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Abstract: Urban expansion encroaches on green spaces and weakens ecosystem services,
potentially leading to a trade-off between ecological conditions and socio-economic growth.
Effectively coordinating the two elements is essential for achieving sustainable develop-
ment goals at the urban scale. However, few studies have measured urban–ecological
linkage in terms of trade-off. In this study, we propose a framework by linking the degraded
ecological conditions and urban land use efficiency from a return on investment perspec-
tive. Taking a rapidly expanding city as a case study, we comprehensively quantified
urban–ecological conditions in four aspects: urban heat island, flood regulating service,
habitat quality, and carbon sequestration. These conditions were assessed on 1 km2 grids,
along with urban land use efficiency at the same spatial scale. We employed the slack-based
measure model to evaluate trade-off efficiency and applied the geo-detector method to
identify its driving factors. Our findings reveal that while urban–ecological conditions
in Zhengzhou’s periphery degraded over the past two decades, the inner city showed
improvement in urban heat island and carbon sequestration. Trade-off efficiency exhibited
an overall upward trend during 2000–2020, despite initial declines in some inner city areas.
Interaction detection demonstrates significant synergistic effects between pairs of drivers,
such as the Normalized Difference Vegetation Index and building height, and the number
of patches of green spaces and the patch cohesion index of built-up land, with q-values of
0.298 and 0.137, respectively. In light of the spatiotemporal trend of trade-off efficiency and
its drivers, we propose adaptive management strategies. The framework could serve as
guidance to assist decision-makers and urban planners in monitoring urban–ecological
conditions in the context of urban expansion.

Keywords: urban land use efficiency; ecological condition; SBM model; trade-off efficiency;
urban–ecological linkage

1. Introduction
Urban expansion is a rapidly evolving global concern that has gained significant

attention. Recent data reveal that the urbanization rate in many developed countries has
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exceeded 85% and is still increasing [1]. China is also experiencing rapid urban growth,
with the urbanization rate rising from 50% to 64% over the past decade [2]. Although
urbanization drives economic growth and contributes to social development, this anthro-
pogenic process usually encroaches on green spaces, which provide multifarious ecosystem
services that are essential for maintaining regional ecological conditions [3]. For example,
Peng et al. [4] demonstrated that the surface urban heat island range and intensity in urban
expansion areas has significantly increased by 71% and 81% in 31 major Chinese cities,
respectively. Yue et al. [5] reported that the habitat quality has shown a marked decline in
about 30% of the Chinese border areas since 1985 due to built-up land expansion.

From a global perspective, urban–ecological trade-offs are widely evident. For ex-
ample, Kabisch and Haase [6] demonstrated that numerous European cities experienced
significant ecological deterioration due to commercialization, real estate development,
and population growth during urbanization. In Africa, urban expansion coupled with
overexploitation of natural resources has resulted in extensive losses of farmland, forests,
and natural areas. Environmental conditions within these rapidly growing urban areas
have severely deteriorated. Climate change has further exacerbated these issues, with cities
like Lagos, Addis Ababa, and major South African urban centers experiencing intensified
flooding and urban heat island effects [7].

In response to the ecological pressure, cities worldwide have implemented various
measures such as green infrastructure development, urban forest restoration, and sustain-
able land use policies to mitigate urban–ecological degradation and enhance ecosystem
services [8,9]. The Chinese government has also adjusted its development philosophy to
ecological civilization since 2013, committing to achieve sustainable developments [10].
Several greening projects and land use policies, such as intensive land use and ecological
redline policies, have been proposed to restrict the extensive expansion of built-up land
and maintain a balance between urban development and ecological conditions [11–13].
These measures have measurably improved the vegetation cover and ecological conditions
in many Chinese cities [14]. However, despite this progress, Chinese cities are continuing
to expand and built-up areas are projected to increase by 48% by 2050 [15]. It is fore-
seeable that the conflict between urban expansion and ecological conditions will persist
for a long time, highlighting the significance of monitoring urban–ecological dynamics,
which has also attracted growing attention from urban planners, policymakers, and the
academic community [16].

Several studies tend to explore the urban–ecological linkage by quantitatively explain-
ing the adverse impacts of urban growth on urban–ecological conditions [17–20]. Except
for the explanatory approaches, different approaches have been developed to examine
this relationship. For instance, the coupling coordination degree model is widely used to
assess the urban–ecological relationship [21]. However, the model assumes an optimal
state where both urbanization and ecological conditions reach their maximum levels simul-
taneously. The Environmental Kuznets Curve, another frequently applied theory, suggests
that ecological conditions may initially deteriorate but eventually improve as development
reaches a certain threshold [22]. In addition, studies prove a negative correlation between
ecological conditions with urban development. For instance, some development-related
indicators, including public services, urban population, GDP, etc., are negatively correlated
with eco-environmental elements [23–25]. Given the negative relationship, some studies
try to measure the urban–ecological linkage from a trade-off perspective, and even treat
the degraded ecological conditions as an opportunity cost of urban development [26,27].

However, existing studies on urban–ecological relationships have several limitations.
For instance, many evaluations typically focus on single ecological issues such as habitat
degradation, urban heat island, or flood risk, lacking a comprehensive perspective [28–30].



Remote Sens. 2025, 17, 212 3 of 21

Although a number of studies attempt to synthetically capture the degraded ecological
conditions arising from urban expansion, the employed indicators are vague: specifically,
the volume of discharged urban waste, amounts of renewable energy usage and water
resources per capita, albeit not directly associated with the ecological conditions, are often
used as evaluation metrics by combining with different weights [31–33]. In addition, studies
tend to be carried out at the county level or at larger scales using statistical data, making it
challenging to support regional decision-making in urban planning [34,35].

Urban expansion may lead to extensive land use, especially when not properly
planned. This low-density or disorganized land development may encroach on green
spaces without fully realizing its economic and social potential [36,37]. In contrast, different
green spaces provide varying levels of ecosystem services owing to factors like location,
vegetation type, and landscape pattern [38,39]. Given the limited land resources, urban
expansion creates a potential trade-off between socio-economic output and ecological op-
portunity cost, and the trade-off efficiency can be further determined by the effectiveness
of replaced green spaces and developed built-up land. While the trade-off relationship
has been widely corroborated in studies involving urban–ecological interaction [23,25],
there has been little research on measuring the urban–ecological linkage in terms of the
effectiveness trade-off between green space and built-up land.

Consequently, to address these research gaps, this study aims to propose a trade-off-
based evaluation framework that links the effectiveness of green spaces and built-up land
from a return on investment. Using a rapidly developing Chinese city of Zhengzhou as
a case study, the framework quantifies the urban–ecological conditions in four aspects to
reflect the effectiveness of green spaces and applies urban land use efficiency to indicate
the effectiveness of built-up land. From a return on investment perspective, we adopt the
slack-based measure model to evaluate the trade-off efficiency by considering the degraded
ecological conditions as input and treating urban land use efficiency as output. Therefore,
trade-off efficiency is a measure that evaluates the cost effectiveness between urban de-
velopment and its impacts on ecological conditions. A desirable trade-off efficiency can
be achieved when using less ecological opportunity costs to yield higher urban develop-
ment return. Furthermore, the geo-detector method is employed to identify which factors
significantly influence the spatial variations in trade-off efficiency.

2. Methods and Materials
2.1. Study Area

Located in the heart of China, Zhengzhou is a bustling metropolis known for its rapid
growth and large population as the capital of Henan province. The city has a moderate
continental monsoon climate, marked by four distinct seasons and an average yearly
rainfall of roughly 650 mm. During the peak of summer, air temperatures can soar above
35 ◦C. Over the past two decades (2000–2020), the city’s population has doubled from about
6 million, reaching a total of 12.6 million. This has led to an increase in the urbanization
rate to 79.1% and a rapid expansion of the built-up area.

The boundary and location of the study area are depicted in Figure 1. According to
Zhengzhou Territorial Spatial Planning (2020–2035), the expansion of the main urban area
is primarily restricted within the city’s outer ring road. Since this study mainly focuses
on urban–ecological linkage, we defined this boundary as the study area. Additionally, in
most Chinese cities, urbanization typically decreases along with the urban–rural gradient.
The area within the inner ring road can be regarded as the inner city, with development
intensity gradually tapering off from this inner boundary outside.
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Figure 1. Location and boundary of the study area.

2.2. Methodology

Green spaces provide a variety of ecosystem services, which enhance surrounding
ecological conditions through ecosystem processes and flows [40,41]. However, these
benefits are often weakened when the green spaces are converted to impervious built-up
land during urban sprawls [42]. However, built-up land is essential for providing space
for human activities such as living and production, and its expansion is usually related to
socio-economic development [43,44]. Therefore, urban expansion may cause a trade-off
between the two elements [45]. However, during urban expansion, the effectiveness of the
replaced green spaces and the developed built-up land differ, resulting in variations in this
trade-off, and the urban–ecological linkage can thus be evaluated through the trade-off
efficiency (ToE). Among the ecosystem services provided by green spaces, regulating and
supporting services have the most significant impact on ecological conditions and are
particularly sensitive in the context of urban expansion [46,47]. Therefore, we identified the
urban–ecological conditions across four dimensions to capture the effectiveness of green
spaces, including the urban heat island (UHI), flood regulating services (FRSs), habitat
quality (HQ), and carbon sequestration (CS). These aspects are widely recognized and
commonly used in studies involving urban ecosystems [48,49]. As opposed to urban–
ecological conditions, ULUE is a dimensionless variable and is widely used as a proxy for
the effectiveness of built-up land [50,51].

The methodological framework for this evaluation is depicted in Figure 2. We first
quantified the urban–ecological conditions in the four aspects for three periods (2000,
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2010 and 2020) on 1 km2 grids using remote sensing retrieval, hydrological models and
spatial quantitative models. The ULUE was also calculated at the same resolution by fusing
geospatial data for unitary comparison with ecological conditions. The slack-based measure
(SBM) model was introduced to evaluate the ToE between the effectiveness of green spaces
and built-up land with the four degraded ecological conditions as the input variables, while
the ULUE was the output parameter. Then, this study used a geo-detector to analyze the
drivers affecting the ToE. We finally proposed adaptive management strategies in light of
the spatiotemporal trend of ToE and its drivers. It should be noted that this study excludes
water bodies. We retrieved the normalized difference water index from Landsat imageries
and extracted the water bodies for the three periods. All spatial data falling onto the water
bodies were defined as void. The component described in Figure 2 will be elaborated in the
following sections.
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2.3. Quantification of Urban–Ecological Conditions
2.3.1. Urban Heat Island

Urban expansion encroaches green spaces and disturbs its landscape pattern, weaken-
ing cooling services [52]. We quantified the ecological opportunity cost using the widely
adopted urban–rural dichotomy method [53], as described in Equation (1).

UHIi = LSTi − LSTbackground (1)
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where UHIi is the urban heat island on the ith assessment unit; LSTi is the average land surface
temperature on the ith assessment unit; and LSTbackground is the background temperature.

To characterize the land surface temperature, we obtained all available Landsat Col-
lection 2 level-2 products for the three periods through the Google Earth Engine. We
implemented a quality assessment-based cloud masking protocol exclusively within the
study area’s boundaries to maximize image availability. First, we conducted a cloud-
masking function to detect and remove high-confidence clouds and their shadows by
examining the cloud (Bit 3), cloud confidence (Bit 4), and cloud shadow (Bit 5) information.
Then, using GEE’s reduceRegion method, we computed the ratio of cloud pixels to total
pixels within the study area, selecting images where this ratio did not exceed 5%. For each
qualified image, we derived LST values by applying the multiplicative scale factor and
offset as specified in the USGS guidelines [54]. We used a maximum value composite from
the LST time series to represent the most severe urban heat conditions.

The background temperature is a key factor for this method and was extracted through
the following steps [55]: (1) we used a 1 km × 1 km moving window method to count the
proportion of built-up land based on land use data and generated the built-up intensity
map; (2) using 50% built-up area as a threshold, contiguous areas with built-up land over
50% were merged to form the urban core area; (3) the average land surface temperature in
the equal-area surroundings of the urban core area, excluding water bodies, their 300 m
buffers, and areas with ±50 m of average topographic elevations, was used to extract the
background temperature.

2.3.2. Flood Regulating Service

The growth of built-up land usually alters the local natural hydrological cycle, un-
dermining the regional FRS, which may generate extra runoff during rainfall events and
trigger flooding risk [56]. We employed the SCS-CN model to quantify the spatiotemporal
change in FRS for the trade-off evaluation. This is an empirical hydrological model used
for the spatial quantification of runoff generated during precipitation events. However,
the model neglects the impact of topographic factors on hydrological processes. For the
purpose of more accurate assessments, we adopted Huang’s slope modification in the
model, which considers the impact of slope on runoff infiltration by modifying the CN
value [57]. The higher the runoff depth under a specific rainfall event, the worse the FRS.
The runoff depth by this modified model can be quantified by Equations (2)–(5).

runo f f =

{
(P−Ia)

2

P−Ia+S , P ≥ Ia

0 , P ≤ Ia
(2)

Ia = λ × S (3)

CNs =
322.79 + 15.63slope

slope + 323.52
CN (4)

S = 25400/CNs − 254 (5)

where runoff is the generated runoff quantity during the precipitation event; P is the rainfall
event, which is set to 20-year return period rainfall in accordance with the Zhengzhou City
flood control standards; Ia is the initial loss due to depression storage; λ is the initial loss
coefficient, which is 0.2 according to the United States Department of Agriculture; S is the
maximum retention of soil; CN is the curve number determined by land cover and soil
type; CNs is the modified curve number by slope; and slope is the slope.

The data source applied for the modified SCS-CN model can be found in Supplementary
Materials S1.
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2.3.3. Habitat Quality

Green spaces purvey habitat services for organisms. However, urban expansion
inevitably results in habitat loss and fragmentation, in turn leading to biodiversity loss. The
HQ, quantified by the InVEST model, is frequently used in biodiversity assessment [58].
The InVEST model can output the HQ with better spatial visualization. This enables us
to identify areas where the habitats are experiencing degradation due to built-up land
encroachment and further evaluate the ToE between the degradation and the return of
urbanization. The parameter settings of the InVEST model and the quantification of the
HQ are detailed in Supplementary Materials S2.

2.3.4. Carbon Sequestration

Green spaces are important sites for CS and play a significant role in slowing down
global warming and achieving carbon neutrality [59]. Built-up land expansion, however,
may jeopardize terrestrial CS capacity [60]. Net primary productivity is the total amount of
organic material produced by plants through photosynthesis minus the organic material
consumed by the plants’ respiration in an ecosystem, and the process essentially represents
CS. We apply the NPP conversion method to quantify this ecological opportunity cost, as
expressed by Equation (6).

CS = NPP × α (6)

where CS is the amount of carbon sequestration; α is the conversion coefficient between
net primary productivity and CO2, equal to 1.63 based on the estimated carbon content in
plant biomass [61]. The net primary productivity refers to GLASS Product suite [62], and
its data source can be found in Supplementary Materials S1.

2.3.5. Data Normalization

From a return on investment perspective, UHI and FRS (runoff depth) serve as positive
indicators, where higher values correspond to worse ecological conditions and greater
ecological opportunity cost. In contrast, HQ and CS are negative indicators, with higher
values suggesting better ecological conditions and lower opportunity cost. Therefore,
these indicators with different directions need to be normalized to represent ecological
degradation. It should be noted that in the SBM model, a non-parametric model used
for measuring relative efficiency, linear transformation has no impact on the results. The
former two positive indicators were normalized using Equation (7), while HQ and CS were
normalized using Equation (8).

Xp =
Xi − Xmin

Xmax − Xmin
(7)

Xn =
Xmax − Xi

Xmax − Xmin
(8)

where Xp and Xn are the normalized values for positive and negative indicators, respec-
tively; Xi is the value of the ith assessment unit; and Xmax and Xmin are the maximum and
minimum value across the three periods.

2.4. Quantification of Urban Land Use Efficiency

ULUE can be spatially evaluated at a finer resolution by combining geospatial data,
overcoming the limitations of traditional land use efficiency assessment methods that
are conducted at the county level [63]. The carrying capacity of the population and the
economic output are two crucial elements in the effectiveness of built-up land, and they are
commonly used to quantify the ULUE [51]. Referring to Guo et al. [50] and Lu et al. [64],
this study quantified ULUE using area-weighted nighttime light and population density
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layers, shown in Equations (9)–(12). These two indices enabled us to assess the extent of
artificial utilization of urbanized areas with visible human activities, which is a “white
box” method. The ULUE is normalized with respect to the maximum value to facilitate
direct comparison across three periods. ULUE is a positive variable and the higher ULUE
corresponds to the greater effectiveness of the built-up land.

NTLi =
k

∑
m=1

NTLm/k (9)

Popi =
k

∑
m=1

Popm/k (10)

ULUEi = NTLi × Popi (11)

where NTLi and Popi represent the nighttime light and population density of the ith
assessment unit, respectively; NTLm and Popm are the nighttime light and population
density of the mth built-up land pixel; and k is the count of built-up land pixels within
the ith assessment unit. ULUEn

i is the normalized urban land use efficiency of the ith
assessment unit, while ULUEmax is the maximum urban land use efficiency for the three
periods. The nighttime light data refer to the harmonized global nighttime light dataset [65];
the population density is based on the WorldPop dataset. The data source can be found in
Supplementary Materials S1.

2.5. Trade-Off Efficiency Evaluation: Slacks-Based Measure Model

The SBM model was first introduced by Tone, which is an improved form to the
traditional Data Envelopment Analysis model [66]. The model directly introduces slack
variables into the objective function in a non-radial manner, making it flexible and accurate
in efficiency evaluation. Specifically, the model generates a production-possibility frontier
based on input and output variables and calculates the distance that considers the slack
improvement of each DMU to the frontier. The farther the distance, the lower the relative
efficiency. In terms of proposed effectiveness trade-off between green spaces and built-up
land, as well as the return on investment perspective, we set the ecological opportunity cost
as input while the ULUE was the output. Additionally, 1 km2 grids were set as the basic
assessment units, which are the DMUs. A higher ToE indicates efficient urban–ecological
linkage, with more socioeconomic output generated at lower ecological costs. The ToE
quantified by the SBM model is shown below:

ρ = min
1 − 1

m

m
∑

i=1
s−i /xio

1 +
1
s

s
∑

r=1
s+r /yro

s.t



x0 = Xλ + s−

y0 = Yλ − s+

s− ≥ 0
s+ ≥ 0
λ ≥ 0

n
∑

j=1, ̸=0
λj = 1

(12)

where ρ is the ToE ranging from 0 to 1 and where 1 indicates full efficiency as well as
desirable effectiveness trade-off between green spaces and built-up land; m, s and n are
the number of inputs, output and DMUs, respectively; inputs and outputs are represented
by two vectors: x ∈ Rm, y ∈ Rs; X is the input matrix, X = [x1, x2 · · · xn] ∈ Rn×m, which
contains the normalized ecological conditions for each assessment grid; Y is the output
matrix, Y = [y1, y2 · · · yn] ∈ Rn×s, which contains the normalized ULUE for each assess-
ment grid; and s− and s+ are input and output slacks, respectively, and if the two variables
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simultaneously equal 0, the DMUs are fully efficient. Otherwise, the DMUs are relatively
inefficient, with a ToE value less than 1, demonstrating that these DMUs have room for
improvement compared to the efficiency frontier in terms of input and output; that is, the
assessment grids remain aspects to improve ULUE or ecological conditions.

2.6. Driver Detection for Trade-Off Efficiency

This study evaluates ToE on equal-area assessment units (1 km2 grids). The equal-area-
based evaluation neglects the quality factors, such as landscape pattern, NDVI (quality of
green spaces), and building height (quality of built-up land), which could be drivers for
the regional difference in ToE. Therefore, we used the geo-detector to explore the quality
influencing factors to ToE in 2020. This is a spatial statistical model that detects the relative
influence of driving factors on the target variable through the q-value (ranging from 0 to 1),
where a larger q-value indicates stronger explanatory power. This tool also includes an
interaction detector, which can identify whether the combined influence of two factors is
enhanced or weakened compared to their individual effects [67].

The equation of the factor detector is as follows:

q = 1 − 1
Nσ2

L

∑
h=1

Nhσ2 (13)

where q is the explanatory ability of drivers; L is the number of categories; Nh and N are
the number of units in layer h and the entire region, respectively; and σ2 is the variance
of the indicator. The q-values range from 0 to 1, and the higher the q-value, the stronger
explanatory ability for spatial heterogeneity.

The interaction detector assesses how the interactive effect of a pair of drivers impacts
the explanatory ability for the dependent variable, or whether these factors have indepen-
dent impacts on the dependent variable [68]. This step is conducted by calculating the
q-value for each individual indicator and the q-value for the interaction between the two
indicators. Then, by comparing the individual indicator q(X1) and q(X2), and the interactive
couple q (X1∩X2), we can evaluate the level of their interactive effect.

Twelve landscape indices were initially selected based on the ecological significance in
three aspects of fragmentation, shape, and aggregation of patches. We applied the moving
window approach in Fragstats software (version 4.2) to spatially analyze these landscape
indices. We tested window sizes of 60 m, 90 m, 120 m, 150 m, and 180 m. Among these,
the 150 m window size provided a visually smooth representation, making it the preferred
scale for subsequent analysis. Then, we conducted the multicollinearity test and finally
retained number of patches (NPs), landscape shape index (LSI) and patch cohesion index
(Cohesion) with variance inflation factor values < 7.5. Moreover, we selected the NDVI
and mean building height as the quality indicators of green spaces and built-up land. The
distance to water bodies was used to analyze the contribution of blue infrastructure to
the ToE.

3. Results
3.1. Spatiotemporal Variations in Ecological Conditions

Figure 3a–l present the spatiotemporal variations in urban ecological conditions. We
employed the Jenks natural break point method to categorize them into five degrees for
uniform comparison across the three periods.
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3.1.1. Spatiotemporal Pattern of Urban Heat Island

The analysis of UHI patterns for the three periods (Figure 3a–c) reveals pronounced
temporal variations with significant spatial heterogeneity. In 2000, the highest UHI level
(9.5–13.7) was primarily clustered within the urban core area, and the thermal environment
was more desirable in the periphery. The higher UHI levels spread from the inner city
to outside afterwards. In 2020, in particular, the UHI presented a polycentric trend, with
the highest levels more dispersed around the outskirts, while the situation was slightly
alleviated in the core area. In general, the UHI showed an upward trend, with the most
severe thermal environment observed in 2020.

3.1.2. Spatiotemporal Pattern of Flood Regulating Service

Figure 3d–f reveal the spatiotemporal variations in FRS, where higher runoff depths
indicate worse flood regulating conditions. The higher the runoff depth, the worse the
flooding regulating service. There is a similar spatial pattern across the three periods. The
better FRS was mainly aggregated around the surroundings, while the worse condition was
mostly concentrated in the city center, where the runoff depth was above 58.5 mm for the
20-year rainfall return period. With urban sprawl, the peripheral FRS has aggravated. In 2000,
the outlying areas generally provided optimal FRS with runoff depths of 26.8–40.8 mm, while
only a few areas offered optimal flood control service in 2020 in the northeast and southwest
ecological zones. Overall, the FRS has significantly deteriorated with urban expansion over
the last two decades.

3.1.3. Spatiotemporal Pattern of Habitat Quality

HQ exhibited distinct spatial patterns across the study period (Figure 3g–i) and gen-
erally decreased from the inside to the outside, showing a similar spatial pattern across
the three periods. The superior HQ level (0.21–0.29) was mostly scattered around the
periphery in 2000 and 2010, while this level occupied a very small proportion in 2020,
sporadically distributed around the ecological zone in the northeastern and southwestern
edges. Overall, due to the rapid urban development, the general level of HQ has obviously
declined since 2000, and most areas had the lowest HQ level of 0–0.06 in 2020.

3.1.4. Spatiotemporal Pattern of Carbon Sequestration

CS underwent notable changes (Figure 3j–l). The spatial pattern of CS was generally
comparable across the three periods, increasing from the city heart to the periphery, and
the five levels of CS generally had even proportions. The highest CS capacity of 662.6–917.3
was mostly concentrated in the western tip for the first two periods, while it was relatively
interspersed around the fringe in 2020. Overall, the CS level was most desirable in 2000,
reached its lowest level in 2010, and showed relative improvement in 2020, displaying a
U-shaped trend.

3.2. Spatiotemporal Variations in Urban Land Use Efficiency

The spatiotemporal variations in ULUE are illustrated in Figure 4a–c. There is a
comparable spatial pattern of ULUE across the three periods, generally decreasing from the
inner city outwards. In 2000, the higher ULUE existed only in the inner city with a smaller
area, while the ULUE in the outer city mostly showed the lowest level of 0.05–0.15. With
the encroachment of built-up land on green spaces, the ULUE improved in 2010, although
a few spots in the inner city showed a downward trend and there were still numerous areas
with lower ULUE in the periphery. The overall ULUE was significantly enhanced in 2020,
where quarters with higher were more scattered in the outskirts rather than concentrated
within the inner city, demonstrating a polycentric development pattern. As a whole, ULUE
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has increased significantly over the past two decades, and the improvement in the period of
2010–2020 is more pronounced than in the period of 2000–2010, suggesting that the growth
speed of the city is accelerating.
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3.3. Spatiotemporal Variations in Trade-Off Efficiency and Descriptive Statistics

The spatiotemporal patterns of ToE are illustrated in Figure 5a–c, while their statistical
distributions across the three periods are visualized through violin plots in Figure 6. The
direction of ToE changes for each assessment unit during 2000–2010 and 2010–2020 is
quantified in Figure 7a and 7b, respectively.
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The spatial pattern of ToE across the three periods is similar, with areas of higher ToE
mainly aggregated within the inner city. Generally, ToE decreases from the inside to the
outside. In 2000, ToE was the lowest among the three periods, with most spots showing
the lowest levels of ToE outside the urban core area. By 2010, ToE had relatively improved,
with the median and highest probability density of ToE increasing from 0.15 and 0.11 to
0.18 and 0.17, respectively. Despite the overall improvement, 37.1% of areas, primarily
aggregated in the inner city and eastern tip, experienced a deterioration in ToE.

The improvement in ToE was more pronounced from 2010 to 2020 than from 2000
to 2010. The median and highest probability density of ToE increased to 0.24 and 0.22,
respectively, compared to 2010. There are 78.8% of spots where ToE was improved, higher
than the figure of 62.9% in the previous interval. In 2020, areas with lower ToE were mostly
dispersed in the periphery. In contrast, spots within the inner city, sub-centers in the north,
and adjacent to ecological zones such as water bodies, wetlands, and forests demonstrated
desirable ToE. Notably, the highest ToE of 1 was observed in 2020 within the city center
near Longhu Park, whereas the highest ToE was 0.63 in 2000 and 0.58 in 2010.
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In short, ToE has significantly improved over the last two decades. However, in some
areas, especially within the inner city, ToE initially decreased in 2010 and then increased in
2020, exhibiting a U-shaped trend, suggesting that the improvement is uneven, and spatial
disparity remains prominent from a local perspective.

3.4. Driving Mechanism of Trade-Off Efficiency

The results of single-factor detection are shown in Table 1. Among the landscape in-
dices, NP_gs, LSI_gs, NP_bl, and LSI_bl are not statistically significant, with p-values > 0.05.
Although the other two landscape indices, Cohesion_gs and Cohesion_bl, are significant,



Remote Sens. 2025, 17, 212 14 of 21

their q-value is only 0.083 and 0.098, respectively. This suggests that, irrespective of green
spaces or built-up land, their landscape patterns as single drivers have a slight impact
on ToE.

Table 1. Result of single factor detector. Abbreviation: green spaces (gs); built-up land (bl).

NP_gs
(X1)

LSI_gs
(X2)

Cohesion_gs
(X3)

NP_bl
(X4)

LSI_bl
(X5)

Cohesion_bl
(X6)

NDVI
(X7)

Building
Height

(X8)

Distance to
Water Bodies

(X9)

q statistic 0.009 0.014 0.083 0.009 0.025 0.098 0.105 0.178 0.047
p value 0.332 0.121 0 0.28 0.126 0 0 0 0.007

Building height has a q-value of 0.178, indicating the highest explanatory power
among the factors, followed by NDVI with an explanatory power of 0.105. The distance to
water bodies also has less impact on ToE. In terms of single-factor detection, ToE is mostly
impacted by the quality of green spaces and built-up land, that is, building height and
NDVI, rather than landscape patterns and surrounding water bodies.

The interaction detection results are shown in Figure 8. The interaction detection
reveals three different types of interaction effects: single-variable attenuation, dual-variable
enhancement, and non-linear enhancement, with 4, 10, and 31 pairs, respectively. The most
common interaction effect is non-linear enhancement, which demonstrates a significant
synergistic effect between drivers on ToE, exemplifying the effect of 1 + 1 > 2. For example,
among the landscape indices, NP_gs, despite not having a significant effect as a single
driver, shows the most significant synergistic effect with Cohesion_bl, with a q-value
of 0.137 (X6∩X1). This synergistic effect suggests that simultaneously optimizing the
landscape patterns of green spaces and built-up land could significantly improve ToE,
compared to considering a single landscape class alone.
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non-linear enhancement is q(X1∩X2) > q(X1) + q(X2).
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Among all interaction effects, the highest explanatory power is found in the pair of
NDVI and building height (X8∩X7) with a q-value of 0.298, followed by the combination
of building height and Cohesion_bl (X8∩X6), and NP_gs (X8∩X1) with a q-value of 0.297
and 0.245, respectively. Notably, there is a weaker interaction between NP_bl and building
height, suggesting that the fragmentation of built-up land undermines the impact of
building height on ToE. Furthermore, distance to water bodies, despite having minor
explanatory power as a single driver, shows a significant synergistic effect with NDVI
(X9∩X7) and building height (X9∩X8). In general, the results of interaction detection imply
that the green, gray and blue components are mutually reinforcing. Therefore, compared to
isolating these components, most effective synergistic impacts on ToE might be achieved
by optimizing them simultaneously.

4. Discussion
4.1. Reliability Test

As a rapidly expanding city and one of the major cities situated in the middle of the
Yellow River basin, Zhengzhou’s urban area has undergone rapid expansion, accompanied
by various ecological issues, such as UHI, flooding risk and biodiversity loss, etc. [69–71].
Given its representative characteristics and ecological challenges, the city’s spatiotemporal
trends of urban expansion and urban–ecological conditions have been monitored by many
scholars. In this section, the identified ULUE and urban–ecological conditions are compared
with the existing literature.

Several city-level land use efficiency studies using official statistical data have shown
that Zhengzhou’s ULUE has experienced a pronounced improvement over the past two
decades [72–74]. Although these studies used different methods, they reported trends that
were consistent with our findings.

Zhou et al. [75] demonstrated that although the mean land surface temperature in-
creased by 0.92 ◦C from 2005 to 2020, the spatial pattern of the UHI changed significantly
and became irregularly distributed. Similarly, Yang et al. [76] indicated that the UHI pattern
in Zhengzhou experienced overall exacerbation and spatial variations from 2000 to 2020.
These two features of the UHI highlighted in previous studies are in line with our results.
Guoyi et al. [77] employed GIS and Analytic Hierarchy Process methods and substanti-
ated that urban flood risk in Zhengzhou expanded from 2000 to 2020 with urbanization.
This finding was corroborated by Dai et al. [69], who showed an increased flood risk and
deteriorated flood regulating capacity due to impervious land expansion, consistent with
our study. The HQ in Zhengzhou has also experienced overall degradation due to urban
expansion over the past two decades, as reported by Zhao et al. [71] and Zheng et al. [78].
These findings are similar to ours.

Since 2013, the Zhengzhou government has initiated the forest city program to restore
ecological degradation. These projects have yielded positive outcomes, as many studies
indicated improvements in both vegetation cover and NDVI values within the inner
city [76,79,80], suggesting a spatiotemporal trend of enhanced CS. Furthermore, the ToE
within the inner city first decreased and then increased by 2020, which could also be
ascribed to the restoration measure. In summary, the identified ecological conditions and
ULUE in this study are credible and in accordance with previous studies and the city’s
greening project.

4.2. Advancements Beyond Traditional Methods

The evaluation of the urban–ecological linkage has attracted growing attention from
urban planners, policymakers, and scholars. This study presents a return on investment-
based perspective on the urban–ecological relationship by linking the effectiveness trade-off
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between green spaces and built-up land. This framework provides theoretical support
for evaluating the urban–ecological linkage and offers justification for the selection of
associated indicators. This justification distinguishes it from traditional studies that subjec-
tively choose evaluation metrics and assign their weights without theoretical basis [81]. ToE
varies depending on the effectiveness of the replaced green spaces and the newly developed
built-up land. This linkage helps determine whether urban expansion encroaches on highly
valuable green spaces or whether the development is inefficient and results in wasted land
resources. Specifically, if urban expansion encroaches green spaces providing substantial
ecological effectiveness, the ToE would be undermined compared to encroachment on bare
and unused land, which usually has less ecological effectiveness. On the other hand, if
urban land use is extensive, it would contribute less socio-economic output at given areas.
This cause of lower ToE is evident in the first period of 2000 in the outskirts, where a large
number of villages with extensive land use clustered beyond the inner city.

Furthermore, this study can be conducted at a resolution of 1 km2, which is much
finer than previous studies conducted at the county level or larger scales [35]. According
to the fundamental principles of spatial analysis, research conducted at a finer resolution
can be replicated at a coarser scale, whereas the reverse is not feasible. Moreover, the
comprehensive urban–ecological quality and ULUE are quantified primarily using open-
source data rather than locally specific statistical data as applied in previous approaches.
This allows for easy replication of the evaluation model in other cities worldwide and
facilitates uniform comparisons between cities in different countries.

4.3. Planning and Policy Implications

Although ToE has improved over the last two decades, the difference along the urban–
rural gradient remains pronounced. The lower ToE in the periphery is primarily due to
extensive land use, while the inner city is hampered by inferior ecological quality. Therefore,
strategies to enhance ToE should be tailored accordingly.

In the urban periphery, the primary goal should be improving ULUE and curbing
irrational urban sprawl. Many areas with higher ToE are adjacent to water bodies, wet-
lands, and forest parks, highlighting the critical role of these ecological areas in providing
additional ecosystem services to their surroundings. Hence, it is imperative to avoid en-
croaching on highly efficient ecological land and to eschew a development pathway of first
destruction and then restoration. Instead, urban development should be coordinated with
these ecologically conducive factors to facilitate better access to ecosystem services so as to
improve surrounding residents’ health and well-being [82,83].

In the inner city, ecological restoration should be prioritized. Interaction detection,
such as pairs of height and NDVI, and NP_gs and Cohesion_bl, highlights the necessity of
targeted high-quality green infrastructure interventions (e.g., NDVI) in highly urbanized
areas to synergistically improve ToE. Given the higher development density and fewer open
spaces, small and centralized green infrastructure can be implemented in areas suffering
from specific ecological issues. For example, trees with a lower crown temperature are
effective in microclimate regulation and can be planted as urban tree canopies as a targeted
response to the UHI [84]. Similarly, small stormwater ponds with high runoff retention and
infiltration effectiveness can be targeted in areas with poor hydrological performance to
alleviate flood pressure [85].

4.4. Limitations and Future Directions

Although this study quantifies urban–ecological conditions through four aspects—UHI,
FRS, HQ, and CS—it remains insufficient compared to the full range of benefits that green
spaces can provide. Future research should incorporate additional ecological elements such
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as soil retention, insect diversity, and pollination to present a more comprehensive view of
the urban–ecological condition. Additionally, despite their lower impact on urban–ecological
conditions, provisioning and cultural services are also crucial for human survival and well-
being. Therefore, future studies could broaden the dimension of the framework to provide a
more holistic assessment by integrating the other culturally effective aspects of green spaces,
such as esthetic value and recreation.

The application of the SBM model and geo-detector also has a few limitations. The
SBM model assumes linear relationships between inputs and outputs, which may not
fully reflect the complex, non-linear nature of urban–ecological interactions. Meanwhile,
the geo-detector results are sensitive to the classification of numerical variables and the
spatial scale of analysis units. Future research could explore more sophisticated methods to
address these limitations.

The proposed framework could also be extended to cities with diverse attributes,
including cities in different countries, cities in developing states, and cities of various
scales and geographical locations. This would enhance understanding of the drivers and
optimization pathways for ToE.

5. Conclusions
In this study, we introduce a distinct perspective on evaluating the urban–ecological

relationship by linking the effectiveness between green spaces and built-up land from a
return on investment perspective. Our findings reveal that the urban–ecological conditions
in Zhengzhou’s periphery significantly degraded over the past two decades, while an
improvement trend in UHI and CS was observed within the inner city. ULUE experienced
a pronounced improvement, particularly in the second phase (2010–2020). ToE generally
showed an upward trend, while certain areas within the inner city experienced an initial
decline followed by an increase. Factor detection indicates that building height and NDVI
have the highest explanatory power, with q-values of 0.178 and 0.105, respectively. Interaction
detection reveals significant synergistic effects between pairs of drivers, such as NDVI and
building height, and NP_gs and Cohesion_bl, with q-values of 0.298 and 0.137, respectively.

Based on the findings, we propose planning and policy suggestions. In the outskirts,
the primary tasks should focus on optimizing urban form to strengthen intensive land use
and coordinate with ecologically conducive factors to facilitate better access to ecosystem
services. The pathway of first destruction and then restoration should be eschewed, whereas
in urban core areas, small and centralized green infrastructure with higher quality (NDVI)
should be targeted in areas suffering from specific ecological issues given the synergistic
effect between gray and green factors. The developed framework could serve as a guide to
assist decision-makers and urban planners in monitoring urban–ecological conditions and
developing adaptive planning strategies to enhance urban sustainability in the context of
urban expansion.
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