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Abstract
Fine particulate matter (PM2.5) level in Bangkok and vicinity areas, Thailand, has increased 
for a half decade and exceeds the national air quality standard in dry season. However, there 
are a limited number of air quality monitoring stations measuring PM2.5 concentration. A land 
use regression (LUR) model can be applied to an estimate of PM2.5 concentrations at non-
monitored locations. This is the first study that develops the LUR model with the random 
forests (RF) algorithm incorporating WRF/CMAQ for predicting daily PM2.5 concentration 
for the year 2017 in Bangkok and vicinity areas. CMAQ-simulated PM2.5 concentrations, 
WRF-simulated meteorological parameters, population density, and land use variables were 
used as predictors of the LUR model. The predictor variables were assessed by variable 
importance measurements. A cross-validation (CV) technique was performed to evaluate 
the prediction performance in spatial and temporal aspects and obtained the coefficient of 
determination (R2) and root mean square error (RMSE) values. The daily PM2.5 concentrations 
were estimated by the developed model at 1×1 km resolution in the study area. The predictive 
performance of the developed land use random forests (LURF) model was compared with that 
of the conventional LUR model built with multiple linear regression to reveal the advantages 
of the RF algorithm. Accordingly, the LURF model obtains a spatial CV-R2 of 0.63 and a 
temporal CV-R2 of 0.70, which are higher than that of the conventional LUR model (a spatial 
and a temporal CV-R2 of 0.46). The findings demonstrate that the LURF model incorporating 
WRF/CMAQ is advantageous to accurately estimate ambient PM2.5 level in Thailand.
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1. Introduction
Air quality in central region of Thailand 

has become worse for a half decade due to 
the increase of fine particulate matter (PM2.5) 
level. Moreover, the number of air quality 
monitoring stations for PM2.5 measurement 
are limited (PCD, 2018). To estimate PM2.5 at 
non-monitored locations, a land use regression 
(LUR) model can be applied for this demand 
(Hoek et al., 2008). The conventional LUR 

model is developed from multiple linear 
regression (MLR) technique. Chemical 
transport model (CTM) can be applied to the 
LUR model as a predictor variable to enhance 
the predictability (Di et al., 2019, Gariazzo 
et al., 2020). The CTM provides spatially and 
temporally resolved estimates of air pollutant 
concentrations. Nevertheless, the conventional 
LUR model bears the drawback of difficulty in 
capturing non-linearity between the objective 
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Figure 1. Study area - The dots represent the ambient PM2.5 monitoring stations and their 
locations. The contour color represents the built-up area ratio.

pollutant concentration and the predictors. 
The machine learning technique was 

introduced to the LUR framework since it can 
efficiently handle non-linearity and deal with 
complex interactions among the predictive 
variables (Gupta and Christopher, 2009). 
A random forests (RF) technique developed 
from a decision tree-based machine learning 
is effectively used for solving regression and 
classification problems (Breiman, 2001). The 
RF performs several advantages, such as: 1) 
better forecasting performance compared to 
artificial neural networks (ANN), support 
vector machine (Liaw and Wiener, 2002), 
Naïve Bayes classifiers and logistic regression 
(Yu et al., 2016); 2) robust against overfitting 
(Breiman, 2001); and 3) it has only two user-
defined parameters: the number of variables 
in the subset at each node and the number of 
trees in the forest (Breiman, 2001). 

In this study, a land use random forest 
(LURF) model incorporating WRF/CMAQ 
was developed to estimate daily PM2.5 

concentration in Thailand. The cross-validation
(CV) method was applied to evaluate the 
model predictive performance. The predictive 
performance of a LURF model was compared 
to that of the conventional LUR model 
built with MLR technique to investigate 
whether the RF algorithm improves PM2.5 

predictability in the study domain. Finally, the 
advantages of this study were discussed and 
outlined its implications. This study would be 

beneficial for developing models for health 
and ecological risk assessment associated with 
PM2.5 exposure, and for making science-based 
environmental policies to mitigate PM2.5 levels 
in the future.

2. Materials and Methods
	

2.1 Study area and air quality monitoring 
stations

The study area is a 300 × 300-km domain 
in and around the central region of Thailand, 
Which includes the largest metropolitan area 
of Bangkok and vicinity provinces (Figure 1). 
The daily average PM2.5 concentrations were 
obtained for the year 2017 from the database 
of the regulatory monitoring network provided 
by Pollution Control Department of Thailand 
and Bangkok Metropolitan Administration. 
The locations of the air monitors are shown 
in Figure 1. The observations only from 
the general ambient air-quality monitoring 
stations are utilized in this study since they 
are positioned to prevent the effects of traffic 
or specific emission sources. Moreover, the 
data from air quality monitoring stations 
with a temporal coverage of more than 80% 
in a year were only used to build the LUR 
model to guarantee that it was temporally 
representative. Therefore, a total of 11 
monitoring stations were considered in this 
study.
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Table 1. Predictor variables

2.2 Dataset and predictor variables

The datasets were selected by considering 
potential factors that can influence the 
spatiotemporal concentration of the air 
pollutant. Some of the gridded data including 
WRF/CMAQ features were resampled to 
conform to an origin and resolution of 1-km 
grid scale. The predictor variables are shown 
in Table 1.

2.2.1 WRF/CMAQ simulations

The Weather Research and Forecasting 
model (WRF) v3.8 is used for simulating 
meteorological features (Skamarock and 
Klemp, 2008). The Community Multiscale 
Air Quality Modeling System (CMAQ) 
v5.2.1 is  used for  s imulat ing PM2.5 
concentration with meteorological fields 
produced by the WRF. The domain for the 
WRF/CMAQ simulation covers the central 
region of Thailand with 5-km grids which 
is identical to the study area (Figure 1). The 
WRF-simulated hourly meteorological fields 
were processed to prepare for the predictor 
variables, including planetary boundary layer 
(PBL) height, wind speed, air temperature, 
and relative humidity. The CMAQ-simulated 
hourly air-quality fields were processed to 
prepare the predictor variables. 

2.2.2 Road, land use and population data

The road dataset obtained from Open 
Street Map (https://www.openstreetmap.org) 
was classified as trunk, motorway, primary, 
secondary, and tertiary. The trunk, motorway, 
and primary are extracted and included as a 
major road. The secondary and tertiary roads 
are extracted and included as a minor road. The 
road length in a grid cell was calculated for 
each classifier using road network data. The 
agricultural area ratio was extracted from land 
use data which is provided by Geo-Informatics 
and Space Technology Development Agency: 
GISDA, Thailand. The built up area ratio is 
download from the database of European 
Commission, Joint Research Centre (JRC) 
(Corbane et al., 2020). The forest area was 
downloaded from the forest cover database 
(https://earthenginepartners.appspot.com/) 
by Hansen et al. (2013). The elevation 
data is obtained from Jarvis (2021). The 
population data is obtained from the WorldPop 
database, University of Southampton, UK 
(https://data.humdata.org/dataset/worldpop-
population-counts-for-thailand). The focal-
sum method was applied to the road, land 
use and population variables with the purpose 
of considering the distance decay effect as 
following the proposed technique by Vienneau 
et al. (2009). 
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2.3 Model building

A spatiotemporal land use random forest 
(LURF) model was constructed with the 
predictor variables, as shown in Table 1. 
In this study, R statistical software version 
4.0.5 was used for building model (R Core 
Team, 2020). The ranger package was used 
for the implementation of RFs (Wright and 
Ziegler, 2017). The number of variables 
in the subset at each node (mtry) was set to 
2p/3, where p is the number of predictor 
variables in the entire data set (Wright and 
Ziegler, 2017). The other parameters were 
set to the default values. The R2 of the 
model was calculated as 1 − MSE/var(Y), 
where MSE is the mean of the out-of-bag 
errors for all the prediction points, and Y is 
the observed values (Brokamp et al., 2017). 
After obtaining the LURF model, we ranked 
the predictor variables by sorting the variable 
importance measure in the descending 
order. A land use linear regression model 
(LULR) was conducted for the comparison 
benchmark with the LURF model. The LULR 
models were constructed using a supervised 
stepwise MLR method (Beelen et al., 2013). 
The selected potential predictor variables of 
the LULR models were the same as those of 
the LURF model presented in Table 1. We 
use the adjusted model R2 for the model R2 
of the LULR model.

2.4 Model evaluation

The performance of the models were 
evaluated using CV in two different 
aspec ts :  spa t ia l  and  tempora l  CVs 
(Thongthammachart et al., 2021a). These 
two validation features aim to test the 
model’s effectiveness in estimating in 
either the other locations or the other 
periods. The “leave-one-monitoring station-
out” was applied for spatial CV and the 
“leave-one-month-out” was applied for the 
temporal CV. The predicting accuracy from 
these CVs were investigated using the R2 
values between the predicted and observed 
values. The precision of the prediction 
was determined via the root mean square 
error (RMSE) between the predicted and 
observed values. 

3. Results and Discussion

The measurement of the prediction 
potential of the variables for the LURF 
model are sorted by their order of importance 
in Figure 2. The CMAQ-simulated PM2.5 
concentration emerges as the most important 
variable. Relative humidity (WRF_RH) and 
ambient temperature (WRF_Temp) are the 
second and the third most influential variables. 
The model-R2 value of the LURF model is 
0.78. On the other hand, the final variables for 
the LULR were the CMAQ-simulated PM2.5 

concentration. The stepwise variable selection 
of the LULR can assume that the CMAQ 
variable is the most important predictor 
contributing to model accuracy. The adjusted 
R2 value of the LULR model is 0.49.

In the model evaluation results (Figure 3),
The cross-validated R2 values, categorized 
by spatial and temporal CVs, of the LURF 
and LULR models, were 0.63 and 0.70, and 
0.46 and 0.46, respectively. Furthermore, the 
cross validated RMSE values of these aspects 
were 9.0 and 8.1, as well as 10.8 and 10.8, 
respectively. Consequently, the LURF model 
reveals a higher model-R2 and CVs–R2 as well 
as lower CV–RMSE values at both spatial 
and temporal aspects than that of the LULR 
model. Accordingly, the results imply that the 
LURF model is superior performance to the 
LULR model for daily PM2.5 prediction in the 
study domain.

Furthermore, the temporal CVs of 
the models reveal a higher R2 and a lower 
RMSE values than that of the spatial CVs. To 
investigate the CV behavior, a coefficient of 
variation from the residuals of the daily PM2.5 
concentration was calculated in two aspects: 
the spatially averaged temporal variation 
(concentration on each day) and temporally 
averaged spatial variation (concentration 
at each station) (Thongthammachart et al., 
2021a). The coefficient of variation value 
of spatially averaged temporal variation 
is 126.9, while the value of temporally 
averaged spatial variation is 160.5. Hence, 
the residuals of the observed PM2.5 are larger 
in terms of spatial variation than temporal 
variation. Additionally, the limited number 
of PM2.5 monitoring stations probably causes 
weak goodness of the fit of the LUR model 
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Figure 2. Variable importance plot for the LURF model. The variables are listed based on 
the importance from top to bottom

for the site-to-site validation (Chalermpong 
et al., 2021). Accordingly, these reasons 
could support the CV results why the 
temporal CVs exhibit higher predicting 
performance than the spatial CVs.

In addition, the LUR model in this 
study achieved high CV-R2 with well 
agreement between the observed and the 
predicted PM2.5  levels. The integration of 
RF and CTM to the LUR framework for 
accurately estimating daily mean PM2.5 
levels has been effectively deployed in 
numerous developed and/or rich countries 
for enhanced prediction at national and 
regional scales. The CV–R2 obtained by 
similar studies are 0.85 for Continental 
United States (Di et al., 2019, Di et al., 
2016), 0.61 for China (Xue et al., 2019), 
and 0.81 for Japan (Thongthammachart 
et al., 2021b). Besides, the previous study 
was successfully used the LURF model to 
forecast PM2.5 at the city scale and their 
model results obtained CV–R2 value of 
0.72 (Gariazzo et al., 2020). Accordingly, 
the LURF incorporating CTM is effectively 
applicable for daily PM2.5 prediction at 
varying geographical scales.

This study makes valuable contributions 
as evidenced from its outcomes. The 
developed LUR model accurately predicts 
daily PM2.5 levels,  which have high 
spatiotemporal variability. The application of 
the RF technique to LUR model can enhance 
the predictability of PM2.5 concentration 
rather than using the conventional LUR 
model. The model can be confidently 
applied to future studies to achieve accurate 
predictions which are advantageous for 
human and ecological risk assessment. 

Although our study exhibits  the 
advantages, it has some limitations. First, 
the number of PM2.5 monitoring stations is 
limited. It possibly affects the performance 
of the fit LUR model. The LUR model’s 
performance could possibly be improved by 
increasing the number of air measurement 
stations. Second, this study only utilized 
the daily average PM2.5 concentration for 
one year (2017), which is insufficient for a 
comprehensive investigation of the long-term 
trend of PM2.5. Apart from the limitations, this 
study successfully developed the LURF model 
incorporating WRF/CMAQ to estimate daily 
PM2.5 levels in Bangkok, Thailand.
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Figure 3. Scatter plots of the predicted and observed daily average concentrations of PM2.5 

obtained by cross validation.  (A) and (B), and (C) and (D) show the LURF and LULR models, 
respectively. Similarly, (A) and (C), and (B) and (D) show spatial and temporal cross-validations. 

The red and blue colors indicate higher and lower point densities, respectively

4. Conclusion
 
This study was successfully implemented 

the RF technique with WRF/CMAQ to LUR 
model to accurately estimate ambient PM2.5 
concentrations for the first time in Thailand. 
The important advantages of applying the 
RF technique of capturing the non-linearity 
between the predicted PM2.5 concentration 
and predictor variables was illustrated in this 
study. The application of the WRF/CMAQ 
into the LURF model obviously improves air 
pollutant predicting performance in terms of 
accuracy and precision as indicated by the 
higher CV-R2 and lower CV-RMSE values 
compared to the conventional LUR model. 
In future studies, the LURF model will be 

intended to apply to a more extensive area 
and a longer time, as well as investigate 
spatiotemporal distribution of PM2.5 levels 
in Thailand and other developing countries.
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