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Abstract

Mountain transition zones are highly sensitive to environmental change, yet the nonlinear
coupling between topography and hydroclimate in controlling vegetation Net Primary
Productivity (NPP) remains insufficiently constrained. Here, we reconstructed a 2003–2025
annual NPP time series for the West Qinling Mountains using a Carnegie–Ames–Stanford
Approach (CASA)-based workflow that integrated Moderate Resolution Imaging Spectro-
radiometer (MODIS) vegetation products, fifth-generation European Centre for Medium-
Range Weather Forecasts reanalysis for land (ERA5-Land) meteorological data, Shuttle
Radar Topography Mission (SRTM) topography, and an Aridity Index (AI) dataset. Product-
based validation against the annual MOD17A3HGF dataset indicated strong agreement,
with a 23-year mean spatial Spearman correlation of 0.823 and a mean annual Pearson
correlation of 0.773. The reconstructed dataset showed that 98.50% of the study area experi-
enced increasing NPP, including 50.26% with significant increases, and the domain-wide
mean Sen slope reached approximately 3.08 g C m−2 yr−1. Factor detection further showed
that radiation (q = 0.253), elevation (q = 0.252), and temperature (q = 0.249) were the
dominant single controls, whereas Aridity–Temperature (q = 0.367) and Elevation–Aridity
(q = 0.367) represented the strongest interactions. The concentration of the strongest gains
in gentle-slope and moderate-aridity settings suggests that vegetation recovery is maxi-
mized where topographic buffering and water-energy balance are jointly optimized. These
results strengthen the interpretation of NPP dynamics in mountainous climate-transition
environments and provide a basis for spatially targeted ecological restoration, regional
carbon-budget assessment, and climate adaptation planning.

Keywords: Net Primary Productivity; CASA model; topographic heterogeneity; climate
change; West Qinling Mountains; ERA5-Land

1. Introduction
Terrestrial ecosystems play a central role in the global carbon cycle, and vegetation Net

Primary Productivity (NPP) is a widely used indicator of ecosystem functioning, carbon
sequestration capacity, and terrestrial carbon-sink strength [1–4]. Under ongoing climate
change, ecologically fragile regions and climate transition zones are particularly sensitive
to environmental disturbance [5,6]. Monitoring NPP dynamics in these settings is therefore
important both for understanding biosphere–atmosphere feedbacks and for supporting
ecological conservation and carbon-neutrality strategies [7,8].

Ecologies 2026, 7, 67 https://doi.org/10.3390/ecologies7030067

https://crossmark.crossref.org/dialog?doi=10.3390/ecologies7030067&domain=pdf&date_stamp=2026-07-14
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/ecologies
https://www.mdpi.com
https://orcid.org/0000-0002-5116-1811
https://doi.org/10.3390/ecologies7030067


Ecologies 2026, 7, 67 2 of 15

Extensive research has examined the climatic drivers of NPP, most often emphasiz-
ing the isolated effects of temperature and precipitation [9,10]. In mountainous terrain,
however, topography redistributes water and energy locally and thereby alters vegetation
growth conditions [11–14]. Even so, many previous studies have treated climate and to-
pography as independent controls or have focused mainly on single-factor effects [15,16].
A key unresolved issue is how multidimensional topographic features interact nonlinearly
with climatic gradients, especially wet–dry gradients, to shape NPP dynamics. Recent
studies increasingly suggest that aridity thresholds and vegetation sensitivity are tightly
linked to topographic variation [2,13,14,17,18], but the coupled mechanisms through which
topographic heterogeneity and local hydroclimate jointly regulate ecosystem productivity
remain poorly resolved.

The Carnegie–Ames–Stanford Approach (CASA), a light-use-efficiency model, has
been widely applied to large-scale NPP estimation [19,20]. Cloud-based platforms such
as Google Earth Engine (GEE) have further improved the efficiency of implementing
CASA at high spatiotemporal resolution, as shown in recent studies of grassland and
urbanized regions [21–23]. Nevertheless, many applications still face limitations related to
coarse meteorological forcing, insufficient topographic correction, and limited validation,
even where improved tCASA-type approaches have been explored in complex mountain
environments [24,25].

The West Qinling Mountains form a critical ecological security barrier in China and
provide an ideal natural laboratory for addressing these questions. Located at the junc-
tion of the Qinghai-Tibet Plateau and the Loess Plateau, the region is characterized by
fragmented terrain, strong elevational gradients, and sharp environmental contrasts that
contribute to marked spatiotemporal heterogeneity in carbon dynamics [26–28]. It also
represents a typical transition from warm-temperate semi-humid conditions to alpine
semi-arid conditions. Recent studies have highlighted both the dynamic NPP changes of
this region and its vulnerability to extreme climate events [29,30]. These features make veg-
etation dynamics in the West Qinling Mountains especially responsive to both large-scale
climate forcing and local topographic control.

Against this background, this study investigates the vegetation–climate–topography
nexus in the West Qinling Mountains. We test three working hypotheses: (H1) topographic
factors regulate the spatial heterogeneity of NPP by redistributing hydrothermal conditions;
(H2) interaction effects involving topography and aridity-related hydroclimatic gradients
are dominant drivers of NPP dynamics; and (H3) an optimal topographic–climatic coupling
zone exists in which vegetation productivity enhancement is maximized. Accordingly,
the objectives are to: (1) reconstruct and evaluate a long-term annual NPP dataset for
2003–2025 using a CASA-based workflow; (2) quantify the spatiotemporal dynamics of
NPP and its stratified responses to topography and aridity; (3) identify the dominant
topographic–climatic drivers of NPP variation using Geodetector; and (4) locate ecologically
favorable zones for targeted restoration.

2. Materials and Methods
2.1. Study Area

The West Qinling Mountains (102.7◦–106.7◦ E, 32.5◦–35.4◦ N) occupy a critical geo-
graphic juncture in central China, characterized by extreme topographic relief and profound
climatic gradients. The study area covers approximately 62,000 km2, with elevations rang-
ing from 460 m to over 5500 m (average elevation ~2300 m). The region experiences a
transitional climate, with mean annual temperatures varying from −2.4 ◦C to 14.3 ◦C
(regional average ~6.0 ◦C) and mean annual precipitation ranging from 400 mm to 800 mm.
The complex terrain fosters a highly diverse distribution of vegetation types, predominantly
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including deciduous broadleaf forests, mixed broadleaf–conifer forests, and alpine mead-
ows. The soil types are closely associated with the elevation gradient, encompassing brown
earth, cinnamon soil, and alpine meadow soil. The regional setting and its environmental
characteristics are shown in Figure 1.

Figure 1. Location and characteristics of the study area in the West Qinling Mountains. (a) Location of
the study area within China; (b) topography based on the Digital Elevation Model (DEM); (c) spatial
distribution of land cover types in 2025.

2.2. Data Sources

Accurate NPP estimation requires consistent inputs of vegetation state, meteorological
conditions, and topography. Moderate Resolution Imaging Spectroradiometer (MODIS)
source products were accessed from NASA LP DAAC, meteorological fields were derived
from the fifth-generation European Centre for Medium-Range Weather Forecasts reanalysis
for land (ERA5-Land), and the annual CASA reconstruction was implemented through a
hybrid workflow that combined remote-sensing data acquisition with local Python 3.11.15-
based preprocessing, reprojection, annual aggregation, validation, and statistical analysis.
The specific data sources are detailed in Table 1.

Table 1. Detailed information of data sources used in this study.

Data Type Product Name Version Spatial
Resolution

Temporal
Resolution Source Application

Vegetation Indices MOD13A2 V6.1 1 km 16-day NASA LP DAAC

Normalized Difference
Vegetation Index (NDVI),
Enhanced Vegetation Index
(EVI) extraction

Surface
Reflectance MOD09A1 V6.1 500 m 8-day NASA LP DAAC Reflectance data source

Meteorology ERA5-Land - 0.1◦ Monthly Copernicus CDS Temperature, radiation,
precipitation

Validation MOD17A3HGF V6.1 500 m Annual NASA LP DAAC CASA model validation

Topography
Shuttle Radar
Topography Mission
(SRTM)

V3 30 m - USGS Elevation, slope, aspect

Aridity Global Aridity Index - 1 km Annual CGIAR-CSI Aridity Index (AI)

https://doi.org/10.3390/ecologies7030067

https://doi.org/10.3390/ecologies7030067


Ecologies 2026, 7, 67 4 of 15

2.3. CASA Model Implementation

The CASA model determines NPP as the product of Absorbed Photosynthetically
Active Radiation (APAR) and actual light use efficiency (ϵ).

NPP(x, t) = APAR(x, t)× ϵ(x, t), (1)

APAR(x, t) = SOL(x, t)× FPAR(x, t)× fPAR, (2)

ϵ(x, t) = ϵmax × Tϵ(x, t)× Wϵ(x, t). (3)

where SOL is total solar radiation, FPAR is the fraction of photosynthetically active ra-
diation absorbed by vegetation, fPAR = 0.5 is the fraction of incoming solar radiation
considered photosynthetically active, and Tϵ and Wϵ are temperature and moisture stress
scalars. For the annual CASA reconstruction adopted in this manuscript, annual NPP
was obtained by aggregating monthly CASA estimates from January to December using
a calibrated parameter set with ϵmax = 0.542 g C MJ−1 and fPAR = 0.5. MODIS and
ancillary datasets were first organized for the study area, and monthly CASA calculations
were then executed in a local Python workflow that unified FPAR and ERA5-Land grids,
aggregated monthly outputs to annual NPP, and generated the final 2003–2025 validation
and trend products. The overall analytical workflow is summarized in Figure 2.

Figure 2. Flowchart of the methodology applied in this study. The framework integrates MODIS,
meteorological, aridity, and terrain data, estimates annual Net Primary Productivity (NPP) us-
ing the CASA model, and evaluates spatiotemporal dynamics together with topographic–climatic
driving effects.
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2.4. Topographic Factor Extraction

Topographic factors were extracted from the 30 m SRTM DEM. Elevation was strat-
ified into five zones: <1500 m, 1500–2000 m, 2000–2500 m, 2500–3000 m, and >3000 m.
Slope was classified into five grades: <5◦, 5–15◦, 15–25◦, 25–35◦, and >35◦. Aspect was
categorized into four principal directions (North, East, South, West). These stratifications
align with established geomorphological and ecological zoning standards in mountainous
regions [12,15].

2.5. Statistical Analysis

To robustly quantify the interannual variations of NPP, we applied the Theil–Sen
median slope estimator coupled with the Mann–Kendall (MK) significance test at the pixel
level. This non-parametric combination is insensitive to outliers and provides a reliable
assessment of monotonic trends. The interactive effects of topography and climate were
assessed using the Geodetector method [1,31,32], which quantifies the explanatory power
(q-value) of individual factors and their non-linear interactions. Continuous variables were
discretized into 5 classes using equal interval classification prior to Geodetector analysis.
Additionally, annual-scale correlation analysis was conducted between regional mean NPP
and aggregated climatic variables (temperature, radiation, evapotranspiration, and AI) to
characterize first-order climatic associations.

2.6. Validation Approach

To ensure the robustness of our CASA-derived estimates, we performed pixel-by-pixel
spatial and interannual consistency checks against the standard MOD17A3HGF annual
NPP product. Validation metrics included annual Pearson correlation, spatial Pearson
correlation, spatial Spearman correlation, Root Mean Square Error (RMSE), Mean Absolute
Error (MAE), and mean Bias.

2.7. Uncertainty Considerations

Given the complex topography of the West Qinling Mountains, uncertainty in NPP
estimation arises from multiple sources. We recognized potential error propagation from
coarse spatial resolution meteorological inputs (ERA5-Land at 0.1◦) when downscaled to
match the 500 m vegetation indices. Furthermore, the assumption of fixed maximum light
use efficiency (ϵmax) across broad vegetation types introduces systematic biases. Future vali-
dation strategies should include sensitivity analysis varying ϵmax and cross-referencing with
localized eddy covariance flux tower measurements to better constrain these uncertainties.

3. Results
3.1. Model Validation

The CASA-derived annual NPP showed strong agreement with the MOD17A3HGF
annual product. Across 2003–2025, the mean spatial Pearson and Spearman correlations
were 0.801 and 0.823, respectively, and the mean annual Pearson correlation was 0.773.
These results indicate that the reconstructed product captured both the regional spatial
pattern of NPP and its interannual variability. Absolute magnitudes remained systemati-
cally lower than those of MOD17A3HGF, but the discrepancy was substantially reduced
relative to the previous product, with mean annual Bias, RMSE, and MAE of −301.812,
321.464, and 301.838 g C m−2 yr−1, respectively. Summary validation metrics are reported
in Table 2, and the pixel-wise comparison with MOD17A3HGF is shown in Figure 3.
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Table 2. Summary validation metrics of annual CASA NPP relative to MOD17A3HGF.

Metric Value

Mean annual Pearson correlation 0.773
Mean annual RMSE (g C m−2 yr−1) 321.464
Mean annual Bias (g C m−2 yr−1) −301.812
Mean annual MAE (g C m−2 yr−1) 301.838
Spatial mean Pearson correlation 0.801
Spatial mean Spearman correlation 0.823
Mean annual Spearman correlation 0.795

Figure 3. Validation of annual CASA-estimated NPP against the MOD17A3HGF annual product.

3.2. Spatiotemporal Patterns and Trend Characteristics of NPP

Annual NPP in the West Qinling Mountains increased markedly between 2003 and
2025. Regional mean NPP rose steadily through time, indicating a persistent strengthening
of ecosystem productivity. Spatially, productivity remained highly heterogeneous, with the
highest values concentrated in the humid southeastern sector and lower values in the
semi-arid, high-altitude northwestern sector. Representative spatial patterns for 2003, 2014,
and 2025 are presented in Figure 4.

Figure 4. Spatiotemporal pattern of annual NPP in the West Qinling Mountains (2003–2025).

Trend analysis showed that 98.50% of the study area experienced increasing NPP,
including 50.26% with statistically significant increases (p < 0.05) and 48.24% with non-
significant increases. The Sen slope raster yielded a domain-wide mean trend of approx-
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imately 3.08 g C m−2 yr−1, further indicating sustained biological recovery across the
mountainous terrain. Decreasing trends were confined to 1.50% of the area, including 1.26%
with significant declines and 0.25% with non-significant declines. Area statistics for the
trend classes are summarized in Table 3, and the spatial distribution of Sen slope classes is
shown in Figure 5.

Table 3. Area statistics of annual NPP trend categories in the West Qinling Mountains.

Trend Class Count Ratio (%)

Significant increase 283,415 50.26
Non-significant increase 272,066 48.24
Non-significant decrease 1394 0.25
Significant decrease 7078 1.26

Figure 5. Overall trends of annual NPP in the West Qinling Mountains (2003–2025).

3.3. Topographic Stratification and Interaction Effects

Vegetation NPP showed clear stratified responses along topographic and aridity gra-
dients. The strongest mean Sen slopes occurred in the 1500–2000 m (3.32 g C m−2 yr−1),
<1500 m (3.18 g C m−2 yr−1), and 2000–2500 m (2.92 g C m−2 yr−1) elevation zones,
whereas the >3000 m belt showed a much weaker mean trend (1.38 g C m−2 yr−1) and
was dominated by non-significant increases (78.57%). Slope effects were more nuanced:
low-slope classes (<15◦) occupied most of the area and maintained consistently positive
trends, whereas the 15–25◦ band showed the weakest mean trend (2.60 g C m−2 yr−1).
The moderate-moisture aridity band (AI 0.4–0.6) showed the highest mean trend
(2.57 g C m−2 yr−1) and the largest proportion of significant increases (55.18%), whereas
drier (<0.4) and wetter (0.6–0.8) belts were dominated by non-significant increases. These
stratified responses are illustrated in Figure 6.

Geodetector analysis quantified the explanatory power of individual factors and their
interactions on spatial variation in NPP trends (Table 4). Radiation (q = 0.253), elevation
(q = 0.252), and temperature (q = 0.249) were the dominant single factors, followed
by aridity (q = 0.092) and precipitation (q = 0.078). All pairwise interactions enhanced
explanatory power relative to single factors (Figure 7). The strongest interactions were
Aridity × Temperature (q = 0.367) and Elevation × Aridity (q = 0.367), indicating that
vegetation dynamics were jointly constrained by hydrothermal conditions and terrain.
The interaction heatmaps further showed that the moderate-aridity band (AI 0.4–0.6) con-
sistently supported the highest proportion of significant increases across most terrain classes
(Figure 8). Within large-sample slope strata, the strongest response occurred on gentle
slopes <5◦ under AI 0.4–0.6, where the significant-increase ratio reached 66.45% (n = 48,959),
while north-facing slopes under the same moisture regime reached 62.09% (n = 55,454).
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Figure 6. Stratified responses of annual CASA NPP trends to topographic and aridity gradients.

Figure 7. Geodetector summary of annual CASA NPP trends, including single-factor explanatory
power and interaction effects.

https://doi.org/10.3390/ecologies7030067

https://doi.org/10.3390/ecologies7030067


Ecologies 2026, 7, 67 9 of 15

Table 4. Geodetector single-factor explanatory power (q-values) for NPP trends.

Driving Factor q-Value Explanatory Rank

Radiation 0.253 1
Elevation 0.252 2
Temperature 0.249 3
Aridity Index 0.092 4
Precipitation 0.078 5
Slope 0.032 6
Aspect 0.002 7

3.4. Climatic Drivers of Interannual Variability

Annual-scale correlation analysis indicated that regional climate conditions acted
as important first-order controls on interannual productivity. Among the tested drivers,
annual actual evapotranspiration (ETa) showed the strongest positive association with
regional mean NPP (Pearson r = 0.511, p = 0.013; Spearman r = 0.622, p = 0.002), followed
by annual mean temperature (Pearson r = 0.478, p = 0.021). Potential evapotranspiration
also showed a positive but weaker relationship (Pearson r = 0.447, p = 0.032), whereas
annual precipitation, solar radiation, and annual AI showed limited linear association at
the regional mean scale. Together, these results suggest that moisture-use conditions and
thermal background regulate year-to-year variability in annual NPP.

Figure 8. Interaction effects of terrain and annual aridity on annual CASA NPP trends.

Notably, Figure 9 reveals a pronounced anomaly in 2023, where regional mean NPP,
solar radiation, and potential evapotranspiration (ETp) simultaneously exhibited Z-scores
of approximately −4, while temperature reached a Z-score peak of +2 in 2024. This
extreme co-variation suggests a potential climate-driven perturbation, possibly linked
to large-scale atmospheric circulation patterns or regional extreme weather events that
temporarily suppressed vegetation productivity. While the long-term trend remains pos-
itive, such anomalies highlight the vulnerability of mountain ecosystems to short-term
climatic fluctuations.
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Figure 9. Climate-driver statistics and interannual co-variability of annual CASA NPP.

4. Discussion
4.1. Regional Greening and Topographic–Climatic Controls

Our results indicate a broad regional greening signal in the West Qinling Mountains,
with 98.50% of the study area showing increasing annual NPP and 50.26% showing signifi-
cant increases during 2003–2025. This pattern is broadly consistent with reported vegetation
recovery across adjacent mountain and plateau systems [29,33,34], suggesting that the West
Qinling Mountains are part of a wider regional trajectory of ecological improvement.
A plausible interpretation is that this pattern reflects the combined influence of more favor-
able hydrothermal conditions and long-term ecological engineering programs, especially
the Grain to Green Program [28,35,36]. Even so, the high proportion of increasing pixels
should not be read as uniformly improved ecosystem condition, because productivity gains
may coexist with structural simplification, water-stress trade-offs, or heightened sensitivity
to extreme events in specific topographic niches.

The topographic signal is not a simple elevation or slope effect; rather, it reflects spatial
variation in water-energy balance, soil-moisture retention, and growing-season constraints.
Elevation showed the clearest pattern, with stronger positive trends below 2500 m and much
weaker increases above 3000 m, implying a shift from relatively balanced hydrothermal
regimes at low-to-middle elevations to increasingly energy-limited conditions at high
elevations. Slope effects were similarly non-monotonic. Gentle slopes likely buffer drought
through deeper soils, slower runoff, and greater water-holding capacity, whereas steeper
terrain tends to reduce rooting depth and accelerate water loss. This pattern supports
the view that topography regulates vegetation productivity primarily by redistributing
hydrothermal resources rather than by slope steepness alone [13,37].
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Our Geodetector analysis shows that NPP trend heterogeneity is governed by coupled
hydrothermal and topographic processes rather than by any single factor. The two strongest
interactions, Aridity × Temperature and Elevation × Aridity (both q = 0.367), exceeded
the explanatory power of all individual variables, indicating that climatic forcing is most
informative when interpreted together with terrain context. This is plausible for a mountain
transition zone: aridity influences potential water deficit, temperature constrains phenolog-
ical activity and photosynthetic duration, and topography redistributes radiation, runoff,
and soil moisture across slopes and aspects. The interaction heatmaps further suggest
that the AI 0.4–0.6 zone represents a transitional hydrothermal window in which topo-
graphic buffering becomes especially effective. Under these conditions, gentle slopes and
north-facing terrain likely retain enough moisture to sustain gains in productivity while
avoiding the severe energy limitation characteristic of high elevations. This helps explain
why the strongest increases are concentrated not in the wettest or driest environments,
but in intermediate settings where modest shifts in moisture or topographic position can
move ecosystems between water-limited and energy-limited regimes.

4.2. Methodological Limitations and Uncertainty

The CASA-based workflow enabled efficient reconstruction of annual NPP over a
23-year period, but several limitations must be acknowledged. First, validation remains
product-based and therefore cannot establish absolute accuracy in the same way that flux-
tower or plot observations could. The agreement with MOD17A3HGF supports pattern
fidelity, but it does not eliminate shared structural biases between remote-sensing products.
Second, the annual CASA reconstruction still applies a spatially uniform calibrated param-
eter set; the assumption of constant ϵmax and PAR fraction across heterogeneous vegetation
and terrain may bias absolute NPP magnitude [24,38,39]. Third, the mismatch between
coarse ERA5-Land meteorology and finer MODIS grids remains a structural source of
uncertainty even after reprojection and annual aggregation. Finally, although Geodetec-
tor is useful for diagnosing spatial heterogeneity, its results are affected by discretization
strategy and should be interpreted as statistical evidence of enhanced joint control rather
than direct proof of causality. These limitations do not overturn the major spatial patterns
identified here, but they do require caution when translating relative trend signals into
absolute ecological or carbon-accounting estimates.

4.3. Ecological and Management Implications

Beyond the immediate interpretation of NPP trends, our results have implications for
biodiversity conservation, ecosystem services, and land management. Areas with strong
and persistent NPP gains, especially gentle slopes under moderate aridity, may provide
favorable settings for restoration because they combine relatively high productivity gains
with lower hydro-geomorphic constraints. However, these zones should not be viewed
only as carbon-gain areas. Rising productivity may alter habitat structure, phenological
timing, and competitive balance among species, potentially benefiting some communities
while disadvantaging specialists adapted to low-productivity environments. From an
ecosystem-service perspective, increasing NPP implies greater carbon-uptake potential,
but it may also intensify evapotranspiration and local water demand in already water-
limited landscapes. Restoration planning in the West Qinling Mountains should therefore
emphasize spatial targeting rather than uniform greening, with priority given to zones
where productivity gains, erosion control, and ecological resilience are likely to co-occur.

These findings also provide practical guidance for ecological restoration and climate
adaptation in mountain transition environments. The concentration of strong positive
trends in low-to-moderate slope areas under AI 0.4–0.6 suggests that these landscapes are
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likely to yield the most reliable returns for restoration investment, including vegetation
recovery, soil protection, and carbon sequestration potential [27,40]. In contrast, extremely
dry zones and high-elevation or terrain-limited areas were dominated by weaker or non-
significant responses, indicating that these settings may function more as ecological stability
zones than as rapid-recovery hotspots [17,41]. Management should therefore distinguish
between areas suited to active restoration and areas where the more appropriate goal is
conservation, disturbance prevention, and maintenance of topographic refugia under
increasing climate stress.

4.4. Future Directions

Future work should move beyond pattern diagnosis toward stronger process attri-
bution and uncertainty control. Three directions are particularly important: integrating
flux-tower, plot, or other field observations to strengthen validation beyond product-to-
product comparison; introducing terrain-sensitive or vegetation-specific parameterization
into the CASA framework to better represent mountain heterogeneity; and explicitly test-
ing how extreme events such as flash droughts and heatwaves alter the stability of the
topographic–climatic relationships reported here. Complementary uncertainty analysis,
multi-product comparison, and hybrid modeling approaches, including machine-learning-
assisted parameter optimization, would further improve predictive confidence under future
climate change scenarios [42,43].

5. Conclusions
This study reconstructed and analyzed annual vegetation NPP in the West Qinling

Mountains from 2003 to 2025 using a CASA-based workflow. The main conclusions can be
organized into four connected points.

(1) The reconstructed annual product is sufficiently robust for regional pattern analysis.
Agreement with MOD17A3HGF remained strong at both spatial and interannual
scales, with a mean spatial Spearman correlation of 0.823 and a mean annual Pearson
correlation of 0.773, indicating that the reconstructed product captures the dominant
structure of annual NPP variability.

(2) Regional productivity increased persistently during 2003–2025. Approximately 98.50%
of the study area showed increasing NPP, including 50.26% with significant increases,
and the domain-wide mean Sen slope reached about 3.08 g C m−2 yr−1, supporting a
clear long-term greening signal across the mountain system.

(3) NPP dynamics were governed mainly by coupled topographic–climatic controls
rather than by isolated single factors. Radiation, elevation, and temperature were the
strongest individual controls, whereas Aridity × Temperature and Elevation × Aridity
produced the highest interaction strength, showing that vegetation responses are
shaped by the joint regulation of water-energy conditions and terrain context.

(4) Moderate-aridity and low-to-moderate slope settings are the most favorable zones for
spatially targeted restoration. The strongest positive responses were concentrated in
gentle-slope and AI 0.4–0.6 environments, suggesting that restoration and adaptation
planning should prioritize locations where hydrothermal balance and topographic
buffering are jointly optimized.
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