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Abstract

Against the backdrop of the "Dual Carbon" goals, this study focused on the main urban area in
Chongqing. With remote sensing, land use, meteorological data from 2000, 2010, and 2020 -- we used
the CASA model to estimate vegetation net primary productivity, or NPP, which we compared to
MODIS NPP products. By combining optimal scale analysis, landscape pattern indices, the XGBoost
model and SHAP (the Shapley Additive exPlanations) interpretation methods, our study showed that
the space relationship between the blue and green landscapes and how they help to reduce the amount
of vegetation carbon sinks are associated with one another, not just by the space that the areas are in,
but by these other ways. The results indicate that from 2000 to 2020, NPP in the study area showed an
overall upward trend. High-value areas were primarily distributed in the peripheral mountains and
continuous ecological spaces, while blue-green spaces in the central urban area and densely built river
valleys exhibited greater fragmentation. Compared to the baseline model (M0) containing only
elevation and slope, the extended model (M1) incorporating landscape pattern indices significantly
improved cross-validation R? values: from 0.5954, 0.6248, and 0.5735 to 0.7996, 0.8031, and 0.7311
for the years 2000, 2010, and 2020, respectively.SHAP analysis revealed that among the selected
predictors, elevation contributed the most. PLAND (Percentage of Landscape) demonstrated a
significant predictive contribution across all three years, whereas the roles of ED (Edge Density),
SPLIT (Splitting Index), and Al (Aggregation Index) varied interannually. Nonlinear responses and
reference thresholds were identified for elevation, slope, PLAND, LPI (Largest Patch Index), and their
contributions to NPP prediction; however, SHAP contributions do not imply direct causal effects. The

study concludes that topographic backgrounds, combined with the area, fragmentation, and
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connectivity of blue-green spaces, collectively correlate with spatial variations in NPP within
mountainous cities. These findings provide a reference for optimizing ecological spaces and enhancing
vegetation carbon sink potential in the main urban area of Chonggqing.
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1. Introduction

The continued rise in greenhouse gas emissions, especially carbon dioxide (CO:), has contributed to
global warming [1] and more frequent extreme weather events, posing serious environmental and social
challenges. In response to climate change, the Paris Agreement, which entered into force in 2016,
emphasized the need to reduce greenhouse gas emissions and strengthen carbon sinks. At the 75th
Session of the United Nations General Assembly, China announced its goals of achieving carbon
peaking and carbon neutrality. Cities cover only about 3% of the world's land area but are home to
more than half of the global population and account for over 70% of carbon emissions [2]. These
figures highlight the importance of promoting low-carbon urban development in meeting China's
carbon reduction targets [3].

Urban blue—green landscapes (UBGLs) consist of green spaces and water bodies that are either
preserved or developed as cities expand. These landscapes encompass natural, semi-natural, and
artificial environments and form an essential part of urban ecosystems [4]. Urban vegetation plays an
important role in carbon sequestration, with studies suggesting that green spaces can offset 28-37% of
CO: emissions [5]. Water bodies, such as wetlands, rivers, and lakes, also contribute to carbon storage.
Wetlands, for example, occupy only 5-8% of the global land area but hold approximately 20-30% of
the world's soil carbon [6]. Beyond carbon storage, blue—green spaces may help reduce emissions by
alleviating urban heat-island effects, regulating local temperatures, and encouraging more sustainable
transport options [7]. Together, these functions make UBGLs an important part of urban carbon
management, both through carbon sequestration and through their potential to reduce emissions
indirectly [8].

Carbon sequestration in urban blue—green spaces has been studied using field surveys, remote sensing,
and various modeling approaches [9—12]. These methods have been applied to estimate carbon storage
and sequestration potential in forests, grasslands, and urban green spaces [13—16]. Among them, remote
sensing has been widely used to estimate vegetation net primary productivity (NPP) at both regional
and urban scales [17]. Researchers have also explored the factors influencing carbon sequestration,
focusing on climate and environmental conditions, including temperature, precipitation, and soil
properties [18,19], as well as land use patterns and urban tree species [20,21]. For example, Rani et al.
[22] reported that an increase in forest area was associated with higher NPP in urban environments. Li

et al. [23] found that converting cropland into forest and grassland could improve ecosystem carbon
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sequestration. More recently, studies in landscape ecology have begun to examine how the spatial
arrangement of different landscape elements influences carbon sequestration [24,25]. Several studies
have explored the relationship between landscape patterns and carbon sequestration, suggesting that
changes in landscape configuration may help improve carbon-sink capacity [26,27]. However, these
relationships are often assessed using Pearson or Spearman correlation analysis [28]. Multiple linear
regression [29,30] and geographically weighted regression are also commonly used, but they may not
adequately capture nonlinear relationships and interactions among variables [31]. To address these
limitations, machine-learning methods such as random forests, boosted regression trees, and extreme
gradient boosting have been applied in carbon-sequestration studies [32]. Although these models often
achieve good predictive accuracy, their complex structures make it difficult to explain how individual
variables affect the results. This has led to the use of interpretation methods such as Local Interpretable
Model-Agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP), which help
identify important predictors and explain model outputs [33]. LIME mainly explains individual
predictions, whereas SHAP measures the contribution of each variable and allows both local and global
interpretation [34]. SHAP is therefore useful for examining how UBGL spatial patterns relate to
carbon-sequestration performance. Nevertheless, many existing studies have focused mainly on
landscape-pattern metrics [35,36], with less attention given to the combined influence of climatic
factors, environmental conditions, and landscape configuration.

This study focused on Chongqing’s central urban area to investigate how urban blue—green landscape
(UBGL) patterns, environmental conditions, and climatic factors relate to carbon sequestration. Three
questions guided the analysis: (1) How are UBGL patterns related to carbon-sequestration performance?
(2) How do environmental conditions, climate, and landscape patterns affect urban carbon sinks

through nonlinear relationships? (3) Which of these factors contribute most to carbon sequestration?

2. Data and Methods

The analysis involved four main components: blue—green space identification, spatial scale selection,
landscape pattern analysis, and carbon sequestration assessment. Data from 2000, 2010, and 2020 were
used to limit the effects of differences in image quality and unusual climatic conditions in individual
years. Land-use and remote-sensing data were used to map blue—green spaces in Chongqing’s central
urban area. Forests and grasslands were classified as green spaces, while rivers, lakes, and reservoirs
were treated as blue spaces. The analytical scale was selected by comparing landscape metrics
calculated at different grain sizes and moving-window sizes. At the class level, landscape structure was
described using metrics of area, shape, fragmentation, aggregation, and connectivity. Vegetation net
primary productivity (NPP) was estimated using the CASA model, and the results were evaluated
against MODIS NPP products. The relationships between NPP and landscape patterns, environmental
conditions, and climatic factors were then examined using XGBoost and SHAP, with particular

attention to nonlinear responses and the relative importance of individual variables.
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2.1 Study Area

Chongqing lies in southwestern China, in the upper reaches of the Yangtze River, between
28°10-32°13' N and 105°17'-110°11" E (Figure 1). It covers an area of about 82,400 km? and has a
humid subtropical monsoon climate, with an average annual precipitation of 1,136.5 mm. The terrain
consists mainly of mountains and hills, crossed by the Yangtze and Jialing rivers. This study focused on
22 districts and counties in Chonggqing’s central urban region, covering the central city, western
Chongqing, and the eastern new urban area. The region has experienced considerable population
growth and urban development, with blue—green spaces distributed across a diverse landscape. The
Yangtze and Jialing rivers form the main blue ecological corridors, while the Jinyun, Zhongliang,
Nanshan, and Tongluo mountains provide important green ecological barriers. However, continued
urban expansion has led to the fragmentation of blue—green spaces and reduced connectivity between

them, which may affect their capacity for carbon sequestration.
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Figure 1. Location of the Study Area

2.2 Data Sources and Preprocessing

The datasets used in this study included land use, meteorological variables, vegetation type, and NPP.
The 30-m China Land Cover Dataset (CLCD) [37] was used, in which land cover is classified into nine
categories: cropland, forest, shrubland, grassland, water, snow and ice, barren land, impervious surface,
and wetland. The land-use data were reclassified in ArcGIS. Forest, grassland, wetland, and shrubland
were categorized as green space, and water bodies were categorized as blue space. This procedure
produced UBGL distribution maps for Chongqing’s central urban area in the three study years (Figure
2).
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Figure 2. Distribution of Urban Blue—Green Spaces

Meteorological data, including monthly temperature, precipitation, and solar radiation, were obtained
from the Geographic Remote Sensing Ecology Network (http://www.gisrs.cn/). Kriging interpolation
was performed in ArcGIS 10.7, and monthly rasters were aggregated into annual datasets for 2000,
2010, and 2020. All layers were resampled to 30 m resolution and clipped to the study area.
Vegetation-type maps for the three years were obtained from the same source and processed to a
consistent 30 m resolution. NDVI data were derived from Landsat imagery through Google Earth
Engine (GEE; https://earthengine.google.com/). Following cloud masking and median compositing,
monthly NDVI images were generated and stacked in ENVI 5.3 to construct annual NDVI time series.
The MOD17A3HGF NPP product, accessed through GEE, was used to validate CASA-derived NPP
estimates. This MODIS Collection 6 dataset has a spatial resolution of 500 m and has undergone
stage-3 validation. NPP data for 2000, 2010, and 2020 were extracted and processed in ArcGIS 10.7
through clipping and annual averaging to obtain annual mean NPP maps for the study area.
2.3 Methods
2.3.1 NPP Estimation Using the CASA Model
This study employed the Carnegie—Ames—Stanford Approach (CASA) model, a process-based
light-use-efficiency model originally proposed by Potter et al. [38]. The model uses remotely sensed
data to describe temporal changes in water, carbon, and nitrogen fluxes in terrestrial ecosystems and is
particularly suitable for regional-scale NPP estimation. In the CASA framework, net primary
productivity is expressed as the product of absorbed photosynthetically active radiation (APAR) and
actual light-use efficiency (¢):

()= )= () 6]
In Equation (1), NPP(x,t) denotes the net primary productivity of pixel x in month t (g C m™ month™),
APAR(x,t) is the absorbed photosynthetically active radiation (MJ m™2 month™), and g(x,t) is the actual
light-use efficiency (g C MJ™).
2.3.2 Spatial Pattern Metrics of Urban Blue—Green Landscapes

Class-level metrics were used to characterize the spatial patterns of UBGLs (Table 1), with an emphasis
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on their overall configuration. The selected metrics described the proportion, shape complexity,
aggregation, fragmentation, and connectivity of blue—green spaces. UBGL patterns in 2000, 2010, and
2020 were calculated using FRAGSTATS 4.3. Given the spatial heterogeneity and scale dependence of
urban blue—green landscapes [39], the choice of analytical scale can affect the results. Data from 2020
were used to determine a suitable scale for Chongqing’s central urban area. The land-cover map was
resampled in ArcGIS to produce raster datasets with grain sizes from 30 to 250 m, at 10-m intervals. By
comparing the responses of landscape metrics to changes in grain size, 80 m was selected for further
analysis. Moving-window size was then examined by fitting semivariograms to individual landscape
metrics and calculating their nugget-to-sill ratios. A lower ratio generally indicates stronger spatial
dependence. Based on these comparisons, a 400-m moving window was chosen to characterize the

spatial patterns of UBGLs.

Table 1. Landscape Metrics Used to Characterize Urban Blue—green Landscape Patterns

Level Metric Formula Definition

Proportional ~ abundance  of  the

Percentage of
—1 corresponding patch type in the
landscape (PLAND) = land
andscape
Largest patch index max( ) A simple measure of landscape
(LPI) B dominance

Total length of all edges involving the
Edge density (ED) =— corresponding patch type divided by

Class total landscape area

A standardized measure of total edge or

Landscape shape 0.25

=— edge density that corrects for
index (LSI) v

differences in landscape size
Aggregation  index [ (100) Frequency with which patches of the
(AI) max - same type occur adjacent to one another
. . . 2 . .
Splitting index = Square of total landscape area divided
(SPLIT) - 2 by the sum of squared patch areas
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Level Metric Formula Definition
= []_
Patch cohesion - = 1 Physical  connectedness  of  the
index (COHESION) -1 V corresponding patch type
1 _l
ok
(0< < 100)

2.3.3 XGBoost and SHAP Models
2.3.3.1 Extreme Gradient Boosting (XGBoost)
XGBoost, proposed by Chen and Guestrin [40], is an extreme gradient-boosted tree algorithm that
combines supervised and ensemble learning. The model is optimized iteratively by fitting successive
learners to the residual structure in the training data. Its objective function generally consists of a
training-loss term and a regularization term, as shown in Equation (2):

= 0O+ O) 2
where L is the training-loss function and Q is the regularization term. The loss function measures
predictive error on the training data, whereas regularization controls model complexity and helps
reduce overfitting,.
1) Dataset construction
Six datasets were constructed using patch-level and class-level metrics and their corresponding NPP
values for 2000, 2010, and 2020. Taking 2020 as an example, 80,000 points were randomly generated
within the study area using the random-sampling tool in ArcGIS 10.7. To ensure a sufficiently large and
spatially balanced class-level dataset, points outside blue—green spaces were excluded.
2) Hyperparameter optimization
A tree-structured Parzen estimator (TPE), which is a Bayesian optimization algorithm, was used to tune
the XGBoost hyperparameters. The principal parameters optimized were n_estimators, max_depth, and
learning_rate.
3) Model validation
Model performance was assessed using three metrics: mean absolute error (MAE), root mean square
error (RMSE), and the coefficient of determination (R?). A higher R? value, approaching 1, generally
indicates a better fit [41]. To examine model generalizability, we also performed 10-fold
cross-validation. The data were randomly divided into 10 approximately equal groups, with nine used

for training and the remaining one for validation. This process was repeated 10 times, allowing each

53
Published by SCHOLINK INC.



http://www.scholink.org/ojs/index.php/se Sustainability in Environment Vol. 11, No. 4, 2026

group to serve as the validation set once. The average performance across the 10 folds was then
calculated to assess the model's predictive ability [42].
2.3.3.2 SHapley Additive exPlanations (SHAP)
Conventional machine-learning models are often regarded as “black-box” systems because their
internal decision processes are difficult to interpret. The development of explainable machine learning
has enabled these opaque models to be analyzed more transparently. SHAP is commonly coupled with
XGBoost and has become an important approach for identifying and interpreting the drivers of model
predictions [34]. Derived from Shapley values in cooperative game theory, SHAP quantifies the
contribution of each predictor to a model output and thereby provides local explanations for individual
predictions [33]. By examining the sign and magnitude of SHAP values, the positive or negative effect
of each predictor and its contribution to model predictions can be assessed. For a model F with input x,
SHAP assumes that the model output can be decomposed into the sum of individual feature
contributions:

()= o+ _; 3)
Here, ¢o is the baseline value, typically the mean prediction across all samples, and ¢; is the
contribution of the ith feature to a given prediction. SHAP defines each feature contribution as the

weighted mean of its marginal contribution.

3. Results

3.1 Spatial Patterns of Urban Blue—Green Landscapes

Class-level landscape metrics showed that the spatial distribution of blue—green spaces in Chongqing's
central urban area changed relatively little between 2000 and 2020 (Figure 3), although some local
differences were evident. SPLIT values were generally higher in river valleys and densely built-up
areas, where blue—green spaces were more fragmented. Lower values occurred mainly in the
surrounding mountains and continuous ecological areas. In the southern and southeastern mountains,
high PLAND and LPI values reflected the large extent of blue—green spaces and the presence of
dominant patches. By comparison, the central urban area and river corridors had higher ED and LSI
values, indicating more irregular patch boundaries associated with terrain and urban development.
COHESION and AI were higher in the continuous green spaces of the south, where patches were more
connected and aggregated. These patterns reveal a clear contrast between the relatively intact
landscapes of the surrounding mountains and the fragmented blue—green spaces of the urban core and
river valleys. Despite some improvement in landscape connectivity over the study period,
fragmentation remained apparent in areas affected by urban expansion.

3.2 NPP Estimates and Validation

Figure 4 shows the spatial variation in NPP across Chongqing’s central urban area between 2000 and
2020. NPP varied considerably across the region but generally increased over time. In 2000, most areas

had low to moderate NPP, with higher values mainly occurring in the southern and eastern mountains.
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By 2010, areas with high NPP had become more widespread, particularly in the surrounding mountains
and hills. This pattern continued in 2020, with further increases in the southern and southeastern
regions, while densely built-up areas maintained relatively low NPP. The observed changes point to an
improvement in vegetation productivity and potential carbon sequestration over the study period.
CASA estimates were closely correlated with MODIS NPP(Figure 5), with R? values of 0.890, 0.891,
and 0.842 for 2000, 2010, and 2020, respectively. Although the agreement was slightly weaker in 2020,
the correlation remained high. Regression slopes below 1 also revealed differences between the two
datasets, with CASA tending to produce higher estimates at higher NPP levels. These comparisons
suggest that CASA-derived NPP is suitable for examining long-term changes in vegetation productivity
in the study area.

3.3 XGBoost-SHAP Analysis

3.3.1 Overall Model Performance

The data were randomly split into training (80%) and testing (20%) sets for XGBoost modeling, with
10-fold cross-validation used to evaluate model stability(Table 2). Across the three study years, test-set
R? ranged from 0.839 to 0.893, while cross-validation R? ranged from 0.848 to 0.897. The consistently
high R? values suggest that XGBoost performed well in predicting NPP from the selected explanatory

variables, including their nonlinear relationships.
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Figure 3. Spatial Distribution of Class-level Landscape Metrics in Central Chongqing in 2000,
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3.3.2 SHAP Summary Analysis

Adding landscape pattern metrics improved the XGBoost model's ability to predict NPP in Chongqing's
central urban area(Figure 6)(Figure 7). The baseline model (M0), based only on elevation and slope,
had CV-R? values of 0.5954, 0.6248, and 0.5735 in 2000, 2010, and 2020, respectively. With landscape
metrics included (M1), these values rose to 0.7996, 0.8031, and 0.7311, corresponding to increases of
0.2042, 0.1783, and 0.1576. Test-set RMSE decreased by 28.9%, 22.9%, and 20.1%, while MAE fell
by 29.9%, 22.0%, and 18.1% across the three years. The improvement was greatest in 2000 and

smallest in 2020, indicating that the additional predictive value of landscape metrics differed over time.
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Figure 4. Spatial Distribution of NPP in Chongqing’s Central Urban Area
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Figure 5. Scatter Plots Comparing CASA-estimated and MODIS-derived NPP

Table 2. Overall Model Performance

Year Dataset RMSE MAE R2 10-fold

cross-validation R?

2000 Training 24.520 18.326 0.969 0.897
dataset
Testing 46.621 33.378 0.890
dataset
2010 Training 28.062 20.507 0.962 0.891
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dataset

Testing 48.994 36.047 0.893

dataset

2020 Training 24.853 17.990 0.970 0.848

dataset
55.597 0.839

Testing 40.606

dataset

SHAP analysis revealed differences in the importance of NPP predictors across the three study years.
Elevation remained the leading variable throughout 2000-2020, with a wide range of SHAP values
reflecting its strong influence on model predictions. In 2000, PLAND, ED, and slope were also
important. Higher PLAND values generally corresponded to positive SHAP contributions, while ED
tended to show negative values at higher levels. By 2010, SPLIT had become more influential,
although ED, slope, and PLAND still played important roles. In 2020, slope ranked second, followed
by PLAND. The contribution of PLAND remained largely positive, whereas Al and COHESION
showed mixed positive and negative SHAP values.

Elevation consistently had the highest importance, and PLAND maintained a relatively stable
contribution. In comparison, the importance of ED, SPLIT, and AI changed across years. These
findings, together with the improvement in model accuracy after adding landscape metrics, indicate
that landscape composition and spatial arrangement provide useful information for NPP prediction

beyond terrain factors alone.
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Figure 6. Comparison of Prediction Performance between M0 and M1 for 2000, 2010, and 2020

3.3.3 Feature Dependence Analysis
SHAP dependence plots showed nonlinear relationships between NPP predictions and terrain and
landscape metrics in Chongqing’s central urban area, with thresholds varying across the three

years(Figure 8)(Figure 9). For elevation, the estimated thresholds were 316, 300, and 311 m in 2000,
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2010, and 2020, respectively. SHAP values were mostly negative at lower elevations but increased
sharply as elevation rose, before leveling off above 400-500 m. Slope followed a similar pattern, with
thresholds of 3.17°, 2.49°, and 2.66° across the three years. Its SHAP values increased rapidly at gentle

slopes and became relatively stable at steeper gradients.
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Figure 7. SHAP Summary Plots of M1 Model Features for 2000, 2010, and 2020

PLAND showed thresholds of 57.42%, 86.19%, and 91.78% in 2000, 2010, and 2020, respectively.
Above these values, SHAP contributions were mostly positive, suggesting that the transition to positive
contributions occurred at higher PLAND levels over time. For LPI, the thresholds were 77.59%,
83.41%, and 71.88%, with larger values generally corresponding to positive SHAP contributions. ED
displayed a different pattern. In 2000 and 2010, SHAP values dropped sharply before leveling off, with
thresholds of 37.27 and 38.08. In 2020, they initially declined and then increased slightly, with the
turning point occurring around 76.17. LSI had thresholds of 1.75, 2.28, and 2.12 across the three years.
Its SHAP values tended to increase with LSI, although some fluctuations were observed at higher
values.

Al showed thresholds of 77.70%, 85.35%, and 65.58% in 2000, 2010, and 2020, respectively. Its SHAP
values first decreased and then increased in 2000 and 2020, while a downward trend was observed in
2010. For SPLIT, most SHAP values were close to zero, and relatively few samples had high SPLIT
values, making the relationship difficult to interpret with confidence. COHESION had thresholds of
88.86%, 89.17%, and 89.45% across the three years. Its SHAP values generally decreased as
COHESION increased, although the pattern became less consistent at higher values.

Elevation and slope showed clear changes in SHAP contributions at lower values. Higher PLAND and
LPI values were generally linked to positive contributions to predicted NPP. In comparison, the SHAP

patterns of other landscape metrics differed across the three years, both in direction and magnitude.
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4. Discussion

4.1 Key Determinants of Carbon-Sequestration Performance

Including landscape metrics improved the predictive performance of the XGBoost model for NPP in
Chongqing’s central urban area. The baseline model (MO0), using only elevation and slope, achieved
cross-validated R? values of 0.5954, 0.6248, and 0.5735 for 2000, 2010, and 2020, respectively. After
landscape metrics were included, these values increased to 0.7996, 0.8031, and 0.7311. Test-set RMSE
was reduced by 28.9%, 22.9%, and 20.1% across the three years, while MAE decreased by 29.9%,
22.0%, and 18.1%. The results indicate that landscape configuration contains useful information for

predicting NPP that is not captured by elevation and slope alone.

2000 2010 2020

Elevation
SHAP

Figure 8. SHAP Dependence Plots of M0 Model Features

Elevation was the leading predictor of NPP across all three years. PLAND, ED, and slope were
important in 2000, while SPLIT gained importance in 2010. In 2020, slope and PLAND ranked second
and third. These shifts indicate changes in the relative importance of landscape metrics, although SHAP
does not establish causality [34]. The importance of terrain reflects Chongqing's mountainous
landscape, where extensive ecological areas occur mainly in peripheral mountains [24]. PLAND
remained influential, and higher LPI values were generally linked to positive SHAP contributions,
consistent with previous studies [15,16]. ED and LSI showed nonlinear patterns, while the
contributions of SPLIT, Al, and COHESION varied across years [26,56]. Landscape metrics thus
provided useful information beyond topography. Their smaller improvement in predictive performance
in 2020 may be related to urban expansion and changes in landscape structure, although this requires
further study.

4.2 Mechanisms Underlying Carbon Sequestration

The relationships between environmental factors and NPP were nonlinear, as reported in previous
studies [30,46]. Increasing vegetation cover generally favors carbon sequestration, although the
response may vary with vegetation structure and local growing conditions.

Adequate precipitation generally supports vegetation growth by alleviating water stress, although
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excessive rainfall can lead to waterlogging and limit root activity [47]. Temperature is closely related to
photosynthesis and respiration, while elevation and slope shape vegetation growth conditions through
differences in local climate, terrain, and human disturbance [48—50]. As a result, conditions favorable
for vegetation productivity may vary considerably across mountainous areas. Regarding landscape
patterns, PLAND showed a positive relationship with NPP in all three study years, suggesting that
areas with a greater proportion of blue—green space tended to have higher vegetation productivity. LPI
also showed positive contributions to predicted NPP at higher values. Compared with small, isolated
patches, large and continuous patches may offer more stable conditions for vegetation growth and be

less exposed to edge disturbances [39,52-55].
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Figure 9. SHAP Dependence Plots of Landscape Pattern Metrics in the M1 Model
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The relationships between landscape configuration and NPP were less straightforward. Both ED and
LSI exhibited nonlinear patterns, indicating that the effects of patch boundaries and shape complexity
on vegetation productivity may vary across different landscape conditions. A certain degree of shape
complexity may support ecological exchanges, whereas highly fragmented landscapes are more likely
to experience edge disturbance and loss of patch integrity. ED was generally negatively associated with
predicted NPP, suggesting that landscapes with more extensive patch boundaries may be less favorable
for vegetation growth. The response of LSI also varied, indicating that more complex patch shapes do
not always correspond to higher carbon sequestration [56,58]. SPLIT, Al, and COHESION describe
landscape division, aggregation, and connectivity, respectively. A higher SPLIT value generally
indicates a more divided landscape, which may weaken ecological continuity. By comparison,
aggregated patches may be better able to maintain relatively continuous green spaces. Although
connectivity can support ecological exchanges between patches, its relationship with NPP is likely to
vary with vegetation conditions, patch location, and surrounding land use [61,62]. In Chongqing’s
central urban area, the mountainous landscape, the Yangtze and Jialing rivers, and ongoing urban
development have shaped a spatial pattern in which large, continuous ecological areas coexist with
smaller, fragmented urban green spaces. These findings indicate that NPP is related not only to the
amount of blue—green space but also to how these spaces are arranged and the environmental
conditions in which they occur.

4.3 Implications for Blue—Green Space Optimization and Management

For Chongqing’s central urban area, improving blue—green spaces requires more than simply expanding
their coverage. Greater attention should be paid to conserving existing green spaces, protecting large
patches, and improving their spatial arrangement. Areas with high NPP, particularly the surrounding
mountains, continuous forests, and large urban parks, should be protected from further disturbance.
Road construction and urban expansion need to be carefully managed to avoid breaking up large
blue—green patches. Maintaining ecological corridors and restoring important habitat connections may
also help preserve landscape continuity. In highly urbanized areas and river valleys, small parks,
riparian buffers, roadside vegetation, and the restoration of unused land could provide additional green
space and improve connectivity between existing patches. These measures may also increase PLAND
and, where space permits, support the formation of larger patches. The thresholds observed for PLAND
and LPI, however, are based on statistical relationships in the model and should not be treated as fixed
targets for urban planning. Similarly, higher values of ED, LSI, Al, or COHESION do not necessarily
indicate better ecological conditions. Planning decisions should therefore account for local terrain, land
use, and vegetation quality rather than focusing on individual landscape metrics. Reducing unnecessary
fragmentation and strengthening connections between major ecological areas may be more useful in
practice. Regular monitoring of landscape patterns and NPP could also be included in urban renewal
and territorial spatial planning. Comparing results over time would help determine whether these

interventions lead to measurable improvements in ecological conditions and carbon sequestration.
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4.4 Limitations and Future Directions

Remote-sensing data used in this study were obtained from Landsat 5, 7, and 8. Differences in sensor
characteristics, particularly spectral band configurations and spatial resolution, may have affected the
consistency of land-surface information across the study years. Such differences could also introduce
uncertainties into the landscape analysis. Furthermore, this study mainly examined landscape patterns
and broad environmental factors, while vegetation types, community structure, and species composition
were not explicitly considered. This may restrict our understanding of the ecological processes
underlying carbon sequestration. Urban blue—green landscapes also have complex three-dimensional
structures, but their role in carbon sequestration has received relatively little attention [64]. Future
studies could consider three-dimensional landscape characteristics [65] and spatial network topology
[66] to better describe urban blue—green landscape configurations and examine their relationships with
carbon sequestration. Finally, although XGBoost—-SHAP was useful for identifying important variables
and nonlinear relationships, the results should be interpreted as statistical associations rather than
evidence of causality.

Future studies could build on this work in several ways. First, higher-resolution remote-sensing
imagery and data from multiple sources could be used to improve blue—green space mapping and
reduce uncertainty in carbon sequestration estimates. Second, examining landscape patterns at the
regional scale alongside vegetation characteristics at the local scale may help clarify how the
relationships between landscape structure and carbon sequestration vary with spatial scale. Further
attention should also be given to interactions among environmental factors and how these relationships
change over time. Finally, incorporating three-dimensional vegetation structure and spatial network
characteristics could improve the representation of urban blue—green landscapes and provide further

insight into their relationship with carbon sequestration.

5. Conclusions

This study examined how blue—green landscape patterns relate to net primary productivity (NPP) in
Chongqing’s central urban area in 2000, 2010, and 2020. The analysis combined spatial scale selection,
CASA-based NPP estimation, and XGBoost-SHAP. NPP increased overall during the study period,
with higher values mainly found in the surrounding mountains and larger, continuous ecological areas.
Blue—green spaces in these areas were relatively well connected, while those in the urban core and river
valleys showed greater fragmentation. Including landscape metrics increased the cross-validated R?
from 0.5954 to 0.7996 in 2000, from 0.6248 to 0.8031 in 2010, and from 0.5735 to 0.7311 in 2020.
This suggests that landscape configuration provides useful information for NPP prediction beyond
topographic factors alone. SHAP analysis identified elevation as the leading predictor across all three
years, with PLAND also showing a consistently strong contribution. In contrast, the influence of ED,
SPLIT, and Al differed between years. Elevation and slope showed nonlinear relationships with

predicted NPP, including noticeable threshold effects, while higher PLAND and LPI values were
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generally linked to positive SHAP values. Overall, the results show that both terrain and landscape
structure are closely related to the spatial distribution of NPP. Maintaining large ecological patches in
mountainous areas, restoring fragmented green spaces in built-up areas, and improving connectivity in
ways that reflect local terrain conditions may help enhance urban carbon-sink potential and promote

low-carbon development.
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