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A B S T R A C T

Building morphology profoundly impacts the microclimate, potentially affecting vegetation greening. However, 
the effects of 2D/3D building morphology on vegetation greening, especially the urban-rural disparities, remains 
understudied. In this study, we examined the effects of building morphology on vegetation greening in urban and 
rural areas in Hong Kong by employing a machine learning model. Vegetation greening trends were derived 
using the Enhanced Vegetation Index (EVI) through the Theil-Sen median method and the Mann-Kendall (MK) 
test. Results indicated a prevalent greening from 2010 to 2020, with a slope of 0.0024, and more significant in 
rural. Statistically significant but low correlation existed between building morphology and vegetation greening. 
Their relationship exhibited notable urban-rural differences and non-monotonic nonlinearity, with 3D indexes 
showing a stronger impact than 2D indexes. Specifically, sky view factor (SVF) dominated in urban areas, 
contributing 23.60 %, while landscape shape index (LSI) was the key contributor in rural, accounting for 
27.30 %. SVF, and mean building height (MBH) transitioned from negative to positive effects, whereas landscape 
patch index (LPI) and edge density (ED) shifted from positive to negative effects, each with distinct "turning 
points" in urban and rural. LSI’s impact showed a negative-positive-negative shift in urban and a negative- 
positive shift in rural. Building volume density (BVD) presented a positive to negative shift in urban and 
negative to positive shift in rural. The identified complicated relationship deepens our understanding of the 
drivers of vegetation greening in the built environment, informing the optimal building morphology threshold 
for efficient greening effect toward sustainable development.

1. Introduction

Vegetation is a crucial component of the terrestrial ecosystem that 
plays an indispensable role in soil and water conservation, moisture 
retention, and the cycles of carbon and energy (Ballantyne et al., 2017; 
Haberl et al., 2007). Globally, vegetation greenness has undergone 
complex changes over the past few decades due to the combined effects 
of climate change and human activities (Li et al., 2024; Myneni et al., 
1997; Pan et al., 2018; Zhu et al., 2016). Many studies have highlighted 
the critical role of vegetation greening in mitigating climate change, 
enhancing ecosystem services, and improving human well-being 
(Baniya et al., 2019; Zeng et al., 2017). Therefore, comprehending the 
trends and drivers of vegetation greening is crucial to achieving Sus
tainable Development Goal 11.

Differing from natural landscapes, vegetation in built environments 
is affected by more complex and multidimensional factors (Liu et al., 
2023). Although extensive efforts have been made to understand the 
sophisticated response of vegetation greening in the built environment 
to various natural and anthropogenic drivers (Fan et al., 2023; Li et al., 
2020), how building morphology affects vegetation greening trends is 
still not well understood. Building morphology could potentially influ
ence vegetation greening trends by altering the growth environment. 
Numerous studies have demonstrated that the building morphology 
affects microclimate (Allen-Dumas et al., 2020; Zhang et al., 2022), 
including the temperature conditions (Azhdari et al., 2018; Han et al., 
2023; Li and Hu, 2022), wind direction and speed (He et al., 2022; Zahid 
Iqbal and Chan, 2016), distribution of photosynthetically active radia
tion and shadows (Tan and Ismail, 2015; Wang et al., 2024), and 
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humidity levels (Cao et al., 2021; Kamal et al., 2021). These factors are 
crucial contributors to vegetation greening, impacting transpiration, 
photosynthesis, and metabolic rates (Chang et al., 2021; Rawson et al., 
1977; Serbin et al., 2015). Therefore, quantifying how building 
morphology affects vegetation greening is vital for understanding its 
mechanisms. Previous studies have only focused on the relationship 
between vegetation greening and two-dimensional (2D) building 
morphology (Zhang et al., 2022; Zhao et al., 2016; Zhou et al., 2023). 
For instance, Li et al. (2024) assessed the nonlinear effects of built-up 
land patterns on vegetation growth in Kunming city from a horizontal 
perspective. Three-dimensional (3D) building morphology plays a sig
nificant role in altering local climate conditions (Salvati et al., 2019; 
Yang et al., 2023), an aspect that has been largely overlooked in existing 
literature. Thus, simultaneously discussing the impact of 2D/3D build
ing morphology on vegetation greening trends within built environ
ments is necessary.

Recent studies indicate that vegetation greening trends exhibit sig
nificant spatial heterogeneity across the urban-rural gradient (Ji et al., 
2023; Yao, 2024). For example, Li et al. (2023) found that the 
urban-rural gradient in vegetation greening is vividly featured by a 
‘V-shape’, with different influencing factors in urban and rural areas. 
Land surface properties, climate conditions, vegetation types, vegetation 
composition and configuration, and anthropogenic activities vary be
tween urban and rural areas (Jia et al., 2021; X. Wang et al., 2024). 
These disparities may lead to different influencing characteristics of 
2D/3D building morphology on vegetation greening, which requires 
differentiated management and planning strategies for urban and rural 
areas. Consequently, it is imperative to figure out the urban-rural dif
ferences of the relationship between 2D/3D building morphology and 
vegetation greening trends to provide a reference for differentiated 
optimizing of building morphology to enhance the greening in urban 
and rural areas.

Hence, the overall aim of this study is to introduce the boosted 
regression tree (BRT) model to investigate the relative contributions and 
marginal effect of 2D/3D building morphology on vegetation greening 

trends from 2010 to 2020 in Hong Kong and to analyze differences be
tween urban and rural areas. Specific objectives of this study are: 1) to 
explore the spatial-temporal characteristics and urban-rural differences 
of vegetation greening trends in Hong Kong from 2010 to 2020; 2) to 
assess the relative contributions and marginal effect of 2D/3D building 
morphology on vegetation greening; and 3) to compare the different 
impacts of 2D/3D building morphology on vegetation greening in urban 
and rural areas. Insights from this study could deepen our understanding 
of the factors influencing vegetation greening in built environment.

2. Study area and data

2.1. Study area

Hong Kong is located along the southern coast of China (22◦08′- 
22◦35′, 113◦49′-114◦31′) and spans an area of 1106 km2 (Fig. 1). It has a 
typical subtropical climate characterized by mild winters and hot, rainy, 
and muggy summers. Over 80 % of its total area is covered by hills, 
leaving just 20 % for the accommodation of more than seven million 
residents. As one of the most developed cities in China, Hong Kong has 
undergone remarkable urbanization. Limited land availability has led to 
densely packed high-rise buildings and complex building morphology, 
dramatically affecting the local climate in Hong Kong. Furthermore, as 
Hong Kong has already entered the later stages of urbanization, exten
sive urban expansion has been almost non-existent since 2010. Instead, 
Hong Kong retains many unchanged buildings with relatively stable 
green spaces. Therefore, Hong Kong was considered an ideal laboratory 
for researching the impacts of 2D/3D building morphology on vegeta
tion greening trends, which will provide valuable insights for other 
similar and developing high-density cities.

2.2. Data and pre-processing

The 250 × 250 m grid was selected as the most relevant scale for 
urban microclimate and vegetation greening studies (Li et al., 2024). 

Fig. 1. Hong Kong as seen from GaoFen-1 high-resolution image (a), distribution of buildings with heights (b), zoomed-in high-resolution image (c, e), and cor
responding building height data (d, f). Data sources: GaoFen-1 high-resolution image acquired on 22 Feb 2020 from https://www.cresda.com/.
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This study utilized the 250 m and 16-day composite Enhanced Vegeta
tion Index (EVI) from the Terra Moderate Resolution Imaging Spec
troradiometer (MODIS) Vegetation Index (MOD13Q1) version 6 product 
to derive the vegetation greening trends in Hong Kong from 2010 to 
2020. The EVI index has been proven more suitable for monitoring 
vegetation variability, as it partially eliminates the effect of clouds, 
aerosols, and saturation problems (Huete et al., 2002). We calculated the 
annual averaged composite EVI from the monthly maximum composite 
during the growing seasons (from June 1st to September 30th every 
year) (Ru et al., 2018) on the Google Earth Engine (GEE) platform. Pixels 
with low confidence were removed based on the quality assessment 
layer.

Building footprint data, digital surface model (DSM), and digital 
terrain model (DTM) data from 2010 and 2020 were employed to map 
the building height, which was obtained from Hong Kong Common 
Spatial Data Infrastructure (CSDI) (https://www.csdi.gov.hk/zh-hk). 
DSM and DTM data were generated from the LiDAR data in 2010 and 
2020. The normalized DSM (nDSM) layer, representing the height of 
above-ground features, was created by subtracting the DTM from the 
DSM. Then, building height data for 2010 and 2020 were generated by 
overlaying building footprint and nDSM data using zonal statistics 
analysis.

The Global Urban Boundary (GUB) dataset, derived from the high- 
resolution (30 m) Global Artificial Impervious Area mapping product 
(GAIA) (Gong et al., 2020), was utilized to define urban and rural areas 
in 2010. To match the spatial resolution of the EVI data, all the afore
mentioned data were resampled to 250 m.

3. Methodology

3.1. Overall workflow

This study sought to explore the impacts of 2D/3D building 
morphology on vegetation greening trends in both urban and rural 
areas. The overall workflow of this study is illustrated in Fig. 2. First, we 
derived vegetation greening trends from 2010 to 2020. Subsequently, 
areas with unchanged building heights from 2010 to 2020 were iden
tified to mitigate the impact of coverage variations on greenness 

changes. Next, we calculated the 2D/3D building morphology indexes in 
2020 to represent the static building morphology indexes. Finally, we 
analyzed the correlation and nonlinear effects of 2D/3D building 
morphology on vegetation greening in urban and rural areas.

3.2. Detection of vegetation greening trends from 2010 to 2020

In this study, the vegetation greening trends were analyzed by using 
the Theil-Sen median method and the annual composite EVI dataset 
from 2010 to 2020. The Theil-Sen median method, a robust nonpara
metric statistical approach, is widely used to analyze geographical 
phenomena over long-term series. The equation of the Theil-Sen median 
method is as follows: 

EVIslope = Median
(

EVIb − EVIa

b − a

)

, 2010 < b < a < 2020 (1) 

where EVIslope is the Theil-Sen median, EVIb and EVIa represent the 
average growing season EVI values of the years a and b. When EVIslope is 
greater than zero, it indicates a vegetation greening trend. When it is 
lower than zero, it indicates a vegetation browning trend.

The Mann–Kendall (MK) test was utilized to assess the significance of 
vegetation greening and browning trends. The MK test, a nonparametric 
statistical method, is widely used to analyze trends in time series data. 
The MK test does not require the data to follow a specific distribution 
and is robust against outliers. The formula for the MK test is as follows: 

S =
∑n− 1

a=1

∑n

b=a+1
sgn(EVIb − EVIa) (2) 

sgn(EVIb − EVIa) =

⎧
⎨

⎩

+1, EVIb − EVIa > 0
0, EVIb − EVIa = 0

− 1, EVIb − EVIa < 0

⎫
⎬

⎭
(3) 

Var(S) =
n(n − 1)(2n + 5)

18
= σ2 (4) 

Fig. 2. The overall workflow of this study.
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Z =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ , S > 0

0, S = 0
S − 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Var(S)

√ , S < 0

⎫
⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎭

(5) 

where n is the length of the EVI time series, σ is the standard deviation, 
and |Z|> 1.96 was considered to indicate a significant change at the 0.05 
significance level.

3.3. Delineation of urban and rural areas

We adopted a binary method to define the urban and rural areas. 
Urban and rural areas were delineated based on the Global Urban 
Boundary (GUB) dataset (Li et al., 2020). The GUB dataset, derived from 
the 30 m global artificial impervious area (GAIA) data, was mapped by 
using the Landsat times series images and machine learning model. The 
overall accuracy of the GAIA data was higher than 90 %, and GUB data 
showed a good agreement with the map derived from other remote 
sensing data and human interpretation. It can effectively outline the 
urban extent of cities when evaluated against high-resolution images 
from Google Earth. Unlike other products (e.g., NTL-derived urban 
extent), the GUB dataset excels in delineating detailed urban bound
aries, particularly around urban fringe areas. Thus, it is widely applied 
in urban-rural difference-related studies (Ji et al., 2023). In this study, 
the urban areas were defined by pixels within the urban boundary ob
tained from the GUB data. The rural areas were defined as pixels outside 
these urban boundaries.

3.4. Calculation of 2D/3D building morphology indexes

Numerous metrics have been employed to quantify building 
morphology. We selected four indexes of 2D building morphology and 
four indexes of 3D building morphology to represent the building 
morphology in the built environment. The 2D building morphology in
dexes included the largest patch index (LPI) (Yuan et al., 2021), building 
coverage ratio (BCR) (Zeng et al., 2022), landscape shape index(LSI) 
(Liu et al., 2017), and edge density (ED) (Zhou et al., 2011). 3D 
morphology indicators included building volume density (BVD), sky 
view factor (SVF) (Daramola and Balogun, 2019), mean building height 
(MBH) (Alexander, 2021), and floor area ratio (FAR) (Chen et al., 2022). 
These indexes were chosen for their ability to: (1) describe building 
morphology from different aspects, (2) serve as common and represen
tative measures, and (3) demonstrate minimal redundancy (Li and Wu, 
2004; Li et al., 2012). For the 2D indicators, BCR, a widely used 2D 
index, represents building density and has been shown to directly impact 
local climate (Rhee et al., 2014; Zhang et al., 2022). LPI, LSI, and ED 
were frequently chosen to measure connectivity, complexity, and frag
mentation of landscape. The degree of LPI, LSI, and ED of buildings are 
associated closely with thermal conditions and air circulation (Han 
et al., 2023). For the 3D indicators, SVF is an essential factor in 3D 
building related analysis and can exert strong influence on illumination, 
wind, and heat (Li and Hu, 2022). BVD, MBH, and FAR are also widely 
adopted in existing research to reflect different distribution features of 
building volume and height from various perspectives. They have been 
identified as affecting factors of air and land surface temperature, wind 
velocity and speed, and relative humidity (Cao et al., 2021). The ab
breviations and definitions of the selected building morphology in
dicators are listed in Table 1. Maps illustrating the 2D/3D building 
morphology and its changes between 2010 and 2020 can be found in the 
Appendix (Figure A1-A8).

3.5. Analysis of the impacts of 2D/3D building morphology on vegetation 
greening trends

Spearman and Pearson correlation coefficients were computed to 
measure the correlations between 2D/3D building morphology indexes 
and vegetation greening trends. The Pearson correlation coefficient was 
primarily used to measure the strength of a linear relationship between 
two variables (Pearson, 1908), while Spearman correlation coefficient 
was used to assess the monotonic relationship between two variables, 

Table 1 
2D/3D building morphology metrics used in this study.

Dimension Metrics Abbreviations Formula Description

2D Largest 
patch 
index

LPI
LPI =

max (Ai)

Sg
×

100

Measures 
the 
percentage 
of the total 
grid area 
comprised 
of the 
largest 
patch

Building 
coverage 
ratio

BCR BCR =
1
Sg

∑n
i=1

Ai
Measures 
the ratio 
between the 
total area of 
buildings 
within a 
grid and the 
total grid 
area

Landscape 
shape 
index

LSI LSI =
∑n

i=1Pi

0.25 ×

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑n
i=1Ai

√

Measures 
the degree 
of landscape 
shape 
complexity

Edge 
density

ED
ED =

∑n
i=1Pi

Sg

Measures 
the total 
lengths of 
all building 
patch edges 
within a 
grid

3D Building 
volume 
density

BVD BVD =
1
Sg

∑n
i=1

Vi
Measures 
the ratio 
between the 
total volume 
of the 
buildings in 
a grid and 
the total 
grid area

Sky view 
factor

SVF SVF =

2π
[

1 −

∑n
i=1sinαj

n

]
α is the 
vertical 
angle of the 
horizon in 
the 
direction j

Mean 
building 
height

MBH
MBH =

∑n
i=1Hi

n
Measures 
the mean 
height of the 
buildings in 
a grid

Floor area 
ratio

FAR
FAR =

∑n
i (c × Ai)

Sg

Measures 
the total 
building 
floor area 
compared to 
the land 
area it 
occupies in 
a grid

Note: n is the number of buildings within a grid; Sg is the total area of the grid; 
Ai, Pi, Vi, Hi, c are the area, perimeter, volume, height, and the number of floors 
for the ith building, respectively; θ is the wind direction angle.
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regardless of whether the relationship is linear or nonlinear (Spearman, 
1987). The boosted regression tree (BRT) model was utilized to inves
tigate the nonlinear impacts of 2D/3D building morphology on vege
tation greening trends in Hong Kong. The BRT model, a machine 
learning method, combines the strengths of regression tree models and 
boosting models to improve stability and prediction precision (De’ath, 
2007). Unlike traditional linear regression, BRT uses recursive binary 
splitting to handle predictor interactions and builds numerous small 
regression trees to capture complex and nonlinear relationships 
expressed by relative contribution and marginal effect curve. Relative 
contribution provides the importance and contribution of 2D/3D 
building morphology to vegetation greening. Marginal effect presents 
how this influence changes with variations in the magnitude of 2D/3D 
building morphology. The relative influence value presented in the 
marginal effect curve equal to 0 indicates no influence, less than 0 in
dicates a negative effect, and greater than 0 indicates a positive effect. 
BRT’s advantages include handling flexible data types without consid
ering variable interactions and offering intuitive insights into variable 
contributions and response curves (Pouteau et al., 2011). Consequently, 
BRT has been widely used in urban ecosystem studies (Han et al., 2022; 
Hu et al., 2020). To avoid interference from changes in building and 

vegetation coverage when analyzing the impact of 2D/3D building 
morphology on vegetation greening, the unchanged areas that exhibited 
no changes in both building footprint and height from 2010 to 2020 
were identified using spatial analysis tools. The dependent variables are 
the vegetation greening trends in each unchanged 250 m grid cell, with 
no changes in building footprint and height from 2010 to 2020. The 
independent variables are eight static 2D/3D building morphology in
dexes identified within each unchanged 250 m grid cell. After much 
debugging, the final parameters used to design the BRT were 0.005 
(learning rate), 0.5 (bag fraction), and 5 (tree complexity). Moreover, 
50 % of the data was drawn for training, and 10 cross-validations were 
conducted.

4. Results

4.1. Spatial-temporal patterns of vegetation greening trends, 2010–2020

Overall, we observed a prevalent trend of vegetation greening in 
Hong Kong from 2010 to 2020, indicated by a greening slope of 0.0024, 
with approximately 69.10 % of the areas exhibiting the greening phe
nomenon (Fig. 3). In built-up areas, the overall EVI slope was 0.0015. 

Fig. 3. Spatial pattern of vegetation greenness in 2010 (a) and 2020 (b), vegetation greening trend from 2010 to 2020 (c), and average vegetation greening slope in 
urban and rural areas (d).
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Significant greening and significant browning accounted for 11.89 % 
and 4.30 % of the areas, respectively, with averaged slopes of 0.0078 
and − 0.0083, while not significant greening and not significant 
browning accounted for 52.23 % and 31.42 % of the areas, respectively, 
with average slopes of 0.0034 and − 0.0027 (Table 2). The average 
vegetation change slope was 0.0011 in urban areas and 0.0020 in rural 
areas, indicating a more pronounced vegetation greening trend 
compared to urban areas.

Noticeable disparities were observed in the average slopes and per
centages of vegetation greening and browning between urban and rural 
areas (Table 3). In urban areas, greening accounted for 62.71 % with an 
average slope of 0.0035, and browning comprised 37.22 % with an 
average slope of − 0.0031. Rural areas showed a higher proportion of 
greening at 65.38 % and a steeper average slope of 0.0050, compared to 
urban areas. Conversely, rural areas had a smaller proportion of 
browning at 34.60 %, but with a slightly steeper average slope of 
− 0.0037.

4.2. Correlation between 2D/3D building morphology and vegetation 
greening trends

Both Pearson and Spearman correlation analysis results confirmed a 
low, yet statistically significant, correlation between 2D/3D building 
morphology and vegetation greening trends (correlation coefficient 
ranged from − 0.21–0.17) (Table 4). The results of the Pearson and 
Spearman correlation analyses were quite similar, with slight differ
ences, and the positive and negative direction of the correlation was 
consistent. Furthermore, the correlation between 2D building 
morphology and vegetation greening was stronger than that with 3D 
building morphology, which was evidenced by the average absolute 
value of the Pearson and Spearman correlation coefficient. Among 
various factors, the SVF demonstrated a positive correlation with 
vegetation greening trends, with a correlation coefficient of 0.17 and 
0.15, respectively. The BCR, LPI, LSI, ED, BVD, MBH, and FAR all 
exhibited negative correlations with vegetation greening.

4.3. Impacts of 2D/3D building morphology on vegetation greening trends

4.3.1. Relative contribution of 2D/3D building morphology on vegetation 
greening trends

The relative contribution of 2D/3D building morphology on vege
tation greening trends varied significantly between urban and rural 
areas (Fig. 4). In urban areas, the SVF contributed most significantly to 
vegetation greening, accounting for 23.60 % of the independent effects. 
This was followed by LPI at 20.10 %, MBH at 19.00 %, BVD at 12.00 %, 
LSI at 11.50 %, and ED at 13.30 %. The relative contributions of FAR 
and BCR to vegetation greening were minimal. In rural areas, LSI was 
the predominant index affecting vegetation greening, with a relative 
contribution of 27.30 %, followed by SVF (22.80 %), and MBH 
(17.50 %). The contributions of ED, LPI, BVD, FAR, and BCR were lower.

3D building morphology indexes contributed more to vegetation 
greening trends than 2D indexes (Fig. 4). This phenomenon was more 
profound in urban areas. In urban areas, 2D and 3D building 
morphology indexes contributed 42.5 % and 57.5 %, respectively, to 
vegetation greening trends. In rural areas, 2D building morphology in
dexes contributed 46.20 % to vegetation greening trends, while the 

relative contribution of 3D building morphology indexes to vegetation 
greening trends was 53.8 %.

4.3.2. The marginal effect of 2D/3D building morphology on vegetation 
greening trends

Given that correlation analyses might underestimate the relationship 
between 2D/3D building morphology and vegetation greening, we 
further utilized Boosted Regression Trees (BRT) to analyze the non- 
monotonic and nonlinear marginal effect of each building morphology 
on vegetation greening trends in urban (Fig. 5) and rural areas (Fig. 6). 
The marginal effects, according to the BRT model, demonstrate how 
changes in 2D/3D building morphology influence vegetation greening. 
The marginal effect of SVF, LPI, MBH, and ED on vegetation greening 
showed similar trends in urban and rural areas. The impact of SVF on 
vegetation greening changed from negative to positive at a threshold of 
0.82 in urban areas and 0.88 in rural areas. This means that it is bene
ficial for vegetation greening when the visible sky occupies around 80 % 
of the entire hemispherical sky. LPI positively affected vegetation 
greening below 15 in urban areas and below 5 in rural areas, thereafter 
exerting a stable negative effect. MBH’s effect on vegetation greening 
shifted from negative to slightly positive at thresholds of 35 m in urban 
areas and 12 m in rural areas. ED’s impact on vegetation greening 
transitioned from positive to negative at thresholds of 0.037 m/m2 in 
urban and 0.006 m/m2 in rural areas. The marginal effects of BVD and 
LSI differed between urban and rural areas. In urban areas, BVD initially 
had a positive effect below 3, turned negative beyond that, and had no 
impact above 12. This means that when the volume density of buildings 
is less than 3 m3/m2, it would enhance the vegetation greening. While in 
rural areas, BVD presented a negative effect below 0.1 m2/m3 and 
became a positive effect until its value exceeded 1.3. Therefore, for rural 
areas, keeping BVD between 0.1 and 1.3 m3/m2 is optimal for enhancing 
vegetation growth. LSI’s impact on vegetation greening in urban areas 
changed from a negative effect to a positive effect at the threshold of 2.2. 
In the rural areas, LSI’s marginal effect on vegetation greening became 
positive at 1.05, peaked at 1.2, and turned negative above 3.65. LSI 
measures the complexity of buildings’ shapes. A higher LSI value in
dicates that the building shapes are more irregular and complex. 
Therefore, a slight increase in the complexity and irregularity of 

Table 2 
Overall vegetation changes trends in built-up environment.

Classification Percentage (%) Averaged Slope

Significant greening 11.89 0.0078
Significant browning 4.30 − 0.0083
No change 0.16 0
Not significant greening 52.23 0.0034
Not significant browning 31.42 − 0.0027

Table 3 
Features of overall vegetation changes in urban and rural areas.

Greenness and its changes indexes Urban Rural

Averaged slope of greening 0.0035 0.005
Averaged slope of browning − 0.0031 − 0.0037
Percentage of greening (%) 62.71 65.38
Percentage of browning (%) 37.22 34.60

Table 4 
Correlation coefficients between vegetation greening and building morphology.

Correlation 
type

2D building 
morphology

Correlation 
coefficient

3D building 
morphology

Correlation 
coefficient

Pearson BCR − 0.21 * * BVD − 0.17 * *
LPI − 0.16 * * SVF 0.17 * *
LSI − 0.17 * * MBH − 0.13 * *
ED − 0.20 * * FAR − 0.17 * *
Average 
absolute value 
of 2D metrics

0.19 Average 
absolute value 
of 3D metrics

0.16

Spearman BCR − 0.18 * * BVD − 0.17 * *
LPI − 0.17 * * SVF 0.15 * *
LSI − 0.15 * * MBH − 0.13 * *
ED − 0.17 * * FAR − 0.17 * *
Average 
absolute value 
of 2D metrics

0.17 Average 
absolute value 
of 3D metrics

0.16

Note: * * the level of significance at 0.01.
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buildings is beneficial for vegetation greening (2.2–3.3 times more 
complex than a square in urban areas, and 1.05–3.65 times more com
plex than a square in rural areas), but too much complexity is not 
beneficial for vegetation greening (exceeds 3.3 times that of a square 
and exceeds 3.65 times that of a square). FAR and BCR have virtually no 
impact on vegetation greening both in urban and rural areas.

5. Discussion

5.1. The complexity of the building morphology - vegetation greening 
relationship

Unlike previous studies that have mostly explored the relationship 
between vegetation greening and CO2 fertilization (Keenan et al., 2013; 
Ukkola et al., 2016), climate changes (Keenan and Riley, 2018; Nemani 
et al., 2003), land use changes (Shen et al., 2023), and nitrogen depo
sition (Greaver et al., 2016). Our study highlighted and confirmed the 
important role of 2D/3D building morphology for vegetation greening 
trends using the Pearson/ Spearman correlation method and BRT model. 
Although a low yet statistically significant correlation between 2D/3D 
building morphology and vegetation greening was identified, this sug
gests that building morphology is a significant but partial factor in 
greening, with other important determinants also playing roles. There 
are other important determinants as well. However, we still need to 
understand the impacts of 2D/3D building morphology on vegetation 
greening to foster a more comprehensive understanding of the influ
encing factors of vegetation greening.

Our results suggested that 3D building morphology indexes have a 
stronger impact on vegetation greening than 2D indexes. Cao et al. 
(2021) also demonstrated that 3D building morphology indexes 
crucially affect the urban climate environment more than 2D indexes. 
Consequently, it is crucial to prioritize the role of 3D building 
morphology in urban climate and vegetation greening studies and to 
develop more 3D morphology indexes for future research. Interestingly, 
despite previous studies suggesting an influence of BCR on vegetation 
greening, our results showed that BCR had virtually no impact on 
vegetation greening. Additionally, 3D building morphology indicators 
had a more significant impact on vegetation greening than 2D indicators 
(Fig. 4). We speculate that the greater impact of 3D indicators may be 

attributed to their inclusion in the regression model, which offers a more 
comprehensive reflection of building features and environments. These 
phenomena both illustrated the necessity of considering the impact of 
3D building morphology on vegetation greening trends. Given the 
complexity of the built environment, future urban climate studies should 
develop more physically meaningful 3D building morphology measures.

Furthermore, we found that both Pearson and Spearman analyses 
may underestimate the relationship between 2D/3D building 
morphology and vegetation greening. The Pearson correlation analysis 
demonstrated a potential nonlinear relationship in Hong Kong, while 
Spearman correlation analysis indicated a potential non-monotonic 
relationship. BRT model results confirmed the nonlinearity and non- 
monotonic nature of this relationship, which indicated the impact of 
2D/3D building morphology on vegetation greening is not a monoto
nous positive or negative relationship. Therefore, as an advanced ma
chine learning model, BRT facilitates the detection of non-monotonic 
and nonlinear relationships, contributing to a more profound compre
hension of the intricate interactions between 2D/3D building 
morphology and vegetation greening.

There exist some important thresholds in the relationship between 
building morphology and vegetation greening, such as the threshold for 
the conversion of positive and negative effects, and the threshold for the 
maximum positive and negative effects, which may help us better un
derstand the complex effects of urban building on vegetation greening 
and green city planning. These thresholds vary across cities as the 
environmental impacts of building morphology are influenced by the 
local climate, geography, vegetation types, and human activities 
(Banerjee et al., 2022). For example, in humid climate conditions, 
vegetation may more easily adapt to high-density buildings, whereas in 
arid climate conditions, vegetation may rely more on open spaces and 
good air circulation. Therefore, it is imperative to develop a further 
understanding of the effects of building morphology on vegetation 
greening in different cities with various features. Additionally, the 
observed nonlinearities indicated the optimal threshold of building 
morphology indexes for maximum and efficient greening effect. Spe
cifically, marginal effects results showed that the impacts of SVF and LSI 
on vegetation greening transitioned from negative to positive. This 
indicated that higher values of SVF and LSI were associated with 
increased greening in both urban and rural areas. The SVF quantifies the 

Fig. 4. Relative contributions (%) of 2D/3D building morphology to vegetation greening trends in urban and rural areas.
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Fig. 5. The marginal effect of 2D/3D building morphology on vegetation greening in the urban areas of Hong Kong.
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Fig. 6. The marginal effect of 2D/3D building morphology on vegetation greening in the rural areas of Hong Kong.
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extent to which the sky at a certain point is obstructed by the sur
rounding environment. A higher SVF correlates with a more open 
environment, enhanced reception of solar radiation, and improved air 
circulation (Cao et al., 2021; Chatzipoulka et al., 2018). The more open 
the sky view, meaning the larger the proportion of visible sky relative to 
the entire hemispherical sky, the more it helps promote vegetation 
greening. The impacts of LPI and ED were characterized by a transition 
from positive effects to negative effects at certain thresholds (15 in 
urban areas and 5 in rural areas for LPI, 0.037 in urban areas and 0.006 
in rural areas for ED). LPI, which measures the percentage of the largest 
building patch, indicates the degree of connectivity. The distribution of 
continuous and large-area buildings (LPI>15 in urban areas, LPI >5 in 
rural areas) was detrimental to vegetation greening. This may be 
because the larger buildings may reduce vegetation coverage and 
restrict air circulation, potentially impacting vegetation greening 62. ED 
measures the ratio of the total length of edges in buildings, indicating 
the degree of fragmentation of buildings. An ED below 0.037 m/m2 in 
urban areas and below 0.006 m/m2 in rural areas enhanced vegetation 
greening, while higher fragmentation inhibited it. It is likely that higher 
ED leads to smaller, more isolated patches of green space and hinders the 
speed of vegetation greening processes.

5.2. Differences in urban and rural greening mechanism

Our study highlights significant differences in the urban-rural 
gradient of greening trends and their influencing factors. First, rural 
areas exhibited a higher degree of vegetation greening compared to 
urban regions (Table 4). These urban-rural differences could lead to 
disparities in ecosystem services provided by vegetation, exacerbating 
climate and ecological risks in urban areas, such as heat hazards, 
drought risks, and pollution hazards (Coleman et al., 2021; Cueva et al., 
2022; Li et al., 2024). Therefore, understanding and identifying the 
determinants behind these urban-rural differences in vegetation 
greening is crucial for mitigating climate and ecological issues amid 
rapid urbanization. Second, significant differences were observed in the 
impacts of 2D/3D building morphology on vegetation greening between 
urban and rural areas. In urban areas, SVF was the predominant factor, 
while LSI was more influential in rural areas. This finding underscores 
the importance of analyzing urban-rural differences. Urban-rural dif
ferences were further evident in the marginal effects of 2D/3D building 
morphology on vegetation greening. Specifically, the turning points for 
each 2D/3D building morphology index varied across urban and rural 
areas, which can inform the building morphology optimization for both 
urban and rural areas. Additionally, LSI showed opposing influence 
patterns in urban versus rural areas. These phenomena both underline 
the different influencing factors and characteristics for vegetation 
greening in urban and rural areas, meriting further attention. These 
findings provide practical insights for building morphology planning in 
sustainable development and emphasize the need for differentiated 
management and planning in urban and rural areas.

5.3. Policy implications

Understanding the impacts of 2D/3D building morphology on 
vegetation greening is instrumental for the development of green, 
resilient, sustainable cities, and contributes to the Sustainable Devel
opment Goal (SDG) 11. This study demonstratesd that 2D/3D building 
morphology significantly influences vegetation greening in Hong Kong. 
Our findings deepen understanding of how building morphology char
acteristics impact urban environments. Additionally, our results offer 
actionable insights for optimizing building morphology to enhance 
urban greening and renewal, especially in high-density areas like Hong 
Kong.

In the process of designing green cities, planners and policymakers 
can achieve a greener environment by optimizing building layouts in 
both horizontal and vertical dimensions. The relative contributions and 

the nonlinear relationships with turning points in 2D/3D building 
morphology, as revealed by the BRT model, provide crucial data to 
guide policy and planning. Urban-rural differences identified in this 
study support targeted and differentiated building layout optimization, 
advancing sustainable development. Rural areas, often reserved for 
future urban expansion, can benefit from our urban findings to guide 
their development strategies. Specifically, for urban areas, given that the 
SVF is crucial, optimal SVF design through strategic building layouts is 
essential to meet regional development needs. For example, maintaining 
the SVF above 0.82, as recommended by the marginal effect curve, can 
effectively promote vegetation greening. In rural areas, LSI between 
1.05 and 3.65 maximizes its positive impact on greening, especially at an 
LSI of 1.2.

5.4. Limitations and future research directions

This study has several limitations that warrant further discussion. 
First, according to the record of Hong Kong Herbarium, the vegetation 
types/species are greater than 3300 in Hong Kong. Responses of vege
tation greening to 2D/3D building morphology may vary among 
different vegetation types. Due to the lack of high-resolution data on 
vegetation types in Hong Kong, this study failed to consider the potential 
impact of vegetation types on the relationship between vegetation 
greening and 2D/3D building morphology. Second, due to the lack of 
multi-temporal and high-resolution building height data, this study only 
focused on Hong Kong, which restricts the generalizability of this 
research. To thoroughly investigate these issues, it is essential to obtain 
high-resolution building height data that encompasses long-term 
changes and extensive spatial coverage. Third, this study has chosen 
the EVI as the representative of vegetation greenness because of its 
robust performance and widespread use in vegetation trend monitoring 
(Fan et al., 2023; Zhou et al., 2023). However, there are plentiful other 
indices that can also characterize vegetation conditions, such as the 
Normalized Difference Vegetation Index (NDVI), Net Primary Produc
tion (NPP), Gross Primary Productivity (GPP), and even the newly 
developed kernel NDVI (kNDVI) (Camps-Valls et al., 2021; Wang et al., 
2020; Yuan et al., 2007). These indices provide different perspectives 
and have shown inconsistencies in various studies (Ding et al., 2020; 
Zhou et al., 2023). Therefore, future research should incorporate mul
tiple indices to thoroughly study the impact of building morphology on 
vegetation characteristics. Fourth, the analysis in this study was con
ducted at the pixel level with a resolution of 250 m. Our regression 
method does not allow for the detection of spatial interactions between 
adjacent pixels. Incorporating spatial econometric models into future 
research could be valuable. Additionally, previous studies have docu
mented scale-dependent effects in geographical and ecological processes 
(Chisholm et al., 2013; Wu, 2004). Incorporating multi-scale analysis, 
such as using pixels of varying resolutions and community-scale as
sessments, would help interpret scale effects. Fifth, we relied solely on 
GUB data to differentiate between urban and rural areas. Although GUB 
data can effectively separate urban and rural areas based on artificial 
impervious surfaces. However, definitions of urban and rural areas can 
vary based on different criteria, such as population, gross domestic 
product, and nighttime light (Florczyk et al., 2019; Li and Zhou, 2017). 
Using different datasets could introduce variations in the results. 
Therefore, evaluating and employing suitable multimodal datasets to 
analyze urban-rural differences is a recommended future direction. 
Finally, while our study preliminarily demonstrated the nonlinear 
relationship between 2D/3D building morphology and vegetation 
greening, understanding the underlying mechanisms remains complex. 
More evidence from field measurements and microclimate simulations is 
needed to further explore these mechanisms.

6. Conclusions

This study developed an analytical framework that employs 
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Pearson/Spearman correlation analysis and the Boosted Regression 
Trees (BRT) model to explore the relationship between 2D/3D building 
morphology and vegetation greening in Hong Kong. Our analysis 
revealed that from 2010 to 2020, approximately 69.10 % of Hong Kong 
exhibited a prevalent vegetation greening trend, quantified by a slope of 
0.0024. We observed significant disparities in greening trends between 
urban and rural areas. The correlation between 2D/3D building 
morphology and vegetation greening was found to be low yet statisti
cally significant. 3D building morphology had more pronounced effects 
on vegetation greening compared to 2D. Furthermore, the influences of 
2D/3D building morphology on vegetation greening demonstrated sig
nificant urban-rural differences and exhibited high nonlinearity. SVF 
had the largest impact in urban areas, while LSI was most influential in 
rural areas. The impact patterns of SVF, MBH, LPI, and ED on greening 
were similar across urban and rural areas, but the turning points where 
the effects shifted between positive and negative were different. SVF and 
MBH effects shifted from negative to positive effects, while LPI and ED 
shifted from positive to negative effects. In rural areas, LSI’s impact 
shifted from negative to positive, while in urban areas, it changed from 
negative to positive and back to negative effect. BVD exhibited a shift 
from positive to negative effects in urban areas and from negative to 
positive effects in rural areas. This study expands the understanding of 
the complicated and nonlinear relationship between 2D/3D building 
morphology and vegetation greening in both urban and rural areas, 
offering valuable insights for future research and the optimization of 
building morphology in pursuit of sustainable urban development.
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Appendix

Figure A1. Spatial distribution of the largest patch index (LPI) and changes from 2010 to 2020.

Figure A2. Spatial distribution of the building coverage ratio (BCR) and changes from 2010 to 2020.
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Figure A3. Spatial distribution of the landscape shape index (LSI) and changes from 2010 to 2020.

Figure A4. Spatial distribution of the edge density (ED) and changes from 2010 to 2020.

Figure A5. Spatial distribution of the building volume density (BVD) and changes from 2010 to 2020.

Figure A6. Spatial distribution of the sky view factor (SVF) and changes from 2010 to 2020.
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Figure A7. Spatial distribution of the mean building height (MBH) and changes from 2010 to 2020.

Figure A8. Spatial distribution of the floor area ratio (FAR) and changes from 2010 to 2020.
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Grossmann, J., Meier, W., Bauhus, J., Schröder, D., Sardemann, G., Thomas, C., 
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