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Abstract

Urban expansion exerts substantial pressure on regional ecosystems; however, how these
effects propagate through direct and indirect pathways at the urban agglomeration scale
remains insufficiently understood. Using nighttime light (NTL) and statistical yearbook
data, we extracted the built-up areas across the Beijing—Tianjin-Hebei (BTH) region using
a threshold-based approach to characterize expansion dynamics from 1992 to 2022. Fur-
thermore, we applied the PKU GIMMS NDVI dataset within a conceptual framework to
quantify the direct and indirect effects of built-up area expansion on vegetation. Expansion
patterns varied markedly among cities: Beijing demonstrated concentric outward growth,
Tianjin exhibited dual-core development, and cities in eastern and southern Hebei followed
a leapfrog, dispersed pattern. Expansion rates and intensities also diverged considerably:
Beijing and Tianjin sustained prolonged, high-intensity growth, whereas cities in northern
and western Hebei expanded more gradually. The centroid of built-up areas remained
relatively stable in Beijing and Tianjin but shifted in other cities, where expansion concen-
trated along one or two primary axes. Direct negative effects, driven by impervious surface
expansion, intensified with increasing urbanization pressure, reaching approximately
—54% in rapidly expanding urban agglomerations by 2007 and peaking at —67.43% at
the city scale in Beijing by 2022. In contrast, indirect effects exhibited pronounced spa-
tiotemporal heterogeneity: they fluctuated in rapidly expanding urban agglomerations but
increased markedly in other areas after 2012. The strongest indirect positive effect peaked
at the city level (64.85% in Handan in 2022), suggesting gradual vegetation recovery toward
the end of the study period. These findings suggest that moderate-growth cities with
remaining green space may exhibit relatively stronger ecological compensation potential,
but this pattern requires further validation across broader urban agglomerations. This
underscores the need for spatially differentiated planning to balance urban growth and
ecological sustainability.

Keywords: built-up area expansion; direct and indirect effects; NDVI; spatial heterogeneity

Sustainability 2026, 18, 7737

https://doi.org/10.3390/su18157737


https://crossmark.crossref.org/dialog?doi=10.3390/su18157737&domain=pdf&date_stamp=2026-07-31
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/sustainability
https://www.mdpi.com
https://doi.org/10.3390/su18157737

Sustainability 2026, 18, 7737

2 of 25

1. Introduction

Urbanization is a defining feature of socioeconomic development and a primary driver
of global land-use change. Since the Reform and Opening-up policy, China has under-
gone rapid urbanization: the urbanization rate rose from 17.92% in 1978 to 65.22% in
2022, while the national built-up area increased from 7438 km? in 1981 to 63,676 km?
in 2022 [1]. Although rapid urbanization has driven economic growth and urban
development [2,3], it has also caused severe ecological degradation and imposed sub-
stantial environmental pressure [4-6]. Consequently, understanding the spatiotemporal
dynamics of urban expansion and its ecological consequences has become a research
priority in sustainability science [7].

Urbanization is a persistent and pervasive process of land-use change that profoundly
reshapes land surface properties, ecosystem functions, and ecological processes [8-10].
Urban expansion dynamics have been extensively examined at national and regional scales,
particularly in rapidly urbanizing countries such as China, India, and Indonesia [11-13].
Prior to the adoption of the Reform and Opening-up policy, urbanization in the
Beijing-Tianjin-Hebei (BTH) region was constrained by limited socioeconomic develop-
ment. Since then, population influx and industrialization have driven sustained urban
land expansion [14]. As one of China’s most important urban agglomerations, the BTH
region has faced mounting pressure on land resources and ecosystems from intensive urban
development [15,16]. Built-up area expansion not only directly replaces vegetated land
but also modifies landscape patterns and alters human activity intensity, thereby affecting
regional ecological processes in the long term. Importantly, these ecological impacts cannot
be explained solely by the extent of urban land. They are also governed by how urban
areas expand, including the rate, spatial configuration, and directionality of expansion. As
urbanization is expected to remain a dominant driver of future environmental change [17],
systematically characterizing the spatiotemporal dynamics of built-up area expansion has
become essential. Such analyses provide the foundation for understanding the mecha-
nisms underlying ecological change and interpreting complex vegetation responses to
urban expansion.

Early studies based on field experiments [18], process-based modeling [19], and remote
sensing analyses [20] have consistently demonstrated that urban expansion can directly
reduce vegetation cover and productivity. These negative effects are primarily associated
with the replacement of vegetated surfaces by impervious surfaces [21]. More recent
evidence suggests that the ecological consequences of urban expansion are more complex
than previously thought. Urbanization-induced changes in microclimate and human
management, including greening programs, irrigation, and fertilization, may enhance
vegetation growth in some areas [22,23]. Consequently, the effects of urban expansion on
vegetation should be viewed as the combined outcome of direct and indirect processes.
Direct effects mainly represent vegetation loss caused by land conversion during urban
expansion, whereas indirect effects result from changes in climate conditions, ecological
processes, and management practices that accompany urbanization [21,24]. To distinguish
these contrasting influences, Zhao et al. (2016) [25] proposed a dual-impact framework that
has since been widely adopted to quantify direct and indirect vegetation responses across
urban-rural gradients and regional scales.

From a landscape ecological perspective, urban expansion trajectories represent
changes in landscape patterns, while direct and indirect vegetation responses reflect under-
lying ecological processes. Integrating the dual-impact framework with a pattern—process
coupling perspective provides a theoretical basis for linking urban spatial dynamics with
ecosystem responses. Nevertheless, most previous studies have focused on individual
cities [23,26,27], whereas investigations at the urban agglomeration scale remain limited.
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Crucially, existing regional assessments often treat urban growth as a uniform process, leav-
ing the marginal influence of diverse spatio-temporal expansion trajectories on the balance
between direct and indirect vegetation responses poorly understood. The key marginal
contribution of this study lies in integrating multidimensional urban expansion trajectories
with a dual-impact framework, thereby revealing how divergent urbanization pathways
shape distinct vegetation response patterns and ecological compensation potential across
an urban agglomeration.

To bridge this knowledge gap, we propose three testable hypotheses based on regional
characteristics and landscape ecological theories: (1) direct negative effects will be strongest
in rapidly expanding core cities due to the intensive physical displacement of natural cover;
(2) indirect positive effects will progressively increase over time, driven by the lag and
maturation of persistent urban greening and resource management; and (3) socioeconomic
factors will dominate over natural constraints in driving built-up area expansion.

Therefore, this study focuses on the Beijing-Tianjin—-Hebei (BTH) urban agglomera-
tion from 1992 to 2022, a period characterized by rapid urbanization following China’s
economic reforms. Using nighttime light data (DMSP-OLS and NPP-VIIRS), NDVI prod-
ucts, and socioeconomic statistics, we examine the relationships between urban expansion
dynamics and vegetation responses at both regional and city levels. Specifically, we pur-
sued three objectives: (1) to extract built-up areas using a statistical thresholding method;
(2) to characterize the spatiotemporal dynamics of built-up area expansion across four
dimensions—expansion speed, intensity, compactness, and direction; and (3) to quantify
the direct and indirect effects of urban expansion on vegetation growth at both the ag-
glomeration and individual city levels. By integrating urban expansion dynamics with a
dual-impact framework, this study offers insights into how different urbanization trajec-
tories shape vegetation responses and advances understanding of ecological changes in
rapidly urbanizing regions.

2. Materials and Methods
2.1. Study Area

The BTH region (113°04'-119°53" E, 36°01'-42°37’ N) is located in the northern part
of the North China Plain (Figure 1). It is bordered by the Bohai Sea to the east, Shanxi
Province to the west, Henan and Shandong Provinces to the south, and Inner Mongolia and
Liaoning Provinces to the north. With Beijing and Tianjin at its core, the region also includes
11 prefecture-level cities in Hebei Province. The region covers approximately 216,000 km?,
accounting for 2.3% of China’s total land area, and represents one of the most important
urban agglomerations in northern China. Land use in 2020 is dominated by cropland
(43.73%), forest land (24.93%), and grassland (14.93%) [20]. Cropland predominates in the
southeastern plains and around Zhangjiakou. Forests dominate the Taihang and Yanshan
Mountains, while grasslands occur primarily in the western Taihang Mountains. Elevation
decreases from northwest to southeast, yielding mountainous terrain in the northwest and
extensive plains in the southeast. The region experiences a temperate continental monsoon
climate, characterized by hot, humid summers and cold, dry winters.
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Figure 1. Overview of the BTH region: (a) geographical location of the study area; (b) land cover
distribution in 2020 derived from the China Land Use/Cover Dataset (CNLUCC); and (c) eleva-
tion distribution derived from the Shuttle Radar Topography Mission (SRTM) Digital Elevation
Model (DEM).

2.2. Data Sources

Data sources are detailed in Table 1. To balance temporal resolution and long-term
trend analysis, all datasets were harmonized at five-year intervals (1992, 1997, 2002, 2007,
2012, 2017, and 2022), thereby reducing short-term fluctuations and capturing the major
stages of urban expansion. Nighttime light (NTL) data for built-up area extraction were
sourced from the SVNL dataset [28], which provides annual global NTL observations.
The dataset was generated by correcting interannual inconsistencies in DMSP-OLS data
and reconstructing VIIRS-like NTL data using a U-Net deep learning super-resolution
model with Landsat NDVI as auxiliary information. The reconstructed NTL data were then
integrated with observed NPP-VIIRS data to produce spatially continuous and temporally
consistent long-term records. Although SVNL substantially improves the consistency of
long-term NTL observations, uncertainties may still remain in areas with complex lighting
conditions, particularly in dense urban cores and urban fringe areas [28].

Vegetation data were derived from the PKU GIMMS NDVI dataset [29], which pro-
vides NDVI observations at a 15-day temporal resolution. The dataset was generated by
reconstructing the GIMMS NDVI3g product using biome-specific back-propagation neural
network (BPNN) models trained with extensive Landsat NDVI samples for 1982-2015, and
was subsequently extended to 2022 through pixel-wise random forest consolidation with
MODIS NDVI. The dataset was validated using extensive Landsat NDVI samples and
achieved a higher accuracy (R? = 0.97) than the original GIMMS NDVI3g dataset (R? = 0.94).
Compared with many existing long-term NDVI products, it efficiently removes uncertain-
ties associated with NOAA orbital drift and AVHRR sensor degradation. Owing to its
high reliability and long-term spatiotemporal consistency, this dataset is well suited for
vegetation change analysis [30,31]. Annual NDVI was obtained by averaging all 15-day
observations within each year.
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Table 1. Summary of datasets used in this study.

Dataset Name

Variables

Spatial Resolution

Time Period

Source

SVNL

Nighttime light

15 arc-seconds

1992-2022 (5-yr intervals)

https://doi.org/10.6084/
m9.figshare.22262545.v8

(accessed on
10 September 2025)

PKU GIMMS NDVI

NDVI

1/12°

1992-2022 (5-yr intervals)

https:/ /zenodo.org/
records /8253971 (accessed
on 10 September 2025)

SRTM DEM

Elevation (X7)

30 m

2000

https:
/ /earthexplorer.usgs.gov

(accessed on
10 September 2025)

Global Surface Water

Water bodies

30m

1992-2022 (5-yr intervals)

https:
/ /jeodpp.jrc.ec.europa.eu/

(accessed on
10 September 2025)

China Statistical Yearbook

Built-up area,
GDP per capita (X1),
Population density (X2),
and Local general public
budget expenditure (X3)

Administrative unit

1992-2022 (5-yr intervals)

https:/ /www.stats.gov.cn
(accessed on
10 September 2025)

Precipitation (X4),

https:
//www.climatologylab.org/

TerraClimate Temperature (X5), Solar 1/24° 1992-2022 (5-yr intervals) .
radiation (X6) terraclimate.html (accessed
on 10 September 2025)
. . https:/ /www.gscloud.cn
A%g:ll?liis;rr?élsve Administrative divisions Province/City 2021 (accessed on

10 September 2025)

Drivers of built-up area expansion comprise natural environmental and socioeconomic
factors. Natural environmental factors represent topographic and climatic conditions,
whereas socioeconomic factors reflect economic development, population pressure, and
government investment. Elevation data were obtained from the Shuttle Radar Topography
Mission (SRTM) digital elevation model, which was treated as a static topographic factor
throughout the study period because elevation is relatively stable over time. Temperature,
precipitation, and solar radiation data were derived from the TerraClimate dataset. Socioe-
conomic factors include GDP per capita, population density, and local fiscal expenditure,
sourced from relevant statistical yearbooks. In addition, auxiliary datasets—including
administrative boundaries, statistical records of built-up areas, and surface water distri-
bution data—were used to support spatial analysis and to mask out non-built-up land
during processing.

2.3. Methods
2.3.1. Built-Up Area Extraction

Built-up areas were extracted from NTL data using a statistical thresholding method
calibrated against official yearbook records. In NTL imagery, urbanized areas are typically
characterized by continuous high-brightness pixels, whereas rural areas generally exhibit
low or near-zero values. The extraction procedure consisted of three steps. First, all NTL
pixels were ranked in descending order of brightness. Second, each NTL brightness value
was successively evaluated as a threshold, and the cumulative area of pixels with bright-
ness values equal to or greater than the threshold was calculated and compared with the
corresponding officially reported built-up area. Finally, the threshold that minimized the
area difference was selected as the optimal threshold, and the corresponding pixels were
classified as built-up areas. This method offers an efficient, objective way to determine
annual extraction thresholds [32]. This procedure was applied to extract built-up areas
in the BTH region for 1992, 1997, 2002, 2007, 2012, 2017, and 2022. Year-specific thresh-
olds were determined independently using the corresponding annual statistical records,
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while the same statistical thresholding procedure was consistently applied throughout the
study period. Combined with the temporally consistent SVNL dataset, this ensured the
comparability of built-up area extraction across different years.

To evaluate the reliability of the extracted built-up areas, a two-step accuracy assess-
ment was performed (Table 2). First, comparison with official statistical records showed
that relative errors between the extracted built-up areas and yearbook data were consis-
tently below 5%. Although the absolute error was 166.82 km? in 2022, this remained within
an acceptable range for regional-scale urban expansion studies. Second, spatial accuracy
was assessed using 1000 stratified random sample points against the China Land Cover
Dataset (CLCD). The sample points were stratified into two classes (built-up and non-built-
up), with 500 randomly selected points allocated to each class to avoid class imbalance
in the accuracy assessment. The CLCD provides annual land-cover maps at 30 m spatial
resolution over a continuous 30-year period. Relative to other widely used land-cover
products—including GLC_FCS30, Global30, and FROM-GLC10—CLCD offers superior
temporal continuity and has been extensively applied in Chinese land-cover studies [33].
The overall accuracy (OA) ranged from 75.10% to 81.99%, while the Kappa coefficient
ranged from 0.51 to 0.66. Potential uncertainties may arise from the blooming effect of
NTL data, mixed pixels along urban boundaries, and discrepancies between remotely
sensed built-up areas and official statistical records. These results indicate that the extracted
built-up areas demonstrate acceptable spatial consistency at the regional scale and are
suitable for subsequent spatiotemporal analyses.

Table 2. Validation of extracted results in the BTH region from 1992 to 2022.

Year 1992 1997 2002 2007 2012 2017 2022
Statistical data (km?) 1343.50 1521.30 2241.87 2919.45 3374.08 4086.18 4461.19
SVNL data (km?) 1299.89 1486.95 2160.97 2851.83 3252.48 3974.36 4294.37
Error value (km?) 43.61 34.35 80.90 67.62 121.60 111.82 166.82
Relative error 3.25% 2.26% 3.61% 2.32% 3.60% 2.74% 3.74%
OA 75.80% 76.60% 81.99% 80.07% 78.37% 77.30% 75.10%

Kappa 0.53 0.57 0.66 0.64 0.60 0.58 0.51

2.3.2. Urban Expansion Dynamics

The spatiotemporal dynamics of built-up area expansion in the BTH region were
characterized using a set of complementary indicators, including expansion speed, expan-
sion intensity, compactness, centroid shift, and expansion orientation. Expansion speed
describes the average annual rate of built-up area growth during a given period [34],
whereas expansion intensity measures the extent of land-use change per unit time [35]. The
corresponding equations are as follows:

V= (Uyyi — U)/n 1)
Ui — U o
Eg = o1 < 100% )

In Equations (1) and (2), V and E; denote expansion speed and expansion intensity,
respectively; U; and U, ; represent the built-up areas in year i and year n + i, UA is the
total land area of the urban agglomeration (administrative area), and 7 is the time span.

Compactness was used to characterize the spatial configuration of built-up areas and
to evaluate the degree of concentration during urban expansion [36]. Higher compactness
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values indicate a more regular shape and a more concentrated spatial distribution of
built-up land. The compactness index was calculated as follows:

BCI = 2+/ntU;/ P, )

In Equation (3), BCI is the compactness index, ranging from 0 to 1. Higher values
indicate a more concentrated spatial distribution. U; is the built-up area in the i-th year,
and P; is the perimeter of the built-up area in the i-th year.

Centroid shift reflects the spatiotemporal dynamics of regional development [34]. The
coordinates of the built-up area’s center of gravity (x, y) are calculated as:

x lelxxl
{ T Yiw (4)
_ LiwiXy;
Y="tw

In Equation (4), w; is the weight of the i-th discrete object, defined as the ratio of its
area to the total built-up area, and (x;, y;) are its coordinates.
The distance of the center of gravity shift is calculated as:

Dy = \/(yn—i-l - yn)2 + (xn+1 - xn)z )

In Equation (5), D,,11 is the shift distance, (x;, y,;) and (x,,+1, ¥,+1) are the coordinates
of the center of gravity in year n and year n + 1.

Sector analysis was employed to quantify the directional characteristics of built-up
area expansion. The centroid of the built-up area in 1992 was selected as the reference
center to ensure a consistent spatial reference for comparing directional expansion across
different periods. Built-up area maps for the 13 cities in 1997, 2002, 2007, 2012, 2017, and
2022 were overlaid to identify expansion patterns over time. Beginning at 22.5° east of
north, the study area was divided into eight sectors of equal size (45° each). The area of
urban expansion within each sector was then calculated for each study period.

2.3.3. Direct and Indirect Vegetation Effects

The effects of built-up area expansion on vegetation growth were assessed at the 1-km
pixel scale. Before analysis, the NDVI was resampled to a 1-km spatial resolution using bilin-
ear interpolation. Following the conceptual framework proposed by Zhao et al. (2016), the
effects of urban expansion on vegetation were partitioned into direct and indirect com-
ponents (Figure 2) [25]. The direct effect represents vegetation change resulting from
land-cover conversion associated with increasing impervious surface coverage during
urban expansion. Generally, vegetation indices such as NDVI decrease with increasing
urbanization intensity. Urbanization intensity () was defined as the proportion of impervi-
ous surface area within each pixel. If only direct effects are considered, NDVI is expected
to decline linearly with increasing B. This relationship defines a theoretical zero-impact
line, which represents vegetation conditions in the absence of indirect effects. Based on
Equation (6), the theoretical NDVI value (V,;) for each 1-km pixel was calculated as follows:

Vzi = (1 - ﬁ)vv + ,Ban (6)

In Equation (6), V; represents the mean NDVI of pixels fully covered by vegetation
(B =0), whereas V;; is the 5th percentile of NDVI values for pixels fully covered by built-up
areas (B = 1) to reduce the influence of extreme values. To construct this homogeneous
background area for extracting V;, background areas were selected according to two criteria:
(1) environmental conditions should be comparable to those of the built-up areas, and
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(2) anthropogenic disturbance should be minimized. Consequently, the background area
could neither be immediately adjacent to nor excessively distant from the built-up area
and was required to have similar topographic characteristics. The selection procedure
consisted of three steps. First, a 10-km buffer was generated outside the built-up boundary
and treated as a transition zone to reduce the influence of land-cover conversion, urban
heat island effects, and suburban agricultural activities [37]. Second, an additional buffer
extending 5-10 km beyond the transition zone was defined as the candidate background
area. Water body pixels were identified from the Global Surface Water dataset using a
75% water occurrence threshold during the study period. These pixels were then excluded
together with other built-up areas. Third, the mean elevation of the built-up area was
calculated, and candidate areas with elevations within +100 m of this value were retained
as the final background area. This procedure mitigated topographic and climatic influences
on vegetation growth [38].

1.00

0.75}

0.25}

0.00 L
0.00 0.50 1.00

Urbanization intensity ()

Figure 2. Conceptual framework for quantifying the direct and indirect effects of built-up area
expansion on vegetation. Red dots indicate observed NDVI values (V,;), and the red line shows
their fitted regression. V;, and Vj;; denote the NDVI values of rural or potential vegetation and
non-vegetated urban surfaces, respectively. The blue line represents the theoretical NDVI along
the urbanization gradient in the absence of indirect effects (V;), referred to as the zero-impact line.
Observed NDVI values located above or below this line indicate positive or negative indirect effects
of urbanization, respectively.

Based on Equation (7), the relatively direct effect of urbanization on vegetation growth

(wy) is calculated as follows, and the direct effect is always negative.
wy = Vi = Vo 1009 ?)

Vo

When observed vegetation index values (V) are plotted against the urbanization
intensity gradient (), their distribution may deviate from the theoretical zero-impact line,
indicating the presence of indirect effects. These effects arise from environmental and
management differences between urban and non-urban areas and may either promote
or inhibit vegetation growth. Pixels located above the zero-impact line indicate that
observed vegetation conditions exceed the theoretical expectation and therefore reflect
positive indirect effects. Conversely, pixels below the line indicate negative indirect effects.
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Accordingly, the relative indirect effect (w;) was quantified as the relative deviation of the
observed NDVI from the theoretical value:
w; = Yobs — Vai | 000, ®)
Vzi
Furthermore, the § distribution was systematically evaluated across all 13 cities to
test the applicability of the analytical framework under the 1-km mixed-pixel condition.
Results indicate that 8 consistently spans the full range from 0 to 1, confirming the existence
of a complete urbanization gradient in the study area (Figure 3). Although the distribu-
tion is right-skewed, high-intensity pixels are consistently observed across all cities, with
B > 0.75 accounting for 15.64-36.90%. This confirms that both low- and high-end members
are empirically well represented within the observed data space, ensuring that the linear
interpolation in Equation (6) is fully supported by observed conditions.

[ 0.00-0.25 3 0.25-0.50 3 0.50-0.75 1 0.75-1.00

100 oy o2 S B PR e PP PN
b1 [18% | | bse R0% 194l [18% [177%f [1671 [18%| pooyy
Lo P1% B1% I - -
80 = || ]
1 0y
15% [18% 7o 114 4% 18% " g o
— — 7 [18%
& 14% [3%] [g95] [14% 1% |9% 10%
& 60 [4%] 6% 3 o
= [12% = ] [ [B% L 8% | 10%
0
g ew 8% 12%
g 40
bl
=~
10/
. BO% 8% | | Lipoy| 55%| 7% P°%1 5ase| P3% 6% o,
20 J43% 13%
0 IQO IQ IQO |o IO |‘\ T % T IQ, |0 |% |,\
FITFTFF I TS &S
P F T FF TS PS8 K
V.-\\fé" & \N&‘ o Q @‘\@ (oM C}"\ \)@9 ‘2"@
S . &
2 & P

Figure 3. Long-term average composition of urbanization intensity (B) across cities in the BTH
region (1999-2022).

2.3.4. GeoDetector Analysis of Expansion Drivers

The GeoDetector model (Detector_2015_Example version) was used to identify the
driving forces of built-up area expansion. GeoDetector quantifies the explanatory power
of potential driving factors by examining spatial stratified heterogeneity and assesses
interactions among factors [34]. In this study, the dependent variable was the city-level built-
up area expansion rate from 1992 to 2022. Explanatory variables included socioeconomic
factors (GDP per capita, population density, and local fiscal expenditure) and natural
environmental factors (annual precipitation, mean temperature, solar radiation, and mean
elevation). The analysis was conducted at the city level. Socioeconomic variables were
obtained directly from city statistical yearbooks, while natural environmental variables
were aggregated from gridded datasets as zonal mean values for each city. Before analysis,
all continuous variables were discretized using the natural breaks method. The factor
detector is defined as follows:

1 & )
g=1——5) Ny )
Nazhzl

In Equation (9), L is the number of strata for each factor, N is the total sample size, Nj,
is the sample size in stratum £, ¢ is the variance of the dependent variable for all samples,

https://doi.org/10.3390/su18157737


https://doi.org/10.3390/su18157737

Sustainability 2026, 18, 7737

10 of 25

and 0}3 is the variance within stratum 4. The g value ranges from 0 to 1. A higher g indicates
stronger explanatory power of the factor for the spatial variation in built-up area expansion.

2.3.5. Cluster Analysis

To facilitate the analysis of vegetation responses at the agglomeration scale, the
13 cities were classified according to their built-up area expansion speed during
1992-2022 using the Grouping Analysis tool in ArcGIS 10.6. The number of groups was
predefined as three according to the study objective of distinguishing rapidly, moderately,
and slowly expanding cities for subsequent comparative analyses. Similarity among ob-
servations was measured using Euclidean distance. A K-NEAREST NEIGHBORS spatial
constraint was applied to preserve the spatial continuity of neighboring cities, thereby gen-
erating geographically coherent groups for subsequent agglomeration-scale comparisons.
To evaluate the robustness of the grouping results, additional analyses were performed
using the CONTIGUITY EDGES ONLY and CONTIGUITY EDGES CORNERS spatial
constraint settings while keeping all other parameters unchanged.

3. Results

3.1. Spatiotemporal Dynamics of Built-Up Area Expansion
3.1.1. Overall Expansion Patterns

From 1992 to 2022, built-up area expansion in the BTH region followed four distinct
spatial patterns (Figure 4). The first was concentric outward growth, observed in Beijing
and Shijiazhuang, with radial outward extension generating satellite urban areas. The sec-
ond was dual-core growth, exemplified by Tianjin, where the central urban area and Binhai
New Area expanded and coalesced. Baoding and Langfang showed similar dual-core pat-
terns. The third was leapfrog and dispersed growth, occurring in Tangshan, Qinhuangdao,
Handan, Xingtai, Cangzhou, and Hengshui, where new development patches emerged on
the periphery of the existing urban core. The fourth was restricted growth, characteristic
of Zhangjiakou and Chengde, where urban expansion was constrained by topographic
limitations and ecological protection policies. Overall, the expansion pattern encom-
passed concentric growth in Beijing, dual-core growth in Tianjin and adjacent cities, dis-
persed leapfrog development in eastern and southern Hebei, and constrained expansion in
mountainous areas.
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Figure 4. Spatial distribution of built-up areas in the BTH region, 1992-2022.
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3.1.2. Expansion Speed, Intensity and Compactness

Cities varied substantially in expansion speed, intensity, and compactness over
1992-2022 (Figure 5). Beijing (35.23 km?/yr) and Tianjin (30.54 km?/yr) maintained the
highest expansion rates throughout the study period, far exceeding those of other cities. By
contrast, Zhangjiakou (1.10 km? /yr), Chengde (1.58 km?/yr), and Cangzhou (1.80 km?/yr)
showed markedly lower rates. Urban expansion varied markedly across stages. Beijing
experienced its most rapid expansion during 1997-2002, peaking at 105.66 km? /yr. Rela-
tively high growth continued during 2002-2007; meanwhile, Tianjin began to accelerate.
Tianjin peaked at 73.52 km?/yr during 2012-2017, becoming the principal growth center in
the later stages. Most Hebei cities accelerated intermittently after 2002, though their overall
expansion remained well below that of Beijing and Tianjin.
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Figure 5. Expansion speed, intensity, and compactness of built-up areas in the BTH region, 1992-2022.

Expansion intensity largely mirrored expansion speed. Tianjin showed a marginally
higher mean intensity (0.25%) than Beijing (0.21%). Beijing registered the highest in-
tensity during 1997-2002 (0.64%), whereas the peak later shifted to Tianjin during
2012-2017 (0.61%). Northern cities with important ecological functions, such as Zhangji-
akou and Chengde, showed intensities consistently below 0.01%.

Compactness declined across most cities during the study period. In 1992, compactness
varied markedly among cities; Xingtai, Hengshui, and Shijiazhuang showed relatively
high values, while Beijing and Tangshan showed lower values. By 2022, compactness
values converged within a narrower range (0.09-0.18). Beijing and Tianjin showed the most
pronounced declines. In contrast, Zhangjiakou and Chengde showed only limited changes.
Overall, expansion speed and intensity showed similar patterns, with Beijing and Tianjin
exhibiting the highest expansion rates and intensities. However, rapid expansion did not
always lead to greater compactness declines, as slower-expanding cities such as Xingtai also
experienced substantial compactness reductions. This indicates that urban morphology
changes were influenced by both expansion magnitude and spatial development patterns.
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3.1.3. Centroid Shift in Built-Up Areas

From 1992 to 2022, centroid shifts in built-up areas in the BTH region followed a
distinct temporal pattern, with rapid adjustment early on, pronounced divergence during
the middle period, and gradual stabilization toward the end (Figure 6). Overall, the
two municipalities displayed relatively stable trajectories, whereas cities in Hebei Province
experienced greater fluctuations. The largest shifts occurred in coastal cities and those
adjacent to Beijing.
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Figure 6. Center of gravity shift in urban built-up areas in the BTH region, 1992-2022.

During 1992-2002, centroids underwent rapid movement. Most cities showed sub-
stantial displacement, though expansion directions remained variable. Beijing showed a
distinct eastward shift, totaling 3.92 km during 1997-2002. Over the same period, Langfang
shifted by more than 19 km, reflecting its early role in accommodating functions transferred
from the regional core. Coastal cities also experienced substantial adjustments, producing
more stable expansion directions in subsequent years.

The period from 2002 to 2012 saw the most active phase of centroid shifts, along with
increasingly pronounced regional disparities. Tianjin shifted 5.35 km during 2007-2012, and
maintained a southeastward trajectory largely associated with the development of the
Binhai New Area. Coastal and resource-oriented cities in Hebei exhibited particularly
marked spatial shifts. Tangshan displaced 14.51 km during 2007-2012, whereas Cangzhou
experienced even larger shifts of 23.92 km during 2002-2007 and 22.70 km during 2007-2012.

From 2012 to 2022, the magnitude of centroid shifts generally declined across the
region. Shift distances in Beijing and Tianjin decreased markedly, and most single-period
shifts remained below 2.4 km. Most cities across Hebei Province showed a comparable de-
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cline. Qinhuangdao and Shijiazhuang maintained relatively stable trajectories, suggesting
a gradual consolidation of the regional spatial structure.

3.1.4. Directional Patterns of Urban Expansion

Between 1992 and 2022, directional expansion of built-up areas in the BTH region
shifted from a relatively dispersed pattern to one concentrated along several dominant
directions (Figure 7). In the later period, overall expansion intensity weakened, and
dominant expansion directions narrowed.
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Figure 7. Directional expansion intensity in the eight sectors of the BTH region from 1992 to 2022. The
radial axis was standardized to a common range of —0.50% to +1.50% for all cities to facilitate cross-
city comparison. Values exceeding this range are indicated by arrows, with their actual values labeled.

During 1992-2002, urban expansion intensity remained relatively low, with limited
directional differences. Beijing was the first city to exhibit clear directional preferences, as
expansion concentrated toward the east, southeast, and south. During 1997-2002, expansion
intensities reached 1.37% eastward and 1.47% southeastward. By contrast, Tianjin and
most cities in Hebei experienced relatively limited expansion and showed no obvious
directional concentration.

From 2002 to 2012, expansion intensity increased substantially, and directional dif-
ferentiation became more pronounced. Beijing continued to expand primarily toward
the east, southeast, and south, despite a slight decrease in overall intensity. Expansion in
Tianjin became increasingly concentrated in the east and southeast, with eastward intensity
exceeding 1.40% during 2007-2012. Among coastal cities, Qinhuangdao exhibited a brief
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southeastward expansion peak (2.50% during 2002-2007) before later contracting toward
the south.

During 2012-2022, expansion intensity declined substantially across the region. In
Beijing, several directions shifted from positive growth to weak expansion or even con-
traction. Tianjin maintained positive growth only toward the east and southeast, albeit
at considerably lower rates. Most Hebei cities showed limited expansion activity, while
Zhangjiakou and Chengde exhibited near-zero growth, with only localized growth in
Baoding and Langfang.

3.2. Drivers of Built-Up Area Expansion

To identify the key drivers of built-up area expansion across cities in the BTH
region from 1992 to 2022, we employed the GeoDetector model. Seven potential
factors—three socioeconomic (GDP per capita, X1; population density, X2; local general
public budget expenditure, X3) and four natural (precipitation, X4; temperature, X5; solar
radiation, X6; elevation, X7)—were examined.

The factor detector results (Figure 8a) revealed that local general public budget expen-
diture (X3) had the highest explanatory power (q = 0.97, p < 0.05), far exceeding all other
factors. However, this high q value should be interpreted cautiously due to the limited
sample size and potential correlations among socioeconomic factors. GDP per capita (X1)
also showed a significant but lower explanatory power (q = 0.64, p < 0.05). In contrast, none
of the natural factors (X4-X7) reached statistical significance (p > 0.05), with q values below
0.15, indicating that natural conditions acted only as background constraints rather than
direct drivers of expansion intensity at the city scale.
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Figure 8. Driving factors of built-up area expansion rate in the BTH region from 1992 to 2022. X1: GDP
per capita; X2: population density; X3: local general public budget expenditure; X4: precipitation; X5:
temperature; X6: solar radiation; X7: elevation. (a) Explanatory power of individual factors on the
expansion rate. * indicates p < 0.05. (b) Interaction detection between driving factors of the expansion
rate. # denotes bivariate enhancement, and + denotes non-linear enhancement.

The interaction detector (Figure 8b) further revealed pronounced synergistic amplifi-
cation effects. All factor pairs exhibited either bivariate or nonlinear enhancement. Notably,
the interaction between local general public budget expenditure (X3) and any natural factor
yielded a joint q value exceeding 0.98, suggesting that strong fiscal and policy drivers can
substantially override the constraints imposed by natural conditions.

3.3. Effects of Built-Up Area Expansion on Vegetation
3.3.1. Vegetation Effects at the Agglomeration Scale

Based on built-up area expansion speed during 1992-2022, the 13 cities were classi-
fied into three groups using cluster analysis (Table 3): rapidly expanding agglomerations
(Beijing and Tianjin), moderately expanding agglomerations (Shijiazhuang, Tangshan, and
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Baoding), and slowly expanding agglomerations (the remaining eight cities). The grouping
results remained identical under three different spatial constraint settings (K-NEAREST
NEIGHBORS, CONTIGUITY EDGES ONLY, and CONTIGUITY EDGES CORNERS), con-
firming the robustness of the classification. Based on this classification, vegetation effects at
the agglomeration scale exhibited clear stage-dependent patterns (Figure 9).

Table 3. Cluster assignment of the 13 cities based on built-up area expansion speed during 1992-2022.

Agglomeration Group Number of Cities Cities
Rapidly expanding agglomerations 2 Beijing, Tianjin
Moderately expanding agglomerations 3 Shijiazhuang, Tangshan, Baoding
Slowly expanding agglomerations 8 Qinhuangdao, Zhangjiakou, Chengde, Cangzhou,

Langfang, Hengshui, Xingtai, Handan
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Figure 9. Mean and standard deviation of the direct (a) and indirect (b) effects of built-up area
expansion on vegetation at the urban agglomeration scale during different study periods.

During 1992-2002, rapidly expanding agglomerations showed strengthening direct
negative effects (—39.27% to —47.63%) and stable indirect effects (24-29%). Moderately
and slowly expanding agglomerations showed weaker direct effects and limited indirect
compensation (2.64% in slowly expanding agglomerations in 1992). This pattern reflects
an early development stage dominated by concentrated urban land conversion in core
metropolitan areas, while most peripheral cities still retained substantial vegetated land.

During 2002-2012, both direct (—54.47%) and indirect (34.96%) effects peaked in
2007 in rapidly expanding agglomerations. Slowly expanding agglomerations recorded
>10% increases in both effects, whereas moderately expanding agglomerations showed
smaller fluctuations. This indicates a period of accelerated regional urban expansion,
during which land conversion intensified and ecological enhancement measures began to
increase but remained spatially uneven.

During 2012-2022, direct effects in rapidly expanding agglomerations weakened
around 2017 before recovering (Figure 9a). In slowly expanding agglomerations, direct neg-
ative effects deepened (—20.86% to —25.62%). This reflects a shift toward land saturation in
core cities and continued expansion pressure in peripheral cities. Indirect effects increased
markedly after 2012 across most agglomerations, with moderately expanding agglomera-
tions recording the highest indirect effects by 2022 (35.46%), exceeding rapidly expanding
agglomerations for the first time (Figure 9b). This suggests that ecological restoration and
greening measures became more effective in cities where sufficient residual vegetated land
remained available. In addition, the standard deviations shown in Figure 9 indicate that
vegetation responses differed in their within-group variability among the three agglom-
eration groups, with rapidly expanding agglomerations exhibiting greater heterogeneity,
whereas slowly expanding agglomerations showed more consistent responses.
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3.3.2. Vegetation Effects at the City Scale

At the individual city scale, direct and indirect effects showed significant spatial
imbalances across periods (Figure 10). From 1992 to 2002, direct effects were strongly
polarized (Figure 10a). As early expansion centers, Beijing, Tianjin, and Qinhuangdao
all recorded direct effects exceeding —30%, with Tianjin reaching —55.27% in 2002. For
most other cities, direct negative effects remained around —10%. This pattern reflects
the concentration of early urban expansion in core cities, while other cities experienced
relatively limited land conversion. Indirect effects were mostly below 10%, except in Beijing
(32.32-41.69%) and Qinhuangdao (35.48-48.94%) (Figure 10b).
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Figure 10. Mean and standard deviation of the direct (a) and indirect (b) effects of built-up area
expansion on vegetation at the individual city scale during different study periods.

During 2002-2012, direct negative effects intensified in most cities (Figure 10a). Tianjin
reached —66.86% in 2007, while previously less affected cities deepened to approximately
—25% to —31% by 2012. Meanwhile, indirect effects increased rapidly across the region,
roughly doubling from the previous stage in several cities (Figure 10b).

During 2012-2022, direct and indirect effects diverged sharply. Direct effects ranged
from —30% to —65% (Figure 10a). In Beijing, direct effects fell from —60.26% in 2017 to
—67.43% in 2022, the lowest value in the study period; Qinhuangdao also reached
—61.12% in 2022. This indicates persistent high land conversion pressure in core cities due
to limited available space. Meanwhile, indirect effects strengthened markedly (Figure 10b).
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By 2022, indirect effects exceeded 40% in multiple cities, peaking at 64.85% in Handan. This
pronounced enhancement in Handan may be related to its favorable climatic conditions,
ecological location, and recent restoration efforts. Overall, core cities such as Beijing and
Tianjin maintained persistently strong direct negative effects, while most cities showed
stronger indirect effects during the later expansion stage.

4. Discussion
4.1. Diverse Expansion Trajectories and Their Policy Origins

We identified four distinct urban expansion patterns across the BTH region between
1992 and 2022: concentric outward growth in Beijing and Shijiazhuang, dual-core growth
in Tianjin, Baoding, and Langfang, leapfrog and dispersed growth in eastern and south-
ern Hebei cities, and topographically constrained growth in Zhangjiakou and Chengde.
These patterns challenge the simple core-periphery diffusion model often applied to ur-
ban agglomerations [39,40]. Instead, local policy interventions appear to have generated
secondary growth poles that reshape regional spatial structures without exclusive depen-
dence on the primary core. The development of Tianjin’s Binhai New Area and Hebei’s
Xiong’an New Area exemplifies this process. Importantly, these policies did not exert
uniform effects across the region because they were designed to achieve different develop-
ment objectives. The Binhai New Area strategy prioritized port-oriented industrialization,
manufacturing expansion, and transport infrastructure construction [41], thereby creating
a strong eastern growth pole that reinforced Tianjin’s dual-core expansion pattern. In con-
trast, the establishment of Xiong’an New Area was intended primarily to absorb Beijing’s
non-capital functions and redistribute regional development resources [42], promoting
a new growth center in central Hebei rather than simple outward expansion from the
metropolitan core. Consequently, these policy interventions not only accelerated urban
expansion but also reshaped its spatial configuration, resulting in distinct urban expansion
trajectories across cities.

Another notable finding is the widespread decline in urban compactness across most
cities, indicating a general transition toward more dispersed urban forms during the
study period. This pattern is likely associated with rapid outward expansion driven by
development zones, industrial parks, transportation corridors, and satellite towns [43,44],
which increased the spatial fragmentation of built-up areas. The most pronounced declines
occurred in Beijing and Tianjin, reflecting their sustained large-scale suburban expansion
and multi-directional urban growth. In contrast, compactness remained relatively stable in
Zhangjiakou and Chengde, where mountainous terrain and ecological protection policies
constrained outward development. Declining compactness is not only a morphological
characteristic of urban expansion but also an indicator of increasing urban sprawl, which
may intensify landscape fragmentation, infrastructure demand, and ecological pressure [45].

After 2012, Beijing and Tianjin maintained relatively stable centroid trajectories,
whereas Hebei cities had experienced large fluctuations during the preceding decade
(2002-2012). This contrast signals a regional shift from rapid outward sprawl toward
more stable, policy-guided consolidation. The 2015 Outline of the Beijing-Tianjin—Hebei
Coordinated Development Plan is likely to have gradually redirected expansion from unco-
ordinated leapfrog development toward corridor-based, multi-center integration [46—-48].

The GeoDetector results are consistent with this interpretation. Local fiscal expendi-
ture (q = 0.97) emerged as the single most powerful driver of built-up expansion, whereas
natural factors were statistically insignificant as independent drivers. This strong ex-
planatory power supports Hypothesis 3, indicating that socioeconomic factors exert a
stronger influence than natural factors. This is consistent with the argument that in highly
managed urban agglomerations, biophysical constraints primarily define the potential ex-
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pansion boundary, while socioeconomic and political forces determine the actual rate and
trajectory [49]. However, the relative importance of socioeconomic factors is mainly re-
flected at the city scale; at finer spatial scales, natural factors such as topography and
climate may exert more pronounced constraints by influencing the suitability and spatial
configuration of local urban expansion [50]. Nevertheless, this result should be inter-
preted within the context of the present study. Because the analysis was conducted at the
prefecture-city level using only 13 cities, the estimated explanatory power of individual
factors is subject to greater uncertainty, and the exceptionally high q value may also re-
flect correlations among socioeconomic variables. Therefore, greater emphasis should be
placed on the interaction detector, which provides a more comprehensive representation of
the joint effects of multiple drivers. The interaction between local fiscal expenditure and
elevation or precipitation yielded q values exceeding 0.98, suggesting that government
investment influences urban expansion through interactions with the natural environment
rather than operating independently. This interpretation is consistent with the constrained
expansion observed in Zhangjiakou and Chengde, where ecological protection policies in
the Taihang—Yanshan Mountains have limited the conversion of forest and grassland [51].
Together, these results indicate that urban expansion in the BTH region is governed by the
combined effects of policy intervention and environmental constraints, thereby creating
divergent contexts for subsequent vegetation responses.

4.2. Direct Effects as Physical Displacement

Direct negative effects represent the physical replacement of vegetated surfaces by
impervious cover. In the BTH region, these effects deepened over the study period, reaching
—67.43% in Beijing by 2022. This aligns with previous evidence from China that impervious
surface expansion causes irreversible local vegetation loss [25]. Yet the magnitude observed
in Beijing exceeds that reported for some U.S. cities [52], which likely reflects the higher
population density and floor area ratio typical of Chinese urban cores.

At the agglomeration scale, rapidly expanding cities consistently showed the strongest
direct effects (—39.27% to —54.47%), a consequence of extreme vegetative space compres-
sion by large-scale surface sealing. This physical displacement effect is irreversible: once
land is sealed, primary productivity is fundamentally suppressed [33,53]. Core cities such
as Beijing and Tianjin maintained persistently high direct negative effects across all periods,
suggesting that robust fiscal support and early ecological awareness cannot overcome
the fundamental constraint of finite physical space. These findings are consistent with
Hypothesis 1, which suggests that rapidly expanding cities experience stronger direct
negative effects due to intensified vegetation conversion.

Spatial heterogeneity in direct effects across cities is primarily controlled by differences
in urban expansion intensity, urban spatial morphology, and long-term land-use lock-in
processes. Cities with higher population density, more compact urban forms, and earlier
onset of irreversible urban sealing tend to exhibit persistently stronger vegetation loss,
whereas cities with lower sealing intensity or more dispersed urban development patterns
show relatively weaker direct effects.

Our city-scale analysis masks substantial within-city variation. Beijing’s aggregate
value of —67.43% conceals near-complete vegetation loss in the central urban core alongside
enhanced vegetation in the greenbelt and Olympic forest zones. Future work should adopt a
gradient or landscape-patch approach to disentangle this intra-urban heterogeneity [54-56].
Nonetheless, the aggregate direct effect serves as a reliable indicator of the overall phys-
ical pressure on vegetation, and it sets the baseline relative to which indirect effects
are evaluated.
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4.3. Indirect Effects: The 2012 Threshold and a Hypothesized Land-Release Effect

Indirect positive effects showed a clear temporal threshold around 2012. These ef-
fects are most likely primarily associated with urban greening and afforestation activities,
which directly increase vegetated surface coverage and biomass within urban and peri-
urban areas [57]. In addition, irrigation and water supply regulation may have played a
supporting role by improving vegetation water availability [58], while fertilization and
agricultural land management in surrounding areas likely contributed to enhanced vegeta-
tion productivity at the regional scale. Ecological restoration projects, such as mining-area
rehabilitation and land reclamation, may further amplify these effects in specific locations.

Before 2012, indirect effects remained modest (<10%) in most Hebei cities and fluc-
tuated without a clear trend. After 2012, they rose sharply across all city types, hitting
64.85% in Handan by 2022. This 2012 inflection point aligns with two major policy shifts.
First, the 2008 Beijing Olympics triggered large-scale greening investments that matured
after a lag of several years [59]. Second, the post-2012 coordinated development agenda
introduced ecological compensation mechanisms that channelled greening resources from
core cities to peripheral areas. This pronounced temporal shift and the subsequent surge
in indirect enhancement are consistent with Hypothesis 2, suggesting that the cumulative
benefits of persistent regional greening investments and intensified urban management
tend to increase over time. Although the estimated indirect effect in Handan was ex-
ceptionally high, it can be attributed to the combined influence of three regional factors.
First, its location in the southern BTH region results in higher temperature and longer
growing seasons, enhancing vegetation responsiveness to urban-induced microclimatic
and irrigation effects. Second, its position at the Taihang Mountains—North China Plain
transition zone exposes it to ecological spillover from large-scale post-2012 afforestation
programs. Third, intensive post-2012 ecological restoration of mining-subsidence areas
and associated water reallocation significantly strengthened local vegetation recovery [60].
These interacting climatic, geomorphological, and management conditions jointly amplify
vegetation enhancement, explaining why Handan exhibits the highest indirect effect among
all cities. Similar studies using the same framework have reported indirect effects ranging
from 50-100% [61] and exceeding 200% in some cases [25], supporting consistency with
previous findings.

Why did moderately and slowly expanding cities eventually overtake Beijing and
Tianjin in indirect effects by 2022? We hypothesize a “land-release effect”. One possible
explanation is that moderate urban expansion retains a larger proportion of vegetated land
and unsealed surfaces than rapidly expanding cities. This provides greater opportuni-
ties for ecological restoration, afforestation, irrigation, and other vegetation management
practices to enhance vegetation growth [62,63]. By contrast, extensive surface sealing in
rapidly expanding cities substantially reduces the remaining ecological substrate available
for subsequent vegetation recovery [26]. Consequently, the effectiveness of ecological
management may depend not only on investment intensity but also on the amount of
residual vegetated land available for restoration. This interpretation is consistent with
previous studies showing that vegetation recovery in urban and peri-urban areas is strongly
constrained by the availability of remnant vegetation and landscape conditions [64]. In
Handan and similar cities, relatively lower sealing pressure may therefore have allowed
existing vegetation to respond more effectively to improved water availability, favorable
microclimatic conditions, and sustained ecological management after 2012.

However, the proposed land-release effect should be regarded as a plausible explana-
tory hypothesis rather than direct evidence of causality. The exceptionally high indirect
effect estimated for Handan should still be interpreted with appropriate caution. Part of
its magnitude may be influenced by the relatively coarse spatial resolution of the NDVI
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dataset, the differential sensitivity of NDVI to land-cover characteristics such as leaf wa-
ter content and phenological variation across cities, and the theoretical zero-impact line
assumption used to infer indirect effects. Future studies using higher-resolution land-use
and vegetation datasets are needed to reduce methodological uncertainty and to further
validate the magnitude of indirect effects at finer spatial scales.

This hypothesized land-release effect implies that indirect vegetation recovery is not
simply a function of policy investment or ecological awareness. Rather, it may depend
critically on the residual stock of natural vegetation at the time of intervention. Cities
that have already sealed most of their surfaces may face a much lower ecological recovery
ceiling, regardless of subsequent greening expenditure [65,66]. If confirmed, this hypothesis
would carry immediate planning implications: the window for cost-effective ecological
enhancement may narrow as horizontal expansion proceeds.

4.4. A Stage-Dependent Trade-Off Framework

Taken together, our findings suggest that urbanization does not degrade vegetation
in a linear fashion. Instead, its net ecological outcome appears to reflect a dynamic trade-
off between direct displacement (negative) and indirect enhancement (positive), with
the balance shifting systematically across urbanization stages. Although these pathways
could be combined into a net effect, we retain their separate evaluation to distinguish the
mechanisms of vegetation loss and compensation. We tentatively propose a three-stage
framework for the BTH region.

During 1992-2002, direct effects dominated and indirect effects were minimal. Ur-
banization was driven by infrastructure construction and industrial land demand, with
little coordinated ecological investment [67,68]. The net vegetation impact was strongly
negative. During 2002-2012, direct effects peaked while indirect effects began to rise.
The 2008 Olympics catalyzed regional greening initiatives, and direct and indirect effects
moved in parallel rather than in opposition [69]. During 2012-2022, indirect effects in-
creased markedly and began to offset direct losses in moderately and slowly expanding
cities. By 2022, indirect effects exceeded 40% in multiple cities, and moderately expand-
ing agglomerations recorded higher indirect effects than rapidly expanding ones for the
first time.

Most notably, the period 2012-2022 is characterized by a clear divergence between
direct and indirect effects, indicating a structural shift in urban vegetation dynamics. This
divergence suggests that urbanization impacts are no longer governed by a single cou-
pled response, but instead by two distinct pathways. Direct effects remain constrained by
irreversible land conversion, exhibiting a persistent “lock-in” behavior with limited tem-
poral reversibility. In contrast, indirect effects follow a cumulative enhancement pathway
driven by long-term ecological management and environmental regulation, resulting in
progressively increasing vegetation gains after 2012. Together, these two pathways indicate
a partial decoupling of urban vegetation dynamics after 2012, in which physical land con-
version establishes a stable negative baseline, while ecological interventions increasingly
determine deviations above this baseline.

This framework offers a perspective that reframes the urbanization-ecosystem debate
from a narrative of inevitable degradation to one of managed trade-offs. The key variable
may not be urbanization per se, but rather the trajectory and speed of expansion. Fast,
high-intensity sealing exhausts the land-release potential early, locking cities into a high-
direct-effect regime [70]. Moderate expansion preserves the ecological substrate needed for
indirect effects to mature. For regional planners, this means that ecological compensation
should prioritize cities in the moderate-expansion category, where the marginal return on
greening investment is highest.
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4.5. Limitations, Policy Implications and Future Outlook

Several limitations warrant mention. The nighttime light data used to extract built-up
areas are affected by mixed-pixel effects in urban—rural transition zones and radiometric
saturation in highly urbanized cores [71,72], which may lead to overestimation of peri-
urban expansion intensity and underestimation of built-up extent in dense urban areas.
Although the extraction thresholds were calibrated using official statistical records and
achieved acceptable accuracy, residual uncertainties remain due to sensor limitations and
cross-resolution inconsistencies with reference datasets. The NDVI dataset also introduces
scale-related uncertainty. Although resampling was applied, the original coarse resolution
(~8 km) cannot be improved, which may smooth fine-scale vegetation heterogeneity and
weaken the detection of localized ecological responses to urban expansion gradients. In
addition, the sector-based analysis relies on a fixed centroid (1992) to ensure temporal com-
parability, but does not account for centroid migration during long-term urban expansion.
Although the compactness index provides an intuitive measure of urban form, additional
landscape metrics (e.g., Aggregation Index and Fractal Dimension) could provide a more
comprehensive characterization of urban morphology. Moreover, the assumption of a
linear relationship between impervious surface expansion and NDVI-based vegetation
responses, although widely used [7,25,73], may oversimplify potentially nonlinear urban
ecological processes. At the statistical level, the relatively small number of cities in the
GeoDetector analysis limits cross-city inferential robustness, and the results should there-
fore be interpreted as indicative rather than strictly generalizable. Finally, the absence of
explicit future scenario modeling and cross-regional comparison (e.g., with the Yangtze
River Delta and Pearl River Delta) constrains the extrapolation of findings beyond the
Beijing-Tianjin—Hebei region. In addition, some socioeconomic drivers such as policy shifts,
migration dynamics, and industrial restructuring were not explicitly incorporated, which
may introduce unobserved heterogeneity. Future studies should address these limitations
by integrating higher-resolution satellite observations (e.g., Landsat, Sentinel-2), nonlinear
modeling frameworks, and multi-regional comparative designs.

These limitations do not undermine the central message. Our results demonstrate
that the BTH region has entered a post-2012 phase where indirect vegetation enhancement
is increasingly compensating for direct losses, particularly in cities that have not yet ex-
hausted their residual green space. This offers cautious optimism that coordinated regional
planning and well-designed ecological compensation can mitigate the vegetation impacts
of continued urban growth. However, the persistently high direct effects in megacities such
as Beijing underscore an irreversible physical constraint. Future urbanization in the BTH
region must therefore prioritize vertical and infill development over horizontal expansion
to preserve the remaining vegetated surfaces that sustain indirect recovery.

5. Conclusions

Using nighttime light data and statistical yearbooks, we mapped built-up areas in the
Beijing-Tianjin—-Hebei (BTH) region from 1992 to 2022. We then characterized their expan-
sion across five dimensions: speed, intensity, compactness, centroid shift, and directional
bias. We further separated the direct and indirect effects of this expansion on vegetation
growth at both the agglomeration level and the individual city level. The main findings are
summarized as follows:

(1) Four distinct patterns of urban expansion emerged. Beijing expanded in concentric
rings, Tianjin developed as a dual-core city, cities in eastern and southern Hebei
followed leapfrog trajectories, and Zhangjiakou and Chengde in the northwest
exhibited topography-constrained expansion. Beijing and Tianjin sustained high-
intensity growth throughout the study period, with peak expansion rates exceeding
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70 km?-yr~!. In contrast, cities in northern and western Hebei expanded at rates
below 5 km?-yr—1.

(2) The ecological responses of vegetation exhibited a profound divergence between direct
effects and indirect effects. Rapidly expanding agglomerations showed persistently
strong direct negative effects. These peaked at —54.47% at the agglomeration scale in
2007 and reached —67.43% at the city scale in Beijing by 2022. By contrast, moderately
and slowly expanding cities developed pronounced positive indirect effects after
2012, the highest of which reached 64.85% in Handan in 2022.

(8) The contrasting vegetation responses support the proposed land-release effect: mod-
erate expansion leaves behind remnant vegetated patches that may complement
artificial greening, whereas rapid surface sealing risks exhausting this ecological
buffer prematurely. Thus, the net effect of urbanization on vegetation depends less
on expansion intensity alone than on the growth trajectory and on how much green
space survives the expansion process.

From a management perspective, our findings suggest that the ecological redline
policy in the BTH region should be further refined to account for the spatial heterogene-
ity of indirect vegetation effects, particularly in cities where positive indirect effects are
strongest. Such differentiated ecological management may help maximize the ecological
benefits of urban greening while minimizing vegetation loss associated with rapid urban
expansion. Future studies should integrate higher-resolution long-term NDVI datasets to
better capture vegetation dynamics in heterogeneous urban environments. In addition,
further investigation of the ecological mechanisms underlying indirect vegetation effects
is needed to improve our understanding of vegetation responses under different urban
expansion trajectories.
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