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Abstract
Low-cost PM2.5 sensors are increasingly used for ambient and indoor air quality monitoring, but their 
performance in high-concentration occupational environments remains uncertain. This study compares 
linear regression (LR), polynomial regression (PR), and random forest (RF) calibration models for low-cost 
PM2.5 sensors operating in a controlled high-concentration chamber. This study assessed the calibration 
performance of low-cost aerosol sensors (LCS) by employing LR, PR, and RF models across various aerosol 
(PM2.5) concentration ranges. Conventional LR models demonstrated solid performance when dealing 
with lower concentrations (0 to 150 µg/m3), but their accuracy diminished when confronted with higher 
concentrations. On the other hand, RF models continuously demonstrated better performance over all 
concentration ranges, making them potentially more appropriate for occupational situations with higher 
and fluctuating aerosol levels. PR models exhibited intermediate performance, surpassing that of LR but 
falling short of the robustness demonstrated by RF. The study highlights the importance of using modern 
calibration methods such as RF in locations with high concentrations to enable accurate aerosol 
monitoring using LCS. These results could lead to the development of efficient and cost-effective methods 
for monitoring air quality using LCS for high concentration environments.
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What’s Important About This Paper?

Low-cost PM2.5 sensors are increasingly used in workplaces, yet calibration performance at high and rapidly 
changing concentrations remains under-characterized. This study compared multiple calibration approaches 
across concentration ranges and identified a concentration where nonlinearity becomes pronounced. 
Results suggest that range-aware modeling—particularly ensemble methods—can sustain low error even above 
typical occupational peaks, offering practical guidance for exposure assessment with affordable instruments. By 
providing reproducible workflows and clear recommendations on when to favor data-driven models, the work 
supports more reliable decision-making in industrial hygiene.
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Introduction
Airborne dust, or aerosol, is well known for its adverse 
health effects on the respiratory and cardiovascular 
system (Pope et al. 2002). Traditional time-integrated sam
pling methods remain the standard approach for regula
tory compliance because they are well-established, 
robust, and cost-effective, but they do not provide informa
tion about temporal variability in exposure. The advent of 
low-cost sensors (LCS) offers a promising alternative, enab
ling affordable deployment of extensive monitoring net
works across various environments (Liang 2021; Liang 
and Daniels 2022). Among the many available options, 
the Plantower series of sensors has become one of the 
most widely used low-cost PM sensors (eg PurpleAir, 
Tellus Network Solutions, etc.), valued for their affordability 
and reasonable accuracy in measuring PM2.5 concentra
tions (Liang 2021). These sensors estimate particle mass 
via light scattering, and are influenced by particle size dis
tribution, composition, and environmental factors like rela
tive humidity (RH) and temperature (Zou et al. 2021; Russell 
et al. 2022). Accurate calibration is therefore essential to 
mitigate these environmental influences and ensure sensor 
reliability.

Linear regression (LR) models have commonly been 
used to calibrate LCS effectively at lower PM2.5 concentra
tions (ie 0 to 150 µg/m3) (Kelly et al. 2017; Levy Zamora 
et al. 2019; Sayahi et al. 2019; Hegde et al. 2020; Kuula 
et al. 2020; Liang and Daniels 2022). However, the perform
ance of LR models at higher concentrations is less well 
understood, where nonlinear effects can become signifi
cant (Williams et al. 2015; Giordano et al. 2021; Fang 
et al. 2025). LR models, favored for simplicity and interpret
ability, can fail to adequately capture nonlinear sensor 
behaviors at higher aerosol concentrations (Zimmerman 
et al. 2018; Sayahi et al. 2019; Wang et al. 2019, 2020; 
Barkjohn et al. 2021; Liang and Daniels 2022). Therefore, 
a gap remains in our knowledge of LCS calibration at high
er concentration levels (>150 µg/m3) that are especially 
relevant for occupational exposure.

Another option is polynomial regression (PR) models, 
which extend LR by incorporating polynomial terms, cap
turing moderate nonlinearities and potentially providing 
better fits for transitional concentration ranges (Liang 
and Daniels 2022; Vajs et al. 2023). Additionally, random 
forest (RF), an ensemble learning approach, combines 
multiple decision trees and excels in capturing complex, 
nonlinear interactions among sensor readings, tempera
ture, and RH, making it potentially ideal for higher con
centration scenarios (Jaiswal and Samikannu 2017; 
Wang et al. 2019).

It should be noted that most LCSs measure PM2.5 con
centration (and sometimes PM10 and/or PM1), which 

is most relevant for ambient air quality regulation. 
Occupational settings are not typically regulated for 
PM2.5 concentrations (with the exception of some limited 
US state regulation of PM2.5 concentration as it relates to 
wildfire smoke). Instead, occupational exposure assess
ment focuses on particle size fractions that have been 
shown to be associated with health-based outcomes (ie 
respirable or inhalable aerosols). For example, the US 
Occupational Safety and Health Administration (OSHA) 
has established an 8-h time-weighted average permis
sible exposure limit of 15 mg/m3 for total PM and 5 mg/ 
m3 for respirable PM (OSHA 2012). Although PM2.5 is a 
component of respirable PM, it is not separately regu
lated in occupational standards.

Occupational environments frequently experience 
concentrations far exceeding ambient regulatory 
limits—often surpassing 200 µg/m3 and even 500 µg/m3 

(Shezi et al. 2020; Masri et al. 2022). If the use of LCS is 
going to continue to expand into such occupational envi
ronments, there is a critical need for accurate sensor cali
bration beyond standard ambient conditions, facilitating 
better occupational exposure assessments.

This study uniquely addresses this current gap by sys
tematically evaluating LR, PR, and RF calibration models 
across distinct aerosol concentration segments relevant 
to occupational environments. Specifically, this study 
aims to: (i) assess model performance across low (0 to 
150 µg/m3), transitional (150 to 348 µg/m3), and high 
(>348 µg/m3) aerosol concentrations; (ii) identify optimal 
calibration strategies for each concentration range; and 
(iii) pinpoint the concentration breakpoint (BP) signaling 
a necessary shift from linear to more sophisticated cali
bration models. Unlike previous research that typically 
applied a single calibration algorithm uniformly across 
all exposure levels, this approach introduces a novel 
range-specific calibration strategy. By explicitly defining 
these concentration segments, this method should en
hance model accuracy and practical applicability in occu
pational settings, providing a foundation for more precise 
and reliable workplace aerosol monitoring.

Methods
Calibration data were collected following the procedures of 
Sayahi et al. (2019), using ammonium nitrate aerosols in a 
controlled chamber environment. The setup included eight 
PMS3003 low-cost PM2.5 sensors and a TSI DustTrak 8530 
(TSI Inc., Shoreview, MN) reference monitor. Aerosols 
were generated using a single-jet atomizer (TSI 9302) sup
plied with dry air, maintaining RH at 7.3% to 9.9% and tem
peratures between 21.7 and 25.1 °C. Reference PM2.5 
concentrations ranged from <5 µg/m3 (the sensor limit of 
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detection [LOD]) to approximately 1,000 µg/m3, monitored 
at 1-min intervals after averaging 15-s measurements from 
both reference and sensor devices. Due to the use of a con
trolled chamber environment, this study sought to isolate 
model performance from environmental variability.

PMS3003 outputs were logged as 15-s averaged PM2.5 
concentrations. For calibration, we averaged each set of 
four consecutive 15-s readings to obtain a single 1-min 
PMS3003 value, which was paired with the corresponding 
1-min DustTrak PM2.5 concentration.

Three modeling approaches were applied to calibrate 
sensor outputs against the DustTrak reference: LR, 
Polynomial (PR), and RF. LR assumes a direct linear rela
tionship between sensor readings (X ) and reference con
centrations (Y ), and is most suitable for lower 
concentration ranges where sensor behavior is well 
understood to be linear:

Y = β0 + β1X1 + ε (1) 

where Y is the DustTrak PM2.5 concentration, X is the 
PMS3003 PM2.5 reading, β0 is the intercept, β1 is the slope 

relating the sensor to the reference, and ϵ is the error 
term.

PR extends LR by including a nonlinear term in the sen
sor PM2.5 reading, allowing the model to fit curved rela
tionships in the data that may arise at higher 
concentrations. The PR model used in this study was a 
quadratic polynomial:

Y = β0 + β1X + β2X2 + ε (2) 

where β2 captures curvature in the relationship between 
the PMS3003 and DustTrak measurements, and the other 
parameters have the same meaning as in Equation (1).

RF models were implemented as nonparametric regres
sors of the form Y = f(X ), where f(·) is an ensemble of deci
sion trees (RandomForestRegressor in scikit-learn). The 
number of trees and the maximum tree depth were tuned 
using cross-validation to balance bias and variance and to 
reduce overfitting. For each sensor, LR, PR, and RF models 
were fit both (i) across the full concentration range and (ii) 
separately within each concentration segment defined by 
the BP analysis (segments A to C).

Table 1 Overall model performance for each sensor (bold indicates best model performance).

Sensor Model MAE (µg/m3) PE (%) MSE (µg/m3)2 R2

Sensor 187 Linear regression 8.15 1.35 130.50 0.971
Polynomial regression 5.80 1.10 75.23 0.984
Random forest 3.01 0.65 25.67 0.992

Sensor 188 Linear regression 10.25 2.00 150.30 0.953
Polynomial regression 7.35 1.75 100.25 0.964
Random forest 4.50 1.10 30.50 0.981

Sensor 189 Linear regression 12.50 2.10 160.50 0.942
Polynomial regression 6.10 1.20 80.23 0.967
Random forest 3.80 0.75 20.45 0.992

Sensor 190 Linear regression 9.30 1.75 140.25 0.957
Polynomial regression 5.50 1.30 70.75 0.979
Random forest 3.25 0.85 27.45 0.990

Sensor 191 Linear regression 11.75 2.20 175.25 0.934
Polynomial regression 7.00 1.80 95.50 0.953
Random forest 4.10 0.95 35.60 0.977

Sensor 192 Linear regression 8.80 1.90 135.75 0.956
Polynomial regression 6.00 1.25 78.50 0.971
Random forest 3.45 0.80 28.75 0.990

Sensor 193 Linear regression 10.50 2.05 145.50 0.952
Polynomial regression 6.80 1.60 85.25 0.961
Random forest 4.25 1.00 32.50 0.984

Sensor 194 Linear regression 11.00 2.15 150.75 0.942
Polynomial regression 7.10 1.70 90.50 0.951
Random forest 3.75 0.90 26.75 0.992

*R2, coefficient of determination; MAE, mean absolute error; PE, percent error; MSE, mean squared error.
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Model performance was evaluated using mean abso
lute error (MAE), percentage error (PE), mean squared er
ror (MSE), and coefficient of determination (R2). Analyses 
were performed using R software (tidyverse, ggplot2, 
lmtest) and Python (scikit-learn, pandas, NumPy, mat
plotlib). RF model evaluation additionally included fea
ture importance and mean prediction to identify 
influential factors and model adjustment across concen
tration ranges.

A piecewise LR analysis was also used to identify a con
centration BP marking the shift from linear to nonlinear 
sensor response. Using 100 candidate BPs across meas
ured concentrations, the BP with the lowest combined 
sum of squared residuals was selected. Prior literature 
(Sayahi et al. 2019) suggests sensor nonlinearity might be
gin at lower concentrations, around 150 µg/m3. Therefore, 
two thresholds were used for BP analysis of three concen
tration segments: Segment A (0 to 150 µg/m3), Segment B 
(150 µg/m3 to BP), and Segment C (>BP). Models were 
evaluated separately within each segment.

Results
Overall model analysis
Table 1 shows that the RF model consistently outper
formed both LR and PR across all sensors for the entire 
concentration range. RF consistently achieved the lowest 
error metrics (MAE, PE, MSE) and the highest R2 values, in
dicating strong model fit. Although LR performed reason
ably well, with R2 values above 0.93, it was less accurate 
at capturing nonlinear patterns, as evidence by the high
er MAE (mean: 10.28 µg/m3 vs. 3.76 µg/m3). PR improved 
upon LR by accounting for some curvature in the data but 
remained less robust than RF. RF models had the lowest 
MAE and PE, minimized variance, and best explained the 
variance in PM2.5 concentrations. These findings demon
strate that RF was the most effective model for calibrat
ing low-cost PM2.5 sensors across a wide concentration 
range. Figure 1 shows the relationship between the 
DustTrak PM2.5 concentrations and the corresponding 
PMS3003 PM2.5 readings for each of the eight sensors 
(Sensors 187 to 194). At lower concentrations (approxi
mately below 150 µg/m3), the PMS3003 readings closely 
follow the DustTrak values, indicating an approximately 
linear response. As concentrations increase, especially 
above about 350 µg/m3, the PMS3003 readings begin to 
plateau relative to the DustTrak, and the sensors increas
ingly underestimate the reference. This pattern visually il
lustrates the transition from linear to nonlinear behavior 
and motivates the BP and segmented calibration ana
lyses described below.

BP analysis
Piecewise LR identified an optimal BP at 347.78 µg/m3, 
rounded to 348 µg/m3 for practical purposes. Combined 
with the previously identified BP of 150 µg/m3, three seg
ments were then analyzed: Segment A (0 to 150 µg/m3), 
Segment B (150 to 348 µg/m3), and Segment C 
(>348 µg/m3). Model performance was then evaluated 
across the three concentration segments for each type 
of model, and detailed numeric results are provided in 
Tables S2 (LR), S3 (PR), and S4 (RF).

In Segment A (0 to 150 µg/m3), where sensor responses 
were mostly linear, all models performed relatively well 
(see Fig. 2). LR showed good accuracy, with low errors 
and high R2 values, but RF outperformed both LR and 
PR across all sensors. RF achieved the lowest MAE ranging 
from 0.75 to 2.50 µg/m3 and PE from 0.38% to 1.00%, with 
consistently high R2 values between 0.98 and 0.99. PR had 
slightly higher errors (MAE: 1.40 to 4.50; PE: 0.70% to 
1.80%) but remained reasonably accurate. Of note in 
this segment is that all the MAE values were below the 
sensor LOD (5 µg/m3), which suggests excellent practical 
performance.

In Segment B (150 to 348 µg/m3), as concentrations in
creased and sensor behavior began to deviate from lin
earity, LR performance slightly declined, with maximum 
MAE rising to 5.62 µg/m3 (which is above the sensor 
LOD) and PE up to 2.21%, albeit maintaining high R2. 
RF maintained better accuracy with lower MAE (0.87 to 
2.43 µg/m3), PE (0.38% to 0.99%), and near-perfect R2 val
ues (0.996 to 0.999). PR performed moderately, with MAE 
between 1.74 and 6.44 µg/m3 and PE up to 2.65%, and 
similarly high R2. These results are presented in Fig. 3.

In Segment C (>348 µg/m3), where nonlinearity be
came most pronounced, LR showed the greatest limita
tions, with MAE ranging from 8.13 to 15.42 µg/m3 and 
declining R2 values (0.970 to 0.992). PR performed better 
than LR but was still prone to less accuracy (MAE: 4.51 to 
6.74 µg/m3; PE: 0.85% to 1.31%). RF continued to deliver 
the most accurate results, with MAE between 1.82 and 
3.69 (still below the LOD of the sensor), PE between 
0.34 to 0.74%, and R2 values ranging from 0.994 to 
0.999. These results are presented in Fig. 4.

Discussion
The findings from this study demonstrate the varying ef
fectiveness of different calibration models for LCS across 
different aerosol concentration ranges, especially rele
vant for use in occupational settings. LR models, while ef
fective at lower concentrations (0 to 150 µg/m3), showed 
limitations as concentrations increased. In contrast, RF 
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models consistently exhibited superior performance 
across all concentration ranges, including at higher levels 
more common in occupational settings.

Overall model comparison
The results revealed clear performance differences 
among the three calibration models across the entire 
PM2.5 concentration range. For example, Sensor 187 cali
brated using LR showed relatively high errors (MAE: 
8.15 µg/m3, PE: 1.35%, MSE: 130.50, R2: 0.97) but 
moderately improved with the use of PR (Sensor 187 
MAE: 5.80 µg/m3, PE: 1.10%, MSE: 75.23, R2: 0.98). 
Presumably, PR helped address some curvature in the re
lationship. However, both models underperformed com
pared to RF, which provided improved accuracy (Sensor 
187 MAE: 3.01 µg/m3, PE: 0.65%, MSE: 25.67, R2: 0.99) 
across all concentrations, underscoring its robustness 
and capability in capturing complex sensor responses. 
It should be noted that while the R2 was high for all three 
models across the entire concentration range, this might 
not be the best metric of performance. When considering 
other metrics, such as MAE, the improved accuracy of the 
RF model becomes more obvious. For example, when 
compared to the sensor LOD, the RF model consistently 
maintained a low MAE, whereas the LR and PR did not. 
It is important to note that the LOD will be sensor- 
specific, which can then be taken into account for future 
application of such calibration models to other sensor 
types.

BP analysis
Another significant finding was the identification of an 
optimal BP around 350 µg/m3, signaling a shift from lin
ear to nonlinear sensor response. While valuable, relying 
solely on this BP has limitations due to variability in aero
sol composition and environmental conditions, poten
tially necessitating adaptive calibration methods. 
Adopting a secondary BP at 150 µg/m3, informed by prior 
literature, facilitated clearer segmentation and targeted 
calibration strategies. It should also be noted that this 
BP in sensor response might vary between different LCS 
models.

Evaluation of the different calibration methods for the 
different concentration segments provided a better 
understanding of how concentration might affect the 
overall usability of each method. In Segment A (0 to 
150 µg/m3), all models showed adequate performance, 
but RF consistently yielded lower errors and higher accur
acy (MAE: 0.75 to 2.50 µg/m3, PE: 0.38 to 1.00%, R2: 0.98 to 
0.99). Segment B (150 to 348 µg/m3) illustrated RF’s 

advantage in capturing transitional nonlinearity, outper
forming LR and PR (RF MAE: 0.87 to 2.43 µg/m3, PE: 0.38 
to 0.99%, R2: 0.996 to 0.999). In Segment C (>348 µg/m3), 
RF maintained robust performance even under significant 
nonlinearities (MAE: 1.82 to 3.69 µg/m3, PE: 0.34 to 0.74%, 
R2: up to 0.999), highlighting LR and PR’s inadequacies in 
highly variable conditions.

Across all segments, RF demonstrated the most reli
able performance and robustness, adapting effectively 
to both linear and nonlinear sensor behaviors. EPA guide
lines recommend sensor calibration models achieve a 
slope of 0.75 to 1.25, intercept within ±5 µg/m3, R2 ≥ 
0.7, and MAE ≤ 10 µg/m3 (EPA 2021). It could also be ar
gued that maintaining the MAE below the sensor-specific 
LOD is a robust way to ensure accuracy. In Segment A, all 
models generally met these criteria, but RF performed 
best. In Segment B, RF and PR still met the guidelines, 
while LR started to exceed the MAE threshold. In 
Segment C, only RF consistently stayed within all 
EPA-recommended ranges. These results support using 
RF for both ambient and occupational applications, espe
cially at higher PM2.5 levels.

Implications for calibration in 
occupational environments
The findings of this study highlight the varying effective
ness of different calibration models across a wider concen
tration range than previously reported, emphasizing the 
need for more advanced methods in high-concentration 
occupational environments. While LR models performed 
well at lower concentrations (0 to 150 µg/m3), their accur
acy declined as levels increased. This was especially evi
dent in Segment C (> 348 µg/m3), where LR models 
exhibited greater errors and lower R2 values. For example, 
Sensor 187 showed a slope of 2.00 and an intercept of 
−275.58, indicating a deviation from linearity. These limita
tions suggest that LR models are only suitable for environ
ments where concentrations remain within the lower 
linear response range of the sensors, ie, below 150 µg/m3.

PR models provided an intermediate level of accuracy, 
improving upon LR but still underperforming compared 
to RF. PR models captured some nonlinear behavior, but 
their performance declined at higher concentrations, par
ticularly in Segment C. While PR can be a useful alternative 
when computational simplicity is needed, it does not pro
vide the same level of reliability and adaptability as RF. In 
industrial hygiene applications, where environmental con
ditions are highly dynamic, RF remains the superior choice.

In occupational settings such as industrial sites, con
struction areas, and mining operations, aerosol concen
trations frequently exceed 150 µg/m3, often reaching 
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several hundred micrograms per cubic meter (Balanay 
and Lungu 2009; Madueño et al. 2019). Given these ex
treme conditions, relying solely on LR models could 
lead to substantial underestimation or overestimation 
of actual concentrations, potentially compromising ex
posure assessments and worker protection efforts. 
Robust and reliable data is critical for industrial hygiene 
professionals who require accurate real-time exposure 
assessments to inform protective measures (Jaiswal 
and Samikannu 2017; Wang et al. 2019). Therefore, if 
LCS are to continue being used in such environments, 
calibration models that can account for the nonlinear be
havior of sensors at high concentrations are required.

Future directions and practical 
implications
Recent work by Aix et al. (2023) proposed a structured 
calibration protocol for low-cost PM sensors that integra
tes data preprocessing, model tuning, and machine 
learning approaches, and showed that RF and multilinear 
regression outperform traditional linear methods for PM1 
and PM2.5. Our findings are consistent with this frame
work in demonstrating superior performance of RF rela
tive to linear and polynomial models. Importantly, we 
extend this prior work by showing that calibration per
formance is strongly concentration-dependent, and that 
a single global model may be insufficient across low, 
transitional, and high PM2.5 ranges. The concentration- 
segmented strategy presented here therefore comple
ments the protocol of Aix et al. and provides additional 
guidance for high-concentration occupational environ
ments (Aix et al. 2023). Our findings align with and extend 
recent best-practice recommendations for calibrating 
low-cost PM sensors. Frameworks such as those by 
Giordano et al. and Liang and Daniels emphasize careful 
model selection, cross-validation, and transparent re
porting of calibration performance across different con
centration regimes. In the present study, we applied 
these principles in a high-concentration chamber context 
and further introduced a concentration-segmented strat
egy that explicitly distinguishes low (0 to 150 µg/m3), 
transitional (150 to 348 µg/m3), and high (>348 µg/m3) 
ranges. This approach highlights that calibration per
formance, particularly for simple linear models, can de
teriorate markedly at higher concentrations, and that 
nonlinear machine learning approaches such as RF are 
better suited to occupational settings where PM2.5 con
centration frequently exceeds several hundred µg/m3.

These findings reinforce the need to adopt more ad
vanced calibration techniques, particularly in occupational 

settings with high and variable aerosol levels. Future re
search should focus on optimizing machine learning-based 
calibration approaches, such as expanding RF models with 
additional environmental parameters (eg temperature, hu
midity) to further refine predictions. Additionally, field valid
ation studies in real-world occupational environments are 
necessary to confirm the applicability of RF models beyond 
controlled laboratory conditions.

From a practical perspective, the use of RF models can 
enhance workplace safety by enabling more accurate and 
cost-effective air quality monitoring using LCS. This 
would allow for better regulatory compliance, improved 
exposure assessments, and more effective interventions 
to reduce worker health risks. Given the increasing reli
ance on LCS for air quality monitoring, integrating 
RF-based calibration approaches represents a critical 
step forward in industrial hygiene and occupational 
health research.

However, implementing RF models in practice may re
quire specialized knowledge in machine learning and ac
cess to greater computing resources than traditional 
linear models. These requirements could pose challenges 
for smaller organizations or in settings with limited tech
nical capacity, highlighting the need for the development 
of user-friendly tools and training to support broader 
adoption. Additionally, the complexity and computation
al intensity of RF models could pose challenges for real- 
time deployment in resource-constrained settings.

Study limitations
While this study advances LCS calibration for high con
centrations, several limitations remain. First, results de
rive from controlled chamber tests and should be 
validated under more variable field conditions 
(Jovašević-Stojanović et al. 2015). Second, using ammo
nium nitrate as the challenge aerosol—chosen for local 
relevance—may limit generalizability to sites with differ
ent aerosol composition. Third, findings are specific to 
Plantower PMS sensors, which are less sensitive to par
ticles >1 µm; performance can vary with particle size dis
tributions and deployment context, and should be 
verified for other LCS types (Ouimette et al. 2022; Kaur 
and Kelly 2023). Fourth, we did not systematically vary 
temperature or RH, and light-scattering LCS are sensitive 
to both, so condition-specific corrections may be needed. 
Fifth, the chamber reference has ∼±10% accuracy, and 
reported model performance may partly reflect overfit
ting to chamber conditions. Sixth, analysis was restricted 
to PM2.5 because the DustTrak 8530 was operated with a 
PM2.5 impactor and the chamber aerosol was dominated 

10                                                                                                                                                      Annals of Work Exposures and Health, 2026, Volume 70, Issue 3
D

ow
nloaded from

 https://academ
ic.oup.com

/annw
eh/article/70/3/w

xag021/8659235 by C
D

C
 - C

incinnati-Taft C
D

C
 Branch Library user on 24 April 2026



by small (<2.5 µm) particles. As a result, PM10 output or 
other coarse/inhalable fractions could not be meaning
fully evaluated. Future chamber and field studies should 
explicitly assess the PMS3003 PM10 channel using ap
propriate PM10 or inhalable reference samplers and 
aerosols with substantial coarse particle fractions, par
ticularly in occupational settings where coarse particles 
may dominate. Finally, PM2.5 is not an occupational ex
posure standard; future work should assess LCS per
formance for occupationally relevant size fractions 
(total, inhalable, respirable) and consider co-occurring 
gaseous pollutants.

Conclusion
In conclusion, while LR models were effective for calibrat
ing LCS in low concentration environments, occupational 
settings with higher concentrations require more ad
vanced calibration methods. The RF model provided 
the most accurate calibration method across all concen
tration ranges in this laboratory experiment. The insights 
from this study can be used to enhance the development 
of effective monitoring solutions tailored to the specific 
needs of different environments.
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