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PM, . concentration prediction
using machine learning algorithms:
an approach to virtual monitoring
stations

Ahmad Makhdoomi, Maryam Sarkhosh™’ & Somayyeh Ziaei

One of the most important pollutants is PM, ., which is particularly important to monitor pollutant
levels to keep the pollutant concentration under control. In this research, an attempt has been made to
predict the concentrations of PM, . using four Machine Learning (ML) models. The ML methods include
Light Gradient Boosting Machine (LGBM), Extreme Gradient Boosting Regressor (XGBR), Random
Forest (RF) and Gradient Boosting Regressor (GBR). The mean and maximum concentration of PM, .
were recorded 32.84 pg/m? and 160.25 pg/m?, respectively, indicating the occurrence of occasional
episodes of high pollution levels from 2016 to 2022. The PM2.5 concentrations dropped below 30 pg/m?
in 2018 due to reduced human activities during COVID-19 lockdowns but PM, . levels were significantly
increased because of the ongoing operation of heavy industries post-COVID-19 lockdowns during 2021.
The ML models performed very well in predicting the concentrations of PM, . with around 95% of their
predictions falling within the factor of the observed concentration. The results presented that among
the four ML algorithms, GBR confirmed good model performance compared to the other models, with
the lowest MSE (5.33) and RMSE (2.31), as well as high accuracy measures. This suggests that GBR is
the best model for reducing large errors, making it more robust in capturing variations in PM2.5 levels.
In conclusion, the study proposed a method to obtain high-accuracy PM, . prediction results using ML
which are useful for air quality monitoring on a global scale and improving acute exposure assessment
in epidemiological research.
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Metropolitan air pollution is increasingly becoming the most awareness environmental concern because of
diverse array of health complications'. The fine particulate matter with aerodynamic diameter less than 2.5 um
(i.e., PM, ) has been reported strongly associated with human diseases, such as lung cancer and premature
deaths?. PM, , has now become the chief pollutant which affects the atmospheric quality in the world, especially
in the urban agglomerations. Most epidemiological studies on the effect of air pollutants show an elevated risk
of cardiovascular diseases linked to PM, . exposures Nevertheless, the sparse and limited air quality monitoring
stations still make it difficult to acquire the accurate spatial distribution of PM, . concentrations in a region.
Accurate prediction of PM2.5 levels is critical to reduce these negative effects. Limitations of traditional
monitoring methods, such as sparse spatial coverage, high costs, and time delays in data availability are the
use of machine learning (ML) as a powerful method to address these challenges. ML methods can leverage
complex, non-linear relationships in environmental data to provide accurate, real-time predictions of PM2.5
levels, enabling proactive measures to protect public health and also for efficient decision making™*.

Machine Learning methods because of their powerful capacity have been emerged in air quality modelling and
Predicting PM, , concentrations in the recent decade®®. A search for more viable models than the operational air
quality models lead to many studies on the use of various intelligent ML approaches that can accurately forecast
in air quality indexes’. Several ML models are commonly employed to build air quality models, forecasting of
wind speed®’, energy generation!®!!, quantity of solar energy'? with comparable or better accuracy™!3-15. These
algorithms can be achieved at a lower computational cost and with no assumptions on the atmospheric processes
involved!®. On the contrary, use of ML models provides high prediction performance with nonlinear variables
and flexible modeling for PM prediction with numerical prediction models, satellite, and ground observation
data as input data'”'%. To date, more studies have leveraged ML for PM, . estimation with using satellite aerosol
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optical depth (AOD), the absorbing aerosol index, chemical transport model outputs, land-use data, and
meteorological parameters, which have accounted for the complex atmospheric mechanisms!*20.

Despite the use of ML models for predicting PM2.5 concentrations, several limitations remain. Some studies
focus on individual algorithms without comprehensively comparing their performance. The aim of this research
is to evaluate the performance of four ML algorithms in predicting PM2.5 levels, with identifying the most
vigorous model for reducing large errors and providing a clear understanding of the best model for prediction
PM2.5 concentrations.

Light Gradient Boosting Machine (LGBM), Gradient Boosting Regressor (GBR), Extreme Gradient Boosting
Regressor (XGBR) and Random Forest (RF) were employed for high accuracy prediction and utilization of PM, .
in Mashhad city, Iran. These algorithms were developed in an environment running Python 3.10.12, Jupyter Lab,
pandas 2.1.4, NumPy 1.26.4, Matplotlib (3.7.1), Seaborn (0.13.1), scikit-learn (sklearn) 1.3.2, SciPy and XGBoost
2.1.1.

Materials and methods

Study area

The study area is Mashhad, the second-largest city in Iran and serves as the capital of Khorasan Razavi Province.
Mashhad is situated between 36° 12" and 36° 19’ North latitude and 59° 34’ and 59° 39’ East longitude. Mashhad
is ~ 280 square kilometers and its population is 3,372,660 people in 2016%!. As the holy shrine of Imam Reza, it
is estimated that over 20 million pilgrims visit this city each year. In recent years, Mashhad has undergone rapid
urbanization and industrial expansion, significantly affecting air quality. The metropolitan area hosts a range
of industries, including textile production, food processing, and chemical industries, all of which contribute
to emissions of particulate matter (PM), nitrogen oxides (NO,), sulfur dioxide (SO,), and volatile organic
compounds (VOCs). Additionally, heavy vehicular traffic, fueled by the city’s large populatlon and seasonal
influx of visitors, exacerbates air pollution??.

Public transportation hubs, including bus terminals, railway stations, and the airport, operate above normal
capacity due to high travel demand, further deteriorating air quality. In 2017, road transport was responsible for
45% of PM10, 45% of PM2.5, 24% of NOx, and 96% of CO emissions in Mashhad. Among pollutants released
from these hubs, bus stations accounted for 91% of PM10, 92% of PM2.5, 25.4% of CO, and 20% of CO2
emissions, highlighting their significant contribution to air pollution?*?*. The study period spans from January
2016 to December 2022, covering trends in air quality amidst these ongoing developments. The study time
period is from January 2016 to December 2022.

PM concentration and metrological data

This study utilized meteorological prediction data from the local data assimilation and prediction system
(LDAPS). In addition, the PM, , estimation selected as the final value was employed to indicate the most severe
air quality condition observed. The data being monitored at the Air Quality monitoring (AQM) sites include both
particulate matter (PM,;, PM, ), due to their significant impact on air quality. For this study, meteorological
variables at each monitoring unit to develop the ML models including vvmin (minimum horizontal visibility),
ffm (average wind speed), rrr24 (24-h rain), um (average relative humidity), dd (wind direction) and nhz
(number of dust reports) were used. These datasets were obtained from the Iranian Meteorological Organization
and play a noteworthy role in influencing AQI in a given area. The descriptive statistics of the parameters used
in this study from 2203 matched observations, covering for the time period 2016-2022. The main focus of this
study was the PM, ,, which serves as an indicator of the overall air quality in Mashhad.

To ensure the reliability of the meteorological and air quality data, a rigorous data cleaning process was
applied. Missing values were entirely removed from the dataset to prevent potential biases in the analysis. For
handling noisy data, outlier detection was performed using the interquartile range (IQR) method. Specifically,
outliers in PM2.5 concentrations were identified using an extended threshold of 1.5 times the IQR. Data points
falling beyond this range were considered extreme values and were removed to improve data quality.

The relationship between the measured pollutants was calculated using the Spearman correlation. In this
correlation, the relationships between the numerical variables are measured. Thus, it essentially provides a
measure of the monotonic relationship between those two variables. The correlation ranges from — 1 to + 1. If the
correlation is near to + 1 then the features are positively correlated, where — 1 means negatively correlated?>%.

Machine learning models

Light gradient boosting machine (LGBM)

LGBM algorithm is a powerful and efficient tool for machine learning that can be used for both regression
and classification tasks, especially for large-scale datasets which improve model efficiency and reduce memory
usage?’. The equation for LGBM as follow:

Ui = argmin By Ly, 5 W

where ¢; is the predicted value, f () represents the model’s function mapping input x to an output, and L(y,
f(x)) is the loss function measuring the error between predicted and actual values.

Extreme gradient boosting regressor (XGBR)

XGBR algorithm is an ensemble learning method that attempt the predictions from a set of simpler and weaker
models to produce a stronger prediction. It performs to handle large datasets because of its robust handling of a
variety of data types, relationships, distributions, and the variety of hyper parameters to achieve state-of-the-art
performance in many machine learning tasks?*?’. The following formula is for XGBR:
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where Y is the prediction at iteration t, Y; is the prediction from the previous iteration, f:(x,) is the new

weak learner added at step £, and x; is the input variable.

Random forest (RF)

RF algorithm is a variant of bagging that fits a multitude of decision trees on different sub-samples to find the
output. Sampling features are termed column sampling and data points as row sampling. Trees are built with row
and column samples. The advantage of building the model in such a way is that it is robust in estimating new data
points®. The formula for random forest can be expressed as:

1
RF::EE:EZJM(@ 3)

where K is the number of trees in the ensemble,
and h,(x) is the prediction from the k-th decision tree.

Gradient boosting regressor (GBR)

The GBR approach can be seen as a functional gradient algorithm that aims at finding an additive model that
minimizes the loss function. Thus, the GBR algorithm iteratively adds at each step a new decision tree that best
reduces the loss function®!. A GBR with (n) number of trees can be stated as;

I (@) =Y Nynhn (x:) (4)

where h, is a weak learner that performs poorly individually,
Yn is a scaling factor adding the contribution of a tree to the model.

Justification for model selection
The selected models—LGBM, XGBR, RE and GBR—were chosen based on their strong performance in
prior studies on air quality prediction. These models are well-suited for handling nonlinear relationships in
meteorological and pollutant data. Additionally:

LGBM and XGBR: Known for their efficiency in large datasets and ability to capture complex interactions.

RF: Robust against overfitting and effective in managing noisy data.

GBR: Provides strong predictive performance by iteratively reducing errors.

These models were selected to compare different ensemble learning approaches and evaluate their predictive
power for air quality forecasting.

Performance metrics and optimization

The ML-based PM prediction accuracy of this study was evaluated. In order to assess the efficiency of the model,
four statistical indicators of the match, including the mean squared error (MSE), coeflicient of determination
(R?), root mean square error (RMSE), mean absolute error (MAE) and mean Absolute Percentage Error (MAPE)
were used to evaluate the correlation of estimated and observed PM concentrations as per Eq. (5) to (9)%*%,

MAE= 23", Iy~ G )
MSE = % S -’ (6)
RMSE = \/;Z n (s — 5 7)
%MAPE = %0 Z ;;1%%@' (8)

Z ?:1(% - yAz)z
Z ?:1(3/1‘ - yAz)Q

where n, y;, and 7; refers to the number of data points, measured value and predicted value respectively.

RP=1- )

Statistical comparison of model performance

To assess whether the performance differences between the models were statistically significant, non-parametric
statistical tests were employed. Initially, the normality of the performance metrics was examined, revealing
a non-normal distribution; therefore, the Friedman test was employed as a non-parametric alternative to
repeated-measures ANOVA to determine whether significant differences existed among the models. The
evaluation was conducted using 10-fold cross-validation, generating ten performance scores per model for each
metric, ensuring a robust estimate of predictive capability. A p-value below 0.05 in the Friedman test indicated
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significant differences among models, prompting further pairwise comparisons using the Wilcoxon signed-
rank test, which is designed for dependent samples. This test was applied to compare model performances
across different metrics, with a p-value below 0.05 interpreted as a statistically significant difference between
the compared models. The findings from these statistical analyses were summarized in a comparative table,
highlighting model pairs with significant performance differences.

Result and discussion

PM (PM2.5 and PM10)

The monthly and annual trends mean time series of the data collected in this study (2016-2022) is shown in
Fig. 1 which shows the PM, . and PM, ; concentration. The results reveal that PM ; concentrations exceeded the
threshold of 60 ug/m? consistently during the months of September to January, as well as in June. This suggests a
period of elevated pollution levels during these months. Additionally, in 2018 to 2020, low PM concentrations of
both PM, , and PM, , (falling below 65 pg/m? and 30 pg/m? respectively), are maintained for approximately five
months due to the impact of the COVID-19 caused by reduced human activities and emissions. From January
to May, the high magnitude and frequency of precipitation especially during March-May, lead to improvement
of air quality and low PM, . concentrations below 30 ug/m* due to wet deposition in the studied area. Base
on Fig. 1 the annual mean of PM, ., and PM,; concentrations in Mashhad were higher than the World Health
Organization (WHO) air quality guidelines. This implies that the prediction of PM, . is significantly effects on
the levels of AQI. Additionally, the mean concentrations of PM, . and PM, ; over a seven-year period from 2016
to 2022 were calculated as 32.84 pg/m? and 61.88 pug/m?>, respectively. These average values provide an overall
understanding of the pollution levels during this time frame. Moreover, the maximum concentrations recorded
for PM, . and PM, ; were 160.25 pug/m?® and 315.55 pg/m>, respectively, indicating the occurrence of occasional
episodes of high pollution levels. Overall, these findings highlight the temporal patterns and impact of both
natural and anthropogenic factors on the concentrations of PM, ; and PM,; **. The relationship between the
AQI and PM, ; concentrations emphasizes the importance of monitoring and considering particulate matter in
air quality assessments and predictions.

The high concentration of airborne particles in Mashhad can be attributed to various factors, with heavy
traffic and transportation irregularities being the main factors®. The excessive use of vehicles and insufficient
infrastructure can lead to the emission of particulate matter into the air. Vehicles produce airborne particles that
can range from regular particulate matter to toxic particles®. Industrial activities also play a significant role in
elevating the particle concentration in Mashhad. Emissions from machinery, factories, and other industrial units
can contribute to air pollution by releasing particulate matter into the atmosphere®. The use of fossil fuels, such
as oil and natural gas, is another factor behind the high particle concentration. Fossil fuels are commonly used
as sources of energy and combustion, resulting in the release of particulate matter into the air’.

A popular explanation is that vegetation can effectively reduce the number of PM, . sources by fixing the
soil. At the same time, new findings verify that larger leaf area, branch, and stem surface enhance the efficiency
of intercepting or capturing PM, . in the subtropical broad-leaved or coniferous and broad-leaved mixed forest,
thereby inhibiting effectively the concentrations of PM, . in the air. As a result, winter air pollution becomes

c Annual Mean Values of PM10
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Fig. 1. Annual and monthly average values of PM, ; (a,b), PM,, (c,d).

Scientific Reports |

(2025) 15:8076 | https://doi.org/10.1038/s41598-025-92019-3 nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

150

Distribution of PM2.5 vs Time Distribution of PM10 vs Time

|a

300 - b

PM10(pg/m3)

® O 0 N A
ARSI T S
DA QP
Date

Fig. 2. Daily variations of PM, . (a), and PM, (b) from 2016 to 2022.
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Fig. 3. Annual and monthly average values, of AQI (a,b) and Average Values of rrr24 (c,d).

a more pronounced issue in Mashhad. These atmospheric conditions, along with temperature inversions, can
contribute to the formation of smog, which is characterized by a high concentration of particulate matter and
pollutants. Smog can significantly degrade the air quality in the surrounding areas and contribute to higher
levels of air pollution®.

Figure 2 display the daily variations of Particulates Matter from 2016 to 2022, respectively. The data reveals
a consistent Increase in PM every month and year. This pattern can be explained by a variety of factors, such as
temperature inversions that lead to the buildup of PM in the winter. Equally, PM levels typically decrease in the
summer. It is worth noting that in 2021, pollution levels rose compared to previous years, despite being lower in
2020. This increase may be linked to the ongoing operation of heavy industries post-Covid-19 lockdowns?’. The
resumption of industrial activities may have contributed to the rise in air pollution levels during 2021.

AQl and metrological parameters

The AQI is often closely correlated with the amount of particulate matter and pollutants in the air, and these
atmospheric conditions can lead to elevated AQI levels*!. In addition, the total amount of precipitation also
plays a role in determining the AQI. According to the comparison shown in Fig. 3. and also the correlation
coefficient (r = — 21 ) between AQI and 24-hour rainfall (rrr-24), an increase in precipitation leads to a lower
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AQ], and a decrease in precipitation leads to a higher AQI*2. The period from February to June stands out as
having significantly higher rainfall compared to the other seven months. Rainfall and AQI are closely related
environmental variables. Statistical analysis clearly indicates that the AQI tends to be lower during periods of
heightened precipitation, and conversely, higher during periods of decreased rainfall. Mashhad experiences the
majority of its rainfall from mid-autumn to mid-spring of the following year. This seasonal pattern of rainfall
might be the underlying reason for the observed changes in AQIL.

The dry climate of Mashhad, marked by strong winds, plays a significant role in shaping air pollution levels.
Studies indicate that raindrops can absorb airborne dust particles, which then settle due to gravity, leading
to a reduction in particulate matter concentrations. Our findings further support this, showing that increased
rainfall weakens AQI within a certain range (34). Additionally, wind is a key factor in the transport, dilution, and
dispersion of PM2.5, contributing to seasonal variations in pollution levels. Temperature inversions, particularly
during winter, further exacerbate air pollution by trapping pollutants near the surface.

Figure 4 presents the daily variations of key meteorological parameters from 2016 to 2022, providing insights
into their influence on air quality dynamics. Notably, precipitation (Fig. 4e) exhibits a seasonal pattern, with
increased rainfall from February to June, coinciding with improved air quality. Wind speed (Fig. 4a and c)
fluctuates significantly, underscoring its role in pollutant dispersion. Temperature (Fig. 4d) follows a cyclic
trend, reflecting seasonal variations, while humidity (Fig. 4f) and sunshine duration (Fig. 4g) also contribute
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Fig. 4. Daily variations of minimum horizontal visibility (a), wind direction (b) 24-h rain average wind speed
(c), average temperature (d), 24-hour rain (e), average relative humidity (f) number of sunny hours (g) and
number of dust (h) from 2016 to 2022.
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to atmospheric conditions that impact pollution levels. Additionally, cloud cover (Fig. 4h) varies throughout
the year, influencing radiation balance and atmospheric stability. These meteorological factors collectively
determine the dispersion, deposition, and resuspension of particulate matter, shaping long-term air quality
trends in Mashhad.

It is widely accepted that the rising temperature increases the height of the mixing layer which helps the
vertical diffusion of the atmosphere, thereby providing more space for the dilution of surface pollutants.
Simultaneously, the turbulent mixing effect from the thermal and dynamic forces of the underlying surface has
a direct impact on the migration and transformation of pollutants in the mixed layer®.

Spearman correlation and evaluation results

Figure 5 illustrates the correlation among various variables. Notably, a strong positive correlation exists between
the AQI and PM, , with the PM, . (with a correlation coefficient of 0.95) variables. The correlation results indicate
that a substantial portion of the prediction of PM,  concentrations can be attributed to AQI and PM, ; levels. The
heatmap correlation indicated that PM2.5 concentrations are a main factor influencing the AQI in the studied
area. Furthermore, this finding implies that monitoring and controlling PM2.5 concentrations could be an
effective strategy for improving air quality. Conversely, other variables exhibited weak to moderate correlations
with PM, .. Among the meteorological variables analyzed, four demonstrated a negative correlation with PM,
however, these correlations were relatively weak. Overall, only those variables exhibiting correlations greater
than +0.1 or less than - 0.1 with PM, . were retained for predicting its concentration.

In this study, four ML models were employed to estimate the PM, . concentrations, consist of GBR, RE, XGBR
and LGBM. For training and evaluation purposes, 80% of the available data was used to train the models, while
the remaining 20% was used for evaluation. Grid search was utilized to discover the optimal parameters for
the models. Table 1 presents the comparison evaluation metrics of the predicted PM, . for each ML algorithm.
These metrics included MAE, MSE, RMSE, MAPE and R%. Each metric provided umque insights into different
aspects of the models predictive accuracy, goodness of fit, and ability to capture the variations in the PM, .
concentrations. These evaluation metrics were used for both the training and testing datasets, but since these
values are more important for the testing dataset, they were analyzed specifically for this set.

Table 1 presents the performance of the machine learning models in predicting PM2.5 concentrations. Each
model’s effectiveness was assessed using MAE, MSE, RMSE, MAPE, and R? across training (80%) and validation/
testing (20%) datasets.

Among all models, RF exhibited the best performance based on MAE (0.47) and MAPE (1.5%), indicating
its superior ability to minimize absolute errors and relative percentage deviations. However, despite its strong
performance in these metrics, RF had a slightly higher MSE (8.73) and RMSE (2.95) in the testing phase

Correlation Matrix

1.0
m 0.95 0.32 -0.10 -0.16 -0.11 0.10 -0.14

0.8
1.00 0.22 =0:17 -0.16 -0.07 0.07 -0.04

- 0.6
AQI 0.95 0.76 0.34 -0.14 -0.21 0.15 0.11 -0.12

-0.4

nhz - 0.32 0.22 0.34 1.00 027 -0.05 -0.26 014 RS
- 0.2
um- 010 -0.17 -0.14 0.27 1.00 036  -0.08 027 [ERP
- 0.0
m24- 016 -0.16 -0.21  -0.05 0.36 1.00 0.09 0.10 | -0.30
ffm- 011 007 015 026 008 009 GO 006 010 *—02
dd- 0.10 0.07 0.11 0.14 0.27 0.10 -0.06 1.00 0.22 —0.4
wmin - -0.14 -0.04 0.12 -0.51 -0.30 0.10 0.22 —-0.6
1 | | 1 1 1 1 1 1
- — ~ N < e} o
s ¢z ¥ & § % & ®B ¢
2 2 g
53
™~
s g

Fig. 5. Correlation Heat map between the AQI and PM and meteorological parameters.
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Training set (80%) Validation/testing set (20%)
S.no. | Model name | MAE | MSE | RMSE | MAPE (%) | R? MAE | MSE | RMSE | MAPE (%) | R*
1 LGBM 075 |[574 |24 2.3 0.9784 | 0.9 10.2 | 3.19 2.6 0.9611
2 RF 0.19 [0.88 |0.94 0.7 0.9967 | 0.47 8.73 1 2.95 1.5 0.9686
3 GBR 0.4 1.4 1.18 1.7 0.9947 | 0.54 533 | 231 1.9 0.9802
4 XGBR 0.41 0.53 |0.73 1.5 0.9981 | 0.81 592 | 243 2.7 0.9781

Table 1. Displays the performance of the models in predicting the PM, ..

p-value

. No | Comparison MAE |MSE |RMSE |R?

RF and GBR 0.0098 | 0.0195 | 0.0371 | 0.0488
RF and XGB 0.0039 | 0.2754 | 0.3750 | 0.3223
RF and LGBM 0.0019 | 0.0195 | 0.0839 | 0.0839
GBR and XGB 0.0137 | 0.0137 | 0.0137 | 0.0195
GBR and LGBM | 0.0019 | 0.0039 | 0.0039 | 0.0039
XGB and LGBM | 0.0839 | 0.6953 | 0.6953 | 1.0000

| N W[N]~

Table 2. Statistical comparison of model performance.

compared to GBR, which had the lowest MSE (5.33) and RMSE (2.31). This suggests that GBR is better at
reducing large errors, making it more robust in capturing variations in PM2.5 levels.

XGBR performed well in terms of R? (0.9781), demonstrating high predictive power, but it had the highest
MAPE (2.7%), indicating that its predictions deviated the most in percentage terms. Meanwhile, LGBM
exhibited the weakest performance across multiple metrics, with the highest MSE (10.2) and the lowest R?
(0.9611), suggesting greater residual errors and lower predictive reliability.

Despite variations in individual metrics, all models achieved an R2 above 96%, demonstrating strong overall
predictive capability. However, when considering robustness and error minimization, GBR appears to provide
the most balanced performance, while RF is superior in absolute and percentage error reduction. Conversely,
LGBM performed the weakest in all error-based evaluations.

The results of the statistical comparison of model performance using the Friedman test and subsequent
Wilcoxon signed-rank test are presented in Table 2. The Wilcoxon signed-rank test results demonstrate that
Random Forest (RF) and Gradient Boosting Regressor (GBR) exhibit significant differences across all metrics,
with p-values below 0.05. Similarly, RF and XGBoost (XGB) show significant differences in MAE (p=0.0039)
but not in MSE, RMSE, or R? indicating that their predictive capabilities are comparable in these aspects.
Conversely, RF and LightGBM (LGBM) differ significantly in MAE and MSE (p <0.05) but not in RMSE and R?,
suggesting that while these models may vary in error magnitude, their overall variance explanations are similar.
The comparison between GBR and XGB reveals significant differences across all four performance metrics
(p<0.05), emphasizing that these models behave differently. Additionally, GBR and LGBM exhibit significant
differences across all metrics, reinforcing that GBR and LGBM vyield distinct predictive performances.

Figure 6. shows actual (blue) and predicted (yellow) PM2.5 concentrations from 2016 to 2022, with GBR and
RF models demonstrating better alignment with actual values. However, notable deviations occur, particularly
during 2018-2019 and 2019-2020, where sharp pollution spikes were likely influenced by temperature
inversions and increased winter emissions, and in late 2020 to early 2021, possibly due to industrial activity
or traffic fluctuations. LGBM and XGBR struggle with high PM2.5 levels, suggesting limitations in handling
extreme values. To improve predictions, incorporating meteorological and traffic data, data augmentation, and
hybrid modeling approaches could enhance accuracy, especially during pollution surges.

Conclusions

Air pollution is a global problem and researchers from all around the world are working to discover a solution. To
accurately forecast the PM, . concentrations, machine learning techniques were investigated. The present study
assessed the performance of four machine learning models including RF, LGBM, XGBR, GBR for predicting the
accurate PM, ; concentrations in Mashhad. The performance of the models in predicting PM, . concentrations
in Mashhad between 2016 and 2022 was compared. The evaluation metrics used included R*, MAPE, RMSE,
MSE, and MAE, which were calculated for both the training and testing datasets. However, the final analysis
was performed on the results of the testing dataset. The GBR performed strong capability in predicting PM,
concentrations based on the R%, MSE and RMSE metrics which outperformed of the other ML models The R
value for the testing dataset was above 96% for all of ML models.

Given the annual and monthly average PM2.5 concentrations in Mashhad, which often exceed the
EPA standard (15 pg/m?) and WHO guideline (10 pg/m?), proactive measures are necessary to mitigate the
associated health risks. In addition to expanding green spaces and public transport, targeted strategies should be
implemented, including stricter industrial emission controls, improved fuel quality regulations, and the adoption
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Fig. 6. Actual PM,  values and the predicted PM, ; values by GBR (a), RF (b), XGBR (c) and LGBM (d).

of advanced air filtration systems in high-traffic areas. Furthermore, phasing out older, high-emission vehicles
and enforcing stricter urban air quality monitoring policies would be crucial steps in reducing pollution levels.
Given the significant impact of PM2.5 on public health, particularly in large metropolitan cities like Mashhad,
high-accuracy PM forecasting is essential for informed environmental policymaking, public health monitoring,
and air quality improvement initiatives.

Data availability
The datasets generated and/or analysed during the current study are not publicly available due to data confiden-
tiality but are available from the corresponding author on reasonable request.
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