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A B S T R A C T

Previous air pollution modeling studies have predominantly emphasized horizontal distributions, overlooking 
the critical vertical variability of pollutant concentrations in urban environments. Therefore, the three- 
dimensional (3-D) behavior of air pollutants, and of ultrafine particulate matter (PM0.1) in particular, is insuf
ficiently characterized. This study examined the 3-D distribution of PM0.1 in the Zhunan and Toufen regions in 
Miaoli, Taiwan. Using a hexacopter drone, PM0.1 concentrations were measured at 12 locations, at altitudes of 
40, 60, and 100 m. A geospatial-artificial intelligence (Geo-AI) model was developed to estimate 3-D PM0.1 
concentrations, incorporating databases such as land use, meteorology, and 3-D building data as predictor 
variables. SHapley Additive exPlanations (SHAP) analysis for variable selection showed that key predictors were 
building height, temperature, carbon dioxide, nitric oxide, forest coverage and 3-D spatial distance from 
buildings. Five machine learning algorithms were used for modeling. Extreme Gradient Boosting Regressor 
(XGBR) achieved the best performance with a training R2 of 0.98. The model’s robustness was further examined 
through 10-fold cross-validation and stratified validation, which yielded R2 values exceeding 0.85, indicating a 
strong ability to capture the spatial variation of PM0.1 across different environmental conditions. These findings 
underscored the crucial role of vertical pollutant dispersion in urban environments and the need to incorporate 
detailed 3-D measurements into urban planning and public health policies.

1. Introduction

Ultrafine particulate matter (PM0.1) refers to particles with an 
aerodynamic diameter of less than 0.1 μm. This nanoscale size enables 
PM0.1 to penetrate deeply into the respiratory tract and reach the 
bloodstream, which has a significant effect on health (Bhargava et al., 

2018; Leikauf et al., 2020). Exposure to PM0.1 is associated with chronic 
respiratory and systemic ailments, including chronic obstructive pul
monary disease, atherosclerosis, and neurodegenerative conditions in 
neuronal cells (Calderón-Garcidueñas et al., 2025; Jiang et al., 2024; 
Zhang et al., 2024). PM0.1-induced pathogenesis involves multiple 
mechanisms, including inflammation, oxidative stress, autophagic cell 
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death and dysregulation of proteins that are essential for cellular ho
meostasis and viability (Hammond et al., 2022; Kelley et al., 2024). 
PM0.1 is not a currently targeted pollutant that is monitored by envi
ronmental authorities in most countries, so there is a lack of information 
as to its distribution and effect on health. Monitoring PM0.1 is crucial for 
maintaining public health and preventing chronic diseases and systemic 
damage.

Numerous studies have demonstrated the spatial heterogeneity of air 
pollution, with many assessments focusing on the horizontal distribu
tion of air pollutant concentrations (Asri et al., 2024; Lee et al., 2017; 
Wu et al., 2017), although vertical variations have also been docu
mented (Li et al., 2022; Pohorsky et al., 2025). In densely populated 
urban areas where people live and work in high-rise buildings, in
dividuals at different heights within the same area may experience 
significantly different pollution levels. The vertical variation in air 
pollution is primarily affected by wind patterns that are generated by 
street canyons and by changes in wind speed and direction, which 
significantly affect the three-dimensional (3-D) dispersion of pollutants 
(Huang et al., 2019). An increase in wind speed enhances the dispersion 
of pollutants, accelerates their movement in residential areas, and re
duces their accumulation. Low wind speeds result in pollutant deposi
tion and accumulation. When a building is aligned parallel to the 
prevailing wind direction, pollutant penetration into residential areas is 
reduced. In contrast, buildings with other orientations tend to promote 
pollutant accumulation (Li et al., 2019). Therefore, vertical variability, 
in addition to two-dimensional (2-D) patterns, is essential for accurately 
assessing urban air quality.

To study the variation in air pollution in the vertical direction, pre
vious studies used different measurement strategies (Cichowicz & 
Dobrzanski, 2021; Eeftens et al., 2019; Xu et al., 2022). These methods 
typically use interpolation techniques or establish the ratio of concen
tration between different altitudes and ground-level measurements to 
predict pollutant concentrations at different elevations. However, these 
studies assumed uniform vertical pollution gradients across spatial do
mains and did not consider that different land use patterns and building 
morphologies generate differential wind fields, which produce 
site-specific vertical concentration profiles.

Air pollution monitoring typically relies on both stationary moni
toring networks and portable sensing technologies (Idrees & Zheng, 
2020; Tessum et al., 2021). While stationary monitoring stations offer 
standardized and quality-assured measurements, their limited spatial 
coverage and fixed locations constrain their ability to observe variations 
in pollution levels across diverse spatial environments. Portable devices 
are cheaper and offer enhanced spatial resolution of air pollution mea
surements, but they are limited in terms of locations and transportation 
modes, which restrict monitoring to a 2-D plane. Some studies used an 
unmanned aerial vehicle (UAV) platform to measure air pollution 
(Lugassi et al., 2022; Pochwała et al., 2020). UAV is a highly mobile and 
flexible platform that can reach areas inaccessible to humans, such as 
high altitudes, industrial sites, or disaster areas. UAV provides 
comprehensive 3-D measurements.

Despite advances in monitoring techniques, the inherently point- 
based observations cannot adequately characterize the spatial gradi
ents of air pollution for a large area, motivating the development of 
spatial modeling approaches. Land-use regression (LUR) models and 
machine learning algorithms have been widely used in air pollution 
studies (Li et al., 2023; Lung et al., 2021; Xu et al., 2018). LUR models 
utilize various land-use variables that influence air pollution concen
tration to develop a linear regression model for measuring air pollution 
levels. However, LUR models assume a linear relationship between 
land-use variables and air pollution levels (Azmi et al., 2023; Wu et al., 
2017), so the complex, nonlinear interactions in real-world environ
ments are not considered. Machine learning algorithms are utilized in 
conjunction with LUR models to develop Geospatial Artificial Intelli
gence (Geo-AI), which significantly enhances the predictive capabilities 
of the models (Asri et al., 2024; Babaan et al., 2024; Wong et al., 2021). 

Unlike conventional linear regression, machine learning techniques 
better capture nonlinear relationships between variables and air pollu
tion concentrations, providing more accurate predictions.

This study used a UAV system for PM0.1 measurements in 3-D space. 
A Geo-AI spatial model was combined with land-use/land-cover infor
mation to estimate the distribution of PM0.1 concentration in the vertical 
and horizontal planes. The measured vertical variation in air quality 
enabled a more accurate estimation of PM0.1 concentration in 3-D space, 
informing control strategies specific to different heights.

2. Materials and methods

2.1. Study area

This research was conducted in Zhunan Town and Toufen City in 
Miaoli County, Taiwan. The Zhunan-Toufen area covers approximately 
90.86 km2 and has a population of 195,123 people (Department of 
Household Registration, 2023; National Land Surveying and Mapping 
Center, 2023). Zhunan and Toufen have a variety of industrial plants in 
large industrial areas, such as the Zhunan Industrial Zone, Toufen In
dustrial Zone, and the Hsinchu Science Park Zhunan Base, which serves 
the electronics, semiconductor, and chemical industries.

The diverse topography and building morphology in Zhunan and 
Toufen create complex airflow patterns that influence the diffusion of air 
pollutants. In these areas, the combination of high population density 
and high-rise buildings necessitates detailed 3-D exposure measure
ments to assess particulate pollutant distributions at various elevations 
and locations. The study area and the distribution of the sampling lo
cations are shown in Fig. 1.

2.2. Database

Five datasets were used to determine the predictor variables. These 
were selected to ensure a comprehensive analysis of the factors that 
affect air pollution in 3-D space. The database and its contents are shown 
in Table S1.

To process variables, the spatial density of each land-use feature 
within several buffer zones was calculated, for values from 25 to 2000 
m. Pollutant and meteorological data were spatially interpolated using 
the Kriging method with an hourly resolution, the finest available 
temporal resolution. Values for each variable for each sampling location 
represented the surrounding environmental conditions during sampling. 
For 3-D building data, the volume of buildings within buffer zones 
ranging from 25 to 2000 m and the distances to different types of 
structures in both 2-D and 3-D space were calculated to capture terrain 
and environmental characteristics around each sampling location.

2.2.1. Ultrafine particulate matter database
P-Trak Ultrafine Particle Counter (model 8525, TSI Incorporated, 

USA) is a condensation particle counter that is used to measure the 
concentration of particles within a diameter of 0.02–1 μm. The 
maximum detection limit is 500,000 particles/cm3, and P-Trak has 
demonstrated bias-corrected precision within 10 %, making it suitable 
for both indoor and outdoor exposure studies (Chen et al., 2017; Lin 
et al., 2022). The sampling interval for the P-Trak ranged from 1 s to 1 
min. In this study, a 1 s interval was used to capture each airborne 
sample. P-Trak measures vehicle emissions, industrial pollution, vehicle 
exhaust migration, and smoking area assessments (Baquero et al., 2015).

3-D measurements were taken using a six-rotor hexacopter (model 
A610 SE, Asia UAV AI Innovation Application R&D Center, Taiwan). 
This drone was modified to carry air pollution monitoring equipment 
and was equipped with a 24.68 kg battery with a capacity of 32,000 
mAh. This configuration allowed a flight time of more than 20 min. For 
this study, the position of air pollution sampling instruments on the UAV 
was selected to minimize the effect of airflow over the UAV. Previous 
studies demonstrated that placing sensors directly beneath rotors 
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compromised measurement accuracy because rotor downwash induces 
mixing and dispersion of particulate matter (Han et al., 2024; Roldán 
et al., 2015; Villa et al., 2016). To mitigate this aerodynamic interfer
ence, the P-Trak was mounted on top of the six-rotor A610 SE hexa
copter to minimize exposure to these flow disturbances (Fig. S1). This 
configuration increased measurement precision and minimized sys
tematic bias (Han et al., 2024; Roldán et al., 2015).

Prior to each flight, zero-point calibration was performed, and the 
instrument’s results were compared with those of a ground-based device 
to ensure data consistency and minimize instrumental bias. To minimize 
flight-induced variability, UAV trajectory, velocity and altitude were 
determined using ground-based mission planning software and were 
controlled autonomously by the onboard flight management system.

The study area was divided into four major land-use types. Each type 
was allocated 2–3 sampling locations, resulting in a total of 12 sampling 
points in the entire area, to ensure a balanced representation (Fig. 1). 
PM0.1 measurements were taken at altitudes from the ground to 40, 60, 
and 100 m above sea level. The highest key altitude is governed by 
Taiwanese regulations that limit the maximum altitude of drones to 
121.92 m. The other two key altitudes are evenly distributed between 
0 and 100 m. The key altitudes for some sampling locations were 
adjusted to account for the presence of obstacles. At each of these three 
key altitudes, the drone also performed circular flight trajectories with 
radii of 100 and 200 m to collect planar samples. The flight paths are 
shown in Fig. 1.

The sample collection was conducted over two periods to determine 
the seasonal variation in PM0.1. The first round of winter samples was 
collected over two periods, from January 12 to 17 and on February 8, 
2023. These concentrations were found to be higher than those observed 
during summer in Taiwan (Hsu & Cheng, 2019). The second stage of the 
sampling was conducted in the summer, from July 15 to 18, 2023. 
Concentrations were measured to be lower during this period.

Sampling was conducted at 2–3 points per day for 1–1.5 h, which 
included setting up and measurement. The time resolution for the 

sampling data was one record per second. After filtering for erroneous 
sampling data and missing data (approximately 4.56 % of the entire 
dataset), outliers were excluded using the 3 × Interquartile Range (IQR) 
rule (values below Q1 − 3 × IQR or above Q3 + 3 × IQR). The P-Trak 
measurements demonstrated a high degree of variation, so this criterion 
helped avoid misclassifying normal values as outliers. A total of 35,523 
records were used for analysis. This sampling data was the dependent 
variable for the machine learning model.

2.2.2. Land-use inventory and road network distribution
The land-use inventory data for this study were obtained from the 

Land Surveying and Mapping Center (LSMC) of the Ministry of the 
Interior. The dataset categorized land use into nine major types, 48 
minor types, and 93 detailed types. This study primarily focused on 
residential areas, green spaces, agricultural land, industrial zones, arti
ficial structures, and water bodies to identify the predominant land-use 
type at each sampling location and to assess the effect of land use on 
PM0.1 distribution during the Geo-AI modeling process.

The digital road network map for this study was released by the 
Transportation Science Research Institute of the Ministry of Trans
portation in Taiwan. This database is updated annually and details the 
distribution of roads across the country in GIS format. After density 
calculations, the data were incorporated into the Geo-AI model to 
determine the relationship between road networks and PM0.1 
distribution.

2.2.3. 3-D building information
The distribution of buildings affects the vertical variation in air 

pollution. Previous studies have demonstrated that building volume and 
height can impact the dispersion and distribution of nearby pollutants 
(Jiang et al., 2021; Zhu et al., 2021). The 3-D building models used in 
this study were obtained from the Ministry of the Interior’s LSMC, which 
has maintained and updated them in Taiwan since 2019. These models 
range from coarse to detailed levels, which are classified as Level of 

Fig. 1. (a) Study area sampling locations, with colors representing different land uses: green for forests, yellow for industrial and commercial areas, gray for 
transportation infrastructure, and blue for water bodies; (b) UAV sampling path. (For interpretation of the references to color in this figure legend, the reader is 
referred to the Web version of this article.)
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Detail 1 (LOD1), Level of Detail 2 (LOD2), Level of Detail 3 (LOD3), and 
Level of Detail 4 (LOD4). This study used LOD1-scale 3-D building 
models. These 3-D building models were integrated with land-use in
ventory data to quantify the volume and height of residential, com
mercial, agricultural, and industrial buildings. The distance from each 
sampling location to the nearest building was also measured to support 
model development.

2.2.4. Other air pollutants and meteorological database
Studies have shown a strong correlation between surface-level pol

lutants and their vertical distributions (Chen et al., 2022; Chen et al., 
2024). Most 3-D air pollution samples for this study were collected at 
altitudes below 100 m, making surface-level concentrations reasonable 
proxies for the vertical variation in air pollution. With direct measure
ments at different heights often unavailable, ground-level gaseous 
pollutant data were used to approximate conditions affecting vertical 
pollutant dispersion. The ground-based air quality monitoring data for 
this study were from the Air Quality Monitoring Network of Taiwan’s 
Ministry of Environment, which includes data from 76 monitoring sta
tions. The measured pollutants included carbon monoxide (CO), nitric 
oxide (NO), nitrogen dioxide (NO2), nitrogen oxides (NOx), ozone (O3), 
particulate matter with a diameter of 10 μm or less (PM10), PM2.5, and 
sulfur dioxide (SO2).

Meteorological data, including temperature, humidity, wind speed, 
wind direction, and solar radiation, were obtained from the Central 
Weather Administration, based on observations from approximately 453 
weather stations across Taiwan. These data served as a reference for 
real-time environmental conditions.

2.2.5. Landmark database
This study utilized data from Taiwan’s Nationwide Business Tax 

Registry to identify the geographic locations of various merchants and 
enterprises that are potential sources of PM0.1 emissions. This database 
covers a wide range of Point of Interest (POI) categories, including in
dustrial facilities (general industry, petrochemical plants, paper and 
textile mills, and wood and stone processing sites), agricultural and 
food-related businesses (cereal production facilities, food stalls, and 
garden centers), infrastructure and service sites (transportation hubs 
and funeral services), and emission-related sources (volatile substance 
manufacturers, waste treatment facilities, power plants, incinerators, 
and smokestacks).

2.3. Methodologies

This study developed a 3-D air pollution estimation model using Geo- 
AI modeling techniques. The process included important variable 

selection, Geo-AI modeling, validating model performance using Auto
mated Machine Learning (AutoML), and visualizing PM0.1 distribution 
using advanced 3-D estimation techniques. Spatial data were processed 
using ArcGIS Pro 3.2, and data analysis and machine learning were 
performed in Python 3.7 on the Jupyter Notebook platform. The study 
framework is shown in Fig. 2.

2.3.1. Descriptive statistics for PM0.1 pollutants that are measured using a 
UAV

The spatial distribution and vertical variability of UAV-collected 
PM0.1 concentrations were evaluated using descriptive statistics. 
Instrument-flagged invalid readings were filtered out to ensure accuracy 
and reliability. PM0.1 concentration values were then summarized using 
the mean, median, standard deviation, minimum value, and maximum 
value. The data were divided based on two dimensions: the sampling 
seasons, S1 (cold season) and S2 (warm season), and the land-use types: 
forests, industrial and commercial areas, transportation infrastructure, 
and water bodies. Based on these groups, line charts were used to 
visualize the relationship between PM0.1 concentration and altitude at 
various sampling locations. This method provided an initial assessment 
of vertical concentration changes across different locations. The results 
identified areas and elevations where potential contaminants tended to 
accumulate or disperse, providing key patterns for spatial modeling.

2.3.2. Determination of the importance of variables using SHAP
SHapley Additive exPlanations (SHAP) is an advanced interpretive 

machine learning technique that explains the variable importance of a 
model (Asri et al., 2024). SHAP analysis was used to quantify the 
contribution of each predictor variable to the prediction results and to 
determine the effect of each predictor variable on the prediction results 
for the model.

This study utilized SHAP values to rank variables by their impact on 
PM0.1 concentrations (Chang et al., 2025), from the highest to the 
lowest. Variables were then added sequentially to the machine learning 
models based on this ranking. For each added variable, the change in the 
model’s R2 value was calculated. If the inclusion of a variable increased 
R2 by 0.001 or more, it would be retained in the model (Babaan et al., 
2024). This stepwise approach ensured that each added variable 
contributed meaningfully to the accuracy of PM0.1 predictions.

2.3.3. Geo-AI model development
Five commonly used machine learning algorithms for air pollution 

estimation were employed to develop the model. These included a 
Categorical Boosting Regressor (CBR), a Gradient Boosting Regressor 
(GBR), a Light Gradient Boosting Machine Regressor (LGBMR), a 
Random Forest Regressor (RFR), and an Extreme Gradient Boosting 

Fig. 2. Study framework, including database development, Geo-AI model development and validation, and 3-D visualization of air pollution.
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Regressor (XGBR). CBR processes categorical features, which is critical 
when data types vary, making it suitable for mixed datasets (Dorogush 
et al., 2018). GBR is an ensemble learning method that uses a series of 
progressive weak learners, typically in the form of decision trees, to 
progressively improve the model’s learning performance at each itera
tion (Friedman, 2001). LGBMR employs a leaf-wise tree-growing strat
egy that is both flexible and scalable, utilizing a histogram-based 
approach (Ke et al., 2017). RFR is a regression technique that is reliable 
and prevents overfitting (Breiman, 2001). It builds multiple decision 
trees during the training process to process scattered data. XGBR pro
cesses various data using regularization methods to prevent overfitting 
and provides advanced functions, such as parallel tree construction and 
approximate tree pruning (Chen & Guestrin, 2016).

This study determined the importance and order of variables, then 
incrementally added them to the model, using the screening method 
described in Section 2.3. The AutoML suite was used as a modeling tool, 
and the machine learning algorithms previously mentioned were used to 
model the nonlinear relationship between variables and air pollution 
concentration (He et al., 2021). Model performance was evaluated using 
several indicators, including R2, adjusted R2, RMSE, MSE, and MAE, to 
select the best-performing algorithm as the final model.

2.3.4. Model evaluation
The model evaluation process for this study included both internal 

and out-of-sample validations to ensure the reliability and robustness of 
the predictive model. Internal validation adopted the 10-fold cross- 
validation (10-fold CV) method, which divided the entire dataset into 
ten equally sized subsets. The model was trained on nine subsets and 
tested on the remaining one. This iterative process was repeated ten 
times, so that each subset served as test data once. This iterative vali
dation assessed the model’s stability across different portions of the 
dataset.

A stratified validation was also conducted to evaluate the model’s 
performance across different environmental characteristics groups. 
These categories included elevation, day of the week, median PM0.1 
concentration, land-use type, administrative town, and proximity to 
major roads. Each subgroup was used in turn as the test dataset to verify 
the model’s predictive ability under varying conditions and to assess its 
robustness across different environmental contexts.

Out-of-sample validation was performed using an 80-20 split, where 
the entire dataset was randomly divided into a training set (28,419 
samples) and a testing set (7104 samples). The training set, which 
accounted for 80 % of the total data, was used for model training, while 
the testing set (20 %) was used to evaluate the model’s performance on 
unseen data. Since the testing data were not exposed during model 
training, it served as an indicator of the model’s generalization 
capability.

2.3.5. 3-D visualization of PM0.1 prediction
To visualize the 3-D distribution of PM0.1, the advanced 3-D mapping 

capabilities of ArcGIS Pro were utilized. 3-D point bricks were generated 
to cover the entire mapping domain. For each point within these bricks, 
the variables selected through SHAP analysis were re-applied in the 
trained model to generate a localized prediction. Temporal variables, 
such as temperature and nitric oxide (NO), were incorporated using 
their corresponding values at the target prediction time to reflect the 
actual environmental conditions at that moment. This ensured that the 
predicted concentrations reflected the actual environmental conditions 
and minimized discrepancies caused by temporal variability, thereby 
improving prediction reliability. The “Empirical Bayesian Kriging 3D″ 
tool in ArcGIS Pro was then employed to perform a 3-D interpolation of 
the predicted PM0.1 concentration across the study area. The resulting 
map presented a semi-transparent cubic concentration surface, with red 
denoting higher concentrations and blue denoting lower concentrations. 
The overall 3-D visualization workflow is illustrated in Fig. S2.

3. Results

3.1. UAV PM0.1 measurements

The mean concentration (mean ± standard deviation) of PM0.1 was 
6025 ± 4970 particles/cm3, ranging from 768 to 15,100 particles/cm3. 
Fig. 3 shows the study area and the vertical variation of measured PM0.1 
concentration for Season S1/S2 and four land-use categories. The con
centration was greater during the cooler season (8534 ± 5654 particles/ 
cm3, Season S1) than the warmer season (3322 ± 1667 particles/cm3, 
Season S2). In terms of land-use groups, the overall PM0.1 concentration 
in forests was slightly lower than in other categories. As altitude 
increased, the observed pollutant level for each category varied, and 
there was a non-linear relationship between PM0.1 and height.

3.2. Geo-AI performance

This study used SHAP values to produce a comprehensive variable 
selection and ranking order to determine the contribution of each pre
dictor to the 3-D PM0.1 concentration model. The SHAP values for each 
selected variable are shown in Fig. 4. The colored bars represent the 
eigenvalues for the predictor variables: red for higher eigenvalues and 
blue for lower values. Variables such as Carbon Monoxide, Public Rec
reational Space, and temperature were the most influential predictors. 
Variables that pertain to height and buildings, such as the distance be
tween the sampling location and nearby structures, were critical for the 
model and demonstrated the multifaceted nature of urban air pollution 
dynamics.

To estimate the 3-D concentration of PM0.1, five machine learning 
algorithms were applied. As shown in Table 1, the training R2 values for 
these models ranged from 0.92 to 0.98, and the RMSE values varied 
between 583 and 1398 particles/cm3. The model performance and 
overfitting rate were confirmed using training R2, testing R2, and 10-fold 
CV R2. "Training R2-Testing R2" and "Training R2-10-Fold CV R2" com
parisons were used to determine the model’s consistency. Of the five 
algorithms, XGBR achieved the highest R2 values for both training (0.98) 
and testing (0.88), and the lowest MSE (3.40 × 105) and RMSE (583 
particles/cm3) values during training. It produced minimal prediction 
errors and allowed robust generalization. This stability across metrics 
showed that XGBR was the most reliable and robust algorithm.

We validated the performance of the XGBR model using out-of-data 
validation, 10-fold CV, and stratified validation. The results for valida
tion are shown in Fig. S3. The testing R2 value for the XGBR was 0.88, 
and the RMSE was 1744 particles/cm3. The 10-fold CV had an R2 value 
of 0.83. The validation of the model across different data subgroups is 
shown in Fig. S3, for which the error metrics (MSE, RMSE, MAE) are 
normalized to a 0–1 scale to allow consistent comparison. The R2 values 
for XGBR for these subgroups were all more than 0.85, and the actual 
RMSE values ranged from 262 to 2757 particles/cm3, which were small 
errors. These results showed that the Geo-AI model didn’t exhibit sig
nificant overfitting and accurately predicted 3-D air pollution variations 
for diverse spatial contexts.

3.3. 3-D visualizations of PM0.1

The results for January 12, 2023, at 8:00 a.m. and 6:00 p.m., and 
July 15, 2023, at 8:00 a.m. and 6:00 p.m. were used for 3-D PM0.1 
estimation and visualization. On January 12, the mean temperature in 
Zhunan was 17.5 ◦C, the mean wind speed was 0.8 m/s, and the mean 
relative humidity was 95 % (Central Weather Administration, 2023). On 
July 15, the mean temperature was significantly higher at 30.2 ◦C, the 
mean wind speed was 1.2 m/s, and the relative humidity was 80 % 
(Central Weather Administration, 2023). The 2023 annual means for 
Zhunan (22.4 ◦C for temperature, 1.8 m/s for wind speed, and 80 % for 
relative humidity) showed that the weather conditions for January 12 
reflected cooler-season conditions, and those for July 15 were 
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characteristic of the warmer season (Central Weather Administration, 
2023). These results allowed a comparison between seasonal conditions 
and diurnal variations. The selected locations for visualization were B3 
(Luzhu Community Sports Center) and W0 (Dong Xing Bridge Con
structed Wetland), representing residential communities and rural nat
ural areas, respectively. The results are shown in Fig. 5.

In B3, which is primarily composed of residential areas, there was a 
high concentration of PM0.1 on the northern side. The concentration 
gradually decreased with altitude and toward the south. The maximum 
concentration occurred in areas with dense buildings. Wetland areas 
(W0) exhibited a lower PM0.1 concentration and better air quality. This 
result demonstrated clear differences in PM0.1 concentrations across 
different land-use types. The pollution distribution for residential com
munities exhibited larger spatial and vertical changes than the distri
bution for rural natural areas.

The geographical relationship between pollutant levels and the sur
rounding land uses at both locations showed that there was a lower 
pollution concentration closer to rivers and forests (Fig. 5). Close to 
buildings and industrial zones, the concentration of pollutants 
increased, especially around waste disposal sites and factories. In terms 
of seasonal trends, the predicted PM0.1 values were higher during the 
cooler season (January 12) than during the warmer season (July 15). 
High concentrations of PM0.1 were more likely to accumulate at lower 

altitudes (below 120 m) during winter than during summer, and this 
phenomenon was particularly evident in W0. Pollution concentrations 
also exhibited diurnal variations. In both areas, PM0.1 concentrations at 
6 PM were higher than those at 8 AM This comparison highlighted the 
influence of land-use types on the diurnal variation of pollution.

4. Discussion

This study presented an innovative air pollution monitoring system 
that addressed the limitations of existing monitoring stations, which 
primarily provided point-specific, horizontal observations and no ver
tical profile information. Traditional LUR methods produced 2-D esti
mates (Cowie et al., 2019; Wu et al., 2017), which were insufficient for 
residents living in high-rise buildings in metropolitan areas. By inte
grating UAV-based 3-D air pollution monitoring technology with 
3D-GIS, this study enhanced the conventional 2-D LUR methodology to 
produce a 3-D approach. Using machine learning algorithms, this study 
developed a Geo-AI-based 3-D air pollution estimation model to provide 
crucial data with high accuracy on air pollutant concentration estimates 
at different vertical heights and a more detailed perspective of urban air 
quality to improve public health and benefit urban planning.

Few studies have provided a 3-D estimation of air pollution distri
bution. Methods such as ground-based vehicles, drones, and instruments 

Fig. 3. Study area and vertical distribution of concentration measured using a UAV for each land-use category.

Fig. 4. Important variables selected using SHAP values.
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that are mounted on buildings were used to estimate 3-D air pollution 
(Cichowicz & Dobrzanski, 2021; Eeftens et al., 2019; Xu et al., 2022). 
These studies had limitations. Cichowicz et al. (2021) used drones for 
PM10 vertical measurements, but the analysis relied solely on spatial 
interpolation and did not consider the effects of surrounding land uses. 
Xu et al. (2022) performed a 3-D exposure assessment using PM2.5 data 
collected from sensors deployed at multiple floor levels. A Generalized 
Additive Model (GAM) was employed to quantify the relationship be
tween air pollution and ground elevation, while a 2-D Land Use 
Regression (LUR) model was integrated to capture spatial variability, 
thereby enabling a comprehensive 3-D exposure evaluation. Eeftens 
et al. (2019) used a decay constant ’k’ for the LUR model to represent the 
exponential decrease in NO2 concentration with height. However, both 
studies characterized the relationship between air pollution and height 
using a statistical modeling approach and did not examine the vertical 
variation in air pollution in terms of land use.

Compared to previous studies, our research introduced several key 
advances. Firstly, we focused on simulating the distribution of PM0.1, 
which was crucial due to its smaller size and ability to penetrate deep 
into the respiratory system, posing significant health risks. Then, our 
study incorporated 3-D building information such as 3-D distance from 
buildings and height. These 3-D indicators were also selected as 
important variables through SHAP value calculation. This approach 
allowed for a more precise consideration of how ground facilities affect 
air pollution in both horizontal and vertical dimensions. This study used 
Geo-AI models in horizontal and vertical space to fit the relationship 
between air pollution and emission source factors, in order to more 
accurately measure non-linear variations in air pollution with elevation 
than previous studies, which primarily used an exponential statistical 
model (Eeftens et al., 2019). This study gave a more nuanced under
standing of 3-D air pollution dynamics and significantly more accurate 

results than previous research methodologies. The Geo-AI model for this 
study achieved a significantly higher R2 value of 0.98. The 3-D LUR 
model with GAM that was designed by Xu et al. (2022) achieved an 
adjusted R2 value of 0.91, and the LUR model with an exponential sta
tistical model that was developed by Eeftens et al. (2019) achieved an R2 

value of 0.84. This study achieved improved results.
Using the variables selected using SHAP values, this study identified 

factors that significantly impact PM0.1 distribution in 3-D space. Build
ing height, temperature, carbon dioxide, nitric oxide, forest coverage, 
and 3-D spatial distance from buildings were included. Building-related 
factors (building height and 3-D spatial distance from buildings) were 
important for the 3-D spatial model because these had a significant 
impact on the transmission and diffusion mechanism for air pollution. 
Yang et al. (2020) showed that the 3-D shape of urban space significantly 
affects the flow and accumulation of pollutants. Building-related factors, 
such as height and the degree of enclosure, are particularly important for 
pollutant retention. Buildings can act as barriers to pollutant dispersion, 
leading to the accumulation of pollutants around their structures. 
Moreover, by altering the local wind field, buildings can influence both 
the propagation direction and the spatial distribution of pollutant con
centrations. In a high-density environment, the arrangement and height 
of buildings create wind speed deceleration areas and vortex areas, 
which trap pollutants in specific areas and further deteriorate air quality 
(Kim et al., 2022; Yang et al., 2020). This study used the height and 
distance of buildings in 3-D space as important factors so that the Geo-AI 
model could better capture the complex relationship between buildings 
and air pollution.

In terms of temperature, an important variable, this study showed 
that the predicted PM0.1 values had different distributions at different 
temperatures, particularly in winter and summer. High-concentration 
PM0.1 pollutants also exhibited a broader vertical distribution at less 

Table 1 
Model performance and ranking for five algorithms: CBR, GBR, LGBMR, RFR and XGBR.

Algorithm Validation R2 Adjusted 
R2

MSE RMSE MAE Training- 
Testing

Ranking

/

Training-10- 
Fold

Training<
R2

Testing<
R2

10-fold 
CV<
R2

Training<
-Testing

Training<
− 10-Fold

Total

CBR Training 0.95 0.95 1.27 ×
106

1126 248 ​ 4 2 3 2 2 13

Testing 0.87 0.87 3.14 ×
106

1772 276 0.08

10-Fold CV 0.82 0.82 4.40 ×
106

2098 281 0.13

GBR Training 0.97 0.97 6.51 ×
106

807 22 ​ 2 3 2 3 4 14

Testing 0.87 0.87 3.17 ×
106

1781 132 0.1

10-Fold CV 0.83 0.83 4.25 ×
106

2062 155 0.15

LGBMR Training 0.95 0.95 1.17 ×
106

1080 175 ​ 3 5 4 5 3 20

Testing 0.84 0.84 3.89 ×
106

1973 219 0.11

10-Fold CV 0.81 0.81 4.60 ×
106

2144 222 0.14

RFR Training 0.92 0.92 1.95 ×
106

1398 111 ​ 5 4 5 1 1 16

Testing 0.85 0.85 3.71 ×
106

1926 171 0.07

10-Fold CV 0.81 0.81 4.64 ×
106

2153 195 0.11

XGBR Training 0.98 0.98 3.40 ×
106

583 69 ​ 1 1 1 4 5 12

Testing 0.88 0.88 3.04 ×
106

1744 145 0.11

10-Fold CV 0.83 0.83 4.21 ×
106

2051 165 0.16

C.-W. Hsu et al.                                                                                                                                                                                                                                 Environmental Pollution 383 (2025) 126879 

7 



than 120 m in winter, particularly at the measuring point W0, primarily 
a wetland environment. This phenomenon may be related to dispersion 
and Mixing Layer Height (MLH) for air pollution. In winter, the MLH is 
lower than in summer, so pollutants accumulate more at lower altitudes 
(Duc et al., 2022; Salvador et al., 2020). The restricted vertical MLH 
during winter increased the concentration of pollutants near the surface, 
which created air quality issues in these regions.

The combustion of fossil fuels in vehicles and industrial processes 
releases CO2 and NO2, which directly contribute to the formation of fine 
particulate matter (Awaworyi Churchill et al., 2021; Ramacher et al., 
2020; Sun et al., 2019). CO2 and NO2 were important variables, so a high 
PM0.1 concentration was probably related to vehicular and industrial 
emissions. Forest coverage also plays a crucial role in absorbing and 
filtering out pollutants and reducing air pollution (Zhai et al., 2022). For 
this study, areas with forest coverage exhibited low predicted concen
trations of PM0.1, but industrial and commercial areas with limited green 
space had no natural pollution control, so the PM0.1 concentration was 
greater.

Wind speed and relative humidity are widely recognized as key 
meteorological factors that affect the spatial distribution of air pollut
ants (Xie et al., 2022; Zender-Świercz et al., 2024), but they were not 
selected as predictors for the final model for this study following 
SHAP-based variable selection. A Pearson correlation analysis 
comparing these unselected variables and those retained in the final 
model was performed. The results showed high collinearity between the 

u-component of wind speed, which is the horizontal component of wind 
velocity in the east-west direction, and both air temperature (r = 0.74) 
and sunshine duration (r = 0.69). Relative humidity was also strongly 
correlated with air temperature (r = − 0.80) and sunshine duration (r =
− 0.64). These results were in close agreement with those of previous 
studies (Fan et al., 2018; He et al., 2020; Zateroglu, 2021), which 
demonstrated strong interrelationships among meteorological variables. 
Therefore, air temperature and sunshine duration, which were both 
retained in the final model, may implicitly represent the effects of wind 
and humidity, so they were excluded from the SHAP-based variable 
selection process.

This study had some limitations. Due to Taiwan’s flight height reg
ulations, drone sampling was limited to a maximum altitude of 121.92 
m. In the future, the sampling altitude could be increased to allow the 
measurement of changes in air pollution at higher altitudes to improve 
high-level air quality monitoring and modeling. In terms of sampling 
regions, current drone regulations designate some areas as restricted 
flight zones. This restriction forced some sampling points to be located 
away from buildings and reduced the sample size for industrial and 
traffic land-use areas. This study selected alternative sampling locations 
that are representative of the surrounding environment to increase the 
robustness of the results, despite the limitations in terms of sample 
density.

Another limitation was the inconsistency in sampling times at each 
point due to the use of drones. Because of the high operational costs of 

Fig. 5. 3-D visualizations of PM0.1 concentrations at B3 (Luzhu Community Sports Center) and W0 (Dong Xing Bridge Constructed Wetland) during different seasons 
and times of day: (A) B3 on a winter morning (2023/1/12 08:00), (B) B3 on a winter evening (2023/1/12 18:00), (C) B3 on a summer morning (2023/7/15 08:00), 
(D) B3 on a summer evening (2023/7/15 18:00), (E) W0 on a winter morning (2023/1/12 08:00), (F) W0 on a winter evening (2023/1/12 18:00), (G) W0 on a 
summer morning (2023/7/15 08:00) and (H) W0 on a summer evening (2023/7/15 18:00).
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drone flights, this study used only one drone for sampling, so there was 
no synchronous data for each sampling point. Data collection was per
formed sequentially for each location, so meteorological and pollution 
data for each sampling period were incorporated into the database for 
calibration. This approach minimized the impact of atmospheric con
ditions at different times of sampling. Data quality was subject to limi
tations, so this study developed a methodological framework for 3-D air 
pollution assessment, rather than achieving highly precise measure
ments. Future research could simultaneously deploy multiple drones or 
install sensors on different floors of a building to capture more accurate 
and synchronized data at various sampling points and increase the ac
curacy of a 3-D air pollution assessment.

For this study, “Empirical Bayesian Kriging 3D″ was used to visualize 
the predicted spatial distribution of PM0.1, but several limitations exis
ted. First, to mitigate computational constraints, a voxel size of 5 m was 
selected instead of a finer 1 m resolution, which substantially reduced 
processing time. However, this coarser resolution decreased spatial 
detail and may have obscured critical micro-scale variations, particu
larly in areas with steep gradients. Second, as the interpolation relied on 
predicted concentrations, any model errors could propagate and influ
ence the 3-D spatial visualization. Lastly, Empirical Bayesian Kriging is 
known to be sensitive to outliers, which may result in unrealistically 
high or low estimation values (Zaresefat et al., 2024). While these lim
itations may affect the fine-scale precision of the visualizations, the re
sults remained informative for identifying overall patterns and 
comparing locations and seasons.

In the future, this method can be applied to estimate gaseous pol
lutants and other air quality parameters. Its outputs may inform regu
latory frameworks, such as policies requiring vertical installation of air 
pollution sensors on buildings. The resulting 3-D pollution profiles can 
guide urban planning to optimize building placement and green space 
allocation, reducing public exposure. This approach also helps identify 
high-risk zones, enabling targeted interventions and advisories, and 
supports the development of healthier, more sustainable urban 
environments.

5. Conclusions

Variable selection using the SHAP value indicated important factors, 
such as building height, temperature, carbon dioxide, nitric oxide, forest 
coverage, and 3-D spatial distance from buildings. The Geo-AI model 
achieved strong fitting, with an R2 value of 0.98 and an RMSE value of 
583 particles/cm3. Techniques such as 10-fold CV and stratified vali
dations also showed the stability of the model. The combination of UAV 
data and the Geo-AI model comprehensively captured the spatial vari
ability of air pollution and revealed the complex distribution charac
teristics of PM0.1 concentration in 3-D space, especially in urban 
environments with dense high-rise buildings. 3-D visualization identi
fied pollution hotspots and revealed the variation in air quality with 
height, providing stakeholders with information to mitigate the effects 
of pollution and improve urban air quality management strategies in 3-D 
space.
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