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Abstract

Urban expansion has profoundly altered ecosystem carbon dynamics, yet its associations
with changes in aboveground biomass (AGB) and belowground biomass (BGB) remain
insufficiently understood at the national scale. This study investigated urban expansion
areas in 352 Chinese cities from 2000 to 2020 using 1-km-resolution AGB and BGB datasets.
By integrating temperature, precipitation, potential evapotranspiration, and atmospheric
CO2 concentration, we developed the Enhanced Aboveground Biomass Deviation Index
(EAGB) and Enhanced Belowground Biomass Deviation Index (EBGB) to identify areas
showing positive and negative biomass responses during urban expansion and to explore
their spatial patterns and driving mechanisms. Between 2000 and 2020, China’s urban land
expanded by 52,635 km2, corresponding to an average annual expansion rate of 4.1%. Areas
showing positive biomass responses during urban expansion accounted for 22,376 km2

(42.5%) for AGB and 23,569 km2 (44.8%) for BGB, mainly concentrated in East and Central
China. In contrast, areas showing negative biomass responses covered 5233 km2 (9.9%)
for AGB and 3911 km2 (7.4%) for BGB, primarily distributed in Northwest and Southwest
China. During urban expansion, biomass declines were more frequently observed in rapidly
expanding small- and medium-sized cities in Northwest and North China, whereas larger
cities generally exhibited more widespread biomass gains. Climatic factors, particularly
precipitation and atmospheric CO2 concentration, together with human activities, were the
dominant drivers of the observed spatial heterogeneity. Moreover, the dominant driving
mechanisms shifted from the combined influence of climatic factors and human activities
during 2000–2010 to the combined influence of climatic and topographic factors during
2010–2020. These findings provide a new framework for assessing biomass responses
during urban expansion and offer scientific support for urban land-use optimization and
ecological conservation.

Keywords: biomass; urbanization; dual effects; regional heterogeneity; driving mechanisms

1. Introduction
Urbanization has become one of the major driving forces of global land-use change

and ecosystem evolution. Over the past four decades, China has experienced one of the
most remarkable processes of economic growth and urbanization worldwide, with more
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than 65% of its population currently residing in urban areas [1,2]. Rapid urban expansion
has not only altered land cover patterns but has also reshaped the growing environment
of urban ecosystems through the urban heat island effect, greenhouse gas emissions, and
changes in soil conditions [3,4]. These changes may simultaneously result in both the loss
and recovery of vegetation biomass. As important components of the terrestrial ecosystem
carbon pool, aboveground biomass (AGB) and belowground biomass (BGB) directly reflect
vegetation carbon stocks and their dynamics, playing a crucial role in evaluating the
carbon sequestration capacity of urban ecosystems, understanding ecological responses
to urbanization, and supporting sustainable urban development [5]. On the one hand,
urban expansion converts cropland and natural vegetation habitats into built-up land,
leading to the direct loss of vegetation biomass [6]. On the other hand, human interventions
associated with urban development, such as urban greening and ecological restoration, may
promote ecosystem recovery and enhance carbon sequestration within urban expansion
areas under specific policy and management conditions [7]. Moreover, the urban heat
island effect and increased carbon emissions may also stimulate biomass accumulation in
certain local areas [8]. Nevertheless, the spatial patterns of AGB and BGB changes and their
driving mechanisms during urban expansion in China remain poorly understood at the
national scale.

At present, remote sensing approaches are the primary methods used to assess the
impacts of urban expansion on vegetation [9]. Existing studies have mainly employed
three types of indicators, including vegetation indices, ecosystem productivity metrics, and
vegetation biomass. Vegetation indices (e.g., NDVI and EVI) can effectively characterize
vegetation growth dynamics and have been widely applied to identify vegetation greening
or degradation patterns during urban expansion [10]. Ecosystem productivity indicators
(e.g., GPP, NPP, and NEP) are primarily used to evaluate changes in ecosystem carbon
fixation capacity and carbon sink functions under urbanization [11,12]. In recent years,
vegetation biomass has increasingly been recognized as an important indicator for assessing
the ecological effects of urban expansion because it directly reflects changes in vegetation
carbon stocks. Meanwhile, integrated index approaches have received growing attention
for more accurately identifying the impacts of human activities on vegetation dynamics. For
example, Qi et al. [9] developed the Enhanced Vegetation Disturbance Index (EVDI), which
effectively revealed the dual impacts of urban expansion on vegetation in arid regions and
provided a new approach for separating the effects of anthropogenic activities from those
of natural environmental factors.

Despite the substantial progress made in assessing the ecological effects of urban ex-
pansion, several limitations remain. Climatic factors, including precipitation, temperature,
potential evapotranspiration, and atmospheric CO2 concentration, can significantly influ-
ence vegetation growth and carbon cycling [13]. Consequently, conventional vegetation
indices, ecosystem productivity indicators, and biomass indicators are all susceptible to
climatic variability, making it difficult to accurately distinguish the relative contributions of
urban expansion and natural environmental changes to vegetation dynamics. In addition,
vegetation indices are easily affected by soil background, atmospheric conditions, solar
illumination angle, building shadows, and the reflectance of impervious surfaces, and they
are prone to saturation in areas with high biomass [14,15]. Moreover, urban green spaces,
as essential components of urban ecosystems, play a crucial role in reducing carbon emis-
sions and enhancing carbon sequestration [16]. Vegetation indices mainly characterize the
two-dimensional spectral properties of the vegetation canopy and therefore cannot directly
represent vegetation carbon stocks or capture changes in belowground biomass [17]. In
contrast, AGB and BGB provide a more direct representation of changes in urban vegetation
carbon stocks and represent the aboveground and belowground carbon pools, respectively,
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making them more suitable for comprehensively evaluating the ecological effects of urban
expansion [18]. Nevertheless, a unified analytical framework capable of simultaneously
assessing the responses of both AGB and BGB while effectively reducing the interference of
climatic background variability is still lacking. Therefore, it is necessary to comprehensively
evaluate the dual effects of urban expansion on aboveground and belowground biomass,
which arise from the combined effects of biomass loss caused by land-use conversion and
the potential biomass gains resulting from urban greening and ecological restoration within
urban expansion areas. These dual effects are reflected not only in the direction of biomass
change but also in the interactions among different driving mechanisms. To address this
gap, this study proposes an improved integrated index framework based on AGB and BGB
by extending the methodology of Qi et al. [9]. Specifically, we developed the Enhanced
Aboveground Biomass Deviation Index (EAGB) and the Enhanced Belowground Biomass
Deviation Index (EBGB). These indices incorporate four climatic factors that influence veg-
etation growth—temperature, precipitation, potential evapotranspiration, and atmospheric
CO2 concentration—into a unified analytical framework, thereby reducing the interference
of natural background variability and enabling a more accurate assessment of the impacts
of urban expansion on AGB and BGB. Consequently, EAGB and EBGB are better suited for
characterizing changes in ecosystem carbon stocks under urbanization.

In summary, this study focuses on urban expansion areas in China and aims to
systematically assess the dual impacts of urban expansion on AGB and BGB at the national
scale from 2000 to 2020, based on the EAGB and EBGB frameworks. First, the study
identifies urban expansion areas and quantifies their dynamic characteristics. Then, by
comparing current biomass with long-term baselines and incorporating climatic factors, it
constructs the EAGB and EBGB indices to identify both positive and negative impacts of
urban expansion on biomass and analyze their spatial heterogeneity patterns.

Building upon this framework, this study further investigates the potential mecha-
nisms underlying the effects of urban expansion on AGB and BGB across different regions
and periods, as well as their spatiotemporal evolution characteristics. This analysis aims to
reveal regional differences in the responses of aboveground and belowground vegetation
biomass to urban expansion and to elucidate the mechanisms driving these variations. The
findings provide theoretical support for understanding and managing ecosystem carbon
dynamics under urban expansion and offer scientific references for sustainable urban
development and land-use management strategies.

2. Materials and Methods
2.1. Study Area

This study identified urban expansion areas in China using the Global Urban Ex-
pansion and Land Cover Change Dataset [19], from which the urban expansion areas of
352 cities between 2000 and 2020 were delineated as the study area (Figure 1). This dataset
was generated by integrating multi-source remote sensing observations with socioeco-
nomic statistics and provides land-cover information for three benchmark years (2000, 2010,
and 2020) at a spatial resolution of 250 m. Urban land in the dataset is defined as areas
containing impervious surfaces, urban green spaces, water bodies, and other urban land-
cover types, providing the fundamental data for identifying urban expansion. To analyze
land-use transitions during urban expansion and validate the identified urban expansion
areas, two additional land-cover datasets were employed. The MODIS MCD12Q1 (Ver-
sion 6.1) annual land-cover product (500 m) for 2001–2020 was used to analyze temporal
land-cover dynamics and evaluate the consistency of urban expansion identification. In
addition, the China Land Cover Dataset (CLCD) (30 m) covering 1985–2025 [20] was used
for fine-scale validation of urban expansion areas, thereby improving the spatial accuracy
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and reliability of the identified urban expansion boundaries. Considering the pronounced
climatic heterogeneity and uneven socioeconomic development across China [21], cities
were further grouped into seven geographical regions to facilitate the analysis of AGB and
BGB responses under different urban expansion patterns and climatic conditions. These
regions include NE (Northeast), NC (North China), NW (Northwest), SW (Southwest),
SC (South China), EC (East China), and CC (Central China) (Figure 1). Following the
classification scheme proposed by Qi and Deng [22], the 352 cities were further categorized
into five groups according to their urban population in 2020 (Figure 1). Detailed statistics
for each city category are provided in Table S1.

Figure 1. Urban Distribution and Initial Land Cover Status of China’s Seven Geographical Divisions.
(a) Spatial distribution of different city categories. The color and size of the circles indicate city
categories, including 156 small cities (urban population < 0.5 million), 89 medium-sized cities
(0.5–1 million), 93 large cities (1–5 million), 11 megacities (5–10 million), and 3 super megacities
(>10 million). (b) Number of cities in each category across different regions.

2.2. Biomass Data and Auxiliary Environmental Covariates

The AGB and BGB data for 2000–2020 were obtained from the spatiotemporal biomass
dataset for China developed by Zhu et al. [23], with a spatial resolution of 1 km. The
dataset was generated by integrating field observations, machine learning, and multi-source
remote sensing data to reconstruct the continuous spatiotemporal distributions of AGB
and BGB across China from 2000 to 2020. Biomass is expressed in units of kg C m−2. The
dataset has been extensively validated across forest, grassland, and cropland ecosystems,
demonstrating high accuracy and reliability, and is therefore suitable for quantifying
large-scale spatiotemporal variations in biomass and evaluating the ecological impacts of
urban expansion.

In urban expansion areas, climate, human activities, topography, and location factors
jointly influence the growth and distribution of vegetation [24,25]. These factors are the key
drivers contributing to the dual positive and negative impacts on AGB and BGB. This study
collected a total of 17 driving factors covering these four categories as potential drivers
for attribution analysis, with detailed information provided in Table S2. Simultaneously,
climatic factors such as temperature, precipitation, potential evapotranspiration, and CO2

concentration are integrated into a comprehensive influence factor (CIF) capturing the
characteristics of multiple climate variables through principal component analysis, serving
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as a key component in constructing the Enhanced Above- and Below-ground Biomass
Deviation Indices. To ensure spatial and methodological consistency, all raster data were
uniformly projected into the WGS_1984 coordinate system, and the spatial resolution was
resampled to 1 km. The aforementioned operations were implemented using ArcGIS
v.10.8.1 software (Esri, Redlands, CA, USA). Although this process may introduce certain
uncertainties in highly heterogeneous areas, such as urban fringe zones, it represents a
commonly adopted data-processing strategy in large-scale ecological studies.

2.3. Quantifying Urban Expansion Dynamics

The study employs the change in urban land area to reflect the scale of urban expansion
and uses the rate of urban land expansion to measure the speed of the expansion process.
Based on these two key indicators, a quantitative analysis of urban expansion dynamics
from 2000 to 2020 was conducted for the entire country of China as well as for different
geographical divisions. The formulas for calculating these two indicators are provided in
Supplementary Note S1.

2.4. Constructing the Enhanced Above- and Below-Ground Biomass Deviation Index

Drawing on the methodologies of Ma [26] and Qi et al. [9], this study extends their
application to biomass change monitoring by combining AGB and BGB data. It integrates
key climatic factors influencing vegetation growth—including precipitation, temperature,
potential evapotranspiration, and CO2 concentration—to construct EAGB and EBGB. These
indices identify pixels that significantly deviate from long-term mean baselines by compar-
ing the biomass of the current year with a multi-year average biomass reference baseline,
thereby reflecting the impact of urban expansion on vegetation biomass while controlling
for climatic influences. The formulas for calculating EAGB and EBGB are as follows:

EAGB =
(AGB2020/CIF2020)(

AGB/CIF
) (1)

EBGB =
(BGB2020/CIF2020)(

BGB/CIF
) (2)

In the formula, AGB2020 and BGB2020 represent the above-ground and below-ground
biomass for the year 2020, respectively; AGB and BGB denote the multi-year average
of the corresponding biomass over the period 2000–2019; CIF2020 is the comprehensive cli-
matic influence factor for 2020, and CIF is its multi-year average. EAGB and EBGB indicate
the degree of deviation of current vegetation biomass relative to its long-term average level.
Higher values signify a more pronounced increase in vegetation biomass, suggesting that
urban expansion has exerted a positive effect on vegetation growth. Conversely, lower
values imply a weaker positive effect or even a negative impact.

To reduce information redundancy and computational complexity, the study employs
Principal Component Analysis (PCA) [27] to process key climatic factors influencing vege-
tation growth (including temperature, precipitation, potential evapotranspiration, and CO2

concentration). While retaining the main climatic information, the CIF was constructed by
weighted integration based on the explanatory capacity of each principal component for
the variance of the original variables. The CIF replaced the single precipitation variable in
the original model, thereby enhancing the characterization of the combined climatic effects
on vegetation growth. The formula for calculating the CIF is as follows:

CIF = Σ2
k=1ωk·PCk(TM, PM, PET, CO2) (3)
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In the formula, PCk represents the score of the k-th principal component, ωk is the corre-
sponding explanatory variance proportion weight, while TM, PM, PET, and CO2 represent
temperature, precipitation, potential evapotranspiration, and CO2 concentration data, re-
spectively. In this study, the CIF explained over 80% of the variance in the original climatic
variables during the period 2000–2020 (Figure S1). Its spatial distribution characteristics
are significantly influenced by climatic variables (Figure S2), making it fully capable of
representing the main features of the original variables.

2.5. Assessing the Impact of Urban Expansion on AGB and BGB

Based on the calculated results of EAGB and EBGB, this study further investigates the
dual effects of urban expansion on vegetation biomass in China from 2000 to 2020. The
standard deviation threshold method can objectively define the natural range of variability
based on the statistical dispersion of the data, and without requiring subjective empirical
thresholds, it effectively identifies significant positive and negative deviations in vegetation
biomass driven by urban expansion, making it suitable for large-scale spatial heterogeneity
analysis [28]. Accordingly, this study uses EAGB and EBGB as the core indicators and
applies the standard deviation threshold method. According to the degree of deviation
of each pixel value from the natural variability range, the impacts of urban expansion on
vegetation biomass for each pixel i are classified into three categories: positive, negative,
and neutral. The specific classification rules are as follows:

E f f ectAGBi =


Xpos

i = 0, Xneg
i = 1, EAGBi < µA − σA

Xpos
i = 0, Xneg

i = 0, µA − σA ≤ EAGBi ≤ µA + σA

Xpos
i = 1, Xneg

i = 0, EAGBi > µA + σA

(4)

E f f ectBGBi =


Xpos

i = 0, Xneg
i = 1, EBGBi < µB − σB

Xpos
i = 0, Xneg

i = 0, µB − σB ≤ EBGBi ≤ µB + σB

Xpos
i = 1, Xneg

i = 0, EBGBi > µB + σB

(5)

In the formula, µA = 1.16, µB = 1.21 and σA = 0.26, σB = 0.32 represent the mean and
standard deviation, respectively, of EAGB or EBGB for all pixels in China during the period
2000–2020.

2.6. Attribution Analysis

To uncover the dominant factors and underlying mechanisms driving both positive
and negative impacts of urban expansion on vegetation biomass, this study constructed
LightGBM models for different vegetation impacts and applied the SHapley Additive
exPlanation (SHAP) algorithm [29] to interpret the outputs of the LightGBM models.

LightGBM is a gradient-boosting decision tree model [30]. It iteratively optimizes its
parameters and structure to minimize prediction errors, thereby continuously improving
predictive performance. It is highly efficient in handling large-scale datasets and high-
dimensional features, making it particularly suitable for geospatial big data modeling and
analysis [30,31]. When constructing LightGBM models for different vegetation impacts,
we binarized the spatial distribution data of positive and negative impacts based on
the presence or absence of the corresponding effect, using this as the response variable
(1 indicates the presence of the target impact, 0 indicates its absence), and built four
independent models for AGB and BGB across the national region. Human activities,
climatic factors, locational factors, and topographic variables are generally considered
the main drivers determining the differential impacts of urban expansion on vegetation.
In this study, a total of 17 potential driving factors spanning these four categories were
collected as explanatory variables; detailed information is provided in Table S2. For
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model performance optimization, we employed a grid-search method combined with
ten-fold cross-validation to fine-tune key parameters, including learning_rate, n_estimators,
num_leaves, and min_data_in_leaf. Based on the obtained optimal parameters, we trained
the models and evaluated their accuracy using Accuracy and the Area Under the Curve
(AUC). Detailed information is presented in Tables S3 and S4.

SHAP is a model interpretation method based on cooperative game theory. The
SHAP algorithm calculates Shapley values for each sample point, generates SHAP swarm
plots, and reveals the magnitude and direction of the influence of each potential driving
factor on different effects [29]. By computing the mean absolute Shapley value for each
driving factor, the study quantified the contribution of individual input features to the
prediction results, highlighting the relative influence of each driving factor on the model’s
predictions. This approach provides a comprehensive understanding of how driving factors
lead to different impacts, thereby uncovering the underlying mechanisms of AGB and BGB
changes within urban expansion areas [32]. Additionally, to identify region-specific driving
mechanisms, we conducted separate modeling and SHAP analysis for each of the seven
major geographical divisions in China, investigating the similarities and differences in
urban expansion patterns and vegetation response mechanisms across different regions.
The model construction and SHAP analysis were implemented in Python 3.11 using the
lightgbm and shap packages, respectively.

3. Results
3.1. Dynamics of Urban Expansion in China

From 2000 to 2020, China experienced significant urban expansion, though with
notable regional disparities (Figure 2). The total urban land area increased from 22,654 km2

in 2000 to 75,289 km2 in 2020, representing an overall expansion of 52,635 km2 and an annual
expansion rate of 4.1%. The eastern region was characterized by large-scale expansion, with
urban expansion reaching 21,607 km2 (Figure 2a), accounting for 41.1% of the total newly
added urban area. Cities such as Suzhou, Shanghai, and Wuxi led the nation in terms
of expansion area (Figure 2b). In contrast, the central, northwestern, and southwestern
regions exhibited higher expansion rates. For example, cities such as Yan’an, Shuanghe,
and Bijie recorded annual expansion rates exceeding 10% (Figure 2c,d). Notably, high
expansion rates did not necessarily correspond to large expansion areas. Eastern cities
generally maintained steady growth from a larger urban base, whereas cities in western
and border regions, despite faster expansion rates, generally exhibited smaller expansion
areas due to their smaller initial urban sizes (Figure 2a,c). Overall, urban expansion in
China demonstrates a pattern dominated by large-scale expansion in eastern coastal cities,
coupled with rapid development in central and western regions.

3.2. Positive Effects of AGB and BGB Caused by Urban Expansion in China

During the 2000–2020 period, urban expansion in China had a positive impact on
22,376 km2 of AGB and 23,569 km2 of BGB within the expanded areas, accounting for
42.5% and 44.8% of the total urban expansion area, respectively. The positively affected
areas showed significant spatial heterogeneity (Figure 3). The most significant positive
impacts on AGB and BGB were observed in the EC, CC, and SC regions, with cities
such as Suzhou, Shanghai, Zhengzhou, and Guangdong having relatively large positively
impacted areas (Figure 3a,b). In contrast, the impacts in the NC and SW regions were at a
moderate level, but with significant internal variation, specifically manifested as prominent
performance in core cities like Beijing and Chongqing, while most cities in Shanxi and Inner
Mongolia had smaller impacted areas (Figure 3a,b). Compared to other regions, the NE
and NW regions showed the weakest overall performance, with most urban expansion
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areas having insignificant impacts, indicating that urban expansion in these regions had
extremely limited positive effects on biomass (Figure 3a). Urban expansion co-occurred
with concurrent increases in AGB and BGB. Across most cities, the area exhibiting positive
AGB changes was positively associated with that of BGB changes. However, a small
number of cities showed significant divergence: for example, Beijing had a larger positively
impacted area for AGB (354.00 km2) than for BGB (230.66 km2), while Shenzhen’s positively
impacted area for AGB (79.44 km2) was significantly lower than that for BGB (101.74 km2).

Figure 2. The situation of urban expansion in China from 2000 to 2020. (a) Spatial distribution of
urban expansion scale. (b) Top 30 cities ranked by urban expansion scale. (c) Spatial distribution of
urban expansion rate. (d) Top 30 cities ranked by urban expansion rate.

3.3. Negative Effects of AGB and BGB Caused by Urban Expansion in China

During the period from 2000 to 2020, urban expansion in Chinese cities resulted in
negative impacts on 5233 km2 of AGB and 3911 km2 of BGB, accounting for 9.9% and 7.4%
of the total urban expansion area, respectively. The negative vegetation impacts caused by
urban expansion exhibited an uneven distribution across different geographical regions
(Figure 4a). Specifically, the negative impacts were primarily concentrated in the SW and
NW regions, with cities such as Kunming and Urumqi ranking at the top, and the affected
areas far exceeding those in other regions. Negative impacts were greatest in arid and
semi-arid regions (Figure 4a,b). The NC region showed significant internal variation, with
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cities like Chifeng and Ulanqab experiencing notable negative impacts, while relatively
developed urban areas such as Taiyuan and Beijing exhibited lower levels of negative
impact. In contrast, the CC and NE regions overall suffered less negative impact, with
most urban expansion areas showing insignificant effects. The negative impacts of urban
expansion on AGB and BGB across cities displayed complex synergistic and divergent
relationships (Figure 4a). Overall, a significant positive correlation was observed between
the negative impacts on AGB and BGB in most cities. This synergy was particularly evident
in ecologically fragile areas, such as the SW and NW regions, where the magnitudes of
negative impacts on AGB and BGB were similar in most cities, including Kunming and
Aksu. In contrast, urban expansion in the SC and EC regions had a significantly greater
negative impact on AGB than on BGB.

Figure 3. Positive impacts of AGB and BGB caused by urban expansion in China from 2000 to
2020. (a) Spatial distribution of positive impacts on AGB and BGB. (b) Top 30 cities ranked by the
magnitude of positive impacts on AGB and BGB.

3.4. Driving Factors Leading to Different Impacts

The SHAP attribution analysis results indicate that the positive impacts of urban
expansion on AGB and BGB stem from the synergistic effects of climatic conditions, human
activities, and topographic factors. Among these, climatic factors have the most prominent
overall influence, with average precipitation being the most important driver explaining
the spatial heterogeneity of positive impacts on AGB and BGB in urban expansion areas.
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Regions with higher average precipitation exhibited more pronounced positive effects
(Figure 5). Simultaneously, other climatic factors such as temperature, soil moisture, and
potential evapotranspiration also demonstrated strong explanatory power (Figure 5a,b).
In addition, the influence of human activities is equally significant, with changes in the
human footprint index being the most important and contributing positively to the positive
impacts at higher levels. However, other human activity-related variables, such as increases
in population density and GDP, tend to diminish the positive impacts (Figure 5c,d). In
contrast, topographic and locational factors showed relatively weaker explanatory power,
though some positive effects were observed in high-altitude areas and regions distant from
urban built-up areas (Figure 5a,b). The drivers of positive impacts on AGB and BGB exhibit
high synergy. Notably, the importance of CO2 concentration for positive impacts on BGB is
significantly higher compared to AGB, with elevated CO2 levels contributing substantially
to positive effects on BGB.

Figure 4. Negative impacts of AGB and BGB caused by urban expansion in China from 2000 to
2020. (a) Spatial distribution of negative impacts on AGB and BGB. (b) Top 30 cities ranked by the
magnitude of negative impacts on AGB and BGB.

During the periods of 2000–2010 and 2010–2020, the key drivers of positive impacts
on AGB and BGB showed clear temporal changes across different geographical regions
in China. Overall, the dominant driving pattern shifted from a synergy between cli-
matic factors and human activities to a synergy between climatic and topographic factors
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(Figure 5e,f). In the 2000–2010 period, CO2 concentration was the most important driver
explaining positive impacts in the NW, NE, and SC regions (Figure 5e,f), while human
activities were the core drivers in the NC, SW, CC, and EC regions (Figure 5e,f). In contrast,
during the 2010–2020 period, the importance of human activity factors diminished, and
climatic and topographic factors became dominant (Figure 5e,f). Specifically, the impor-
tance of topographic factors, such as elevation and slope, increased across most regions.
Meanwhile, the promoting effect of CO2 concentration weakened, whereas precipitation
and temperature remained consistently important climatic drivers (Figure 5e,f).

Figure 5. Relative contributions of each driving factor to the positive impacts on AGB and BGB.
(a,b) respectively show the SHAP importance rankings and SHAP values of key driving factors for
the positive impacts on AGB and BGB in the overall study area. (c,d) respectively show the SHAP
dependence plots for the key driving factors of positive impacts on AGB and BGB in the overall
study area. (e,f) respectively show the relative contributions of each driving factor to the positive
impacts on AGB and BGB in different geographical regions during the two periods of 2000–2010
and 2010–2020.

In the SHAP attribution analysis results for the negative impacts on AGB and BGB,
climatic factors overall played a dominant role, while topographic and human activity
factors also exerted a moderating effect. CO2 concentration was the most significant driver,
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with regions of lower CO2 concentration exhibiting more pronounced negative impacts,
indicating a significant negative linear relationship between the two (Figure 6a). Positive
SHAP values were observed under conditions of low precipitation and high potential
evapotranspiration. In contrast, drought-prone areas were characterized by significant
negative effects (Figure 6a–d). Topographic factors also demonstrated high explanatory
power, as areas with steeper slopes and higher elevations experienced significant negative
impacts (Figure 6a–d). In contrast, human activity factors ranked relatively lower in
importance, while various distance variables among location factors exhibited similarly
weak influence (Figure 6a,b). Compared to BGB, elevation and slope among the topographic
factors played a more dominant role in the negative impacts on AGB (Figure 6a,b).

Figure 6. Relative contributions of each driving factor to the negative impacts on AGB and
BGB. (a,b) respectively show the SHAP importance rankings and SHAP values of key driving factors
for the negative impacts on AGB and BGB in the overall study area. (c,d) respectively show the SHAP
dependence plots for the key driving factors of negative impacts on AGB and BGB in the overall
study area. (e,f) respectively show the relative contributions of each driving factor to the negative
impacts on AGB and BGB in different geographical regions during the two periods of 2000–2010
and 2010–2020.
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During the periods 2000–2010 and 2010–2020, climatic factors played a dominant role
in the negative impacts on AGB and BGB across most geographical regions. However, the
specific dominant drivers and the influence of human activity factors showed clear regional
and temporal differences (Figure 6e,f). From 2000 to 2010, CO2 concentration was the most
prominent driver in regions such as NW, NC, and SW. Elevation became the key driver in
SC, while slope was the primary factor in EC. Human activity intensity indicators were
significantly important for AGB in core urbanization regions like NC, CC, EC, and SC. In
contrast, changes in BGB were generally less affected by human activities, with only limited
influence observed in regions such as NE (Figure 6e,f). By the 2010–2020 period, the pattern
of driving factors had shifted noticeably. The importance of CO2 concentration decreased
substantially in regions like NW, NC, and NE. The influence of water-related climatic
factors (average precipitation, average soil moisture) increased significantly in SW, NE, and
NW, while the effect of average temperature became more pronounced in NC and EC. The
role of topographic factors further strengthened in some areas, with elevation showing
increased control over BGB in SW and NW (Figure 6e,f). In contrast, the importance of
human activity factors generally decreased or remained at a moderate level in most regions
(Figure 6e,f).

3.5. Regional Differences in the Impacts of Urban Expansion on AGB and BGB

Climatic conditions in different geographical regions are key factors shaping the im-
pacts of urban expansion on AGB and BGB (Figures 5 and 6). The most direct manifestation
is the significant variation in initial land use types within urban expansion areas across
different geographical regions (Figure 7c). The initial land use in urban areas exhibits a
clear relationship with the formation and relative magnitude of negative/positive impacts
(Figure 7). In the CC, SW, SC, and EC regions, where cropland initially dominates, vegeta-
tion biomass experienced widespread impacts during the rapid early stages of urbanization
(Figure 7). This phenomenon is particularly pronounced in the EC, where urban expansion
has been especially rapid (Figure 7a,b). In contrast, the NC and NE regions, character-
ized by a higher initial proportion of impervious surfaces, show less pronounced urban
expansion effects and relatively smaller impacts on vegetation biomass (Figure 7). The NW
region, with its extensive bare land, often becomes a priority target for urban expansion
due to lower development costs. While this has a smaller direct impact on biomass, the
region’s large grassland areas and scarce water resources make urban expansion more likely
to negatively affect vegetation biomass (Figure 7). Overall, in most regions, the positive
impacts induced by urban expansion outweigh the negative impacts. However, in the NW
region, the overall negative impacts exceed the positive impacts (Figure 7).
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Figure 7. Regional differences in the positive and negative impacts of urban expansion on AGB and
BGB in China from 2000 to 2020. (a) Comparison of positive and negative impacts on AGB across
different geographical regions. (b) Comparison of positive and negative impacts on BGB across
different geographical regions. (c) Initial land use/cover patterns within urban expansion areas
across different geographical regions.

4. Discussion
4.1. EAGB and EBGB Can Effectively Monitor the Impacts of Urban Expansion on AGB and BGB
in China

This study integrates multiple climatic factors (precipitation, temperature, potential
evapotranspiration, and CO2 concentration) through principal component analysis to con-
struct EAGB and EBGB. As key environmental factors for plant growth and development,
changes in climatic factors such as temperature and precipitation inevitably alter vegetation
growth conditions, thereby affecting plant growth [33]. High temperatures can promote
plant growth and increase photosynthetic rates, while temporal and spatial variations in pre-
cipitation distribution significantly influence vegetation carbon sequestration capacity by
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affecting water availability [34]. Previous studies have shown that under the background of
global warming, rising temperatures have promoted vegetation activity in most regions but
adversely affected vegetation growth in arid and semi-arid areas [35]. In these regions, the
correlation between vegetation increase and temperature turns negative, while it becomes
positive with precipitation [36]. Additionally, the substantial carbon dioxide emissions
generated during urban development alter regional greenhouse effects and carbon cycle
processes. Higher CO2 levels in urban areas, along with greenhouse gas emissions and
temperatures, may to some extent promote vegetation growth [37]. Evapotranspiration, as
a primary mechanism for water and energy exchange on land surfaces, directly regulates
plant growth processes by influencing soil moisture and surface temperature [38]. Correla-
tion analysis based on nationwide data from 2000 to 2020 indicates significant correlations
between AGB, BGB, and precipitation, temperature, potential evapotranspiration, and CO2

concentration (Figure S3).
Compared with traditional approaches based on vegetation indices or ecosystem

productivity indicators, EAGB and EBGB incorporate climatic background information
and can reduce, to some extent, the influence of natural climate variability on the identifica-
tion of biomass changes. Previous studies have demonstrated that remote sensing-based
vegetation indices, such as NDVI and EVI, and productivity indicators, such as GPP and
NEP, have been widely applied in assessing the ecological effects of urbanization. However,
variations in these indicators reflect not only anthropogenic disturbances but also changes
in climatic conditions and environmental backgrounds. Therefore, single indicators may
have limited ability to distinguish the relative contributions of urban expansion and natural
factors to vegetation changes. In this study, comprehensive bias indices were developed
based on AGB and BGB and further integrated with climatic factors for correction, enabling
a more direct characterization of vegetation carbon pool changes in urban expansion areas.

4.2. Overall Spatial Patterns of Urban Expansion Impacts on AGB and BGB

The impact of urban expansion on vegetation biomass in China exhibits a spatial
distribution pattern that shifts from positive in the southeastern coastal regions to negative
in the northwestern interior (Figure 8). This study identified marked regional disparities
in the impacts of urban expansion on biomass, aligning with previous findings regarding
the spatial heterogeneity of urbanization’s ecological effects [39]. However, diverging from
prior studies that primarily focused on biomass loss, our results reveal that urban expansion
can trigger dual ecological responses—simultaneous biomass gain and loss. This suggests
that urbanization does not inevitably result in regional ecological degradation; rather, its
net effect is contingent upon the interplay between natural constraints and anthropogenic
management. Previous research has established that urban development stage and gover-
nance models are critical determinants of these ecological outcomes [40]. In the CC and
southeastern coastal cities, for instance, favorable hydrothermal conditions, coupled with
high ecological investment driven by economic prosperity and eco-city initiatives, collec-
tively facilitated positive effects on both AGB and BGB [41]. Meanwhile, data distribution
trends for AGB and BGB from 2000 to 2020 indicate a significant decline in AGB in the NC
and NE regions, while BGB shows an increasing trend in most areas (Figures S4 and S5).
The intensity of urban expansion’s impact on vegetation biomass also varies across different
latitudinal gradients. In low-latitude regions, abundant hydrothermal resources and favor-
able environmental conditions support strong natural vegetation recovery capacity [42],
resulting in less pronounced fluctuations in impacts. In contrast, mid-latitude regions
such as NC and the middle-lower reaches of the Yangtze River, characterized by rapid
urban expansion and dense urban agglomerations, exhibit significant fluctuations between
positive and negative impacts due to the interplay between natural vegetation loss and
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urban ecological engineering [43]. In some high-latitude regions, such as the developed
urban areas of Northeast China, the magnitude of urban expansion’s impact on vegetation
is also considerable. In these highly developed cities, intensive human activities often
play a key role in determining whether the effects on vegetation biomass are positive or
negative [44]. Faced with both the positive and negative impacts of urban expansion, urban
planning and ecological management must be grounded in regional specificity and compre-
hensively assess and balance these complex effects in order to achieve sustainable urban
development and low-carbon expansion. In addition, greening measures and ecological
construction in the context of urban expansion should strike a balance between short-term
benefits and long-term sustainability. On the one hand, priority should be given to the
protection of existing vegetation, and ecological degradation caused by urban expansion
should be mitigated through effective planning and land-use management [45]. On the
other hand, resource-efficient and environmentally friendly urbanization modes should be
adopted in alignment with regional socioeconomic development priorities, so as to enhance
socioeconomic benefits while ensuring the sustainability of ecosystems.

Figure 8. Spatial and latitudinal distribution patterns of the positive and negative impacts of urban
expansion on AGB and BGB across Chinese cities of different sizes from 2000 to 2020. (a) Spatial
distribution of the positive and negative impacts of urban expansion on AGB. The bar charts on
the right show the proportions of areas with positive and negative impacts on AGB across different
geographical regions and urban size categories. (b) Spatial distribution of the positive and negative
impacts of urban expansion on BGB. The bar charts on the right show the proportions of areas with
positive and negative impacts on BGB across different geographical regions and urban size categories.

https://doi.org/10.3390/f17080890

https://doi.org/10.3390/f17080890


Forests 2026, 17, 890 17 of 22

4.3. Synergy and Divergence in the Impacts of Urban Expansion on AGB and BGB

From the perspective of the positive impacts of urban expansion on AGB and BGB,
the spatial extents of positive impacts on AGB and BGB in most cities exhibit a certain
degree of synergy. For example, in cities such as Suzhou (637.63 km2, 649.48 km2) and
Wuxi (501.05 km2, 508.02 km2), the positive impacts on AGB and BGB are largely consistent
(Figure 3). This is often the result of the combined effects of climatic drivers and human
management. On one hand, urban expansion can improve local microclimates through heat
island effects and precipitation redistribution, simultaneously promoting aboveground
photosynthesis and belowground root development, leading to synergistic growth of AGB
and BGB [43,46]. On the other hand, thanks to urban greening strategies that coordinate
aboveground vegetation enhancement with belowground soil improvement, AGB and BGB
can grow synergistically under artificial irrigation and fertilization management in urban
green spaces [47]. However, a small number of cities show significant divergence, such
as Beijing (354.00 km2, 230.66 km2) and Zhangzhou (88.50 km2, 137.28 km2), where the
impacts on AGB and BGB differ markedly. This may be due to differences in vegetation
carbon allocation strategies, the occupation of underground space during urban expansion,
and urban soil compaction limiting deep root development [48]. Driver analysis results
indicate that the drivers of positive impacts on AGB and BGB are highly similar, but
CO2 concentration plays a more important role in positive impacts on BGB. High CO2

concentrations have a significantly positive effect on BGB (Figure 5). The uniqueness of
plant carbon allocation mechanisms and root response characteristics likely makes BGB
more sensitive to CO2 concentration than AGB, which may be the primary reason for this
phenomenon [49,50].

The negative impacts of urban expansion on AGB and BGB across cities exhibit a
complex relationship of synergy and divergence (Figure 4). In most cities within the
NW, NC, NE, SW, and CC regions, the magnitudes of negative impacts on AGB and
BGB are similar, indicating that urban expansion has a synergistic destructive effect on
vegetation and soil carbon pools; that is, AGB loss is often accompanied by synchronous
BGB reduction. However, in the SC and EC regions, the negative impact on AGB is
significantly higher (Figure 4). This divergence in damage may be related to the rapid
urbanization process, which reduces vegetation cover while partially preserving the soil
carbon pool [51]. Among the drivers of negative impacts on AGB and BGB, topographic
factors—specifically elevation and slope—play a more dominant role in the negative impact
on AGB (Figure 6a,b). This reflects how changes in topography often alter temperature,
moisture, and light conditions, exerting a direct, rapid, and pronounced effect on AGB [52].

4.4. Research Uncertainty and Future Prospects

This study focuses on rapidly developing urban expansion areas in China from
2000 to 2020. Based on EAGB and EBGB, it systematically assesses the dual impacts of ur-
ban expansion on AGB and BGB over the past two decades and explores the driving factors,
regional differences, as well as the synergies and divergences of these impacts on AGB and
BGB. The results show that during 2000–2020, urban expansion in China was substantial
but regionally uneven, exerting significant positive and negative impacts on AGB and BGB.
Climatic factors and human activities are the dominant drivers behind the varying impacts
of urban expansion on AGB and BGB, with their relative influence displaying notable
regional and temporal differences. The positive/negative impacts of urban expansion on
AGB and BGB across cities exhibit complex synergistic and divergent relationships, with
consistent impact directions in most cities. These findings provide important theoretical
and practical insights for deepening the understanding of urbanization’s ecological effects,
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promoting coordination between urban development and ecological conservation, and
supporting sustainable urban development.

However, this study still has certain limitations, which also point to directions for
future research. Currently, large-scale remote sensing-based assessments of vegetation
dynamics are limited by spatial and temporal resolution, making it difficult to capture the
fine-scale, highly heterogeneous distribution of vegetation within cities and short-term,
small-scale vegetation change dynamics [40,53]. In addition, although the use of CIF in this
study improved the model’s ability to represent climatic stress, the construction of EAGB
and EBGB still involves uncertainties. A simple linear ratio form may not fully capture the
complex nonlinear relationships between biomass and climatic factors, and the influence of
non-climatic biological factors such as soil conditions and pests/diseases has not been con-
sidered [54]. Although PCA cannot fully characterize the complex nonlinear interactions
between climate and vegetation, it provides an effective approach for integrating multiple
climatic variables and reducing variable redundancy and has therefore been widely ap-
plied in large-scale ecological studies. It should be noted that the objective of EAGB and
EBGB is not to completely eliminate the influence of climatic factors but rather to reduce
climatic background interference as much as possible at the national scale and improve
the identification of biomass responses associated with urban expansion. In addition, this
study adopted nationally unified thresholds to ensure methodological consistency among
different regions. Future studies could further improve the sensitivity of the indices to
regional ecological differences by applying region-specific or ecoregion-specific thresholds.
In model construction, the LightGBM classification model used in this study effectively
identified the occurrence of positive and negative biomass responses, although it limited
the ability to quantify the magnitude of biomass changes. Although certain socioeconomic
variables may exhibit potential collinearity, tree-based models such as LightGBM are gener-
ally less sensitive to multicollinearity than traditional linear models. Future studies could
further optimize variable selection by incorporating additional collinearity analyses. In
terms of attribution analysis, while the selection of drivers covered four major categories
and a total of 17 factors, some potentially key urban management policy factors (e.g.,
green space ratio regulations, irrigation infrastructure) could not be included due to data
availability, which may affect the model’s explanatory power for regional differences [55].
It should be noted that atmospheric CO2 in this study was primarily used to represent
the long-term climatic background rather than a direct physiological driver of vegetation
biomass changes at the urban scale. In subsequent research, remote sensing data with
higher spatiotemporal resolution should be integrated, combined with technologies such as
LiDAR, and an assessment framework incorporating multiple indicators such as biodiver-
sity and vegetation community structure should be adopted to gain a more comprehensive,
multi-scale understanding of the overall impact of urban expansion on vegetation biomass
in China. When interpreting spatial patterns at local scales, the uncertainties introduced
by resampling multi-source datasets should be fully considered, particularly in highly
heterogeneous areas such as urban fringe zones. At the same time, future studies should
expand the set of driving factors from natural elements to socioeconomic dimensions such
as governance models, land policies, and public participation. A social–ecological coupled
analysis framework could be applied to reveal the human-driven mechanisms affecting
vegetation biomass and explore governance pathways for coordinated development [56].
Moreover, in the context of global climate change, follow-up research needs to focus on
the compound effects and feedback mechanisms between extreme climate events (e.g.,
heatwaves, droughts) and urban expansion and to assess the vulnerability and resilience
of urban vegetation biomass, thereby providing a basis for formulating climate-adaptive
urban strategies [57].
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5. Conclusions
This study developed EAGB and EBGB by incorporating climatic background informa-

tion to reduce the interference of natural environmental variability in identifying biomass
responses, thereby providing a novel analytical framework for large-scale assessments of
ecosystem carbon stock changes under urban expansion. Compared with conventional
vegetation indices and ecosystem productivity indicators, EAGB and EBGB more directly
capture changes in AGB and BGB and effectively identify vegetation biomass recovery and
loss associated with urban expansion. Using this framework, we revealed pronounced
spatial heterogeneity in the impacts of urban expansion on AGB and BGB across China
during 2000–2020. The results indicate that urban expansion does not inevitably lead to
vegetation biomass loss; instead, its ecological effects are jointly regulated by regional cli-
matic conditions, urban development stages, and human management activities. Climatic
factors, human activities, and topographic conditions collectively drive biomass responses
across different regions, and their relative contributions vary over time. These findings
provide a scientific basis for urban ecological planning and low-carbon development. In
ecologically fragile regions, greater emphasis should be placed on land-use regulation and
vegetation conservation, whereas in rapidly urbanizing areas, urban greening, ecological
restoration, and optimized land-use planning should be strengthened to mitigate biomass
loss. Furthermore, future urban ecosystem management should jointly consider changes
in AGB and BGB to achieve a more comprehensive evaluation of the impacts of urban
expansion on ecosystem carbon stocks.
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