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Highlights 

What are the main findings? 

• The study proposes a class-aware framework for SSP-based NDVI projection that in-
tegrates projection-oriented model selection, land-cover-stratified validation, uncer-
tainty characterization, and validation-priority ranking. 

• Regional NDVI is projected to increase modestly by 2040, but land-cover-stratified 
validation showed that global model performance masked weak predictive support 
for Water bodies and Unused land. 

What are the implications of the main findings? 

• Future NDVI projections should be evaluated beyond global accuracy metrics be-
cause aggregate performance can hide important class-level uncertainty and predic-
tion errors. 

• The framework identifies Water bodies, Unused land, and Construction land as pri-
ority classes for targeted validation, supporting more transparent and reliable inter-
pretation of vegetation projections. 

Abstract 

At 1 km resolution, NDVI projections for heterogeneous landscapes can appear spatially 
coherent in aggregate while concealing substantial class-level prediction weaknesses, a 
limitation that has received limited systematic attention in the NDVI projection literature. 
This study applies a four-component assessment workflow to Northeast China (NEC) for 
2040 under SSP1-2.6, SSP2-4.5, and SSP5-8.5, integrating multi-stage model selection, 
land-cover-stratified validation, quantile-regression-based uncertainty characterization, 
and validation-priority ranking. Among three candidate tree-based models evaluated us-
ing spatial block cross-validation, temporal holdout validation, long-jump extrapolation, 
and climatic perturbation tests, LightGBM showed the most balanced and consistent per-
formance, with spatial CV R2 = 0.654 ± 0.123, temporal holdout R2 = 0.710, and long-jump 
R2 = 0.671, and was therefore selected for the 2040 projection. Projected regional mean 
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NDVI increased modestly from 0.393 in 2020 to 0.414–0.417 across scenarios, with limited 
divergence among SSP pathways at this near-term horizon. Class-stratified validation of 
the 2020 holdout prediction revealed that global model performance masked strong class-
level heterogeneity, with R2 values ranging from 0.576 for Construction land to −0.886 for 
Unused land. Water bodies and Unused land exhibited negative R2 values, indicating 
weak class-level predictive support relative to a simple class-mean benchmark. Residual 
decomposition showed that Water bodies combined high random error with elevated sys-
tematic deviation, whereas Unused land was mainly characterized by systematic bias, 
suggesting different needs for class-specific model improvement. The Uncertainty Risk 
Index (URI), derived from 95% prediction intervals, was highest in Construction land and 
lowest in Cropland across all scenarios. Integrating historical residuals with future URI-
identified Water bodies, Unused land, and Construction land as the highest-priority clas-
ses for future targeted validation. These priorities arise from both limited class represen-
tation and intrinsic NDVI-related complexity, including low vegetation signal, mixed-
pixel effects, and heterogeneous land-surface composition. These results demonstrate that 
land-cover-stratified error decomposition and uncertainty-informed priority ranking re-
veal class-specific projection limitations that aggregate accuracy metrics can conceal. 

Keywords: NDVI projection; class-aware assessment; land-cover-stratified validation; 
validation prioritization; SSP scenarios; Northeast China; LightGBM 
 

1. Introduction 
The Normalized Difference Vegetation Index (NDVI) is a widely used indicator of 

vegetation greenness and ecosystem productivity, and has been extensively applied to 
monitor land-surface dynamics under changing climatic and socioeconomic conditions 
[1]. As a sensitive proxy for photosynthetic activity and biomass, NDVI plays a central 
role in ecological monitoring by linking climate variability, land-use change, and ecosys-
tem functioning across multiple spatial and temporal scales [2]. China has become a major 
focus of vegetation change research, with long-term analyses documenting a pronounced 
greening trend driven by climate warming, precipitation variability, and large-scale eco-
logical restoration programs such as Grain for Green and the Three-North Shelterbelt Pro-
gram [3–5]. 

Northeast China (NEC) is a critical pillar of national food security, supplying approx-
imately one-third of China’s grain production, and its vegetation dynamics are shaped by 
a complex interplay of climate forcing, ecological restoration, and rapid urbanization [2,5]. 
Despite this importance, high-resolution spatially explicit NDVI projection under SSP sce-
narios remains limited for NEC. Existing studies have mainly been conducted either at 
coarse national scales or in other regional contexts, such as the Yangtze River Delta and 
the Yellow River Basin [6,7], which provide useful ecological reference settings for NEC. 
Moreover, NEC contains diverse land-cover types—including forest, cropland, grassland, 
and expanding urban areas—making aggregate model validation insufficient, because a 
model that performs well on average may still fail in the classes most relevant to ecological 
conservation and land-management decisions. 

Machine-learning approaches have demonstrated strong capacity for spatially ex-
plicit NDVI modeling, with statistical, tree-based, deep-learning, and hybrid frameworks 
increasingly applied across scales [6,8–10]. Among tree-based methods, LightGBM offers 
particular advantages for large-scale spatial prediction because of its computational effi-
ciency and ability to capture nonlinear relationships in high-dimensional data [11–13]. 
Recent studies have also begun to project NDVI under SSP-based climate scenarios, 
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showing that vegetation trajectories may diverge across emission pathways when future 
climate forcing is incorporated into model simulations [14–16]. 

However, a critical and under-addressed methodological limitation persists across 
the NDVI projection literature: model evaluation is commonly reported using globally or 
regionally averaged accuracy metrics, with limited attention to land-cover-stratified per-
formance or decomposition of prediction error into systematic and random components. 
For example, Nguyen et al. [14] projected global NDVI under SSP scenarios using a ma-
chine-learning framework and evaluated model performance using aggregate metrics be-
fore mapping future NDVI trends. Guo et al. [8] developed an LSTM-based NDVI predic-
tion model for the Yellow River Basin using climate inputs, while Yang et al. [15] projected 
future vegetation dynamics under SSP/RCP pathways by integrating climate and human-
activity drivers. Although these studies provide important advances in future NDVI mod-
eling, none of these studies stratified validation metrics or residual error by land-cover 
class. Consequently, whether projection performance varies among ecologically and agri-
culturally important classes—such as cropland, forest, water bodies, unused land, and 
Construction land—remains insufficiently resolved. 

This limitation is particularly consequential in heterogeneous landscapes such as 
NEC, where cropland, forest, grassland, water bodies, unused land, and expanding con-
struction land coexist within a single regional domain. Existing NDVI projection studies 
have advanced the assessment of future vegetation dynamics at global, national, and re-
gional scales [6–8,14–18]; however, many SSP-based projections remain constrained by 
coarse climate-grid resolutions, typically around 25–100 km [14,17], or are evaluated 
mainly using averaged accuracy metrics [14,15] regionally. Such coarse grids are insuffi-
cient for resolving the land-cover heterogeneity that controls NDVI responses in NEC, 
especially across cropland–forest mosaics, urbanizing areas, wetlands, and marginal un-
used land. In this context, harmonizing predictors to a 1 km grid provides a more opera-
tional spatial scale for linking projected vegetation change with cropland distribution, for-
est systems, urban expansion, and ecological protection zones. Therefore, a 1 km SSP-
based NDVI projection offers practical value beyond regional mean trend assessment by 
supporting land-cover-stratified validation and spatial prioritization of classes with 
higher projection uncertainty. 

Furthermore, projecting NDVI under SSP scenarios requires not only future climatic 
forcing, but also scenario-consistent land cover and socioeconomic inputs. In this study, 
GDP and population density were incorporated as part of the broader predictor frame-
work to improve consistency between historical model development and future scenario-
based projection, consistent with prior work linking socioeconomic drivers to land-sur-
face vegetation dynamics [3,4]. To the best of our knowledge, few previous studies have 
combined land-cover-stratified error decomposition, quantile-regression-based uncer-
tainty characterization, and validation-oriented prioritization within a high-resolution 
SSP-based NDVI projection framework for NEC. This highlights an important methodo-
logical gap in class-level NDVI projection assessment. The three SSP scenarios used in this 
study represent contrasting socioeconomic and climate-forcing pathways. SSP1-2.6 de-
scribes a sustainability-oriented, low-forcing pathway; SSP2-4.5 represents an intermedi-
ate “middle-of-the-road” pathway; and SSP5-8.5 represents a high-forcing pathway asso-
ciated with fossil-fuel-based development. These scenarios were selected to represent low, 
moderate, and high climate-pressure conditions for evaluating the proposed class-aware 
NDVI projection framework [19,20]. SSP3-7.0 was not included because the objective was 
not to compare all CMIP6 pathways, but to evaluate the proposed class-aware validation 
framework under three contrasting low-, intermediate-, and high-forcing conditions rep-
resented by SSP1-2.6, SSP2-4.5, and SSP5-8.5. 
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This study aimed to develop and apply a class-aware framework for projecting and 
assessing 1 km NDVI in Northeast China for 2040 under SSP1-2.6, SSP2-4.5, and SSP5-8.5. 
Unlike conventional NDVI projection studies that mainly report overall accuracy or sce-
nario-level mean changes, the proposed framework evaluates how projection reliability 
varies among land-cover classes. Specifically, it integrates four linked components: (1) 
projection-oriented model selection using spatial, temporal, extrapolation, and climate-
perturbation tests; (2) land-cover-stratified validation using systematic and random error 
decomposition; (3) relative projection uncertainty assessment using a quantile-regression-
based Uncertainty Risk Index (URI); and (4) validation-priority ranking that combines his-
torical error structure with future uncertainty. Together, these components evaluate 
where projected NDVI patterns are reliably supported and where additional validation 
effort is most needed. 

2. Study Area and Methods 
2.1. Study Area 

Northeast China (NEC), spanning over 1 million km2, includes the provinces of Hei-
longjiang, Jilin, Liaoning, and the Inner Mongolia Autonomous Region. The region fea-
tures mountains along its western, northern, and eastern borders, with flat plains domi-
nating the interior (Figure 1). NEC has a temperate continental monsoonal climate with 
mean annual precipitation of 400–700 mm and mean annual temperature of −1.1 °C to 4.4 
°C [21], and it supplies approximately one-third of China’s grain products and serves as 
a critical pillar of national food security. However, vegetation dynamics in NEC are 
shaped by a complex interplay of climate forcing, ecological restoration, and rapid urban-
ization [4], creating a spatially heterogeneous NDVI landscape [22] that makes NEC an 
ideal but analytically demanding case for high-resolution vegetation projection under fu-
ture climate scenarios. 

2.2. Study Design and Overall Framework 

This study was designed not only to project the spatial distribution of NDVI at 1 km 
resolution for 2040 under alternative socio-climatic scenarios (SSP1-2.6, SSP2-4.5, and 
SSP5-8.5), but also to assess those projections through a stratified validation workflow 
tailored to heterogeneous landscapes. The 2040 projection horizon was selected as a near-
term future period because it is relevant for regional ecological planning, agricultural 
management, and land-use policy, while avoiding some of the larger uncertainties asso-
ciated with late-century projections. In this study, the 2040 climate input is represented by 
the WorldClim v2.1 CMIP6 near-term 20-year average for 2021–2040, which is the closest 
available future climate time slice to the selected projection horizon. The overall method-
ological workflow is summarized in Figure 2. 

MODIS NDVI was derived from the MOD13A1 Collection 6.1 product accessed 
through Google Earth Engine, which provides 16-day vegetation index composites at 500 
m spatial resolution. For 2000–2020, the 16-day NDVI composites were aggregated into 
annual median NDVI to reduce the influence of residual cloud contamination, atmos-
pheric noise, and extreme observations. Temporal consistency was maintained by pairing 
each annual NDVI layer with predictor layers from the same year; monthly temperature 
and precipitation data were converted to annual mean temperature and annual total pre-
cipitation, respectively, while annual LULC, GDP, and population layers were matched 
by year. For the 2040 projection, WorldClim CMIP6 tn, tx, and pr variables were converted 
to the same annual climate definitions used for historical modeling. All annual layers were 
harmonized to the common 1 km × 1 km modeling grid, and detailed dataset information 
is provided in Table 1. 
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Figure 1. Location and physical geography of Northeast China. GKMR = Greater Khingan Moun-
tains Region; LKMR = Lesser Khingan Mountains Region; SJP = Sanjiang Plain; SNP = Songnen Plain; 
CMR = Changbai Mountains Region; LRP = Liao River Plain. 
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Figure 2. Flowchart of the overall study framework. 

Table 1. Input datasets used for historical NDVI modeling and 2040 scenario-based projection in 
Northeast China. 

Variable Product/Source Spatial 
Resolution 

Temporal Period 
Used 

Role 

Land use/land 
cover (LULC) 

China’s 30 m annual land-cover da-
taset and its dynamic changes, 

NCDC/Zenodo 
30 m  2000–2020 Predictor for SHAP, NDVI pro-

jection, and LULC projection 
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Air temperature 
(TEMP) 

1 km monthly mean temperature da-
taset for China, TPDC 

1 km 2000–2020 Predictor for SHAP, NDVI pro-
jection, and LULC projection 

Precipitation 
(PRE) 

1 km monthly precipitation dataset 
for China, TPDC 1 km 2000–2020 

Predictor for SHAP, NDVI pro-
jection, and LULC projection 

Normalized Dif-
ference Vegeta-

tion Index (NDVI) 

MODIS MOD13A1 Collection 6.1, 
Google Earth Engine 500 m  2000–2020 Response variable 

Gross Domestic 
Product (GDP) 

Annual gridded GDP dataset, Wang 
and Sun 

1 km 2000–2020 Predictor for SHAP, NDVI pro-
jection, and LULC projection 

Population den-
sity (POP) 

WorldPop annual gridded popula-
tion dataset 1 km 2000–2020 

Predictor for SHAP, NDVI pro-
jection, and LULC projection 

Distance to road Road-distance raster dataset, RESDC 1 km Static Predictor for LULC projection 

Distance to water 
Water-distance raster dataset, 

RESDC 1 km Static 
Predictor for SHAP, NDVI pro-

jection, and LULC projection 
Digital Elevation 

Model (DEM) 
Shuttle Radar Topography Mission 

(SRTM) DEM 90 m  Static 
Predictor for SHAP, NDVI pro-

jection, and LULC projection 

Slope Derived from SRTM DEM 90 m  Static 
Predictor for SHAP, NDVI pro-

jection, and LULC projection 
Topographic Wet-
ness Index (TWI) Derived from SRTM DEM 90 m  Static 

Predictor for SHAP, NDVI pro-
jection, and LULC projection 

Future land 
use/land cover 

FLUS-simulated LULC scenario 
maps 1 km 2040 Predictor for NDVI projection 

Future air temper-
ature 

WorldClim v2.1 downscaled CMIP6 1 km 
2021–2040 time 

slice, used as 
2040 input 

Predictor for FLUS and NDVI 
projection 

Future precipita-
tion 

WorldClim v2.1 downscaled CMIP6 1 km 
2021–2040 time 

slice, used as 
2040 input 

Predictor for FLUS and NDVI 
projection 

Future GDP 
Science Data Bank SSP1–5_v2 grid-

ded GDP dataset 1 km 2040 
Predictor for FLUS and NDVI 

projection 

Future population 
density 

WorldPop/University of Southamp-
ton SSP population projection da-

taset 

30 arc-sec-
onds (1 km) 

2040 Predictor for FLUS and NDVI 
projection 

Note: Full dataset metadata, including product versions, DOI/URL information, access period, tem-
poral resolution, and temporal harmonization, are provided in Table S12. 

2.2.1. Simulation of Future Land Use/Land Cover 

Future LULC maps for 2040 under SSP scenarios were generated using the Future 
Land-Use Simulation (FLUS) model. FLUS simulates the spatial trajectories of multiple 
land-use/land-cover changes by coupling a top-down system dynamics (SD) module with 
a bottom-up cellular automata (CA) module, allowing macro-level land-demand changes 
and local spatial competition among land-cover types to be represented simultaneously 
[23]. Within this framework, the ANN suitability module estimates the probability of 
land-cover transitions, while adaptive inertia coefficients, neighborhood effects, conver-
sion costs, and a roulette selection mechanism regulate the spatial allocation of land-cover 
changes [24–26]. 

In the CA allocation stage, a land-use conversion cost matrix, neighborhood weights, 
and iterative allocation rules were defined to control spatial simulation. The conversion 
cost matrix specified permitted and restricted transitions among land-cover classes, 
whereas neighborhood weights controlled the influence of surrounding land-cover com-
position on class expansion probability. The FLUS-CA allocation process was conducted 
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using up to 100 iterations, with the simulation terminating when the predefined 2040 land-
demand target was reached or when allocation convergence occurred. The conversion cost 
matrix and neighborhood weights are provided in Tables S1 and S2. Neighborhood 
weights are dimensionless, class-specific FLUS calibration parameters bounded between 
0 and 1, where higher values indicate stronger neighborhood-driven expansion tendency 
[23]. The weights in Table S1 were locally assigned for this study by expert judgment to 
reflect class-specific development pressure, spatial constraints, and expansion potential. 
This parameterization follows FLUS/CA-based calibration practice, in which neighbor-
hood weights are locally specified and evaluated through historical validation against the 
observed 2010 and 2020 LULC maps [23,27]. 

The FLUS suitability module was calibrated using historical LULC transitions during 
2000–2020, and the associated driving factors, and the simulation performance was vali-
dated by comparing simulated and observed LULC maps for 2010 and 2020. Validation 
accuracy was assessed using overall accuracy (OA), Kappa coefficient, and Figure of Merit 
(FoM) [27]. After satisfactory validation performance was achieved, the calibrated FLUS 
parameters were applied to simulate 2040 LULC under SSP1-2.6, SSP2-4.5, and SSP5-8.5 
using scenario-specific climatic and socioeconomic inputs. Input data sources are summa-
rized in Table 1. The 2040 land-demand target was derived from the observed 2000–2020 
LULC transition trajectory using CA-Markov and used as a fixed-demand input for all 
FLUS-CA scenario allocations. In this implementation, the SD module was not used to 
impose separate policy-driven demand assumptions for each SSP scenario. This con-
trolled-demand design was used to separate demand-side effects from allocation-side ef-
fects; therefore, differences among SSP LULC outputs reflect scenario-specific climate, 
GDP, and population suitability inputs rather than separate land-demand vectors. 

Future precipitation and temperature data were obtained from WorldClim v2.1 
downscaled CMIP6 products for the near-term 2021–2040 period, which was used to rep-
resent 2040 climatic conditions, at 0.0083333° (~1 km) resolution [28]. These products are 
calibrated using WorldClim v2.1 as the baseline climate. Five CMIP6 GCMs were selected 
for each SSP scenario based on their use in previous CMIP6-based vegetation and climate-
impact studies, complete availability for SSP1-2.6, SSP2-4.5, and SSP5-8.5 in WorldClim 
v2.1, and full spatial coverage of the NEC domain [15,17,29]. Table S3 summarizes the 
native resolutions of the five GCMs used in this study. For each climate variable and SSP 
scenario, the five downscaled GCM rasters were checked and aligned to ensure consistent 
projection, extent, resolution, and pixel alignment. A pixel-wise multi-model ensemble 
mean (MME) was then calculated using ArcGIS Raster Calculator to reduce dependence 
on any individual GCM and provide a representative 2040 climate signal for LULC simu-
lation and NDVI projection [30]. The resulting climate grids were clipped to the NEC 
boundary and used as inputs for the 2040 LULC simulation and NDVI projection. 

Future socioeconomic inputs were obtained from SSP-consistent gridded products 
rather than downscaled independently in this study. Future GDP data for 2040 were ob-
tained from the Science Data Bank dataset “Global and China population and economy 
gridded datasets under Shared Socioeconomic Pathways (SSP1–5)_v2” [31]. Future pop-
ulation data for 2040 were obtained from the WorldPop/University of Southampton da-
taset “Global 1km-grid population projections for 2025–2100 consistent with the Shared 
Socioeconomic Pathways 3.2 national population projections, version 0.2” [32]. For sce-
nario consistency, the SSP1, SSP2, and SSP5 socioeconomic layers were matched with 
SSP1-2.6, SSP2-4.5, and SSP5-8.5, respectively. Both socioeconomic products were already 
provided as gridded SSP-based layers at approximately 1 km spatial resolution; therefore, 
no independent GDP or population downscaling was performed. The GDP and popula-
tion rasters were reprojected, clipped to the NEC boundary, and aligned to the common 
1 km modeling grid before being used as inputs for the 2040 FLUS and subsequent NDVI 
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projection. Regional 2040 socioeconomic summaries derived from the final aligned rasters 
are reported in Table S11. 

LULC Allocation Uncertainty Assessment 

To evaluate the sensitivity of future LULC allocation to uncertainty in key FLUS al-
location parameters, ten additional perturbation runs were generated for each SSP sce-
nario. In these runs, neighborhood weights and acceleration-related parameters varied 
within ±5% of their calibrated values as a controlled local sensitivity test, while preserving 
the relative ranking among land-cover classes. The original FLUS-simulated LULC raster 
was retained as the official scenario-specific projection, whereas the perturbation realiza-
tions were used only to characterize spatial allocation instability. 

For each pixel, class occurrence probabilities were calculated across the original and 
perturbation-based realizations. Three indicators were derived: stability probability, de-
fined as the maximum class occurrence probability; variation uncertainty, defined as one 
minus the maximum class occurrence probability; and normalized Shannon entropy, rep-
resenting the dispersion of class probabilities across LULC categories. 

Class-level uncertainty statistics were summarized using the original FLUS class 
masks rather than perturbation-derived class assignments, ensuring that instability was 
assessed relative to the official scenario-specific LULC classes used in the NDVI model. 
The resulting LULC uncertainty products were interpreted as relative spatial allocation 
instability indicators, not as fully calibrated probabilistic projections or full propagation 
of LULC uncertainty into NDVI prediction. 

2.2.2. Machine Learning—LightGBM 

LightGBM (Light Gradient Boosting Machine) is an efficient gradient boosting frame-
work based on histogram-based, leaf-wise tree growth, and is well-suited for large-scale 
pixel-wise NDVI modeling [11,13]. Following model comparison, LightGBM was retained 
as the final model for the 2040 NDVI projection. The predefined parameter settings used 
for model implementation are reported in Table S4. The final LightGBM model was re-
trained using the full historical record and then applied to scenario-specific predictor lay-
ers to generate spatially explicit NDVI projections for 2040 under SSP1-2.6, SSP2-4.5, and 
SSP5-8.5. 

To improve model interpretability, SHapley Additive ExPlanations (SHAP) was ap-
plied to quantify the contribution of each predictor to the model output [33,34]. This ap-
proach provides a transparent and consistent basis for identifying the main drivers of 
NDVI variability. 

2.2.3. NDVI Model Construction and Projection 

NDVI was modeled using three tree-based machine-learning regression algo-
rithms—Random Forest (RF), XGBoost, and LightGBM—to compare their suitability for 
forward NDVI projection under heterogeneous land-cover conditions. Historical NDVI 
observations derived from MODIS at 500 m resolution for 2000–2020 served as the re-
sponse variable, while the predictor set included land use/land cover (LULC), precipita-
tion (PRE), air temperature (TEMP), population density (POP), gross domestic product 
(GDP), and static topographic variables, including elevation (DEM), slope, topographic 
wetness index (TWI), and distance to water (DIST). GDP and population density were 
included as SSP-consistency socioeconomic covariates and were not interpreted as direct 
causal ecological drivers of NDVI. All predictor layers were harmonized to a common 1 
km grid before model development. Topographic derivatives, including slope and TWI, 
were derived from the DEM before resampling. Variable selection was performed using 
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the Variance Inflation Factor criterion (VIF < 5) to reduce multicollinearity (Figure S1). The 
NDVI prediction model can be expressed as: NDVI(୧,୲) = f(LULC (୧,୲), PRE (୧,୲), TEMP (୧,୲), POP (୧,୲), GDP (୧,୲), DEM (୧,୲), SLOPE (୧,୲), TWI (୧,୲), DIST (୧,୲)) (1)

where NDVI(୧,୲) denotes the predicted NDVI value for pixel (i) at time (t), and (f) repre-
sents the regression function learned by the ML algorithm. 

Model comparison was conducted using a multi-stage evaluation framework de-
signed to assess both predictive accuracy and projection-oriented robustness. Three tree-
based machine-learning models, Random Forest (RF), LightGBM, and XGBoost, were 
evaluated using the same predictor set. The predefined hyperparameter settings for all 
candidate models are provided in Table S4. 

First, a temporal validation test was performed by training each candidate model on 
annual observations from 2000 to 2019 and predicting NDVI for 2020. This step was used 
to evaluate short-gap temporal transferability under an independent holdout year. Sec-
ond, a long-horizon extrapolation test was conducted by training each model on 2000–
2010 only and then predicting NDVI for 2020, thereby assessing model stability under a 
substantially larger temporal gap. Third, a climate-perturbation robustness test was ap-
plied to compare model behavior under pseudo-novel climatic forcing. In this test, pre-
cipitation was increased by 2.5%, temperature was increased by 0.32 °C, and a combined 
PRE + TEMP perturbation was also applied to the 2020 holdout feature set on a pixel-by-
pixel basis. These perturbation values were derived as ensemble-mean CMIP6 projected 
changes for NEC between 2020 and 2040, calculated from the five GCMs used in this study 
(Table S3). This experiment was not intended as a formal validation against observations, 
but rather as a controlled robustness test to assess whether candidate models preserved 
plausible spatial variability under future-like climatic shifts. 

Spatial block cross-validation was implemented using a 5 × 5 spatial blocking scheme, 
in which the NEC region was divided into 25 spatial blocks that were grouped into five 
validation folds to reduce spatial autocorrelation between training and validation sam-
ples. The NEC raster extent used for spatial block cross-validation was approximately 
1554.0 km × 1608.0 km; therefore, the main 5 × 5 spatial blocking scheme corresponded to 
an approximate block size of 310.8 km × 321.6 km. To assess the block-size effect, spatial 
block validation was additionally repeated using a coarser 4 × 4 blocking scheme, corre-
sponding to an approximate block size of 388.5 km × 402.0 km. The 4 × 4 scheme produced 
lower R2 and higher RMSE than the 5 × 5 scheme, indicating that the spatial cross-valida-
tion results were sensitive to block size (Table S9). 

Model selection was based on the combined evidence from these evaluation stages 
rather than on a single metric. Thus, model comparison was treated as a projection-ori-
ented assessment step, with emphasis on performance consistency under temporal trans-
fer, longer-horizon extrapolation, and future-like climatic perturbation. Under this frame-
work, LightGBM was retained as the final model for 2040 NDVI projection and retrained 
using the full historical record before being applied to scenario-specific predictor layers 
to generate spatially explicit NDVI projections for 2040 under SSP1-2.6, SSP2-4.5, and 
SSP5-8.5. The original scenario-specific FLUS LULC rasters were used as categorical LULC 
inputs in the main NDVI projections, while the perturbation-derived LULC uncertainty 
products were retained for robustness assessment and validation-priority analysis. 

2.2.4. Stratified Accuracy Assessment and Residual Analysis 

Model performance was evaluated using a stratified validation framework based on 
the independent 2020 holdout prediction generated during the primary temporal valida-
tion stage (training in 2000–2019 and predicting 2020). For each LULC class, prediction 
accuracy was quantified using four complementary metrics: coefficient of determination 
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(R2), Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and prediction bias. 
All metrics were computed exclusively on spatially coincident valid pixels—pixels with 
valid values in observed NDVI, predicted NDVI, and LULC layers simultaneously (Equa-
tions (2)–(5)): R² = 1 −  1n∑ (ŷ୧ − y୧)ଶ୬୧ୀଵ1n∑ (y୧ − ȳ)ଶ୬୧ୀଵ  (2)

RMSE = ඩ1n෍(ŷ୧ − y୧)ଶ୬
୧ୀଵ   (3)

MAE = 1n෍|ŷ୧ − y୧|୬
୧ୀଵ  (4)

Bias = 1n෍( y୧ − ŷ୧)୬
୧ୀଵ   (5)

Residual maps were computed as Residual = NDVI Observed—NDVI Predicted, 
where positive values indicate underprediction and negative values indicate overpredic-
tion. Prediction errors were further decomposed into systematic error (|residual mean| = 
directional bias, correctable) and random error (residual STD = unpredictable spatial scat-
ter, model-structural) [35]. 

2.2.5. Uncertainty Characterization and Uncertainty Risk Index (URI) 

Prediction uncertainty in NDVI predictions was quantified by training three 
LightGBM quantile regression models at α = 0.025, 0.500, and 0.975 using the pinball loss 
function [11,36], resulting in a 95% pixel-wise prediction interval whose width was used 
as input for constructing the URI. In the present study, URI is interpreted primarily as a 
relative uncertainty indicator derived from interval width, enabling spatial and class-wise 
comparison of uncertainty patterns rather than serving as a fully calibrated probabilistic 
risk estimate. Because the quantile models are trained on the same historical data as the 
main LightGBM model, URI reflects extrapolated model uncertainty rather than fully in-
dependent probabilistic bounds. To facilitate spatial comparison, CI width was trans-
formed into the Uncertainty Risk Index (URI) via min–max normalization: 

URI୧ = CI୧ଽହ% − CI୫୧୬ CI୫ୟ୶ − CI୫୧୬  (6)

where CI୧ଽହ% is the 95% CI width of NDVI prediction at pixel i, and CI୫୧୬  and CI୫ୟ୶  de-
note the minimum and maximum CI widths across the study area. 

URI ranges from 0 (lowest uncertainty) to 1 (highest uncertainty). URI was extracted 
per LULC class under SSP1-2.6, SSP2-4.5, and SSP5-8.5 to contextualize historical predic-
tion errors within future climate scenarios. A single study-area-wide min–max normali-
zation was used to construct URI because the objective was to compare relative uncer-
tainty among land-cover classes on a common scale. Class-specific normalization was not 
used because it would rescale each land-cover class independently and could remove 
meaningful between-class differences in prediction interval width, which are central to 
the validation-priority framework. 

2.2.6. Combined Priority Score for Future Validation 

To identify land-cover types requiring prioritized validation in future studies, a com-
bined priority score was derived by integrating three normalized components: systematic 
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error (weight = 0.4), random error (weight = 0.4), and mean URI across all SSP scenarios 
(weight = 0.2): Priority Score = 0.4 ×  Norm (Systematic)  +  0.4 ×  Norm (Random) +  0.2 ×  Norm (URI_mean) 

(7)

where Norm (Systematic) denotes the normalized absolute mean residual, Norm (Ran-
dom) denotes the normalized residual standard deviation, and Norm (URI Mean) denotes 
the normalized mean URI across SSP scenarios. 

Since |residual mean|, residual STD, and URI_mean operate on fundamentally dif-
ferent numerical scales—with URI range = 0.36 exceeding systematic error range = 0.017 
by more than 20-fold—direct aggregation without normalization would allow URI to 
dominate the composite score regardless of the assigned weight. Min–max normalization 
was therefore applied independently to each component prior to weighted aggregation, 
rescaling all inputs to [0, 1] and ensuring that the 0.4/0.4/0.2 weights reflect the intended 
relative contributions of historical systematic error, historical random error, and future 
prediction uncertainty, respectively. Higher scores indicate land-cover classes requiring 
relatively greater validation attention because of the combined influence of historical 
model error and future projected uncertainty. 

Historical error components (systematic and random) were collectively assigned a 
higher weight (0.8) than future URI (0.2) because they are directly measurable, model-
attributable, and actionable through model improvement, whereas URI is partially driven 
by input uncertainty external to the model. Sensitivity analysis across four weighting 
schemes—original weight (0.4/0.4/0.2), equal weight (0.33/0.33/0.33), URI-heavy 
(0.3/0.3/0.4), and history-heavy (0.5/0.4/0.1) confirmed that Water bodies ranked first and 
Cropland ranked last under all schemes, demonstrating that the priority extremes were 
robust to weighting assumptions (Table 6). 

2.2.7. Supplementary LAII-Informed Robustness Analysis 

As an additional robustness test, a LULC Allocation Instability Index (LAII) was in-
corporated into the validation-priority framework to evaluate whether class-level priori-
ties were sensitive to uncertainty in future land-cover allocation. LAII was derived from 
controlled LULC-weight perturbation runs. For each pixel, class occurrence probabilities 
were calculated across perturbation realizations, and variation uncertainty was defined as 
one minus the maximum class occurrence probability. For each land-cover class, LAII was 
calculated as the mean class-level variation uncertainty across SSP1-2.6, SSP2-4.5, and 
SSP5-8.5. 

LAII was min–max normalized across land-cover classes and added as a fourth com-
ponent in a supplementary priority score: Priority Score_LAII = 0.35 ×  norm (Systematic)  +  0.35 ×  norm (Random) +  0.2 ×  norm (URI_mean) + 0.10 ×  Norm(LAII)  

(8)

where Norm (LAII) denotes the min–max normalized LULC Allocation Instability Index. 
The original three-component score was retained as the main result because system-

atic and random errors are directly observed from historical validation, whereas URI and 
LAII represent relative future uncertainty indicators. The LAII-informed score was there-
fore used only as a robustness analysis to test whether the validation-priority ranking 
changed after accounting for LULC allocation instability. This analysis did not modify the 
URI calculation and did not represent full propagation of LULC uncertainty into NDVI 
prediction. 
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3. Results 
3.1. Land-Use/Land-Cover Dynamics 

3.1.1. Historical Land-Use Changes (2000–2020) 

Land-use change from 2000 to 2020 is characterized by strong persistence of forest 
and cropland, as indicated by the dominant unchanged flows in the Sankey diagram (Fig-
ure 3a) and the large diagonal values in the transfer matrix (Table S10). Most transitions 
occur among cropland, grassland, and Forest, while Construction land expands mainly 
through conversion from cropland. Spatially, these changes are localized, with unchanged 
areas dominating the landscape (Figure 3b), indicating overall land-use stability during 
the study period. 

 

Figure 3. Land-use/land-cover transformation in Northeast China during 2000–2020: (a) Sankey di-
agram showing land-cover transitions among classes, and (b) spatial distribution of converted land-
cover areas. Gray areas indicate unchanged land cover. 

3.1.2. FLUS Model Validation and Projected LULC for 2040 

The FLUS validation results for the 2010 and 2020 simulations are shown in Figure 4. 
Quantitatively, the FLUS model showed acceptable validation performance across the his-
torical validation periods. For the 2010 validation, OA, Kappa, and FoM were 0.914, 0.865, 
and 0.347, respectively. For the 2020 validation, OA, Kappa, and FoM were 0.880, 0.813, 
and 0.239, respectively. The corresponding confusion matrices and class-level producers’ 
and users’ accuracies for 2010 and 2020 are provided in Table S14. The simulated maps 
reproduced the major spatial patterns of observed LULC, particularly the dominance of 
Forest and Cropland and the concentration of Construction land in localized urban areas. 
By 2040, Forest and Cropland continued to dominate the landscape, together comprising 
approximately 82–83% of the total area across all SSP scenarios (Table 2; Figure 5). How-
ever, the direction and magnitude of class-level changes varied among pathways. Under 
SSP1-2.6, Cropland decreased by 5343 km2, whereas Forest increased by 14,467 km2, indi-
cating a more conservation-oriented land-allocation outcome. In contrast, Cropland ex-
panded strongly under SSP2-4.5 and SSP5-8.5 by 13,615–13,616 km2, while Forest declined 
by 8407 km2 under both scenarios. Grassland contracted across all scenarios, with losses 
ranging from 8941 km2 under SSP1-2.6 to 13,274–13,308 km2 under SSP5-8.5 and SSP2-4.5. 
Construction land expanded in all scenarios, but the increase was much smaller under 
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SSP1-2.6 (+902 km2) than under SSP2-4.5 and SSP5-8.5 (+9641 km2). Water bodies changed 
only slightly, while Unused land declined across all scenarios. Because a fixed 2040 land-
demand target was used across SSP scenarios, differences among the projected LULC 
maps mainly reflect scenario-specific climate and socioeconomic suitability inputs rather 
than different policy- or management-driven demand assumptions. The close similarity 
between SSP2-4.5 and SSP5-8.5 is partly supported by their relatively similar 2040 climate 
inputs. Mean precipitation differed by only 5.94 mm yr−1 between SSP2-4.5 and SSP5-8.5, 
compared with 17.81 mm yr−1 between SSP1-2.6 and SSP2-4.5. Based on the average of 
Tmax and Tmin, mean temperature differed by approximately 0.16 °C between SSP2-4.5 
and SSP5-8.5, compared with approximately 0.43 °C between SSP1-2.6 and SSP2-4.5 (Table 
S13). Therefore, under the fixed-demand FLUS design, SSP2-4.5 and SSP5-8.5 produced 
similar LULC allocation outputs, whereas the wetter and cooler SSP1-2.6 climate surface 
contributed to a more distinct allocation pattern. Overall, the 2040 LULC projections indi-
cate persistent dominance of Forest and Cropland, Grassland contraction across all path-
ways, and stronger Cropland and Construction land expansion under the medium- and 
high-forcing pathways. 

 

Figure 4. (a1–b2) Validation of FLUS-simulated LULC against observed maps for 2010 and 2020. 

Table 2. Land-use area (km2) and area percentage (%) in 2020 and projected for 2040 under different 
SSP scenarios. 

Land Type 2020 
(km2) 

2020 
(%) 

SSP1-2.6 
(km2) 

SSP1-2.6 
(%) 

SSP2-4.5 
(km2) 

SSP2-4.5 
(%) 

SSP5-8.5 
(km2) 

SSP5-8.5 
(%) 

Cropland 379,763 35.06 374,420 34.57 393,378 36.32 393,379 36.32 
Forest 507,971 46.90 522,438 48.24 499,564 46.13 499,564 46.13 
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Grassland 146,888 13.56 137,947 12.74 133,580 12.33 133,614 12.34 
Water bodies 13,608 1.26 13,607 1.26 13,496 1.25 13,461 1.24 
Unused land 4612 0.43 3528 0.33 3183 0.29 3183 0.29 

Construction land 30,199 2.79 31,101 2.87 39,840 3.68 39,840 3.68 
Note: The reported 2040 class areas represent the realized FLUS allocation outputs under the fixed 
CA-Markov demand target and scenario-specific climate and socioeconomic suitability surfaces. 

 

Figure 5. Predicted land-use types in 2040 under (a) SSP1-2.6, (b) SSP2-4.5, and (c) SSP5-8.5. 

The controlled LULC perturbation assessment showed that future LULC allocation 
was generally stable, but instability varied clearly among land-cover classes. Class-level 
variation uncertainty indicated that allocation instability was concentrated mainly in 
small or transition-sensitive classes, whereas more spatially persistent classes showed 
lower instability. These results support the use of LULC allocation uncertainty as a sup-
plementary diagnostic layer rather than as a replacement for the original FLUS scenario 
rasters. The scenario-specific class-level LULC allocation uncertainty results are provided 
in Figure S4. 

3.2. Historical and Projected NDVI Dynamics 

3.2.1. Historical Spatiotemporal Trends 

From 2000 to 2010, NDVI showed a decreasing trend, followed by recovery until 
2022, with an overall increasing trend (Mann–Kendall Tau = 0.470, Sen’s slope = 0.0017, p 
= 0.002; Figure 6). Spatially, in 2000 and 2010, low NDVI was concentrated in the central 
and western interiors, while higher NDVI was sustained in eastern, northern, and ele-
vated outer regions. By 2020, greening increased, characterized by enhanced high-NDVI 
coverage in surrounding regions, whereas low-NDVI cores remained consistently central 
(Figure 7). The historical trend analysis was extended to 2022 to provide a broader tem-
poral context for regional greening dynamics, whereas model evaluation and holdout val-
idation were anchored to 2020 to maintain a consistent independent test year. 
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Figure 6. Historical NDVI trend (2000–2022) with uncertainty envelope derived from non-paramet-
ric Mann–Kendall and Sen’s slope analysis. 

 

Figure 7. Spatial distribution of historical NDVI in (a) 2000, (b) 2010, and (c) 2020. 

3.2.2. Projected NDVI Under SSP Scenarios for 2040 

Projected NDVI maps for 2040 at 1 km resolution revealed marked spatial heteroge-
neity within each SSP scenario, while differences among scenarios remained limited (Fig-
ure 8). Regional mean NDVI varied only slightly across pathways, with the highest value 
under SSP5-8.5 (0.417), followed by SSP2-4.5 (0.415) and SSP1-2.6 (0.414). Despite this sce-
nario convergence at the aggregate level, all three pathways indicated a consistent green-
ing pattern relative to the 2020 baseline, reflected by contraction of low-NDVI interior 
zones and expansion of higher-NDVI peripheral areas (Figures 8 and S6). These changes 
were strongly land-cover dependent (Figure 9): water bodies showed the largest increase 
(likely reflecting mixed-pixel contributions from riparian and shoreline vegetation at 1 km 
resolution rather than open-water greening; see Section 4.3), grassland increased moder-
ately, cropland remained nearly stable, and Forest showed only a slight decline. In con-
trast, unused land decreased markedly, whereas construction land remained broadly sta-
ble with a slight increase. 
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Figure 8. Projected median NDVI for 2040 under (a) SSP1-2.6, (b) SSP2-4.5, and (c) SSP5-8.5. 

 

Figure 9. Mean NDVI by land-cover type for 2020 (baseline) and projected 2040 under SSP1-2.6, 
SSP2-4.5, and SSP5-8.5 scenarios across NEC. 

3.3. Model Validation and Uncertainty 

3.3.1. Candidate Model Comparison and Selection 

Three candidate machine-learning models—Random Forest (RF), XGBoost (XGB), 
and LightGBM (LGBM)—were evaluated using five-fold spatial block cross-validation, 
primary temporal holdout validation, long-jump temporal extrapolation, and climatic 
perturbation tests. Under spatial block cross-validation, LGBM achieved the highest pre-
dictive performance, with R2 = 0.654 ± 0.123 and RMSE = 0.056 ± 0.006, followed closely by 
XGB, whereas RF showed weaker spatial-transfer performance (Table S5). However, the 
spatial CV difference between LGBM and XGB was small, indicating that spatial block CV 
alone was not sufficient to justify final model selection. 

In the primary temporal holdout validation experiment, where models were trained 
on 2000–2019 observations and evaluated against 2020 observations, LightGBM showed 
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the strongest predictive performance, achieving the highest R2 (0.710), the lowest RMSE 
(0.058), and the smallest absolute bias (−0.006). Although the relative ranking of RF and 
XGBoost differed from the spatial block cross-validation results, LightGBM remained the 
best-performing model under both evaluation settings (Table S5). The fold-level spatial 
block results further indicated differences in spatial transferability among models: RF 
showed poor generalization in one spatial partition (Fold 0, R2 = −0.07), whereas 
LightGBM maintained positive performance across all five folds, with a minimum R2 of 
0.420 (Table S6). Together, these results support the selection of LightGBM for forward 
NDVI projection. 

Under the more demanding long-jump extrapolation test, in which models were 
trained on 2000–2010 and tested against 2020, LGBM retained the strongest extrapolative 
performance, yielding the highest R2 (0.671) and the lowest RMSE (0.062), whereas RF and 
XGB showed weaker long-horizon transferability (Table S7). In the climatic perturbation 
experiments, all models largely preserved spatial variability, as indicated by standard-
deviation ratios close to one (Table S8). Among the candidate models, LGBM produced 
the standard-deviation ratio closest to one under the combined PRE + TEMP perturbation 
(0.998), indicating slightly better preservation of baseline spatial heterogeneity under fu-
ture-like climatic forcing. 

Taken together, these results indicate that LGBM provided the most balanced and 
consistent performance across spatial, temporal, extrapolative, and perturbation-based 
evaluation stages. Therefore, LGBM was selected as the final model for the 2040 NDVI 
projection. However, selecting the most suitable model for forward projection does not by 
itself establish uniform projection support across land-cover types; this requires holdout-
based class-stratified evaluation of the 2020 prediction. 

3.3.2. Stratified Validation per LULC Class 

Class-stratified validation metrics for the selected LGBM model were computed us-
ing the independent 2020 prediction generated from the primary temporal validation 
framework (training in 2000–2019 and predicting 2020). Visual comparison between ob-
served and predicted NDVI showed that the model broadly reproduced the main spatial 
pattern across NEC, although the predicted surface appeared smoother than the observed 
map and captured a narrower range of extreme values (Figure 10). The observed-versus-
predicted scatter plot further revealed systematic overprediction at NDVI < 0.1 and un-
derprediction above 0.55, with a fan-shaped heteroscedastic residual pattern concentrated 
in low-NDVI classes (Figure S5), consistent with the elevated errors for Water bodies and 
Unused land in Table 3. Mean NDVI was similar between the observed and predicted 
maps (0.393 and 0.396, respectively). However, predictive performance varied markedly 
among land-cover classes (Table 3). Among the classes with positive explanatory perfor-
mance, Construction land showed the highest R2 (0.576), followed by Grassland (0.540) 
and Forest (0.528), whereas Cropland showed more moderate performance (R2 = 0.388). In 
contrast, Water bodies and Unused land performed poorly, with negative R2 values 
(−0.586 and −0.886, respectively). Water bodies showed the largest absolute errors (RMSE 
= 0.209; MAE = 0.172). Overall, the apparent agreement between observed and predicted 
regional NDVI patterns masked substantial class-dependent differences in predictive 
skill. 

Table 3. Class-stratified validation and residual decomposition metrics for the independent 2020 
NDVI prediction generated by training in 2000–2019 and testing in 2020. 

LULC Class n Pixels R2 RMSE MAE Absolute Mean Residual Residual STD 
Cropland 379,763 0.388 0.046 0.032 0.003 0.046 
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Forest 507,971 0.528 0.061 0.047 0.002 0.061 
Grassland 146,888 0.540 0.049 0.036 0.012 0.047 

Water bodies 13,608 −0.586 0.209 0.172 0.156 0.138 
Unused land 4612 −0.886 0.116 0.096 0.079 0.085 

Construction land 30,199 0.576 0.060 0.043 0.001 0.060 

 

Figure 10. Spatial distribution of (a) observed NDVI in 2020, (b) LightGBM-predicted NDVI in 2020 
across NEC. Mean NDVI is reported in panels (a,b). 

Residual zonal statistics further clarified the structure of model error across LULC 
classes (Table 3). Construction land showed the smallest absolute mean residual (0.001), 
followed by Forest (0.002) and Cropland (0.003), indicating limited systematic deviation 
in these classes. Grassland showed a moderate absolute mean residual (0.012) relative to 
a comparatively low residual standard deviation (0.047). Water bodies exhibited both the 
largest absolute mean residual (0.156) and the highest residual standard deviation (0.138), 
whereas Unused land showed the second-highest absolute mean residual (0.079) and a 
relatively high residual standard deviation (0.085). These results indicate that both the 
magnitude and composition of model error varied across land-cover classes. 

3.3.3. Projection Uncertainty and URI Analysis 

To complement the historical error structure revealed by class-stratified validation, 
relative projection uncertainty was then characterized to compare how uncertainty pat-
terns varied spatially and across land-cover classes under the three SSP scenarios. After 
model selection and independent class-wise validation, projection uncertainty for 2040 
was quantified using the URI derived from the 95% prediction interval estimated by 
LightGBM quantile regression models. Accordingly, URI values should be interpreted 
comparatively across space, classes, and scenarios within the current framework, rather 
than as absolute measures of probabilistic prediction failure. Spatially, high URI values 
were concentrated in central-interior zones and construction land-dominated areas, 
whereas cropland- and Forest-dominated regions showed persistently lower uncertainty 
across all SSP scenarios (Figure 11). The overall URI pattern remained broadly consistent 
among scenarios, indicating scenario-robust spatial uncertainty structure. At the class 
level, Construction land consistently showed the highest mean URI across SSP1-2.6, SSP2-
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4.5, and SSP5-8.5 (0.553, 0.563, and 0.554, respectively), whereas Cropland showed the 
lowest uncertainty (0.198, 0.193, and 0.204). Unused land ranked second in mean uncer-
tainty across all scenarios, while Water bodies and Grassland occupied intermediate po-
sitions (Table 4). Across all classes, SSP2-4.5 tended to produce the lowest or near-lowest 
mean URI, suggesting that the intermediate emission pathway generates climate and so-
cioeconomic forcing closest to the centroid of the historical training distribution, thereby 
reducing quantile-interval width; however, scenario differences within each class were 
small relative to between-class differences and do not alter the overall class-level uncer-
tainty ranking. 

 

Figure 11. Spatial distribution of the Uncertainty Risk Index (URI) under (a) SSP1-2.6, (b) SSP2-4.5, 
and (c) SSP5-8.5. 

Table 4. URI zonal statistics per LULC class across SSP scenarios. 

LULC Class SSP1-2.6 Mean SSP2-4.5 Mean SSP5-8.5 Mean 
Cropland 0.198 0.193 0.204 

Forest 0.252 0.225 0.265 
Grassland 0.278 0.261 0.284 

Water bodies 0.303 0.284 0.299 
Unused land 0.386 0.375 0.384 

Construction land 0.553 0.563 0.554 

3.4. Driver Analysis and Validation Priority 

3.4.1. SHAP-Based Driver Contributions to NDVI Dynamics 

SHAP-based feature importance analysis showed that Land Use/Land Cover (LULC) 
was the most influential predictor of NDVI spatial variability across NEC, accounting for 
31.8% of total feature importance, approximately 1.5 times greater than any other variable 
(Figure 12b). Directional analysis further revealed distinct class-dependent SHAP effects 
for LULC, suggesting strong differences in NDVI response among land-cover classes (Fig-
ure 12a). Slope and precipitation ranked as the second and third most influential predic-
tors (20.3% and 18.9%, respectively), with higher values of both variables generally asso-
ciated with positive SHAP contributions to NDVI (Figure 12a,b). DEM, TEMP, and GDP 
exhibited intermediate and broadly comparable contributions (6.5%, 6.4%, and 6.1%, re-
spectively), whereas TWI and POP remained relatively minor predictors. Population den-
sity displayed a predominantly negative SHAP pattern (Figure 12a), whereas DIST had 
the weakest contribution, accounting for only 0.6% of total feature importance (Figure 
12b). Temporal comparison across 2000, 2010, and 2020 further revealed a modest decline 
in the relative importance of precipitation and a corresponding increase in the contribu-
tion of slope, suggesting an increasing relative importance of topographic control over 
time (Figures 12 and S7). Because LULC was the dominant predictor, class-level differ-
ences in vegetation–environment relationships constitute the primary structural source of 
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prediction variability across NEC, directly motivating the land-cover-stratified validation 
approach applied in Section 3.3.2 rather than globally aggregated accuracy metrics alone. 

 

Figure 12. Directional driver analysis (a) and SHAP-based feature importance (b) for LightGBM-
modeled NDVI across 2020 in NEC. LULC represents land use/cover; SLOPE represents the slope; 
PRE represents precipitation; DEM represents elevation; TEMP represents temperature; GDP rep-
resents gross domestic product; TWI represents topographic wetness index; POP represents popu-
lation density; DIST represents distance to water. 

3.4.2. Priority Ranking for Future Validation 

Integrating systematic error, random error, and future URI into a combined priority 
score showed that Water bodies had the highest validation priority (0.784), followed by 
Unused land (0.667), Construction land (0.477), and Grassland (0.220). Forest and 
Cropland showed the lowest priority scores (0.153 and 0.000, respectively), reflecting their 
relatively low residual errors and low to moderate future uncertainty (Table 5). 
Cropland’s score of exactly 0.000 results from min–max normalization, simultaneously 
anchoring the class with the lowest value on all three components to zero; its absolute 
error metrics remain non-zero (Table 3). A critical finding is that the sources of validation 
priority differ markedly among land-cover classes. Water bodies rank first because they 
combine high systematic error (Norm. Systematic Error = 0.824) with the highest random 
error (Norm. Random Error = 1.000), indicating a compounded form of validation priority 
that is unlikely to be resolved by a single global model adjustment. Unused land ranks 
second primarily because it has the highest normalized systematic error (1.000), despite 
only moderate future URI (Norm. URI Mean = 0.512). Construction land ranked third be-
cause it has the highest normalized URI mean (1.000), indicating future-driven rather than 
historically driven risk. Grassland ranks fourth because its priority is driven mainly by 
moderate systematic error rather than random instability or future uncertainty, suggest-
ing that targeted bias correction may substantially improve class-level performance. Sen-
sitivity analysis across four alternative weighting schemes showed that the priority ex-
tremes and overall rank ordering remained stable, with Water bodies, Unused land, Con-
struction land, and Cropland consistently ranked first, second, third, and last, respectively 
(Table 6). 

To further test whether the validation-priority ranking was sensitive to future LULC 
allocation instability, LAII was added as a fourth normalized component in a supplemen-
tary robustness score. Incorporating LAII did not alter the class-level priority ranking: 
Water bodies, Unused land, and Construction land remained the three highest-priority 
classes, whereas Cropland remained the lowest-priority class. This confirms that the vali-
dation-priority structure was robust not only to alternative weighting assumptions, but 
also to LULC allocation instability. The result also indicates that LAII added 



Remote Sens. 2026, 18, 2203 22 of 32 
 

https://doi.org/10.3390/rs18132203 

complementary information without overturning the main interpretation of class-level 
validation priority. 

Table 5. Combined priority score for future validation per LULC class. 

Rank LULC Class Sys. Error Rand. Error Mean URI Priority Score Main Validation Issue 
1 Water bodies 0.824 1.000 0.271 0.784 High random and systematic error 
2 Unused land 1.000 0.413 0.512 0.667 Systematic bias with moderate URI 

3 Construction 
land 0.471 0.222 1.000 0.477 Highest future uncertainty 

4 Grassland 0.412 0.032 0.212 0.220 Moderate systematic bias 
5 Forest 0.059 0.254 0.137 0.153 Low concern; minor scatter 
6 Cropland 0.000 0.000 0.000 0.000 Lowest validation priority 

Note: Sys. Error = min–max normalized absolute mean residual from Table 3; RAND. Error = min–
max normalized residual STD from Table 3; Mean URI = min–max normalized mean URI across 
SSP1-2.6, SSP2-4.5, and SSP5-8.5 (Table 4). Priority Score = 0.4 × Norm. Systematic + 0.4 × Norm. 
Random + 0.2 × Norm. URI Mean. All components were independently rescaled to [0, 1] prior to 
weighted aggregation. Cropland receives a priority score of 0.000 because min–max normalization 
anchors the minimum-value class to zero on all three components simultaneously. Its absolute met-
ric values are reported in Table 3. 

Table 6. Sensitivity analysis of the three-component priority score and supplementary LAII-in-
formed robustness test. 

LULC Class Original Equal URI-Heavy History-Heavy LAII Score Orig. Rank LAII Rank Change 
Water bodies 0.784 0.691 0.656 0.839 0.754 1 1 0 
Unused land 0.667 0.635 0.629 0.716 0.529 2 2 0 

Construction land 0.477 0.559 0.608 0.424 0.260 3 3 0 
Grassland 0.220 0.216 0.218 0.240 0.117 4 4 0 

Forest 0.153 0.149 0.149 0.145 0.072 5 5 0 
Cropland 0.000 0.000 0.000 0.000 0.035 6 6 0 

Note: Original, Equal, URI-heavy, and History-heavy scores test the sensitivity of the original three-
component priority score to alternative weights assigned to systematic error, random error, and URI 
mean. The LAII-informed score is a separate, supplementary robustness test that adds the normal-
ized LULC Allocation Instability Index (LAII) as a fourth component using weights 
0.35/0.35/0.20/0.10 for systematic error, random error, URI mean, and LAII, respectively. Rank 
change is calculated relative to the original three-component score. 

4. Discussion 
4.1. Projection-Oriented Model Selection for Future NDVI Assessment 

Model comparison across evaluation stages supported the selection of LightGBM as 
the most suitable model for forward NDVI projection under the assessment framework 
adopted here. Rather than relying on a single validation metric, the study evaluated can-
didate models using spatial block cross-validation, short-gap temporal transfer, longer-
horizon temporal extrapolation, and controlled climatic perturbation. Under this design, 
model selection was treated as an extrapolation-oriented assessment step intended to 
identify the model with the most balanced performance profile for forward projection, 
rather than the model that performed best under one validation setting alone. 

This multi-stage model-selection strategy is consistent with previous recommenda-
tions for spatial and temporal prediction problems, where random or single-scheme vali-
dation can overestimate model transferability when data are spatially or temporally struc-
tured. Roberts et al. [37] emphasized that cross-validation should reflect the intended 
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prediction task when ecological data contain spatial or temporal structure, while Meyer 
and Pebesma [38] showed that spatial predictions become less reliable when target condi-
tions fall outside the predictor space represented by the training data. This supports the 
use of temporal holdout and long-jump extrapolation as central criteria for evaluating 
model suitability for 2040 NDVI projection, rather than relying on spatial cross-validation 
alone. 

Across these tests, LightGBM showed the most consistent overall performance. It 
achieved the highest accuracy under spatial block cross-validation (R2 = 0.654 ± 0.123; 
RMSE = 0.056 ± 0.006), outperformed both XGBoost and Random Forest in the primary 
temporal validation for 2020 (R2 = 0.710; RMSE = 0.058; bias = −0.006), and retained the best 
performance under the more demanding long-jump extrapolation from 2000 to 2010 to 
2020 (R2 = 0.671; RMSE = 0.062). Notably, XGBoost showed near-identical spatial CV per-
formance to LightGBM (R2 = 0.646 vs. 0.654), but a substantially larger drop in temporal 
holdout performance (R2 = 0.511 vs. 0.710). This divergence would have been obscured 
under spatial CV alone and reinforces the value of multi-stage evaluation over single-
metric model selection. Although the primary temporal holdout was limited to the termi-
nal historical year 2020, this design was supplemented by spatial block cross-validation, 
a longer-horizon 2000–2010 to 2020 extrapolation test, and climatic perturbation experi-
ments to reduce dependence on a single validation criterion. Additionally, fold-level in-
spection (Table S6) showed that Fold 3 produced the lowest R2 across all three models, 
suggesting it captures the central-interior low-NDVI subregion where Water bodies and 
Unused land are concentrated—the same classes that showed the weakest performance in 
class-stratified validation (Table 3). Taken together, these results indicate that LightGBM 
provided the most consistent performance profile for forward NDVI projection under the 
multi-stage assessment design used here. 

The climatic perturbation experiments provided an additional diagnostic perspective 
on model robustness under future-like conditions. All three models largely preserved spa-
tial variability, but LightGBM yielded the combined-perturbation standard-deviation ra-
tio closest to 1 (0.998), indicating slightly better preservation of baseline spatial heteroge-
neity. The perturbation test served primarily as a diagnostic robustness check rather than 
as a strong basis for differential model selection, given that all three models produced 
standard-deviation ratios within ±0.01 of baseline under the applied perturbation magni-
tudes. The selection of LightGBM therefore rests primarily on its consistent advantage 
across temporal holdout and long-jump extrapolation, supported by the highest, although 
marginal, spatial CV performance. The SHAP results further support this modeling 
framework by identifying LULC, slope, and precipitation as the dominant controls on 
modeled NDVI variability, suggesting that the selected model captured a predictor struc-
ture that was both stable and ecologically interpretable. 

The tree-based framework was selected to support interpretable predictor-contribu-
tion analysis using SHAP and controlled perturbation diagnostics, while avoiding the ad-
ditional computational and interpretability complexity often associated with equivalent 
analyses in deep-learning architectures. Future work may evaluate whether recurrent, 
convolutional, or attention-based models produce different class-level error structures 
within the same stratified validation framework. 

4.2. Land Cover-Specific Validation and Error Decomposition 

Class-stratified validation revealed that the LightGBM model’s overall temporal 
holdout performance concealed substantial variation in class-level predictive support. 
Although the model achieved an overall temporal holdout R2 of 0.710, class-level R2 values 
ranged from 0.576 to −0.886, confirming that global accuracy metrics are insufficient to 
characterize projection reliability in heterogeneous landscapes. Construction land, 



Remote Sens. 2026, 18, 2203 24 of 32 
 

https://doi.org/10.3390/rs18132203 

Grassland, and Forest showed positive explanatory performance, with R2 values of 0.576, 
0.540, and 0.528, respectively, while Cropland showed more moderate performance (R2 = 
0.388). In contrast, Water bodies and Unused land showed negative R2 values (−0.586 and 
−0.886), indicating that the model explained less variance than a simple class-mean pre-
dictor for these two classes. 

Among the better-performing classes, the relatively stable performance of Forest and 
Cropland is likely associated with their large sample sizes, broad spatial representation, 
and more consistent vegetation–environment relationships within the training data. Con-
struction land performed best despite its smaller sample size, possibly because construc-
tion land-dominated pixels in NEC have a more distinctive predictor signature and a rel-
atively consistent mixed impervious–vegetated composition. Grassland showed a moder-
ate absolute mean residual (0.012) relative to a low residual standard deviation (0.047), 
indicating that its error structure was more strongly associated with directional bias than 
random scatter. This suggests that targeted bias correction may improve class-level per-
formance for Grassland more effectively than major restructuring of the global model. 

The negative R2 values for Water bodies and Unused land reflect a combination of 
structural and class-specific limitations. Structurally, both classes were severely un-
derrepresented in the training data—Water bodies (13,608 pixels) and Unused land (4612 
pixels) together constituted less than 2% of training samples relative to the Forest- and 
Cropland-dominated pixel pool, giving the global model limited incentive to learn their 
class-specific signal structure. At the class level, poor performance for Water bodies likely 
reflects sub-pixel mixing at 1 km resolution, where MODIS-derived NDVI integrates sig-
nals from open water, shoreline vegetation, aquatic macrophytes, exposed sediment, and 
riparian wetland margins, weakening the interpretation of NDVI as a stable vegetation 
signal [39–41]. This explains both its high systematic deviation, represented by an absolute 
mean residual of 0.156, and its high random error, represented by a residual STD of 0.138. 
For Unused land, weak performance likely reflects high within-class heterogeneity, as this 
category includes bare soil, sparse scrub, degraded grassland margins, and saline surfaces 
with contrasting NDVI responses [42]. Sparse vegetation and exposed soil also increase 
the influence of soil background on red and near-infrared reflectance, which is a funda-
mental limitation of NDVI-type indices in low-cover environments [43]. Construction 
land should also be interpreted cautiously despite its positive class-level performance be-
cause urban pixels commonly contain mixtures of vegetation, impervious surfaces, and 
bare soil, consistent with impervious-surface-based urban remote-sensing studies [44]. 
Therefore, model refinement should address both training imbalance and class-specific 
spectral complexity through weighted loss functions, stratified resampling, class-specific 
covariates, or dedicated sub-models for poorly represented and spectrally heterogeneous 
classes. 

4.3. Future NDVI Trajectories Under Scenario Constraints 

Projected NDVI for 2040 showed a consistent greening pattern across all SSP scenar-
ios relative to the 2020 baseline, with regional mean NDVI increasing from 0.393 to 0.414–
0.417. To assess consistency with the observed historical trajectory, these projected values 
were compared with a simple linear extrapolation of the Mann–Kendall trend. Applying 
the Sen’s slope of 0.0017 yr−1 over 2020–2040 to the 2020 baseline gives an extrapolated 
estimate of approximately 0.427, around 0.010–0.013 NDVI units above the model-pro-
jected range. Because this difference falls within the temporal validation RMSE of the se-
lected LightGBM model, it should be interpreted as a directional signal rather than a large 
absolute discrepancy. Nevertheless, the systematic departure from linear extrapolation 
suggests that the scenario-driven model does not simply continue the historical greening 
trend but indicates a moderated greening response by 2040. This moderation is 
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ecologically plausible because warming benefits may weaken as growing-season temper-
atures approach or exceed ecological optima, and because already-greened Forest and 
cropland pixels may have limited capacity to continue increasing at the historical rate 
[45,46]. 

The limited scenario divergence at the regional level, with only 0.003 NDVI units 
separating the three SSP pathways by 2040, should therefore be interpreted as a near-term, 
time-horizon-dependent result rather than evidence that SSP forcing is unimportant. 

However, limited divergence in regional mean NDVI does not imply that SSP sce-
narios produced similar land-cover trajectories. At the class level, construction land ex-
pansion differed by about eleven-fold between SSP1-2.6 and SSP2-4.5/SSP5-8.5 (+902 ver-
sus +9641 km2), while Forest showed opposite trajectories, increasing under SSP1-2.6 
(+14,467 km2) but decreasing under SSP2-4.5/SSP5-8.5 (−8407 km2). 

These contrasting class-level dynamics can partly offset one another in regional av-
erages, providing a key reason why class-stratified assessment is more informative than 
aggregate reporting alone. This pattern is directionally consistent with independent 
CMIP6-based vegetation projections for NEC. Yuan et al. [47] projected continued in-
creases in growing-season mean LAI in Northeast China, with larger increases under 
SSP5-8.5 than SSP2-4.5: 0.40 versus 0.27 during 2041–2070, and 0.70 versus 0.39 during 
2071–2100. Thus, the difference between SSP5-8.5 and SSP2-4.5 increases from approxi-
mately 0.13 LAI units at mid-century to 0.31 LAI units by late-century, indicating that 
scenario divergence becomes stronger after mid-century. Although LAI and NDVI are not 
interchangeable and should not be converted directly, this directional pattern supports 
the interpretation that weak SSP separation by 2040 is expected at a near-term horizon. 
Nguyen et al. [14] similarly reported that global mean NDVI under SSP5-8.5 can be higher 
than under lower-emission pathways during 2021–2040 before high-emission impacts be-
come more negative later in the century. Therefore, the slightly higher NDVI under SSP5-
8.5 in this study should be interpreted as a near-term response in a temperature-limited 
region, not as evidence of long-term ecological benefit under high-emission forcing. Be-
yond 2040, stronger warming, increasing drought risk, and permafrost-related ecological 
changes may progressively weaken or reverse this warming-driven greening signal in 
Northern NEC [47,48]. 

At the class level, projected NDVI trajectories should not be conflated with changes 
in land-cover area, because each reflects a different process. Water bodies showed increas-
ing mean NDVI despite slight area contraction, most likely because 1 km water pixels 
include mixed vegetated surfaces such as shoreline vegetation, aquatic macrophytes, and 
riparian wetland margins rather than open water alone [40,41]. Unused land showed de-
clining mean NDVI through a different mechanism: as the most actively converted class 
in the projected LULC maps, the pixels remaining as unused land by 2040 likely represent 
comparatively less vegetated or more environmentally constrained surfaces. Construction 
land showed a slight mean NDVI increase, but this should also be interpreted cautiously 
because 1 km construction land pixels may contain parks, street trees, peri-urban agricul-
tural patches, and vegetated industrial margins rather than uniformly impervious sur-
faces [44]. Moreover, Construction land consistently exhibited the highest URI across SSP 
scenarios, indicating disproportionately high future projection uncertainty despite its 
moderate historical residual profile. These class-specific patterns confirm that regional 
mean NDVI alone is insufficient to characterize projection support: modest greening and 
weak SSP separation at the aggregate level conceal distinct class-level mechanisms, un-
certainty sources, and validation needs. Ecologically, the modest NDVI increase projected 
for NEC by 2040 suggests a continuation of regional greening in a landscape dominated 
by cropland and forest. In forested areas, this greening may indicate stronger canopy ac-
tivity and potential carbon-sink support, whereas in cropland it may reflect maintained 
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vegetation productivity and possible crop-yield support [1,2]. However, because NDVI 
represents vegetation greenness rather than ecosystem function directly, its implications 
for biodiversity and ecosystem-service provision may differ among land-cover types 
[1,49]. Greening in intensively managed cropland or construction land margins may not 
necessarily represent habitat improvement, while the higher validation priority identified 
for Water bodies, Unused land, and Construction land indicates where NDVI-based eco-
logical interpretation should be supported by complementary indicators such as carbon 
storage, crop yield, habitat quality, and land-use intensity. 

4.4. Linking Historical Prediction Errors to Future Validation Priorities 

Integrating historical validation residuals with projected URI values across SSP sce-
narios revealed that class-level validation priority was not determined by historical model 
accuracy alone. Historical residuals describe how the model performed under observed 
conditions, whereas URI provides a forward-looking indication of relative uncertainty 
under future scenario inputs. Therefore, classes with similar historical accuracy may still 
differ in future validation priority if their projected uncertainty differs substantially. 

Water bodies showed the highest priority score (0.784), mainly because they com-
bined high normalized systematic error (0.824) with the highest normalized random error 
(1.000), despite only moderate normalized future URI (0.271). This indicates that the weak 
projection support for Water bodies is primarily rooted in historical model-performance 
limitations, including both directional bias and spatial variability. In contrast, Unused 
land ranked second (0.667) because of the highest normalized systematic error (1.000), 
together with moderate random error (0.413) and moderate future URI (0.512), indicating 
that systematic deviation is the dominant issue in this class. Construction land ranked 
third (0.477), not because of especially large historical residuals, but because it showed the 
highest normalized future URI (1.000), suggesting that future relative uncertainty associ-
ated with construction land-dominated and urban-expansion areas may become more im-
portant than its historical error profile alone would indicate. Grassland ranked fourth 
(0.220), with moderate normalized systematic error (0.412) but very low normalized ran-
dom error (0.032), implying that its prediction limitations may be more responsive to bias 
correction than to major structural redesign of the model. 

The LAII-informed robustness analysis further strengthened the historical–future 
linkage by adding a diagnostic layer for future LULC allocation instability. Because LULC 
was the dominant predictor of modeled NDVI variability, instability in future land-cover 
allocation represents an additional source of projection concern. LAII was not intended to 
fully propagate land-cover uncertainty through the NDVI model, but to test whether val-
idation priorities were sensitive to this input uncertainty. The unchanged ranking after 
adding LAII indicates that the main priorities were not driven solely by the original three-
component score. Water bodies remained a high priority mainly because of historical 
NDVI prediction errors, whereas Unused land and Construction land were additionally 
supported by future uncertainty and LULC allocation sensitivity. 

This result is consistent with the remote-sensing accuracy-assessment literature, 
which has long emphasized that overall or aggregate metrics can conceal substantial class-
level errors. Land-cover assessment should not rely only on global accuracy summaries 
because different classes may have different error structures [50], and class-specific accu-
racy and uncertainty reporting are recommended to support transparent interpretation of 
land-change products [51]. In this context, the combined priority score used here extends 
the same principle from land-cover map assessment to NDVI projection reliability: classes 
with limited area or complex spectral composition may contribute little to aggregate 
model error but still require targeted validation because of their ecological or management 
importance. 
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Taken together, these results show that R2 alone is insufficient for identifying valida-
tion priorities. Historical residual structure, future projection uncertainty, and LULC al-
location instability provide complementary evidence for determining where projected 
NDVI patterns are better supported and where additional validation effort is most 
needed. In Northeast China, the 2040 NDVI projections showed only modest divergence 
among SSP pathways, but support for those projected patterns varied markedly across 
land-cover classes. 

4.5. Limitations and Future Perspectives 

This study has several limitations that should be acknowledged. First, the projection 
framework relies on remote-sensing-derived NDVI and a data-driven tree-based model 
without independent ground-based ecological validation; therefore, the reported perfor-
mance reflects agreement with satellite-derived NDVI rather than direct ecological accu-
racy. LightGBM does not impose explicit plant physiological or ecohydrological con-
straints on vegetation responses, so projections under future conditions should be inter-
preted as statistically learned responses based on historical predictor–NDVI relationships 
and near-term perturbation ranges, rather than as process-based simulations of vegetation 
physiology. Similarly, GDP and population density were included as SSP-consistency so-
cioeconomic covariates rather than direct causal ecological drivers, and their modeled ef-
fects should be interpreted as associative signals of human activity and land-use context. 
Future work should compare this framework with process-based or hybrid models incor-
porating physiological constraints on vegetation productivity, water stress, and tempera-
ture response. 

Second, the climate and land-cover inputs carry their own uncertainties. Although 
the WorldClim v2.1 CMIP6 products used in this study are downscaled and bias-cor-
rected, and although the inter-GCM spread was summarized in Table S13, the historical 
skill of the individual raw GCMs over NEC was not independently evaluated. In addition, 
the pixel-wise multi-model ensemble mean may smooth GCM-specific or localized cli-
mate extremes, potentially underestimating degradation risk under future heat, drought, 
or precipitation anomalies. Future land-use patterns from the FLUS model were treated 
as deterministic inputs in the main NDVI projections; the supplementary LAII-informed 
analysis evaluated allocation instability but did not constitute full propagation of LULC 
uncertainty into NDVI prediction. Future studies should screen individual GCMs against 
historical NEC observations and propagate multiple LULC realizations directly through 
the NDVI model. 

Third, the Uncertainty Risk Index is a relative indicator derived from prediction-in-
terval width under study-area-wide normalization, which preserves between-class differ-
ences but may underrepresent within-class uncertainty patterns. Future work could com-
pare global and class-specific URI formulations to evaluate the sensitivity of the priority 
ranking to normalization choice. 

Fourth, the framework relies on MODIS-derived NDVI harmonized to a 1 km mod-
eling grid and on a single primary machine-learning model. MODIS NDVI may saturate 
in dense forest canopies, reducing sensitivity to high-biomass vegetation changes. Future 
studies should incorporate solar-induced chlorophyll fluorescence (SIF) or gross primary 
productivity (GPP) as complementary indicators and should apply higher-resolution or 
multi-model frameworks to reduce mixed-pixel effects in heterogeneous classes such as 
Water bodies and Construction land. 

5. Conclusions 
This study demonstrated that land-cover-stratified validation and uncertainty-in-

formed priority ranking reveal class-specific projection limitations that aggregate 
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accuracy metrics conceal—applied here at 1 km resolution across Northeast China (NEC) 
for 2040 under SSP1-2.6, SSP2-4.5, and SSP5-8.5. 

(1) All SSP scenarios indicate enhanced regional greening by 2040, with mean NDVI in-
creasing from 0.393 in 2020 to 0.414–0.417. Although this overall greening signal is 
consistent across scenarios, projected responses are not spatially uniform and vary 
substantially among land-cover classes: Water bodies show the largest increase, 
Grassland shows a moderate increase, Cropland remains nearly stable, Forest shows 
a slight decline, Unused land decreases markedly, and Construction land remains 
broadly stable with a slight increase. 

(2) Model performance varied across evaluation stages, but LightGBM showed the most 
consistent overall performance. It achieved the highest accuracy under internal spa-
tial block cross-validation and short-gap temporal validation, retained the strongest 
long-horizon extrapolation performance, and showed near-preservation of baseline 
spatial variability under the combined climatic perturbation. Taken together, 
LightGBM showed the most balanced and consistent performance across the evalua-
tion stages and was therefore selected for the 2040 projection. 

(3) Independent class-stratified validation based on the 2020 holdout prediction re-
vealed substantial land-cover-specific performance heterogeneity. Among the classes 
with positive explanatory performance, Construction land showed the highest R2 
(0.576), followed by Grassland (0.540) and Forest (0.528), whereas Cropland showed 
more moderate performance (R2 = 0.388). In contrast, Water bodies and Unused land 
performed poorly, with negative R2 values (−0.586 and −0.886, respectively). Water 
bodies exhibited the largest absolute errors (RMSE = 0.209), confirming that global 
model skill can mask major class-level differences in predictive performance. 

(4) Decomposition of residual error into systematic and random components showed 
that prediction limitations differ fundamentally among land-cover classes. Construc-
tion land, Forest, and Cropland showed limited systematic deviation, whereas Grass-
land showed a moderate systematic component relative to comparatively low ran-
dom scatter. By contrast, Water bodies combined the strongest systematic deviation 
with the highest random variability, and Unused land also showed substantial resid-
ual error. These differences indicate that class-specific model refinement and future 
validation should be prioritized differently across land-cover types. 

(5) SHAP analysis showed that LULC was the dominant predictor of NDVI throughout 
the study period, while precipitation and slope were the next most influential drivers, 
with stable directional relationships across years. This supports the ecological inter-
pretability of the LightGBM model and the inclusion of scenario-specific LULC as a 
central input to future NDVI projection. 

(6) Integrating historical residuals with future URI across SSP scenarios identified Water 
bodies, Unused land, and Construction land as the highest-priority classes for future 
targeted validation, reflecting different combinations of systematic deviation, ran-
dom error, and projected future uncertainty. The priority ranking of Water bodies, 
Unused land, and Construction land should not be interpreted as a purely statistical 
outcome. These classes combine limited spatial representation with intrinsic NDVI 
modeling challenges, including weak vegetation signal, mixed pixels, and heteroge-
neous surface composition. Targeted field validation and class-specific model refine-
ment are therefore particularly important for these classes. 

Overall, this study shows that future NDVI projection assessment in heterogeneous 
landscapes should move beyond spatial prediction maps and global accuracy metrics. The 
proposed framework provides a diagnostic basis for evaluating class-specific projection 
support by integrating extrapolation-oriented model selection, land-cover-stratified vali-
dation, residual decomposition, relative uncertainty characterization, and validation-
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priority ranking. It can support targeted field validation, class-specific model refinement, 
and more transparent interpretation of future vegetation projections under climate and 
land-use change. With appropriate local calibration and validation, the framework can be 
extended to other heterogeneous regions. 
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