calibration 
methodologies, sensor precision, or aerosol capture efficiency [32]. 
Additionally, the presence of heteroscedasticity implies that measurement 
divergence increases with higher PM10 concentrations, suggesting 
instrumental sensitivity limitations or environmental influences affecting 
particle detection accuracy [6]. The limits of agreement provide a 
statistical threshold within which most differences fall, ensuring 
comparability for air quality surveillance and regulatory compliance34. 
These findings underscore the necessity of calibration standardization, 
inter-sampler validation, and correction factor applications to minimize 
discrepancies and enhance air pollution monitoring reliability [6]. The 
systematic bias observed in PM10 measurements emphasizes the 
importance of integrating diverse measurement techniques within 
environmental monitoring frameworks to improve data accuracy and 
support evidence-based policy interventions aimed at mitigating urban 
particulate pollution. Standardized calibration procedures are essential to 
reduce discrepancies and ensure reliable PM10 air quality monitoring (Fig. 
3). Moreover, the interpretation of Table 3 proves that Airveda is falling to 
accurately monitor PM10 for a longer timeline. 

The Bland-Altman plot for PM2.5 concentrations visually evaluates the 
agreement between high volume samplers and Airveda samplers, with the 
x-axis representing the mean PM2.5 concentration for both methods and 
the y-axis showing the difference between their measurements. The 
observed systematic bias suggests that one sampler consistently measures 
higher PM2.5 concentrations compared to the other, potentially due to 
differences in filter-based gravimetric sampling versus optical sensor-
based detection [32]. The limits of agreement define the acceptable range 
within which most differences fall, offering insight into measurement 
variability and instrument comparability [33]. The plot reveals 
heteroscedasticity, where measurement discrepancies increase at higher 
PM2.5 concentrations, indicating that sensor precision, calibration drift, or 
aerosol composition variations may influence measurement accuracy 
[32]. These findings emphasize the need for standardized calibration 
procedures, correction factor applications, and cross-instrument 
validation to ensure reliable PM2.5 monitoring within air quality 
surveillance frameworks [32]. Calibration standardization is crucial to 
improve inter-sampler agreement and enhance the accuracy of PM2.5 
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monitoring. As the Shapiro-Wilk test for normality yields a p-value <0.05, 
an ordinary analysis became unsuitable and regression analysis was taken 
into consideration. 
 

 
Fig. 4 Bland Altman Plot for assessing the agreement for PM2.5 between high volume 
sampler (HVS) sampler and Airveda sampler 
 
Table 4 Bland Altman plot for assessing the agreement for PM2.5 between high 
volume samplers (HVS) and Airveda sampler with the Shapiro-Wilk test for 
normality of the distribution of the y-variable returns a p-value of The Shapiro-Wilk 
test for normality of the distribution of the y-variable returns a p-value of 8.58x10-4 
 

 Parameter Value 95%CI lower limit 95%CI upper limit 

1 difference 19.35 9.3 29.41 

2 upper Limit of Agreement 74.99 57.8 92.18 

3 lower Limit of Agreement -36.28 -53.47 -19.09 

4 Difference between LoA 111.27   

5 intercept 20.49 -0.68 41.66 

6 slope -0.02 -0.32 0.28 

7 widest possible LoA 145.65   

 

 
Fig. 5 Regression analysis for Bland Altman plot for assessing the agreement for PM2.5 
between high volume samplers (HVS) and Airveda sampler 
 
Table 5 Bland Altman plot for assessing the agreement for PM2.5 between high 
volume samplers (HVS) and Airveda sampler with the Shapiro-Wilk test for 
normality of the distribution of the y-variable returns a p-value of The Shapiro-Wilk 
test for normality of the distribution of the y-variable returns a p-value of 8.58e-04. 
 

 Parameter Value 95%CI lower limit 95%CI upper limit 

1 Difference 19.35 9.3 29.41 

2 Intercept 20.49 -0.68 41.66 

3 Slope -0.02 -0.32 0.28 

 

The Bland-Altman regression analysis for PM2.5 concentration 
measurements assesses agreement between high volume samplers and 
Airveda samplers by quantifying systematic bias and proportional trends 
(Table 5, Figs. 4 and 5). The mean difference of 19.35 µg/m³, with a 
confidence interval ranging from 9.3 to 29.41 µg/m³, suggests a moderate 
discrepancy between the two methods, indicating potential measurement 
inconsistencies attributed to sensor sensitivity or calibration differences. 
The intercept value of 20.49 µg/m³, with wide confidence limits (-0.68 to 
41.66 µg/m³), implies variability in the initial bias, potentially influenced 

by ambient conditions or aerosol composition variability [6]. The 
observed slope of -0.02, with a confidence interval spanning -0.32 to 0.28, 
suggests a negligible proportional bias, indicating that measurement 
differences remain fairly constant across PM2.5 concentrations rather than 
scaling with pollution levels [33](Table 5). This finding supports the 
hypothesis that while systematic bias exists, the relative discrepancy 
between the two samplers does not increase at higher PM2.5 

concentrations (Table 5). Standardized calibration procedures and 
correction factor applications are essential to reconcile these differences 
and enhance measurement comparability in air quality surveillance 
frameworks [6].  

The regression analysis confirms a fixed bias in PM2.5 measurements but 
minimal proportional bias, underscoring the need for calibration 
standardization to improve inter-sampler agreement (Tables 4 and 5). 

The paired t-test results indicate a highly significant difference between 
PM10 measurements from the high volume sampler and Airveda sampler, 
with a two-tailed p-value of less than 0.0001, confirming statistical 
significance at conventional thresholds [34]. The mean difference of 46.63 
µg/m³ suggests systematic bias, likely attributable to methodological 
discrepancies between gravimetric filtration in high volume samplers and 
optical sensing in Airveda samplers [3].  

The confidence interval, ranging from 29.06 to 64.19 µg/m³, further 
supports the consistency of the bias across sampling events, emphasizing 
the need for calibration adjustments to improve measurement 
comparability [7]. A t-statistic of 5.40 and a degree of freedom of 33 
indicate a strong effect size, reinforcing the substantial difference between 
the two measurement methods. The observed variability in standard 
deviations, 70.76 µg/m³ for high volume sampler versus 62.60 µg/m³ for 
Airveda Sampler, highlights inherent differences in particle detection 
sensitivity and aerosol collection efficiency, potentially influenced by 
environmental factors such as humidity, temperature, and pollutant 
composition [32]. These findings underscore the importance of 
standardized calibration techniques, correction factor applications, and 
instrument validation to ensure accurate PM10 monitoring in air quality 
surveillance systems. 

The paired t-test results for PM2.5 concentration measurements 
between the high-volume sampler and Airveda sampler indicate a 
statistically significant difference, with a two-tailed p-value of 0.0004, 
confirming strong evidence against the null hypothesis. The mean 
difference of 19.35 µg/m³ suggests a systematic bias, indicating that the 
high-volume sampler consistently records higher PM2.5 concentrations 
than the Airveda sampler, potentially due to methodological discrepancies 
in aerosol collection and sensor sensitivity [3]. The 95% confidence 
interval, ranging from 9.45 to 29.26 µg/m³, provides a reliable range 
within which the true mean difference is expected to fall, reinforcing the 
observed bias. The t-statistic of 3.9756 with a degree of freedom of 33 
highlights the strength of the effect, suggesting a substantial deviation 
between measurement methods, while the standard error of difference of 
4.868 reflects the variability in individual paired observations [33].  

The standard deviations of 36.87 µg/m³ for the high-volume sampler 
and 37.44 µg/m³ for the Airveda sampler indicate similar dispersion 
patterns, though differences in mean values suggest calibration 
inconsistencies or sensor limitations that may affect comparability [33]. 
These findings underscore the need for standardized calibration 
procedures, correction factor applications, and validation protocols to 
ensure consistency in PM2.5 monitoring within air quality surveillance 
frameworks, thereby improving measurement reliability and enabling 
informed policy decisions for air pollution management. The statistical 
significance of the paired t-test confirms systematic bias in PM2.5 
measurements, necessitating calibration adjustments to improve 
agreement between sampling methods [32]. 
 

4. Conclusion 

The analysis of PM2.5 and PM10 concentration measurements across 
various statistical methods, including Bland-Altman plots, regression 
analysis, and paired t-tests, highlights significant discrepancies between 
high volume samplers and Airveda samplers, suggesting systematic bias 
due to methodological differences in aerosol collection and sensor 
sensitivity. The observed mean differences indicate that gravimetric 
filtration in high volume samplers consistently measures higher 
particulate concentrations than optical sensing methods employed in 
Airveda samplers, a trend confirmed by the statistical significance of the 
paired t-tests and regression models. While proportional bias remains 
minimal, the fixed bias underscores the necessity of standardized 
calibration adjustments and correction factor applications to enhance 
comparability in air quality surveillance. Moreover, the correlation 
analysis with meteorological variables suggests that both instruments 
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respond similarly to environmental influences, though high volume 
samplers display slightly stronger negative correlations with wind speed, 
reinforcing their robustness in long-term monitoring. 

The potential for Airveda samplers to replace high volume samplers 
(HVS) in PM10 and PM2.5 air quality monitoring depends on their 
measurement accuracy, reliability, and consistency under varying 
environmental conditions. The paired t-test and Bland-Altman analyses 
indicate a systematic bias, with Airveda consistently underestimating PM 
concentrations compared to HVS, likely due to differences in sensor 
technology and aerosol collection efficiency. Gravimetric filtration in HVS 
provides highly accurate particulate mass measurements, whereas 
Airveda employs optical sensing, which can be affected by humidity, 
aerosol composition, and calibration drift. The regression analysis 
suggests minimal proportional bias but confirms a fixed bias, indicating 
that Airveda samplers require calibration adjustments to align with HVS 
measurements. Correlation assessments with meteorological variables 
demonstrate that while Airveda responds similarly to environmental 
fluctuations, its sensitivity and long-term reliability are lower than HVS. 
While Airveda offers advantages such as portability and cost-effectiveness, 
its measurement discrepancies necessitate validation and Airveda cannot 
directly replace HVS without rigorous calibration adjustments and 
methodological improvements to enhance measurement accuracy and 
reliability. 
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