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A B S T R A C T   

In densely populated urban areas, the amount of urban green space (UGS) is limited and increasing it can be 
challenging due to the high proportion of unvegetated land. Therefore, it is crucial to determine the optimal 
spatial configuration of UGS to achieve environmental benefits such as reducing PM2.5 concentrations and land 
surface temperature (LST). However, there is limited research on this topic. This study employed an explanatory 
machine learning method to identify the non-linear relationships between contributing factors and the co- 
mitigation of PM2.5 and LST in highly-dense urban areas, which had three key advantages: improved accu
racy, spatially explicit information, and enhanced understanding of complex relationships. The study found that 
maintaining a UGS proportion of 25–30 % was desirable for mitigating PM2.5 and LST. Additionally, maintaining 
an aggregation index above 97, a patch density above 1650, and a largest UGS patch proportion between 2.00 % 
and 4.85 % was beneficial for co-mitigation. However, the study found conflicting results between shape 
complexity and co-mitigation. Surprisingly, higher road density appeared to mitigate both PM2.5 and LSTs. 
Overall, the study highlights the potential of explanatory machine learning methods for sustainable urban 
environmental management, providing insights into the co-mitigation effects of UGS and urban morphology.   

1. Introduction 

Global mega-cities are currently facing two parallel challenges, 
namely heat waves and fine particulate matter (PM2.5) air pollution, 
both of which are manifestations of intensive changes in human settle
ment patterns, energy use, traffic emissions, industry activities and 
natural resource pressures caused by rapid urbanization, urban sprawl, 
and population growth (Imhoff et al., 2010). In highly-dense urban 
areas, the situation becomes particularly severe due to the limited 
availability of urban green space (UGS). These limitations can result in 
both frequent heatwaves and excessively high concentrations of PM2.5, 
exacerbating the environmental challenges faced by these highly-dense 
urban areas (Han et al., 2015). Exposure to extremely hot weather and 

high levels of PM2.5 concentrations could both result in significant dis
ease burdens and have aroused global attention. Specifically, exposure 
to high temperatures can cause a notable rise in hospital admissions and 
mortality rates. Studies have shown that when the daily mean temper
ature exceeds 28.2 ◦C, an average temperature rise of 1 ◦C is associated 
with an estimated 1.8 % increase in mortality rates (Chan et al., 2012). 
The senior citizens over 65 years have been elucidated to be more 
vulnerable to hot weather in highly-dense urban area (Chestnut et al., 
1998). Likewise, higher PM2.5 exposure is associated with premature 
death, respiratory disease, lung cancer, cardiovascular disease, and 
asthma attacks (Kim et al., 2015). In 2019, chronic exposure to PM2.5 
pollution caused 4.14 million deaths worldwide (95 % uncertainty in
terval (UI): 3.45–4.80), accounting for 62 % of all deaths due to air 
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pollution. 
Several research studies have concentrated on identifying measures 

to address the adverse impacts of urban heat islands (UHI) or atmo
spheric PM2.5 levels. In general, improving UGS has been widely 
recognized as a common and efficient strategy address both of these 
issues (Zhang et al., 2023; Bi et al., 2022a; Yang et al., 2017). The 
mitigation solutions of UGS for both issues have been specifically 
explored. In terms of UHI that usually represented by land surface 
temperature (LST), vegetation can play a role in absorbing solar radia
tion and converting it to latent heat through evapotranspiration, while 
trees can offer shade to lower production of sensible heat, resulting in a 
cooling effect (Lin et al., 2010; Ali-Toudert and Mayer, 2007). For PM2.5 
concentrations, vegetation could be considered as an air purifier by 
intercepting atmospheric particulate matter through the secretions of 
tree leaves, rough foliage, and long fuzz, thereby reducing the concen
tration of airborne respirable particles (Beckett et al., 2000). 

In highly-dense urban areas, the presence of high proportions of 
unvegetated land surfaces, such as buildings and roads, often results in 
limited availability and significant difficulties in improving the pro
portion of UGS (Lo and Jim, 2012). These areas are typically charac
terized by fragmentation, small size and poor connectivity of UGS 
(Huang et al., 2017; Zhang et al., 2021). Earlier research has demon
strated that, beyond the proportion of UGS, the spatial configuration can 
also alleviate the PM2.5 concentrations and LST. Therefore, it becomes 
extremely important to determine the optimal spatial configuration of 
UGS (Connors et al., 2013), especially for alleviating PM2.5 concentra
tions and LSTs. Regarding PM2.5, enhancing the geometric features of 
vegetation, such as increasing the width of greenbelts, can promote 
advantageous wind conditions for the deposition of atmospheric PM, 
leading to an improvement in its interception effect as a physical barrier 
(Khan and Abbasi, 2001). For example, PM2.5 deposition may be 
undermined by dispersed UGS patches (Zhao et al., 2021). Higher edge 
complexity of large UGS patches could enhance the deposition ability of 
UGS by promoting edge effects (Bi et al., 2022b; McDonald et al., 2007). 

In terms of LST, the seasonal variation is influenced by the topography of 
the land surface and the diversity of urban green spaces (UGS) (Peng 
et al., 2018). It was found that the cold island effects were relatively 
stronger in UGS patches with regular shapes, high connectivity and 
aggregated distribution (Lin et al., 2020). However, few observational 
studies have revealed whether these spatial configurations have 
co-mitigation or conflicting effects on these two hazardous environ
mental issues. There are two main reasons for this: firstly, there is an 
interaction between LST and PM2.5 in the same season, which can vary 
greatly geographically even within a city (Huang and Lu, 2018); sec
ondly, among the commonly used remote sensing data that depict UGS, 
the boundaries of UGS patches fluctuate seasonally due to variations in 
leaf biomass and/or the leaf area index, rendering direct comparisons 
between seasons unfeasible. To address these issues, this study focuses 
on the most severe seasons for PM and LST, exploring whether UGS 
configuration can effectively address both high summer LST and winter 
PM issues; the study also introduces Tianditu, which is the official online 
map of China and provides detailed description of each UGS patch and 
the edges of UGS patches remain consistent in all seasons. 

In the field of geography, spatial statistical models, including Spatial 
Lag Model (SLM), Spatial Error Model (SEM), Geographical Weighted 
Regression (GWR) and Multiple Geographical Weighted Regression 
(MGWR), were commonly employed to estimate the relationships. These 
models have advantages in estimating local interpretation of features 
and of a rigorous explanatory framework, which is considered a huge 
benefit over machine learning regression models. However, the models 
were limited in their ability to capture non-linear relationships between 
the explanatory variables and the output, while the cooling effect of UGS 
and urban heat island mitigation have been extensively argued to be 
non-linear relationship (Yu et al., 2020). Recently, explainable machine 
learning has emerged as a proper alternative to statistical models in 
many fields, particularly in spatial contexts where local interpretation is 
indispensable as the data are georeferenced. Therefore, in this study, an 
XGBoost machine learning model was employed, and its results were 

Fig. 1. Study area in Beijing.  
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explained using Shapley Additive Explanations (SHAP),to explore the 
non-linear connections among PM2.5, LST and a set of explanatory var
iables, which has been confirmed to be effective in previous geograph
ical studies (Zhang et al., 2023; Li, 2022). 

To summarize, this study seeks to examine the influence of UGS on 
PM2.5 levels and LST, addressing the following research questions: (1) 
Does the spatial configuration of UGS have a consistent mitigating effect 
on both? (2) Which configuration factors (e.g., density, aggregation, 
shape) have positive or negative effects on the mitigation? (3) Is 
explainable machine learning model the optimal model for the study? 

2. Study area and data 

2.1. Study area 

Regarding the definition of highly-dense urban area, high building 
density and population density are the main evaluation criteria. The 
highly-dense area of Beijing, which is within the 4th Ring Road, is 
considered as the study area (Fig. 1). 

The impervious surface area in the study area is approximately 85 % 
while the area identified as UGS in this study is only 15 %. The high 
volume of urban traffic significantly contributes to severe heat and air 

pollution, which represents a grave peril to the health of residents and 
the prospects of sustainable urban growth. In recent years, Beijing has 
encountered frequent hot weather during summers, with the mean 
temperature difference between urban and rural regions exceeding 2 ◦C 
(Huang and Lu, 2018; Peng et al., 2016). Meanwhile, the recurrent oc
currences of haze and elevated levels of pollutants in this city have 
garnered global attention. Therefore, there is an urgent need for Beijing 
to investigate appropriate spatial configurations of UGS to simulta
neously mitigate these two harmful issues. 

2.2. Data 

The LST data utilized in this study was acquired from the Moderate 
Resolution Imaging Spectroradiometer (MODIS) remote sensing obser
vation data, which were accessed from the National Aeronautics and 
Space Administration (https://search.earthdata.nasa.gov, accessed on 
March 9, 2023). The resolution of the data was 1 km × 1 km, and it 
covered the period from Jun 1 to Aug 31 in 2019 and 2020. The PM2.5 
data was derived from satellite images and was available as gridded data 
with a spatial resolution of 0.01◦ (roughly 1 km in China) for January 
2020 (Wei et al., 2021). The UGS and water bodies were extracted from 
the map tiles of Tianditu, the initial web mapping service sponsored by 

Fig. 2. Methodology framework.  
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the Chinese government, which can be downloaded from the Shui
jingzhu mapping software. The map tiles used in this study was at level 
19, with a scale of 1:2256 and a spatial resolution of 0.60 m. Each 
extracted UGS patch depicted well-defined boundaries of the vegetated 
land surface across the study area (Zhang et al., 2021). UGS patches 
situated deep within blocks and communities were frequently dis
regarded and oversimplified in other commercial maps or remote 
sensing analyses, but in this study, they were very clearly delineated, 
which supported accurate calculation of UGS spatial configuration 
variables and were beneficial for conducting more specific UGS con
struction guidelines. The data used to analyze urban morphology 
including building vector data with basic shape and height information, 
as well as road network data, which were acquired form Amap, a leading 
navigation company in China. 

3. Methodology 

In this study, grid-based calculations were performed for its capa
bility of integrating data from various sources and enabling compre
hensive analysis across the entire study area. Scale effects were 
investigated at three different scales, specifically 500 m (1279 grids), 
1000 m (385 grids) and 1500 m (152 grids), to validate the consistency 
of the conclusions and explore potential variations across different 
scales. These chosen scales encompass a range of spatial extents, ranging 
from the size of a small community to that of a larger block. 

This study consisted of three steps (Fig. 2). The first step was to 
calculate PM2.5 concentrations and LSTs, resulting in three dependent 
variables, high and low levels of PM2.5 and LST. The second step was to 
calculate spatial configuration variables of UGS, as well as other urban 
explanatory variables, including water proportion, road density, two- 
dimensional (2D) and three-dimensional (3D) building form variables, 
resulting in a total of 14 independent variables. In the final step, 
assuming that both high and low levels of PM2.5 and LSTs concentrations 
in a grid were correlated with UGS variables, urban morphological 
variables, as well as LSTs and PM2.5 concentrations in adjacent grids, a 
series of spatial statistical analyses and machine learning spatial 
regression model were conducted to compare and explore the effects of 
UGS spatial configuration on PM2.5 concentrations and LSTs, and to 
determine the most appropriate approach based on the validation ac
curacy results. 

3.1. Estimation of LSTs and PM2.5 concentrations 

The daily instantaneous LSTs product MYD11A1 (~1 km spatial 
resolution) obtained from Aqua (transit at ~13:30 pm, local solar time) 
were filtered with LST error less than 2 K (Wan, 2014; Si et al., 2022) 
and averaged from Jun 1 to Aug 31, in 2019 and 2020, respectively, to 
represent the maximum LSTs in summer. 

The PM2.5 concentrations in January 2020 were extracted from Wei 
et al (Wei et al., 2021)., which can capture PM2.5 concentration varia
tions at different spatio-temporal scales with high accuracy, as demon
strated by its high cross-validation R2 values of 0.86–0.90 and strong 
predictive ability (R2 = 0.80–0.82) compared to previous studies. Due to 
the large daily variability of PM2.5 concentrations, using monthly av
erages for each grid may lead to the higher levels dominating the lower 
ones. The WHO air quality guideline recommends a 24-hour mean of 
25 μg/m3 for PM2.5, which can be regarded as the threshold for 
low-level pollution (Organization, 2006). In contrast, the breakpoint of 
> 50 μg/m3 corresponds to the “unhealthy for sensitive populations” 
category on the Air Quality Index. This value is considered the threshold 
for high-level pollution (EPA, 2012). Therefore, this study considered 
25 ug/m3 and 50 ug/m3 as threshold values, and dates with the mini
mum value greater than 25 and the maximum value less than 50 were 
considered as low PM2.5 concentration levels (low PM2.5); while dates 
with the minimum value greater than 50 were considered as high PM2.5 
concentration levels (high PM2.5). Ta
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3.2. Estimation of UGS spatial configuration variables and covariates 

The selection of spatial configuration variables for UGS is based on 
four principles, including (1) importance in theoretical understanding 
and practical application, (2) ease of calculation, (3) interpretability, 
and (4) minimal redundancy (Connors et al., 2013; Chen et al., 2014; 
Zhou et al., 2017), and ultimately six variables were included: patch 
density (PD), edge density (ED), area-weighted mean patch shape 
(SHAPE_AM), largest patch index (LPI), aggregated index (AI) and UGS 
proportion (PLAND), all calculated using Fragstats 4.2. Patch Density 
(PD) is calculated as the number of UGS patches per unit area, reflecting 
the overall density of patches within the landscape. Edge Density (ED) 
refers to the total length of UGS patch edges per unit area, indicating the 
amount of edge habitat within the landscape. Area Weighted Mean 
Patch Shape (SHAPE_AM) is a measure of the average shape complexity 
of UGS patches, calculated by considering the proportion of each patch 
size class in relation to the total UGS area. The Largest Patch Index (LPI) 
quantifies the proportion of the landscape occupied by the largest UGS 
patch, providing insights into the dominance and size of the largest UGS 
feature. The Aggregated Index (AI) serves as a measure of the spatial 
aggregation or clumping of UGS patches, indicating how closely the UGS 
patches are distributed within the landscape. Finally, the UGS Propor
tion (PLAND) denotes the proportion of the landscape covered by UGS 
patches, representing the overall extent or percentage of UGS within the 
study area. The Fragstats 4.2 user manual provides comprehensive 

information on the specific definitions and calculation formulas of the 
variables used in the analysis (McGarigal et al., 2012). 

In addition to the UGS variables, the water proportion variable 
(Water) was also calculated using Fragstats 4.2 based on fine-scale data 
extracted from Tianditu Map. The urban form variables, which reflect 
traffic volumes and density of urban activities, are represented by road 
density, 2D and 3D building form variables in this study. Each grid’s 
road density (den_road) represents the total length of main roads per 
grid area, the 2D building form variable (den_build) refers to the sum of 
building footprint area per grid area, and the 3D form variable (FAR) is 
calculated as the product of building footprints and floors, divided by 
the grid area. The statistical properties for each of these variables are 
shown in Table 1. 

3.3. Spatial statistical methods 

This study compared and explored three state-of-art methods: Spatial 
Lag Model (SLM), which considers spatial diffusion or spillover effect, 
Multi-scale Geographically Weighted Regression Model (MGWR), which 
considers spatial heterogeneity and an explanatory machine learning 
model SHapley Additive exPlanations for eXtreme Gradient Boosting 
(SHAP for XGBoost) which has the best fitting performance and ability 
to explain spatial effects. The study implemented SLM, MGWR, and 
SHAP for XGBoost models using Python’s Pysal, spreg, mgwr.gwr, 
sklearn and SHAP libraries. To validate the accuracy of the models and 

Fig. 3. The location effect on high PM2.5, low PM2.5 and LSTs indicated by the SHAP values of geographic coordinates. The x and y axes represent longitude and 
latitude respectively. 
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the scale effect of the variables, a comparative experiment was con
ducted on spatial models and machine learning models of different 
scales of 500 m, 1000 m, and 1500 m, further revealing the potential of 
machine learning models in spatial research. 

SLM is predominantly utilized to investigate the presence of spatial 
diffusion or spillover effects of the variables (Song et al., 2014; Anselin 
and Rey, 1991). The equation is as follows: 

y = ρWy +Xβ+ ε (1) 

This equation involves several variables: y represents the dependent 
variable, while X is the explanatory variable matrix that lacks an 
intercept term. β denotes the slope vector, which describes how the 
explanatory variables influence the output. The spatial weight matrix, 
Wy, is generated using the Queen matrix, where a value of 1 is assigned 
to neighboring regions that share a boundary or node, and 0 otherwise. 
The error term vector is denoted by ε. If the spatial autoregressive co
efficient ρ is statistically significant, it suggests a significant spatial 
correlation among the independent variables, with the value of ρ 
reflecting the extent of interdependence among individual units, which 
may be indicative of spatial diffusion or spillover effects. 

As an optimization model of geographically weighted regression 
(GWR), MGWR allows each independent variable to have a different 
level of spatial smoothness (bandwidth), which is closer to the real 
spatial model, and has a good explanatory degree and credibility for 
studying the spatial differentiation characteristics. The formula is as 
follows. Assuming that there are n grids, for grid i ∈ {1,2,…, n}, 

yi = β0 +
∑

j βjxij + εi (2)  

Where yi denotes the dependent variable, while xij is the jth explanatory 
feature. β0 is the intercept, while βj represents the bandwidth used by 
the coefficient of regression pertaining to the jth feature. The bandwidth 
of each explanatory variable obtained by adaptive method can reflect 
the spatial action scale of their respective spatial processes and εi de
notes the error term vector. 

The machine learning model employed in this study utilizes the 
SHAP-enabled XGBoost model (Li, 2022). The fundamental concept of 
the SHAP model involves determining the impact that every feature has 
on the output of the model, and subsequently, to offer both global and 
local explanations of the “black box” model. The SHAP approach es
tablishes an additive explanatory model that considers all features as 
“contributors”. For every predicted instance, the model generates a 
forecast, and each feature’s SHAP value represents its significance for 
that sample. To avoid overfitting, the dataset was split into 80 % and 20 
%, which were used as the training and test sets respectively. A 5-fold 
cross-validation approach was employed, where Hyperopt was nested 
to optimize the hyperparameters. To demonstrate its spatial influence, 
the SHAP package in Python was utilized for the calculation of the SHAP 
value. This study used the tree-based SHAP estimation method, which is 
faster than the kernel-based method and can present different spatial 
interaction effects. The formula is as follows: 

f (z′) = ∅0 +
∑

∅jz′j (3)  

Where f is the explanation model XGBoost, z′ is the coalition vector of 
jth feature. ∅j is the Shapley values of feature j. 

To vividly demonstrate the influence of individual features on model 
predictions, we adopted the dependence plot mode. At the same time, 
the uncertainty of SHAP estimation is expressed by the light blue shade. 
The non-parametric bootstrap technique, which involved resampling 
model residuals and integrating them into prediction outcomes to 
generate a fresh dependent variable, was employed. Then XGBoost 
model was retrained with the same hyperparameters, and recalculated 
and stored the SHAP values. The process was repeated for 5000 times, 
and bootstrap percentile was used to calculate the 95 % confidence in
terval of the SHAP value sampling distribution. 

4. Results 

The estimation results of three dependent variables (high PM2.5, low 
PM2.5 and LSTs) and ten independent variables (UGS spatial configu
ration variables, water proportion, and urban form variables) at three 
scales are shown in Supplementary Materials Fig. S1. 

4.1. Spatial heterogeneity of LSTs and PM2.5 concentrations 

According to the SHAP values of geographic coordinates, there are 
distinct spatial patterns in the contribution of different locations to high 
PM2.5, low PM2.5 and LSTs, which can be referred as the spatial het
erogeneity of PM2.5 and LSTs (Fig. 3). It is worth noting that compared to 
previous methods used to measure spatial heterogeneity, such as GWR, 
these spatial heterogeneity patterns have considered other independent 
factors and exclusively reflect the contributions of geographical loca
tions. Positive location contributions are indicated by the red areas, 
whereas the blue areas correspond to places with negative location 
contributions. 

At the scale of 500 m, the spatial heterogeneity of the three depen
dent variables is most pronounced. The high and low PM2.5 show 
obvious north-south regional distribution differences, particularly for 
high PM2.5, which are mainly due to regional transmission being the 
main source of high air pollution in Beijing. In terms of LSTs, a pattern of 
elevated values in the central and southern regions, and decreased 
values in the peripheral and northern regions, can be observed, indi
cating a clear central-peripheral distribution pattern. This pattern is 
primarily due to the central-peripheral development mode in Beijing, 
where there is a high density in the center and relatively low density in 
the periphery. 

4.2. Spatial regression results for LSTs and PM2.5 concentration 

For all dependent variables at all scales, with the exception of high 
PM2.5 at 500 m and 1500 m scales, and LSTs at 1500 m scale, the R2 

values of machine learning methods were the highest, and the RMSE and 

Table 2 
Comparison of the accuracy of regression models.     

R2   RMSE   Variance    
SLM MGWR XGBoost SLM MGWR XGBoost SLM MGWR XGBoost 

500 m High PM2.5  0.94  0.97  0.96  1.00  0.87  0.19  0.21  0.22  0.04 
Low PM2.5  0.98  0.98  0.98  1.07  1.04  0.15  0.05  0.18  0.02 
LSTs  0.91  0.95  0.96  0.75  0.62  0.16  0.16  0.22  0.02 

1000 m High PM2.5  0.87  0.90  0.93  1.03  0.90  0.26  3.90  0.33  0.07 
Low PM2.5  0.91  0.94  0.95  1.48  1.22  0.29  3.62  0.38  0.08 
LSTs  0.77  0.83  0.89  0.83  0.56  0.27  3.52  0.38  0.07 

1500 m High PM2.5  0.75  0.83  0.72  0.99  0.81  0.48  29.01  0.42  0.23 
Low PM2.5  0.86  0.90  0.96  1.38  1.14  0.25  31.01  0.49  0.06 
LSTs  0.77  0.80  0.63  0.65  0.44  0.42  16.11  0.35  0.18  
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variance values of machine learning methods were the lowest (Table 2). 
Notably, the analysis reveals that the variance is lower when working 
with smaller-scale data. For instance, the lowest variance is observed at 
the 500-meter scale. Overall, the comparison results indicated that the 
machine learning regression models achieved a better fitting effect than 
traditional spatial statistical models. Additionally, the coefficients of the 
SLM and MGWR models are listed in Appendix Tables S1 and S2, 
respectively. 

As shown in Fig. 4 and Table 3, location variables were the largest 
contributors for almost all dependent variables and all scales. Therefore, 
this study focus on the top 50 % ranks of contributions among non- 
location variables, i.e., variables with a contribution rate above 2.45 
% as shown by the dashed line in Fig. 4. The contribution of variables 
affecting high PM2.5 varies little at the 500- and 1500-meter scales, but 
increases sharply at the 1000-meter scale. The contribution rates of 
variables affecting low PM2.5 gradually increased from 500 m to 1500 m 
scale, reaching 25.1 % at 1500 m. This may be due to local emissions, 
such as vehicle exhaust, in addition to regional transmissions, contrib
uting to low PM2.5. For LSTs, the contribution of all non-location vari
ables gradually increased from 34.9 % at the 500 m scale to 69.2 % at 
the 1500 m scale. This is because the primary source of LSTs is solar 
radiation, and there is less neighborhood heat exchange transmission 

than that of PM2.5. 
At the 500 m scale, for high PM2.5, both the UGS proportion and the 

largest patch proportion were equally important (2.5 % and 2.7 %, 
respectively), and water proportion could also influence high PM2.5 (3.2 
%). For low PM2.5, no variables were included in top 50 % of the 
contribution rate ranking. For LSTs, the contribution of UGS proportion 
(6.4 %) was higher than that of any UGS morphology variable, but lower 
than the total contribution of UGS morphology (8.1 %). Building density 
had the greatest influence on LSTs (7.6 %), followed by the proportion of 
the largest UGS patch (4.4 %) and the aggregated distribution of UGS 
patches (3.7 %). Water proportions also had an influence on LSTs (4.0 
%). 

At the 1000 m scale, the contribution of UGS proportions remained 
unchanged for high PM2.5 (2.5 %). However, the contributions of several 
UGS morphology variables, especially UGS patch density, have 
increased. Density of buildings and roads, and water proportions could 
also influence high PM2.5. For low PM2.5, UGS proportions became less 
important and UGS aggregation and patch density had the greatest 
contributions (3.1 % and 3.3 %, respectively). For LSTs, the total 
contribution of UGS morphology variables (15.5 %) was much higher 
than that of UGS proportion (7.2 %). Similar to the 500 m scale, AI and 
LPI were the two UGS morphology variables with the highest 

Fig. 4. Contribution rates of independent variables.  

Table 3 
Contribution rates of all variables (%).   

500 m 1000 m 1500 m  

High PM2.5 Low PM2.5 LSTs High PM2.5 Low PM2.5 LSTs High PM2.5 Low PM2.5 LSTs 

AI  1.8  1.1  3.7  2.7  3.1  7  1.8  5.2  5.8 
ED  1.9  2.4  2.1  4.1  2  2.4  1.6  1.2  3.3 
LPI  2.7  1  4.4  2.4  1.3  5  1.8  2.2  6 
PD  2.2  0.6  2  5  3.3  2.4  1.5  2.6  4 
PLAND  2.5  0.7  6.4  2.5  1.2  7.2  1.8  1.6  13.7 
SHAPE_AM  1.8  0.7  1  4.3  2.2  3.5  2.8  3  3.5 
den_build  2.4  1  7.6  3.2  3  23  1.6  1.4  17.5 
den_road  1.4  0.7  1.3  3.6  2  4  2.5  3.6  5.3 
FAR  1.5  2.1  2.4  2.5  2.3  3  2.5  2.3  6.8 
Water  3.2  0.8  4  2.5  2.1  3.8  1.1  2  3.3 
X_coord  8  42.3  37.5  3.2  23.2  21.1  0.8  19.4  15.3 
Y_coord  70.4  47.6  26.9  64  54.4  17.6  80.6  55.6  15.4 

Note: The bolded values represent the contribution rates that are among the top 50 %. 
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contributions. 
At the 1500 m scale, non-location variables had the lowest contri

bution to high PM2.5 among the three scales. The number of variables 
influencing low PM2.5 reached a maximum, and UGS proportion was still 
not included. All variables had a contribution ranking in the top 50 % for 
LSTs. Building density had the greatest impact (17.5 %). The contribu
tion of UGS proportion increased (13.7 %), while the contribution of 
UGS morphology reached its maximum (22.6 %), with the largest UGS 
patch proportion being the most important UGS morphology variable (6 
%). 

4.3. Confidence intervals for SHAP values 

Partial dependence plots for features other than location (extended 

version) were shown in Supplementary Material Fig. S2. SHAP partial 
dependence plots typically have the feature of interest plotted on the x- 
axis, representing its varying values. The y-axis, on the other hand, 
represents the SHAP values. These values indicate the contribution of 
that feature to each individual prediction, allowing us to see the direc
tion and magnitude of the feature’s impact on the model’s predictions. 
The non-location features that ranked within the top 50 % of contribu
tions, meaning those with a contribution rate exceeding 2.45 %, were 
shown in Fig. 5. Accordingly, the contributions of all non-location var
iables to the dependents at the grid scale, measured by SHAP values of 
geographic coordinates, were shown in Supplementary Material Fig. S3. 

At the 500 m scale, for high PM2.5, LPI was strongly positively 
correlated with PM2.5 between 0.00 % and 2.00 %, and negatively 
correlated between 2.00 %–4.85 %, and no influence afterwards. There 

Fig. 5. Partial dependence plots for the non-location features with a contribution rate ranking in the top 50 % (exceeding 2.45 %). The blue shaded region indicates 
the 95 % confidence interval of SHAP values obtained from bootstrapping. 
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was a strong decrease before 4.00 % for PLAND, and was negatively 
correlated between 4.00 %–30.00 %, the correlation was weak after
wards since the wide confidence interval. Water proportions was 
strongly negatively correlated before 1.50 %, and no influence after
wards. For LSTs, UGS proportions was strongly negative correlated 
before 25.00 % and remained stable until 42.00 %. After 42.00 %, the 
correlation seemed to be enhanced but its weak due to the wide confi
dential intervals. The aggregated distribution (AI) of UGS was strongly 
negatively correlated at the value of 92.50–97.50, and no influence 
after. The largest proportion of UGS patch was strongly negatively 
correlated before 7.00 %. Building density was strongly positively 
correlated before 35 %, and the relationship remains stable afterwards. 
Water proportion was also strongly negatively correlated before 7.50 %, 
and no effect afterwards. 

At the 1000 m scale, for high PM2.5, ED and SHAPE_AM were both 
positively correlated with PM2.5, between the value of 320.00–560.00 
and 1.75–2.55, respectively. Both PD and AI exhibited a negative cor
relation with PM2.5, between the value of 800.00–1650.00 and 
96.00–97.85, respectively. UGS proportions was weakly negatively 
correlated between the value of 25.00–30.00 %. No clear relationship 
between building density, FAR and road density with high value PM2.5. 
For low PM2.5, PD was negatively correlated between the value of 
880.00–1500.00 and remained stable afterwards. The aggregated dis
tribution of UGS was positively correlated with low PM2.5 between 
94.50 and 95.80, and negatively correlated from 97.00 to 98.00. No 
clear relationship was for building density. In terms of LSTs, UGS pro
portions was negatively correlated before 22.00 %, the negative corre
lation enhanced between 22.00 % and 38.00 %, and no clear 
relationship afterwards. Aggregated UGS distribution was negatively 
correlated from 94.00 to 95.55, and the influence remained stable af
terwards. LPI was strongly negatively correlated from 0.00 % to 2.50 %, 
and the influence remained stable afterwards, while the relationship was 
weak. Shape complexity (SHAPE_AM) was negatively correlated from 
1.75 to 1.95, the influence remained stable from 2.0 to 2.5, and no in
fluence afterwards. Density of roads was positively correlated from 
1900.00 to 3300.00, and negatively correlated from 4750.00 to 
7650.00. Water proportions was negatively correlated before 1.00 %, 
and the relationship remained stable to 5.00 %. FAR was negatively 
correlated between 1.18 and 2.35, and building density was positively 
correlated between 17 %–0.26 %, and the relationship remained stable 
afterwards. 

At the 1500 m scale, most relationships were weak as all the confi
dence intervals were wide, which caused by the large reduction of the 
samples. For low PM2.5, aggregated UGS distribution was positively 
correlated from 94.50 to 95.80, and negatively correlated from 97.00 to 
97.80. Shape complexity was positively correlated from 1.90 to 2.15, the 
relationship remained stable to 2.50, and no influence afterwards. 
Densities of UGS patch and road were negatively correlated between 
1150.00 and 2750.00, and 4200.00–6500.00. 

5. Discussion 

In highly-dense urban areas, reorganizing small-scale UGS patches 
and optimizing their spatial configurations is a proper option to achieve 
greater ecological benefits. However, limited studies have investigated 
their mitigation effects on PM2.5 concentrations and LSTs simulta
neously. The objective of this study is to investigate the optimal spatial 
arrangement of UGS with a constrained proportion. Additionally, urban 
morphological variables that affect air quality and urban thermal envi
ronment are also considered as contributing factors, which allows for a 
more comprehensive investigation of urban sustainability and ecolog
ical benefits. Most importantly, an explanatory machine learning 
method was employed to reveal the nonlinear relationships among 
variables in the spatial context. 

5.1. The advantages of using explanatory machine learning regression 
model 

The use of an explanatory machine learning regression model, which 
includes the SHAP local interpretation method specifically designed for 
spatial data, have several advantages compared to traditional spatial 
regression models. The advantages are primarily reflected in three key 
aspects. Firstly, it improved accuracy. Machine learning methods can 
identify complex patterns and relationships that traditional statistical 
models may not be able to capture. The results suggested that the ma
chine learning models had higher R2 values and lower RMSE values than 
traditional statistical models, especially for PM2.5, indicating a better fit 
to the spatial data. Secondly, it provides spatially explicit information. 
SHAP for machine learning methods can provide spatially explicit in
formation about the contribution of locations to the dependent vari
ables, as demonstrated by the clear spatial patterns of SHAP values of 
geographic coordinates, which have been excluded from the effects of 
independent variables. This information can help us to better under
stand the spread and location of these environmental problems. Thirdly, 
it improves understanding of complex relationships. Machine learning 
methods can identify complex relationships between dependent and 
independent variables, including interactions and nonlinear relation
ships, thereby determining effective value ranges. This can enhance our 
understanding of the underlying drivers behind the distribution of 
pollution and high temperature. 

5.2. Co-mitigation effects of UGS variables on PM2.5 concentrations and 
LSTs 

Drawing upon the findings from the 500 m, 1000 m, and 1500 m 
scales, this study concludes that the proportion of UGS should be 
maintained between 25 % and 30 %, and there is no need to exceed 40 
%, which could be appropriate for mitigating high PM2.5 and LSTs, and 
more determinant for the latter. Previous studies have confirmed that a 
higher UGS proportion could reduce the PM2.5 values’ daily average, 
minimum, and maximum (Chen et al., 2019). Increasing UGS proportion 
is more effective in mitigating urban microclimates than other ap
proaches, with Yuan et al. claiming that a UGS proportion of 20 % has a 
greater potential for improving urban microclimate (Yuan et al., 2017), 
which is similar with the findings of this study. 

For UGS landscape metrics, there is mitigation effects for all three 
issues when the aggregation index of UGS was above 97, indicating a 
high level of aggregated condition and suggesting that more aggregated 
UGS patches could be of better mitigation roles. This finding aligns with 
earlier research, which indicated that UGS can remove PM2.5 more 
effectively when UGS patches are situated in closer proximity and are 
more contiguous with one another (Li et al., 2023). 

Most previous studies identified larger UGS largest patches as having 
better mitigation effects (Bagheri et al., 2017). This study found that the 
largest UGS patch proportion between 2.00 % and 4.85 % could achieve 
mitigation effects for all three issues. The proportion was not very high, 
indicating that higher proportions are not necessarily better. A UGS 
patch density of above 1650 could mitigate all three issues, which is not 
a very high level of patch density, while most previous studies suggested 
that higher patch densities have an intensifying effect (Yu et al., 2020). 
There is a conflict in terms of shape complexity, as higher shape 
complexity serves an intensifying role for PM2.5, but a mitigation role for 
LSTs. This is different from some previous studies (Bi et al., 2022a; 
Łowicki, 2019), which suggest that elevated shape complexity could 
improve adhesion capacity of UGS patches to PM2.5 by enhancing their 
contact with other land types (Xu et al., 2021). However, patches that 
are larger in size with intricate shapes or exceed a specific PLAND 
threshold may result in the configuration having a more significant 
impact (Masoudi and Tan, 2019). For edge density, there is no value for 
co-mitigation. 
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5.3. Co-mitigation effects of non-UGS variables on PM2.5 concentrations 
and LSTs 

The urban pattern is shaped by the urban form and the UGS pattern, 
and both variables can have an impact on the urban thermal environ
ment and air pollution. The proportion of water bodies at 1.5 % has been 
identified to have a mitigation effect on high PM2.5 and LSTs, and 
maintaining a higher proportion is not necessary. However, previous 
studies (Steeneveld et al., 2014; Hathway and Sharples, 2012) suggested 
a negative correlation between water proportion and these two envi
ronmental issues. Surprisingly, a higher road density appears to mitigate 
both PM2.5 and LSTs, despite the fact that it usually indicates higher 
traffic-related heat and air pollution emissions. This may be due to a 
decrease in overall road density in areas with higher main road density, 
as the study only focused on main roads in the city. Building density and 
FAR do not appear to have any co-mitigation value, but they have a 
significant impact on LSTs. 

5.4. Strengthens and limitations 

The strengths of this study are as follows. The co-mitigation effects of 
UGS morphology on winter PM2.5 and summer LSTs were investigated, 
as effectively allocating limited UGS in highly-dense urban areas is a 

challenge. A new UGS data source that depicted vegetated land with 
consistent boundaries for each season was introduced, providing more 
advantageous results from an engineering perspective. An explanatory 
machine learning regression method was employed, which is a good 
alternative to traditional spatial statistical models and can estimate ac
curate spatial effects and non-linear relationships. 

However, this study also has limitations. Firstly, our analysis may not 
have fully accounted for large-scale spatial trends, such as the spatial 
distribution of fine particles across entire cities, which could potentially 
impact the results of the statistical analysis regarding UGS mitigation 
effects. The study predominantly concentrated on smaller spatial pat
terns quantified through landscape metrics, without an exhaustive 
exploration of potential influences at higher spatial scales. Secondly, the 
influence of the surrounding built-up areas was not taken into consid
eration. Moreover, due to data limitations, we were only able to examine 
mitigation effects within a single time period. In the absence of specific 
traffic flow data, road density was employed as a proxy to represent 
traffic flow. Additionally, the study also failed to consider the spatial 
distribution of various vegetation types in Beijing, which hindered the 
comparison of mitigation effects among different plant species. Notably, 
Platycladus orientalis and Pinus tabulaeformis, two evergreen species 
prevalent in Beijing, exhibit high potential for fine particle removal 
(Wang et al., 2022). 

Fig. 6. Samples of green spaces within effective indicator thresholds. Red color indicates exceeding the thresholds.  
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In the future, causal analysis methods such as Granger causality test, 
combined with machine learning approaches, can be employed to 
disentangle causes and effects of PM2.5 and LST. 

6. Conclusion 

This study aims to explore the co-mitigation mechanisms of winter 
PM2.5 concentrations and summer LSTs in highly-dense urban areas of 
Beijing, China. To eliminate scale effects, explanatory variables 
including UGS spatial configurations, water proportions, and urban 
morphology, were examined at three scales of 500 m, 1000 m, and 
1500 m. Explanatory machine learning methods were used to analyze 
the spatial data. The main findings are summarized below. 

Maintaining UGS proportions between 25 % and 30 % is appropriate 
for mitigating high PM2.5 and LSTs, with a greater impact on LSTs. UGS 
proportion exceeding 40 % does not significantly improve the mitigation 
effect. UGS morphology plays a more significant role in mitigating PM2.5 
concentrations than LSTs. Higher UGS aggregation (above 97) and UGS 
patch density (above 1650) were capable of mitigating both PM2.5 
concentrations and LSTs. The proper proportion of the largest UGS patch 
(2.00–4.85 %) also have similar mitigation effects. However, UGS 
patches with higher shape complexity intensifies PM2.5 concentrations 
but mitigates LSTs, leading to a conflicting role. The sample images 
showcasing effective mitigation strategies within the threshold are 
presented in Fig. 6. These visual references are intended to provide 
practical insights and guidance for urban planners and designers. 

Additionally, maintaining a proportion of water bodies at 1.5 % has a 
mitigation effect on high PM2.5 and LSTs, and maintaining a higher 
proportion is unnecessary. Surprisingly, a higher density of main roads 
(above 4750) appears to mitigate both PM2.5 and LSTs. This may be 
because in areas with higher main road density, overall road density 
decreases, as the study only focuses on main roads rather than all roads 
in the city. 
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