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Abstract


The Tibetan Plateau (TP) has experienced pronounced climate change over recent decades, yet the coupled interactions and trade-offs between vegetation dynamics and water yield (WY) remain insufficiently quantified. In this study, we employed the Lund–Potsdam–Jena (LPJ) model to simulate the spatiotemporal evolution of net primary productivity (NPP) and WY across the TP from 1981 to 2060, and applied the Geodetector method to identify the dominant drivers of vegetation dynamics. The results showed that: (1) during 1981–2020, both NPP and WY generally increased across the TP but exhibited distinct spatial patterns, with NPP showing more widespread and pronounced increases than WY; (2) sensitivity experiments revealed that a 2 °C warming substantially increased NPP (+48.79%) but suppressed WY (−17.96%), whereas a 25% increase in precipitation resulted in only a modest rise in NPP (+5.72%) but a sharp increase in WY (+46.72%); (3) the driving factor analysis showed that precipitation, temperature, and WY were the primary controls on NPP, while interaction analysis revealed that their combined effects explained NPP variability more effectively than individual factors; (4) under the Shared Socioeconomic Pathways (SSPs), vegetation–water interactions were projected to shift, with continued greening intensifying water depletion in arid regions, while humid regions were more capable of meeting increased water demand. These findings enhance understanding of vegetation–water coupling across the TP and provide a scientific basis for evaluating future ecohydrological risks under climate change.
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1. Introduction


Over half of the world’s terrestrial surface has exhibited significant vegetation greening, with afforestation playing a crucial role in this process in China [1,2]. Nonetheless, concerns persist regarding the potential impacts of increased greening on regional water resources. As the headwater region of major Asian rivers, the Tibetan Plateau (TP) plays an important role in sustaining water availability for downstream regions [3]. The TP has undergone a marked warming–wetting trend, substantially enhancing vegetation carbon sequestration and productivity [4,5]. However, the region is dominated by grasslands, a relatively fragile vegetation type compared to other ecosystems [6,7]. Therefore, elucidating vegetation dynamics on the Plateau and their interactions with water availability is essential for understanding ecosystem stability and regional water resources management.



Water yield (WY) is commonly defined as the difference between precipitation and evapotranspiration (ET) [8,9]. Under climate change, alterations in precipitation regimes and enhanced evapotranspiration driven by rising temperatures can directly influence the spatiotemporal patterns of WY [10]. In addition, vegetation greening generally increases evapotranspiration through enhanced plant transpiration and canopy interception, which in most cases leads to a reduction in WY [11]. Under certain climatic conditions, vegetation dynamics can indirectly enhance WY by altering atmospheric moisture transport and precipitation patterns [12,13]. As a result, WY provides an important indicator for assessing regional water resource sustainability under climate warming and vegetation greening.



The association between WY and vegetation net primary productivity (NPP) has become a major focus of ecohydrological research. Approaches for estimating ET and NPP generally encompass field measurements, remote sensing techniques, and model-based simulations [14,15]. Field-based eddy covariance techniques enable direct measurements of carbon and water fluxes, but their sparse spatial coverage and inability to fully capture landscape heterogeneity limit their applicability [16]. Remote sensing technologies offer broad spatial and temporal coverage. For example, Feng et al. [17] examined the impacts of vegetation restoration on sustainable water use across the TP using satellite-based ET and NPP datasets. Gao et al. [13] analyzed ET variability and its components across the central reaches of the Yellow River over the period 1982–2016 using GLEAM data, uncovering temporal trends in water quantity and utilization efficiency. However, remote sensing products are often affected by substantial uncertainties and generally lack the ability to explicitly capture coupled vegetation–hydrology interactions [18].



In addition, model-based simulations have become increasingly important for understanding climate–vegetation–hydrology interactions. Using a land surface model, Chen et al. [19] explored changes in leaf area index (LAI) and ET resulting from climate variability at the global scale, and quantified their influence on WY. Nevertheless, many existing modeling studies rely on static representations of vegetation dynamics, which may underestimate feedback between vegetation growth and water availability. Dynamic Global Vegetation Models (DGVMs) provide an integrated framework for representing vegetation processes and biogeochemical cycling, thereby helping to address these limitations [20]. In particular, the Lund–Potsdam–Jena (LPJ) model provides a robust tool for simulating future vegetation–hydrology dynamics under diverse climate scenarios [21].



Understanding the driving mechanisms behind vegetation dynamics is essential for evaluating their impacts on water resources. For instance, Liang et al. [9] employed a combination of remote sensing and ground-based observational datasets to evaluate the influence of WY on global vegetation carbon productivity from 1982 to 2018. Similarly, Huang et al. [22] used process-based models to explore the relationship between WY and NPP across the TP in response to regional ecological engineering efforts. In addition to WY, other key drivers of vegetation change include precipitation, temperature, vapor pressure deficit (VPD), solar radiation (RAD), soil moisture (SM), CO2 concentration, and related factors [23,24]. Nevertheless, most existing studies have primarily relied on regression or correlation-based approaches, which generally assume linear and independent relationships among drivers and thus have limited capacity to capture nonlinear interactions and synergistic effects among multiple climatic and hydrological factors [25,26]. To overcome these limitations, the Geodetector offers a nonparametric approach for characterizing spatial heterogeneity and evaluating the contributions of multiple drivers without requiring assumptions of linearity or independence [27,28].



The impacts of vegetation greening on water resources have been widely analyzed for past periods, while projections of future effects remain insufficient. The Coupled Model Intercomparison Project Phase 6 (CMIP6) provides improved global climate model outputs, enhancing the reliability of future climate projections [29]. Within CMIP6, the Shared Socioeconomic Pathways (SSPs) serve as a framework for describing possible future trajectories of human society and provide diverse scenario assumptions for climate models [30,31]. Specifically, SSP1 represents a pathway emphasizing sustainability-oriented development, SSP2 depicts a middle-of-the-road pathway, and SSP5 is characterized by high energy demand met largely through fossil fuel-intensive development [32]. Currently, some studies have used CMIP6 climate data to project future vegetation and hydrological dynamics. For example, Teng et al. [33] evaluated future global vegetation dynamics based on CMIP6 simulations and found a significantly enhanced greening trend globally during 2081–2100, especially in evergreen needleleaf forests and grassland regions. Using CMIP6 data, Lu et al. [29] showed that land evaporation across China increased significantly under different SSPs, with LAI playing a dominant role. Nevertheless, comprehensive assessments of the future impacts of vegetation dynamics on WY across the TP remain scarce, particularly those that explicitly consider the coupled evolution of vegetation productivity and hydrological processes under future scenarios.



The TP has experienced warming at about twice the global mean rate since the mid-20th century, underscoring its heightened climatic sensitivity and potential implications for regional ecosystems and hydrological processes [34,35]. The coupling mechanisms between vegetation change and WY on the TP, as well as their responses under future climate scenarios, remain insufficiently understood. To fill this research gap, this study combines LPJ simulations (1981–2060) and Geodetector analysis to examine NPP and WY dynamics on the TP and evaluate water resource resilience under climate change and vegetation greening. This study aims to: (1) quantitatively evaluate the effects of different climate-change scenarios on vegetation NPP and WY across the TP; (2) identify the dominant driving mechanisms of NPP, with particular emphasis on the roles of WY and other key climatic factors; and (3) project the future responses of WY to vegetation and climate changes under multiple climate-change scenarios and evaluate their spatial heterogeneity. By clarifying the water-resource consequences of vegetation greening, this study offers scientific evidence to inform ecosystem conservation strategies and sustainable water management on the TP.




2. Materials and Methods


2.1. Study Area


Covering latitudes 26°00′–39°47′ N and longitudes 73°19′–104°47′ E, the TP spans roughly 2.58 × 106 km2, about 26.8% of the national land area (Figure 1). With an average elevation above 4000 m, the TP exhibits vegetation assemblages and climatic characteristics representative of cold environments [36]. The region’s vegetation is predominantly composed of alpine steppe, alpine meadow, and forest, with its distribution largely governed by the spatial patterns of climatic factors [37]. The TP is classified into four subregions: arid, semi-arid, semi-humid, and humid regions [5]. Figure 1 illustrates the temporal variations in key climatic factors across the four subregions of the TP.



During 1981–2020, temperature exhibited a consistent and significant warming trend across all zones, with rates of approximately 0.04–0.06 °C yr−1, indicating a plateau-wide warming signal. In contrast, precipitation trends displayed strong spatial heterogeneity. The largest increases occurred in the arid and semi-arid regions, at approximately 1.32 and 1.97 mm yr−1, respectively (Figure 1a,b). Precipitation in the semi-humid region showed a moderate upward trend of about 1.70 mm yr−1, whereas no significant change was detected in the humid region (Figure 1c,d). These results highlight clear hydroclimatic response differences along the dry–wet gradient of the Plateau, with warming and wetting signals most pronounced in the arid and semi-arid zones.




2.2. Data Sources


This study employed temperature and precipitation data derived from observations at 2472 meteorological stations across China for the period 1981–2020. Table 1 summarizes the datasets used in this study. Climate variables including RAD, VPD, and SM were sourced from the TerraClimate dataset [38]. Satellite-based observations of NPP and ET were sourced from the GLASS products, covering 1982–2018 [39]. Monthly climate inputs for the LPJ model were derived from the Climatic Research Unit (CRU) TS4.07 dataset [40]. Atmospheric CO2 concentrations were taken from the monitoring records of the Scripps Institution of Oceanography [41]. Soil properties were obtained from the China subset of the Harmonized World Soil Database (version 1.1) [42].



Future temperature and precipitation projections were sourced from the CMIP6 multi-model ensemble simulations. A total of 10 global climate models (GCMs) were selected, including BCC-CSM2-MR, CESM2-WACCM, CanESM5, FGOALS-g3, GFDL-ESM4, IPSL-CM6A-LR, MIROC-ES2L, MIROC6, MRI-ESM2-0, and UKESM1 [32]. Furthermore, observational NPP data were derived from a recently published dataset by Zheng et al. [43], which includes grassland NPP observations from 508 sites across northern China. The ET observational data were derived from a dataset of typical terrestrial ecosystems in China covering 2000–2010 [44]. The ecosystem observation stations are shown in Figure 1.




2.3. Methodology


2.3.1. Description of the LPJ Model


The LPJ DGVM represents coupled vegetation, carbon, and hydrological dynamics in terrestrial ecosystems. Derived from the BIOME model series, it is widely used to simulate terrestrial carbon and water fluxes [20]. Vegetation is classified into ten plant functional types (PFTs) based on their physiological, phenological, and morphological traits [3]. The LPJ model simulates rapid physiological processes such as photosynthesis and evapotranspiration on a daily time step, while processes including vegetation growth, carbon allocation, litter decomposition, and community succession are modeled on an annual basis. By dynamically representing vegetation growth, carbon allocation, and water balance processes, the LPJ model is suited for investigating long-term interactions between vegetation productivity and water yield under changing climate conditions. Following allometric growth principles, the annually accumulated carbon is allocated to leaves, sapwood, and fine roots, with a fixed proportion of sapwood converted to heartwood each year. Using a pseudo-time-step approach, the LPJ model operates on a grid-cell basis to simulate vegetation dynamics and hydrological processes. Each grid cell simulation starts from bare ground and undergoes a 1000-year spin-up period to reach equilibrium in vegetation cover and soil carbon pools [45].



Within this framework, the carbon and water cycles are represented through key biophysical and ecophysiological processes governing vegetation growth and evapotranspiration. The model generates outputs for essential carbon and water fluxes, including NPP and ET. NPP in the LPJ model is calculated based on gross primary productivity (GPP) and maintenance respiration as follows:


    R   m   =   R   l e a f   +   R   r o o t   +   R   s a p w o o d    



(1)






  N P P = 0.75 × ( G P P −   R   m   )  



(2)




where GPP denotes gross primary productivity;     R   m     denotes the carbon consumed through maintenance respiration, while     R   l e a f    ,     R   r o o t     and     R   s a p w o o d     account for carbon consumption by leaf, root, and sapwood respiration, respectively.



In the LPJ model, ET is explicitly partitioned into bare soil evaporation, canopy interception evaporation, and plant transpiration, which are jointly regulated by vegetation cover, soil moisture, and atmospheric demand. To represent soil water dynamics, the LPJ model divides the soil profile into two layers and simulates the water balance using a bucket model. The thicknesses of the upper and lower soil layers are set to 50 cm and 100 cm, respectively. The water balance is calculated using the following equations:


  ∆   W   1   = P + M − E S − E I −   β   1   × E P −   R   1   −   P e r c   1    



(3)






  ∆   W   2   =   P e r c   1   −   β   2   × E P −   R   2   −   P e r c   2    



(4)







In the equations,   ∆   W   1     and   ∆   W   2     represent the changes in soil water content in the upper and lower layers, respectively (unit: mm·d−1);   P   is precipitation (unit: mm·d−1);   M   is snowmelt (unit: mm·d−1);   E S  ,   E I  , and   E P   represent bare soil evaporation, canopy interception, and plant transpiration, respectively;     β   1     and     β   2     represent the proportions of water uptake from the upper and lower soil layers by roots for transpiration;     R   1     and     R   2     are surface runoff and subsurface runoff, respectively (unit: mm·d−1); and     P e r c   1     and     P e r c   2     denote percolation from the upper and lower soil layers, respectively (unit: mm·d−1).



Among these components, bare soil evaporation occurs only in the top 20 cm of soil in bare areas (  1 −   f   v    ), and is calculated as follows:


  E S =   E   q   × α ×   w r   20   × ( 1 −   f   v   )  



(5)




where     E   q     is the equilibrium evaporation rate,   α   is the Priestley–Taylor coefficient, and     w r   20     denotes the soil moisture content in the top 20 cm.



Canopy interception is a function of the equilibrium evaporation rate     E   q    , and is calculated as:


  E I =   E   q   × α ×   f   w e t    



(6)




where     f   w e t     represents the daytime canopy wetness ratio for each PFT.



Plant transpiration is calculated as the minimum of the plant-available water supply   S   under sufficient water conditions and the plant water demand   D  , given by:


  E P = M i n [ S , D ] ×   f   v    



(7)




where     f   v     is the vegetation cover fraction.




2.3.2. Sensitivity Analysis


To examine how the LPJ model responds to climatic perturbations, a sensitivity analysis is performed with a focus on key climate drivers. Temperature and precipitation are selected as the primary forcing variables because of their dominant roles in regulating ecosystem productivity and water balance. The analysis aims to quantify the responses of vegetation NPP and WY to climate variability. A series of perturbation scenarios is constructed by systematically modifying temperature and precipitation relative to baseline conditions. Temperature is adjusted by ±0.5, ±1.0, ±1.5, and ±2.0 °C, while precipitation is altered by ±5%, ±15%, and ±25%.




2.3.3. Validation of the LPJ Model


Model–observation agreement is evaluated using the coefficient of determination (R2), root mean square error (RMSE), and Nash–Sutcliffe efficiency (NSE). The R2 quantifies the correlation between simulated and observed values, with higher values indicating stronger agreement [46]. The NSE assesses model performance by comparing simulated and observed values, with values approaching 1 indicating strong agreement [47]. The RMSE measures the magnitude of deviations between simulated and observed values, with lower RMSE values indicating higher predictive accuracy of the model [48].




2.3.4. Downscaling and Bias Correction


Raw outputs from CMIP6 global climate models often exhibit systematic biases, and applying statistical downscaling and bias correction can enhance the reliability of CMIP6 projections [49]. A spatial disaggregation approach was used to downscale the original CMIP6 temperature and precipitation outputs to a 0.5° × 0.5° resolution. First, based on the multi-year monthly averages of observed climatology, the 0.5° × 0.5° observed climatology was interpolated to the lower-resolution CMIP6 model grids using the inverse distance weighting method. Subsequently, the ratio of CMIP6 outputs to the multi-year observed climatology at the coarser resolution was calculated as a weighting coefficient. These weighting coefficients were interpolated to a 0.5° × 0.5° grid using the IDW method.



Finally, the downscaled CMIP6 outputs were obtained by applying the interpolated weighting coefficients to the observed data through spatial overlay calculations. Using the differences between the downscaled CMIP6 model data and percentile-specific observations during the baseline period, all downscaled CMIP6 outputs were bias-corrected via the equidistant cumulative distribution function matching method. To enhance the precision and robustness of the simulations, a multi-model ensemble (MME) of the bias-corrected CMIP6 models was constructed using the arithmetic mean method.




2.3.5. Theil-Sen Slope and the MMK Test


Trend magnitude is estimated using the Theil–Sen slope, and its significance is tested with the Mann–Kendall (MK) method [37]. The Theil–Sen method calculates pairwise slopes between all data points and defines the trend magnitude as their median [50]. However, the conventional MK test does not explicitly consider serial autocorrelation, which can inflate the apparent significance of trends. To enhance test reliability, the Modified MK (MMK) method was employed, which accounts for autocorrelation [51]. A 95% confidence level is adopted in the MMK test, with trends deemed statistically significant when the absolute Z value reaches or exceeds 1.96.




2.3.6. Geodetector Method


The Geodetector method is developed to explore spatial heterogeneity and to reveal its potential driving mechanisms [27]. The explanatory power of a variable on the spatial pattern of a response is quantified by the q-statistic [52]. The method consists of four detectors: factor, interaction, risk, and ecological [53]. The Geodetector method employed in this study was implemented using the Excel version, with further information available at http://geodetector.cn/ (accessed on 15 August 2024). The factor detection quantifies the role of individual variables in shaping the spatial pattern of the target, while the interaction detection evaluates the joint effects of multiple factors. Accordingly, this study primarily focuses on factor detection and interaction detection to identify the dominant drivers and their combined effects.



The factor detector evaluates the contribution of a single explanatory variable to spatial variation in the response, as indicated by the q-statistic (0–1), where larger values denote stronger explanatory ability. The q value is computed as follows:


  q = 1 −      ∑  h = 1   L      N   h     δ   h   2       N   δ   2       



(8)







In the equation, h denotes the stratification of variable Y or factor X;     N   h     and   N   represent the number of units in stratum h and in the entire region, respectively;     δ   h   2     and     δ   2     indicate the variance of the Y values within stratum h and within the entire region, respectively.



The interaction detector is applied to determine whether multiple explanatory variables act independently or jointly, and to assess how their combined effects modify the explanation of spatial variation in the response variable. As summarized in Table 2, interaction types between pairs of driving factors are identified by comparing their individual explanatory strength with that obtained from their combined stratification. More specifically, the q value derived from the overlay of two factors, q(x1 ∩ x2), is evaluated relative to q(x1) and q(x2) to diagnose interaction patterns and their joint influence on the target variable [54].






3. Results


3.1. Impacts of Climate Change Scenarios on Vegetation NPP and WY Across the TP


The accuracy of the LPJ model is evaluated by comparing simulated and observed NPP and ET (Figure 2). The simulated NPP closely matched the observations (R2 = 0.80, NSE = 0.74), indicating that the model had a strong capability to reproduce NPP dynamics (Figure 2a). However, an overestimation trend was identified, with an RMSE of 95.83 gC·m−2, suggesting discrepancies at certain sites. The consistency between simulated and observed ET was also high (R2 = 0.82, NSE = 0.75), with a relatively low RMSE of 85.51 mm, reflecting a modest overall error (Figure 2b). Nevertheless, ET was still underestimated, particularly in regions with high evapotranspiration. Overall, the LPJ model performed well in simulating the vegetation carbon–water cycle on the TP, providing a reliable basis for subsequent scenario projections and process-based analyses.



Figure 3 is presented to illustrate the mean annual spatial patterns of NPP and ET across the TP during 1982–2018 based on satellite observations and LPJ model simulations. Both datasets exhibited a distinct northwest–southeast increasing gradient in NPP and ET. NPP and ET remained low in the arid northwestern region but reached substantially higher levels in the southeastern region, where the monsoon influence is strong and vegetation growth conditions are generally more favorable. The comparison between observations and simulations showed that the mean annual NPP during the study period was 169.68 and 188.92 g C m−2 yr−1, respectively (Figure 3a,b). Observed and simulated mean annual ET were 235.75 and 222.31 mm yr−1, respectively (Figure 3c,d). Overall, the LPJ model reproduced the principal spatial patterns of NPP and ET across the TP with reasonable accuracy and provided a robust basis for assessing vegetation–water yield interactions under climate change.



Figure 4 illustrates long-term spatial trends in NPP and WY across the TP during 1981–2020. According to Figure 4a, an increasing NPP trend was detected over 89.51% of the study area, most evident in the central and eastern Plateau, indicating a sustained improvement in vegetation productivity during recent decades. The longitudinal variation curve showed that NPP increased markedly between 80° E and 90° E, while the shaded area represented standard deviations, reflecting spatial fluctuations among different regions (Figure 4b). For WY, Figure 4c shows that 77.39% of the TP experienced positive trends, with notable increases concentrated in the central region. Areas exhibiting declining WY covered 22.61% of the total area and were primarily located in humid zones. Along the longitudinal direction, WY exhibited a similar overall pattern to NPP, with a distinct increase between 80° E and 90° E (Figure 4d). These results suggested that vegetation productivity and water yield exhibited a certain degree of spatiotemporal coupling across the TP.



Sensitivity of the LPJ model was assessed by varying its input parameters (Figure 5). The values shown indicate the relative change rates of NPP and WY with respect to the historical baseline period. NPP responses to temperature changes exhibited pronounced spatial heterogeneity (Figure 5a). The I and II regions exhibited the highest sensitivity, with NPP increasing by 92.94% and 59.01%, respectively, under a 2 °C warming scenario. These results indicated that temperature increases substantially enhanced vegetation productivity in water-limited regions. Conversely, NPP in the humid region responded less strongly, indicating that temperature was less influential where water was abundant. Across most regions, precipitation changes exerted a relatively weak influence on NPP (Figure 5b). A clear response was detected only in the arid region, where a 25% increase in precipitation led to a 49.83% rise in NPP. Other zones exhibited negligible sensitivity, indicating that in more humid regions, NPP was not strongly constrained by precipitation.



WY responded negatively to temperature increases across all regions, particularly in the I and II regions (Figure 5c), reflecting enhanced evapotranspiration and reduced water availability under warming conditions. In contrast, WY responded strongly and positively to increased precipitation across the Plateau (Figure 5d). A 25% increase in precipitation resulted in a 46.72% increase in WY at the regional scale, with the largest responses occurring in the II and IV regions. Overall, NPP in the TP was found to be more sensitive to temperature increases, whereas WY was primarily driven by changes in precipitation. The findings emphasized that climate change affected both vegetation productivity and water availability, with warming promoting carbon sequestration while intensifying water deficits in vulnerable areas.




3.2. Quantifying the Contributions of WY and Climatic Factors to Variations in Vegetation NPP


The spatial pattern of vegetation-driving factors across the TP during 1981–2020 is displayed in Figure 6. Mean annual TEM exhibited a general southeast–northwest decline (Figure 6a). Mean annual PRE also showed a southeast–northwest decreasing pattern, with values in the southeast exceeding 1000 mm, whereas precipitation in the northwest was less than 100 mm (Figure 6b). The western and southern regions generally received more than 220 W m−2 of radiation annually, while the southeastern region had lower radiation levels, below 200 W m−2 (Figure 6c). Elevated VPD levels were observed in the northern and western parts of the Plateau, generally exceeding 0.5 kPa, whereas comparatively low VPD conditions (<0.25 kPa) prevailed across the central and southeastern regions (Figure 6d). SM also showed a distinct spatial gradient, with the southeastern region having relatively high soil water content, reaching up to 700 mm, while the northwestern and southwestern areas were drier, with values below 50 mm (Figure 6e).



Spatial variations in the principal climatic drivers across the TP from 1981 to 2020 are presented in Figure 7. Overall, temperature exhibited a significant increasing trend, with particularly strong warming observed across the central, eastern, and northern TP, where the Theil–Sen slopes generally exceeded 0.6 °C yr−2, indicating a pronounced regional warming pattern (Figure 7a). Precipitation showed substantial spatial heterogeneity, characterized by notable increases in the northwestern and central regions and slight decreases in the southeast, reflecting an overall tendency toward wetter conditions (Figure 7b). RAD generally decreased, especially in the northern and western TP, suggesting a weakening of radiative energy input over the region (Figure 7c).



The VPD displayed a distinct east–west gradient, with higher values in the eastern TP indicating intensified atmospheric dryness, whereas the southwestern and central regions experienced a slight decline (Figure 7d). SM increased markedly in the central TP but declined in the northern and southern parts, revealing a spatially divergent pattern of wetting and drying under the ongoing warming trend (Figure 7e). Overall, the TP underwent a compound climate signal characterized by warming, wetting, reduced solar radiation, and pronounced hydroclimatic divergence over the past four decades. These climatic variations collectively shaped the spatiotemporal dynamics of NPP across the region.



Temporal changes in annual mean NPP and its associated climatic drivers across the TP from 1981 to 2020 are presented in Figure 8. Over this period, NPP increased significantly by 2.66 g C m−2 yr−1 (Figure 8a). WY also exhibited an increasing trend, although the magnitude was comparatively smaller. Temperature increased significantly by 0.05 °C yr−1, accompanied by a concurrent rise in precipitation of 1.45 mm yr−1 (Figure 8b). In contrast, RAD showed a significant declining trend, whereas variations in VPD were not statistically significant (Figure 8c). Soil moisture increased overall (0.05 mm yr−1) with notable interannual variability and showed a significant correlation with NPP (Figure 8d). Collectively, these results suggest that rising temperatures together with enhanced moisture availability have promoted vegetation productivity across the TP.



Geodetector analysis revealed a pronounced spatial heterogeneity in vegetation responses to environmental drivers. Figure 9a shows that PRE exhibited the strongest association with vegetation NPP across the TP (q = 0.612), followed by TEM (q = 0.551) and WY (q = 0.433), highlighting the importance of both moisture and temperature related factors. In the arid region, PRE exhibited the highest explanatory power (q = 0.662), significantly exceeding that of other variables, suggesting that the spatial variability of vegetation NPP in these areas was strongly associated with precipitation availability (Figure 9b). WY ranked second (q = 0.437), while factors such as VPD and RAD played relatively minor roles. According to Figure 9c, TEM emerged as the dominant driver, followed by RAD and PRE in the semi-arid region. This pattern indicated that spatial variations in NPP were more closely associated with thermal and radiative conditions in this transitional zone.



In the semi-humid region, TEM, VPD, and RAD were the principal contributors to vegetation NPP, highlighting strong spatial linkages between NPP and thermal conditions as well as atmospheric evaporative demand (Figure 9d). In the humid region, TEM was the dominant driver (q = 0.887), followed by VPD (q = 0.608; Figure 9e). As water availability was generally less limiting in the humid region, the spatial distribution of NPP was more strongly associated with thermal energy and atmospheric moisture conditions. Overall, the dominant environmental factors associated with vegetation NPP varied markedly among subregions. Precipitation showed the strongest spatial association with NPP in the arid region, whereas temperature and VPD exhibit higher explanatory power in the humid region, reflecting contrasting climatic constraints across moisture gradients.



Figure 10 illustrates the interactions between ecological and environmental factors influencing vegetation NPP across the TP and its subregions. On the TP, the most prominent interactions were observed between PRE and TEM (q = 0.869), and between PRE and WY (q = 0.805), suggesting that the combined effects of moisture- and temperature-related variables substantially enhanced the explanation of NPP spatial patterns (Figure 10a). In the arid region, the strongest interactions were observed between WY × PRE and PRE × TEM, highlighting strong spatial synergies among water-related variables in explaining NPP variability under moisture-limited conditions (Figure 10b).



In the semi-arid region, the dominant interactions included PRE×TEM and VPD × RAD, indicating that the spatial distribution of vegetation NPP was closely associated with the combined effects of precipitation, thermal conditions, and atmospheric evaporative demand (Figure 10c). In the semi-humid region, the strongest interactions were observed for PRE × TEM (q = 0.939) and RAD × TEM (q = 0.902), both demonstrating nonlinear enhancement, suggesting that multi-factor interactions involving TEM, RAD, and PRE provide substantially higher explanatory power for NPP spatial variability than individual factors alone (Figure 10d). In the humid region, nearly all major factors exhibited strong interactions, indicating that under conditions of relatively sufficient water availability, the spatial variability of NPP was more strongly associated with nonlinear synergies among energy-related variables and atmospheric moisture indicators (Figure 10e).




3.3. Future Responses of WY to Vegetation Dynamics and Climate Change


Taylor diagrams were used to assess the performance of CMIP6 models by comparing simulated and observed temperature and precipitation across the TP for 1981–2014 (Figure 11). Climate model performance was assessed using standard deviation (SD), correlation coefficient, and centered root-mean-square error (RMSE). For temperature simulations, most models exhibited strong agreement with observations, with correlation coefficients exceeding 0.98, indicating that these models effectively captured the temporal variability of temperature (Figure 11a). In addition, the centered RMSE values for all models were below 1.31, suggesting high accuracy in reproducing temperature fluctuations.



For precipitation, the correlation coefficients between model outputs and observations were all above 0.94, though overall consistency was lower compared to temperature simulations (Figure 11b). The RMSE values for precipitation were generally above 7.92, indicating larger deviations in simulated precipitation variability. Nevertheless, the MME performed better than individual models, demonstrating a stronger capability in capturing the spatiotemporal patterns of precipitation. Taken together, the CMIP6 multi-model ensemble showed better overall performance in simulating temperature than precipitation. The MME exhibited the best performance for both variables, confirming the effectiveness of ensemble modeling in improving the reliability of regional climate simulations across the TP.



Spatial variations in NPP and WY change rates across the TP during 2015–2060 are illustrated in Figure 12. Under three SSP scenarios, the proportion of the area showing a rising trend in NPP was 86.15%, 90.94%, and 95.62%, respectively, with significantly increasing areas accounting for 68.73%, 80.65%, and 84.52% (Figure 12a,c,e). Across most regions, NPP increased, exceeding 30 g C m−2 yr−2, with some areas exceeding 60 g C m−2 yr−2, suggesting that climate change positively influenced vegetation carbon sequestration. Additionally, under the three SSP scenarios, 69.24%, 72.81%, and 73.01% of the area exhibited upward trends in WY, with significantly increasing regions comprising 31.57%, 30.35%, and 42.67%, respectively (Figure 12b,d,f). The southeastern TP showed a marked increase in WY (>20 mm yr−1), whereas the northwestern TP generally exhibited a declining trend. These results suggested that although NPP increased widely over the region, the uneven distribution of water resources and the intensifying water scarcity in the arid region could pose sustainability challenges. Overall, with the increase in emission scenario severity, the vegetation carbon sink capacity of the TP was significantly enhanced, but the sustainability of water resources in the arid region faced increasing pressure.



Figure 13 illustrates the range of uncertainties in vegetation NPP anomalies across the TP from 1981 to 2060 under three SSP scenarios, relative to the historical period of 1981–2014. NPP anomalies in all four subregions exhibited an increasing trend over time, with greater increases observed under higher emission scenarios. Nevertheless, different regions showed markedly varied responses to climate change. The arid region showed the most pronounced increase in NPP, where under the SSP2-4.5 and SSP5-8.5 scenarios, the NPP anomaly exceeded 200% (Figure 13a). In comparison, the semi-arid region also experienced a significant increase in NPP anomalies, but the magnitude of change was slightly lower than that of the arid region (Figure 13b). In the semi-humid region, by 2060, NPP anomalies were projected to increase by 65.8%, 91.44%, and 132.54% under the three scenarios (Figure 13c). Similarly, in the humid region, NPP anomalies were projected to increase by 31.46%, 40.76%, and 56.04% by 2060 under the respective scenarios (Figure 13d). On the whole, NPP responses to future climate change exhibited significant spatial heterogeneity across different hydroclimatic zones of the TP. Although the arid and semi-arid regions demonstrated high carbon sequestration potential, they also exhibited lower ecosystem stability. In contrast, the humid region remained relatively stable and played an important role in maintaining the regional carbon balance.



Figure 14 illustrates the temporal evolution of WY anomalies across four climatic subregions of the TP from 1981 to 2060 under three SSP scenarios. Overall, the projected variations in WY anomalies exhibited distinct regional disparities. In the arid region, WY anomalies generally showed a decreasing trend with a fluctuation range of approximately ±50%, accompanied by pronounced interannual variability (Figure 14a). This indicated that the arid region was more sensitive to climatic perturbations and exhibited greater hydrological uncertainty and ecological vulnerability. In the semi-arid region (Figure 14b), WY anomalies fluctuated within a similar range (±30%) but displayed a slight increasing trend across the SSP scenarios. In contrast, the semi-humid and humid regions (Figure 14c,d) experienced relatively minor changes, with WY anomalies remaining within ±20% throughout the study period. These regions exhibited more stable hydrological responses, suggesting stronger system resilience to future climate change compared with the arid and semi-arid regions. Overall, under future climate change scenarios, WY in the arid and semi-arid regions of the TP showed considerable variability and uncertainty, whereas the semi-humid and humid regions maintained relatively stable hydrological conditions, reflecting distinct spatial heterogeneity in the regional water-yield responses to climate change.





4. Discussion


4.1. Spatiotemporal Variations of NPP and WY Across the TP


This study revealed that from 1981 to 2020, the TP experienced a pronounced warming and wetting trend, with temperature and precipitation showing annual increases of 0.05 °C and 1.45 mm, respectively. Similarly, Yu et al. [5] reported pronounced warming accompanied by increased precipitation across the TP over 1961–2020, with temperature and precipitation rising by 0.34 °C and 0.73% per decade, respectively. Notably, this warming–wetting trend has generally favored vegetation growth and promoted ecosystem recovery in the region [4,55]. Zhong et al. [56] demonstrated that the TP experienced a warming trend during the period 1960–2014, and vegetation density showed an overall increasing trend in response to this warming. Luo et al. [57] indicated that the northeastern TP experienced significant warming and humidification from 1982 to 2018, accompanied by notable increases in GPP and ET in the region.



A pronounced southeast-to-northwest gradient in NPP and WY across the TP during 1981–2020 was documented in this study. Furthermore, upward trends occurred in 89.51% and 77.39% of the TP area, respectively, reflecting concurrent improvements in vegetation productivity and water availability. These results align with earlier research. Sun et al. [37] showed that NPP over the TP increased markedly during 2000–2020 at 0.88 g C m−2 yr−2, with a clear increase from northwest to southeast. Similarly, Jia et al. [58] observed increasing NPP and WY in the TP from 2000 to 2018, following a southeast–northwest gradient. Cui et al. [12] suggested that during the period from 2001 to 2018, changes in vegetation increased the availability of global water resources at 0.26 mm yr−2. It is noteworthy that although vegetation greening tends to enhance ET, which negatively impacts WY, this effect is partially offset by the positive feedback of increased precipitation, thereby alleviating the pressure on regional water resources caused by increased ET [59].




4.2. Dominant Climatic and Hydrological Controls on Vegetation NPP


Vegetation development was strongly affected by temperature and precipitation [33]. Sensitivity analysis showed that NPP increased with rising temperatures and increasing precipitation. In addition, WY was more sensitive to precipitation changes and exhibited a negative correlation with temperature. Lin et al. [60] reported that TP grassland NPP during 1901–2010 increased in association with rising temperature, precipitation, and atmospheric CO2. Zhong et al. [56] revealed that vegetation types exhibited varying responses to climate change, with grasslands in the TP’s semi-arid region particularly sensitive to temperature and precipitation fluctuations. Cuo et al. [61] based on LPJ model simulations, also confirmed that NPP was significantly correlated with temperature, precipitation, and cloud cover, with a one-month lag effect.



In addition, other factors such as VPD, RAD, and SM also showed significant associations with NPP dynamics. Results from the Geodetector analysis indicated that precipitation, temperature, and WY jointly exhibited relatively high explanatory power for the spatial variability of NPP over the TP. Similar patterns have also been reported in previous studies. Piao et al. [62] demonstrated that precipitation contributed most strongly to grassland NPP increases on the TP, followed by rising atmospheric CO2 concentrations and temperature. Similarly, Liu et al. [63] found that precipitation, temperature, and CO2 collectively served as the major contributors to the observed increase in vegetation cover across the TP. However, the dominant controlling factors associated with vegetation NPP varied markedly across the different ecological regions of the TP. In the arid region, precipitation and WY exhibited stronger associations with vegetation NPP, suggesting that water availability plays a dominant limiting role under moisture-constrained conditions. Consistent with this pattern, previous studies have identified water availability as the key constraint on vegetation restoration in arid areas [13,64]. In arid and semi-arid regions, NPP was more closely associated with temperature, RAD, and precipitation, reflecting the combined effects of low temperature, limited rainfall, and high elevation on photosynthesis. Thus, adequate precipitation, optimal temperatures, and high photosynthetically active radiation favor plant growth [65]. Conversely, NPP in humid and semi-humid regions showed stronger associations with temperature, VPD, and RAD. In these water-abundant areas, extended sunshine is generally considered critical for prolonging photosynthesis, thereby promoting vegetation growth [66].




4.3. Implications of Vegetation Dynamics and Climate Change for Future WY


This study highlights the pivotal role of WY in shaping vegetation NPP across the entire TP, identifying WY as a key determinant of vegetation dynamics. Moreover, the vegetation response to WY was projected to become increasingly pronounced under future climate scenarios. Under the three SSP scenarios, areas with increasing NPP account for 86.15%, 90.94%, and 95.62%, respectively. Meanwhile, the proportion of the area with increasing WY was 69.24%, 72.81%, and 73.01%, respectively. Similarly, Gao et al. [67] projected that NPP across the TP would increase by 79% and 134% under the RCP4.5 and RCP8.5 scenarios, respectively. Zhang et al. [8] based on CMIP6 projections, reported a sustained increase in LAI across northern China and the TP throughout the 21st century, with most areas experiencing simultaneous increases in both LAI and WY. Yan et al. [2] demonstrated that under future SSP scenarios, the trade-off between a warming-wetting climate and vegetation dynamics could enhance regional hydrological resilience. However, as the vegetation carbon sink increased substantially, its associated impacts on the arid regions of the TP intensified. Relative to the baseline period, the magnitude of changes in NPP and WY during 2021–2060 varied across different ecological regions. The arid region showed the largest increase in vegetation NPP, reflecting their higher sensitivity to climate change. Likewise, interannual variability of WY was more pronounced in arid areas, indicating greater uncertainty and ecological vulnerability in these regions.




4.4. Limitations and Prospects


This study involves several sources of uncertainty. First, satellite-based products are susceptible to atmospheric conditions, solar angles, and other external factors, which may bias data accuracy [68]. In addition, the lack of extensive ground-based observations across the TP limits the possibility of comprehensive ground-truthing. Second, the LPJ model does not account for all dynamic ecosystem processes, such as nitrogen deposition and nutrient limitations, which may bias simulations of ecosystem responses under certain environmental conditions [45]. Furthermore, despite the LPJ model’s widespread use in assessing ecosystem responses to future climate change, the climate projections inherently contain uncertainties [67]. Third, an important limitation of this study is the absence of an explicit representation of groundwater processes. Recent studies suggest that groundwater storage and exchange may contribute substantially to the overall water budget of the TP, potentially reaching up to approximately 85% of total water resources [69]. In the present study, WY is estimated based on the difference between precipitation and ET, implicitly assuming that long-term changes in subsurface water storage are negligible. This assumption may not fully capture the role of groundwater–surface water interactions, particularly in regions where groundwater recharge, discharge, or lateral flow plays a dominant role. As a result, the estimated WY may represent an effective surface water balance rather than the complete terrestrial water budget.



Despite these limitations, the model provides insight into the coupled NPP–WY responses to climate change and greening at regional scales. Future research should prioritize the explicit integration of groundwater dynamics into vegetation–hydrology modeling frameworks, including the coupling of dynamic global vegetation models with groundwater or land surface models. Such advances would facilitate a more comprehensive assessment of vegetation–water interactions and improve our ability to quantify ecosystem–hydrological feedback in the context of climate change.





5. Conclusions


This study employed the LPJ model driven by CMIP6 data to investigate the responses of vegetation NPP to WY across different ecological zones of the TP from the historical period (1981–2020) to the future (2021–2060), and applied the Geodetector method to identify the main drivers of NPP variability. The major findings were as follows:



(1) Over the past four decades, most areas of the TP showed increasing trends in both vegetation NPP and WY. Sensitivity analyses indicated that a 2 °C warming increased NPP by 48.79% but reduced WY by 17.96%. In contrast, a 25% increase in precipitation led to only a modest rise in NPP (5.72%) but substantially enhanced WY (46.72%). These results suggested that warming strongly stimulated vegetation growth while intensifying water consumption, whereas increased precipitation improved water availability but contributed little to additional vegetation gains.



(2) Geodetector results revealed that precipitation, temperature, and WY jointly shaped the spatial pattern of NPP across the TP, with q-values of 0.612, 0.551, and 0.433, respectively. The arid region was most strongly constrained by water limitation; the semi-arid region was influenced by both water and energy constraints; and humid to sub-humid regions were primarily regulated by temperature, VPD, and RAD. Moreover, interaction analysis indicated that the combined effects of these factors provided higher explanatory power for NPP variability than individual drivers alone.



(3) Under the SSP1-2.6 scenario, increases in NPP and WY were mainly concentrated in the central and southeastern TP. Under the SSP2-4.5 and SSP5-8.5 scenarios, NPP increases became substantially stronger, while WY exhibited pronounced spatial heterogeneity and a clear dry–wet divergence. Compared with the historical period, the pattern of vegetation impacts on hydrological processes shifted, with water availability increasing in the humid regions but declining in the arid regions. These findings suggest that in climatically vulnerable areas, rapid vegetation growth may intensify water consumption, thereby heightening ecosystem fragility and hydrological risks.
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Abbreviations




	WY
	Water yield



	NPP
	Net primary productivity



	GPP
	Gross primary productivity



	ET
	Evapotranspiration



	LAI
	Leaf area index



	PRE
	Precipitation



	TEM
	Temperature



	RAD
	Solar radiation



	VPD
	Vapor pressure deficit



	SM
	Soil moisture



	LPJ
	Lund–Potsdam–Jena



	DGVM
	Dynamic Global Vegetation Model



	BIOME
	Biogeography, Biogeochemical Cycles



	GCM
	Global climate model



	SSPs
	Shared Socioeconomic Pathways



	RCPs
	Representative Concentration Pathways



	CMIP6
	Coupled Model Intercomparison Project Phase 6



	MME
	Multi-model ensemble



	PFTs
	Plant functional types



	MMK
	Modified Mann–Kendall



	TP
	Tibetan Plateau
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Figure 1. Patterns of wet and dry regions across the TP and interannual variations in key climatic factors within different moisture zones during 1981–2020. Red and blue dashed lines indicate the linear trends of temperature and precipitation, respectively. 
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Figure 2. Evaluation of LPJ model performance in simulating NPP and ET. (a) Relationship between observed and simulated NPP; (b) relationship between observed and simulated ET. Black dots denote paired observed and simulated values, the solid black line represents the 1:1 line, and the red line indicates the linear regression fit. 
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Figure 3. Spatial patterns of mean annual NPP and ET across the TP from satellite observations (a,c) and LPJ simulations (b,d) during 1982–2018. 
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Figure 4. Spatial patterns of temporal trends in NPP (a) and WY (c) across the TP during 1981–2020. Dots denote statistically significant trends (p < 0.05). Panels (b,d) show the longitudinal variations of mean NPP and WY trends estimated using the MMK test, respectively. Shaded areas represent the standard deviation. 
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Figure 5. Sensitivity of NPP and WY to climatic factors across the TP during 1981–2020. Results are shown for different moisture regions, including arid (I), semi-arid (II), semi-humid (III), humid (IV), and the entire TP (All). 
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Figure 6. Spatial patterns of mean annual climatic drivers across the TP during 1981–2020. 
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Figure 7. Spatial pattern of the rate of climate drivers across the TP during 1981–2020. Dots denote statistically significant trends (p < 0.05). 
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Figure 8. Temporal evolution of annual NPP and associated climatic and hydrological drivers across the TP during 1981–2020. (a) NPP and WY; (b) temperature and precipitation; (c) RAD and VPD; (d) SM. Red and blue dashed lines indicate the linear trends of the corresponding variables. 
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Figure 9. The q-values of environmental driving factors for NPP derived from the Geodetector analysis across the TP and its moisture subregions. 






Figure 9. The q-values of environmental driving factors for NPP derived from the Geodetector analysis across the TP and its moisture subregions.



[image: Forests 17 00181 g009]







[image: Forests 17 00181 g010] 





Figure 10. The q-values of interaction effects among environmental driving factors for NPP derived from the Geodetector interaction detector across the TP and its moisture subregions. Note: “*”and “**” indicate bi-variable-enhanced and nonlinear-enhanced interaction categories, respectively. 
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Figure 11. Taylor diagrams comparing observed and CMIP6 simulated temperature and precipitation across the TP during 1981–2014. Dotted lines indicate SD; dashed lines indicate centered RMSE differences; and dot-dash lines indicate correlations. 
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Figure 12. Spatial patterns of change rates in NPP and WY across the TP for the period 2015–2060 under different SSP scenarios. Dots denote statistically significant trends (p < 0.05). 
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Figure 13. Interannual variations of NPP anomalies (%) across four moisture subregions of the TP during 1981–2060. Shaded areas and grey bars show the mean ± 1 SD of ten CMIP6 models. 
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Figure 14. Interannual variations of WY anomalies (%) across four moisture subregions of the TP during 1981–2060. Shaded areas and grey bars show the mean ± 1 SD of ten CMIP6 models. 
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Table 1. Summary of datasets used in this study.
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	Date
	Period
	Resolution
	Source





	Temperature, precipitation
	1981–2020
	0.5° × 0.5°
	http://data.cma.cn, accessed on 12 January 2024



	TerraClimate

(RAD, VPD, and SM)
	1981–2020
	1/24°
	https://www.climatologylab.org, accessed on 21 July 2024



	GLASS (NPP, ET)
	1981–2020
	0.05° × 0.05°
	http://www.glass.umd.edu/, accessed on 16 May 2024



	CRU TS4.07

(cloud cover, humidity)
	1981–2020
	0.5° × 0.5°
	https://crudata.uea.ac.uk/cru/, accessed on 10 February 2024



	Atmospheric CO2 concentration
	1981–2020
	/
	https://scrippsco2.ucsd.edu/, accessed on 28 February 2024



	Soil data
	2009
	1 km
	http://data.tpdc.ac.cn, accessed on 17 January 2024



	GCMs data
	1981–2060
	/
	https://esgf-node.llnl.gov/search/cmip6, accessed on 21 September 2024










 





Table 2. Types of interactions between two driving factors identified by Geodetector.
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	Criterion
	Interaction Types





	q(Xi∩Xj) < Min(q(Xi), q(Xj))
	Nonlinear weaken



	Min(q(Xi), q(Xj)) < q(Xi∩Xj) < Max(q(Xi), q(Xj))
	Uni-variable weaken



	q(Xi∩Xj) > Max(q(Xi), q(Xj))
	Bi-variable enhancement



	q(Xi∩Xj) = q(Xi) + q(Xj)
	Independent



	q(Xi∩Xj) > q(Xi) + q(Xj)
	Nonlinear enhancement
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