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Abstract 

The Tibetan Plateau’s lakes, serving as critical water towers for over two billion people, exhibit 

divergent responses to climate change that remain poorly quantified. This study develops a deep 

learning framework integrating Synthetic Aperture Radar (SAR) altimetry from Sentinel-3A with 

bias-corrected CMIP6 (Coupled Model Intercomparison Project Phase 6) climate projections under 

Shared Socioeconomic Pathways (SSP) scenarios (SSP2-4.5 and SSP5-8.5, adjusted via quantile 

mapping) to predict lake-level changes across eight Tibetan Plateau (TP) lakes. Using a Feed-

Forward Neural Network (FFNN) optimized via Bayesian optimization using the Optuna 

framework, we achieve robust water level projections (mean validation R² = 0.861) and attribute 

drivers through SHapley Additive exPlanations (SHAP) analysis. Results reveal a stark north-south 

divergence: glacier-fed northern lakes like Migriggyangzham will rise by +13.27 m under SSP5-8.5 

due to meltwater inputs (temperature SHAP value = 0.41), consistent with the early (melt-

dominated) phase of the IPCC’s ‘peak water’ framework. In comparison, evaporation-dominated 

southern lakes such as Langacuo face irreversible desiccation (−5.03 m by 2100) as evaporative 

demand surpasses precipitation gains. Transitional western lakes exhibit “peak water” inflection 

points (e.g., Lumajang Dong’s 2060 maximum) signaling cryospheric buffer loss. These projections, 

validated through rigorous quantile mapping and rolling-window cross-validation, provide the 

first process-aware assessment of TP Lake vulnerabilities, informing adaptation strategies under the 

Sustainable Development Goals (SDGs) for water security (SDG 6) and climate action (SDG 13). The 

methodological framework establishes a transferable paradigm for monitoring high-altitude 

freshwater systems globally. 

Keywords: Tibetan Plateau; climate change; lake level changes; feed-forward neural network; 

SHapley Additive exPlanations 

 

1. Introduction 

The Tibetan Plateau, often called the Earth’s “third pole,” hosts one of the largest freshwater 

reserves and serves as the source of major river systems, supplying water to over 2 billion people 

across Asia [1,2]. 

Its lakes are critical components of the regional hydrosphere, with water level variations exerting 

a strong influence on the Plateau’s hydrological cycle [3,4]. Satellite observations have documented 

a 25% expansion in total lake area, along with an average water level rise of approximately 4 meters 

since the 1970s, adding nearly 170 gigatons of water [5]. However, this expansion contrasts sharply 

with the drying trends seen in southern basins [6]. While northern and western lakes are primarily 

rising due to accelerated glacial melt, southern lakes like Langacuo are shrinking due to increased 
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evaporation (Gholami and Zhang, 2025a). These divergent patterns reflect complex interactions 

between glacial retreat, evolving precipitation regimes, and intensifying evaporative demand. 

The TP has warmed at 0.34°C per decade (1961–2020)—twice the global average—with CMIP6 

projections indicating further warming of 2.6–4.8°C by 2100 under SSP2-4.5 and SSP5-8.5 scenarios 

[7,8]. Precipitation trends are spatially asymmetric, with northern regions moistening (+3.07% per 

decade) while southeastern areas aridify due to rising evaporative demand [9]. These changes are 

exacerbated by accelerating glacial melt (projected losses of 22–36% by 2099; [8] and evaporation 

increases (2.7–2.9 mm decade-1; Yang, Ye and Wang, 2025), creating complex feedbacks that existing 

linear models fail to capture (Merrifield et al., 2023; Zhang et al., 2011). 

Recent advances in satellite altimetry have significantly enhanced our capacity to monitor these 

changes, with Sentinel-3A’s SAR offering unprecedented precision in high-altitude water level 

measurements [10,11]. However, critical knowledge gaps persist in translating these observational 

records into predictive frameworks capable of anticipating future hydrological regimes. Three 

fundamental limitations constrain current understanding: first, the predominant reliance on linear 

climate models [12] that fail to capture nonlinear cryosphere-hydrosphere feedbacks. Second, while 

broad spatial patterns in lake changes have been identified, notably, expansion in the north versus 

contraction in the south [6,13,14] —existing studies rarely quantify how specific climatic drivers 

(temperature, precipitation, evaporation) differentially influence these regional responses; and third, 

the absence of robust methodologies to forecast when critical thresholds such as “peak water” in 

glacier-fed systems might occur. 

This study addresses these gaps by developing a novel modeling framework that integrates 

multi-source satellite altimetry with explainable artificial intelligence. Our approach combines 

threshold-based retracking of Sentinel-3A Level 1/2 SAR data, bias-corrected CMIP6 projections 

(SSP2-4.5 and SSP5-8.5), and a process-aware deep learning model to achieve three main objectives: 

(1) quantify the relative contributions of temperature, precipitation, evaporation, and runoff to 

historical water level variations across northern, southern, western, and eastern lakes; (2) forecast 

future lake-level changes under CMIP6 scenarios (SSP2-4.5, SSP5-8.5); and (3) identify critical 

inflection points in hydrological regimes through SHAP value analysis. 

The scientific significance of this work extends beyond observational documentation to establish 

a predictive paradigm for high-altitude hydrology. By moving from correlation-based analyses to 

mechanism-driven forecasting, we provide the first comprehensive assessment of when and how TP 

lakes will transition between climate-driven regimes. Our findings carry immediate implications for 

sustainable water management across Asia, particularly in addressing the United Nations SDGs 

related to clean water access (SDG 6) and climate action (SDG 13). Furthermore, the methodological 

framework developed here offers a transferable approach for monitoring vulnerable freshwater 

systems in other high-mountain regions experiencing rapid environmental change. 

2. Materials and Methods 

2.1. Data Sources and Preprocessing 

This study focused on eight TP lakes with sufficient temporal coverage (Supplementary Table 

1) for robust model training. 
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Figure 1. Study Area and Lakes Analyzed for Water Level Changes in the TP. 

Water level measurements were derived from Sentinel-3A altimetry data processed through 

threshold-based sub-waveform retracking, as detailed in our previous work [15]. To establish a 

comprehensive baseline and capture long-term variability essential for deep learning applications, 

the Sentinel-3A records were extended using historical datasets from the DAHITI and Hydroweb 

databases (1992–2016). All time series were harmonized using Quantile Delta Mapping (QDM) to 

ensure consistency across datasets, achieving strong agreement (R² = 0.94-1.00 across lakes). 

Historical climate data were obtained from Fifth Generation European Centre for Medium-

Range Weather Forecasts Reanalysis (ERA5), with the extraction period aligned to match the 

available water data for each lake (ranging from 1992 to 2024). Future climate projections (2024–2100) 

were derived from an ensemble of CMIP6 models under SSP2-4.5 and SSP5-8.5 from five CMIP6 

models including Chinese Academy of Sciences Earth System Model version 2 (CAS-ESM2), 

Community Earth System Model version 2 (CESM2), Flexible Global Ocean–Atmosphere–Land 

System Model, finite-volume version 3, low resolution (FGOALS-f3-L), Flexible Global Ocean–

Atmosphere–Land System Model, grid-point version 3 (FGOALS-g3), and Max Planck Institute Earth 

System Model version 1.2, high resolution (MPI_ESM1-2-HR). These models were selected not only 

for their CMIP6 Tier 1 priority status and participation in ScenarioMIP experiments, but also for their 

documented skill in simulating high-altitude climate dynamics [16,17]. CMIP6 models exhibit 

significant variability in their ability to simulate different climatic variables, and there is no single 

model that best represents all variables. To solve this, Climatic variables that show the best 

performance across the models, based on their statistical metrics, were selected, similar to Merrifield 

et al. (2023). [18]. To address systematic biases, QDM was applied to the historical period (1940–2014), 

while Empirical Quantile Mapping (EQM) was used for future scenarios (2015–2100), ensuring 

consistency with observed climatology (Supplementary Figure 1-8). This was validated through split-

sample testing (1940-2000 training, 2000-2014 validation). 

2.2. Deep Learning Framework 

A fully connected feed-forward neural network was implemented to model the nonlinear 

relationships between climate drivers and lake-level dynamics across the Tibetan Plateau. A feed-

forward neural network was chosen for its balance of predictive accuracy and computational 

efficiency, particularly suited to the moderate-length (8–30 years) lake-level time series. Unlike 

LSTMs, the FFNN effectively captures hydrological memory through lagged inputs without 

overfitting, while offering robust generalization across diverse lake systems and climate scenarios. 

The architecture incorporated an input layer (60 nodes) receiving 12-month lagged climate 

variables and autocorrelated water levels, followed by two hidden layers with rectified linear unit 

(ReLU) activation. Dropout regularization and L2 weight decay were applied to prevent overfitting. 
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The Adam optimizer dynamically adjusted learning rates during training, with hyperparameters 

optimized via 500 trials of Bayesian optimization (Optuna framework). The output layer generates 

water level predictions through a single linear node, enabling direct comparison with observational 

records. 

2.3. Model Validation and Interpretation 

The study implemented rolling window cross-validation (RWCV) to evaluate model 

performance while preserving hydrological time dependencies. For each lake, the neural network 

was trained on progressively expanding temporal windows and validated on subsequent periods, 

with window sizes adapted to individual lake characteristics (record length and response timescales). 

Validation metrics—coefficient of determination (R²), mean absolute error (MAE), and root mean 

square error (RMSE)—were computed per segment and aggregated to assess overall performance. 

2.4. Mechanistic Attribution of Hydrological Trends Using Explainable AI 

Mechanistic drivers of lake water level variations were analyzed using explainable machine 

learning approaches combining Random Forest (RF) regression and SHAP. The analysis was 

conducted separately for historical (ERA5) and future (CMIP6 RCP8.5) periods to identify shifting 

hydrological controls. 

The RF model, implemented using scikit-learn’s RandomForestRegressor with 

random_state=42, was tuned for each lake using 3-fold TimeSeriesSplit cross-validation with grid 

search, optimizing mean squared error across parameters including number of trees (100–300), 

maximum depth (5–20), minimum samples per split (2–5), minimum samples per leaf (1–3), and 

feature sampling (sqrt, log2). Feature importance scores identified key drivers of water-level changes. 

SHAP values were computed using the TreeExplainer method, with the mean of the training dataset 

as the baseline, using all data per lake due to small sample sizes. Dependence and interaction plots 

explored nonlinear interactions, revealing, for example, how precipitation and temperature influence 

water levels [19]. 

2.5. Scenario Analysis and Uncertainty Quantification 

The uncertainty quantification framework employed in this study includes: (1) scenario 

uncertainty, assessed through comparative analysis of SSP2-4.5 and SSP5-8.5 projections using 

bootstrapped confidence intervals and trend diagnostics (e.g., Kendall’s τ); (2) nonlinear temporal 

dynamics, identified via pre/post-2050 R² shifts and the detection of hydrological regime transitions 

such as the “peak water” effect; and (3) variance decomposition, using percentile-based spread 

analysis to disentangle internal variability from emission pathway dependencies. This tripartite 

framework enables robust attribution of projection uncertainty, tailored to diverse lake typologies 

and dominant hydrological processes. 

3. Results 

3.1. Evaluation of CMIP6 Model Performance 

The evaluation of five CMIP6 models demonstrated notable variability in their ability to simulate 

key climatic variables across the TPlakes. For temperature, MPI-ESM1-2-HR consistently 

outperformed other models in most lakes, achieving high Nash-Sutcliffe Efficiency (NSE) and 

correlation coefficient (R) values. For evaporation, CESM2 emerged as the top performer, while 

FGOALS-f3-L showed the best relative accuracy for runoff, though with generally lower metrics. 

Among the models, CAS-ESM2 and MPI-ESM1-2-HR excelled for specific lakes, such as Langacuo 

and Siling, respectively. A detailed breakdown of performance metrics, including NSE and R values 

for each model, lake, and variable, is provided in Supplementary Figures 9 and 10. 
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Table 1. Performance Improvements of CMIP6 Simulations after Bias Correction using QDM and EQM across 

TPLakes. 

Lake Variable RMSE Reduction (%) 
Extreme Event Improvement  

(95th %ile, %) 

Lexie Wudan 

Runoff 11.4% 90.3% 

Precipitation 17.7%  97% 

Temperature 34.6% 90.6% 

Evaporation 38.0% 98.30% 

Lumajang Dong 

Runoff 47.89% 88.5% 

Precipitation 13.6% 64.5% 

Temperature 26.94% 66.7% 

Evaporation 0.81% 81.8% 

Zhari Namco 

Precipitation 30.5% 96.5 

temperature 26.6% 95.2% 

evaporation 19.0% 98.6% 

Runoff 17.1% 85.9% 

Langacuo 

Precipitation 10.3% 87.5% 

temperature 19.6% 74.5% 

evaporation 14.3% 11.2% 

Runoff 20.8% 99.3% 

Ngoring 

precipitation 4.8% 79.2% 

temperature 12.9% 98.8% 

evaporation 13.4% 98.3% 

Runoff 1.1% 93.4% 

Siling 

precipitation  49.0% 94.8% 

temperature 30.4% 96.3% 

evaporation 43.0% 100.0% 

Runoff 0.6% 78.9% 

Qinghai 

precipitation 7.1% 96.2% 

temperature 47.2% 91.0% 

evaporation 2.6% 98.9% 

Runoff 19.7% 96.2% 

Migriggyangzham  

precipitation  15.2% 84.3% 

temperature 6.6% 89.3% 

evaporation 1.8% 100.0% 

Runoff 3.8% 94.5% 

3.2. Hydrological Projections Under Climate Scenarios 

The Tibetan Plateau’s lakes exhibit spatially divergent responses to climate forcing, governed by 

the interplay of cryospheric meltwater inputs, evaporative demand, and precipitation variability. 

These responses delineate four distinct hydrological regimes: glacier-dominated northern lakes, 

evaporation-controlled southern lakes, transitional western lakes, and precipitation-evaporation 

balanced eastern lakes. 

Migriggyangzham Lake, a glacier-fed system in the northern Tibetan Plateau, is projected to 

experience significant water level increases by 2100, rising by 9.3 m under SSP2-4.5 and 13.6 m under 

SSP5-8.5, a 1.5x faster rise under high emissions (Figure 2A). These trends, driven by glacial melt, 
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align with the early melt-dominated phase of the IPCC’s “peak water” framework. Historically, water 

levels rose at 0.53 m year⁻¹, driven by glacial runoff (SHAP = 0.30) and warming temperatures (SHAP 

= 0.27), with precipitation (SHAP = 0.23) and evaporation (SHAP = 0.20) as secondary contributors 

(Supplementary Figure 12). On warmer days (>0°C, 36% of days), runoff averaged 0.28 mm day⁻¹, 1.5 

times the baseline. Future Projections: Compared to Lexie Wudan’s more modest rises (+6.4 m under 

SSP2-4.5, +8.3 m under SSP5-8.5), driven by weaker glacial inputs and stronger precipitation (Figure 

2B), Migriggyangzham’s larger increases reflect greater reliance on glacial melt (SHAP = 0.41 vs. 0.36 

in SSP2-4.5; Supplementary Figure 11&12). Under SSP5-8.5, intensified warming (0.07°C year⁻¹ vs. 

0.03°C year⁻¹ in SSP2-4.5) accelerates meltwater surges. Evaporation rises in both scenarios (0.8–0.9 

mm year⁻¹), posing future risks, while precipitation plays a minor role, increasing significantly only 

under SSP5-8.5 (1.2 mm year⁻¹). Runoff’s influence declines sharply (23–53% reduction in SHAP 

importance by 2100 under SSP5-8.5) as glacial reserves diminish. Nonlinear Dynamics: SHAP 

analysis shows that high runoff events contribute less to sustained water level increases as glaciers 

shrink, indicated by negative SHAP values (Supplementary Figure 11 & 12, showing declining runoff 

contributions). This suggests a transient water surplus followed by potential declines post-2100, 

highlighting the need to monitor glacial dynamics for future water management. 

Lexie Wudan Lake, a northern glacier-fed system on the Tibetan Plateau, is projected to 

experience significant water level increases by 2100, rising by 6.4 m under SSP2-4.5 and 8.3 m under 

SSP5-8.5 (Figure 3B). These trends are driven by temperature-mediated glacial melt, with a SHAP 

value of 0.39 (comparable to Migriggyangzham’s 0.41), initially outweighing evaporative losses. 

Historically, water levels rose steadily, inferred from regional trends, driven primarily by glacial 

runoff (SHAP= 0.29) and warming temperatures (SHAP = 0.28), with precipitation (SHAP = 0.24) and 

evaporation (SHAP = 0.19) as secondary contributors (Supplementary Figure 13&14). On warmer 

days (>0°C, ~35% of days), runoff averaged ~0.36 mm day⁻¹, well above baseline levels 

Compared to Migriggyangzham’s larger rises, Lexie Wudan’s more modest increases reflect 

weaker glacial inputs and stronger precipitation contributions (SHAP = 0.39 vs. 0.41 for temperature; 

Supplementary Figure 4). Under SSP5-8.5, intensified warming (0.07°C year⁻¹ vs. ~0.03°C year⁻¹ in 

SSP2-4.5) accelerates glacial melt, driving a 1.3x faster rise. Precipitation increases significantly, 

especially under SSP5-8.5 (2.55 mm year⁻¹ vs. Migriggyangzham’s 1.09 mm year⁻¹), with high 

precipitation events (0.4 mm day⁻¹) boosting water inputs. Evaporation remains stable under SSP5-

8.5 or slightly decreases under SSP2-4.5 (0.73 mm year⁻¹), supporting water retention. Runoff shows 

no sustained increase, with a slight decline on warmer days under SSP5-8.5 (~3.65 mm year⁻¹), and 

its influence decreases by 20–40% in SHAP importance by 2100, signaling glacial depletion. 

SHAP analysis reveals that high runoff events contribute less to sustained water level increases 

as glaciers shrink (Figure 4, showing declining runoff contributions). Stronger precipitation under 

SSP5-8.5 partially offsets this decline, suggesting a prolonged melt phase but potential post-2100 

reductions. These trends highlight the need for integrated monitoring of glacial and precipitation 

dynamics for future water management. 
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Figure 2. Projected Water Level Changes in Northern Lakes: Migriggyangzham Lake (A); Lexie Wudan Lake 

(B). 

Conversely, southern lakes exhibit a spectrum of evaporation-dominated responses, from 

aridification to transient stability. Langacuo exemplifies the most extreme decline (−5.03 m under 

SSP5-8.5 by 2100), with evaporation’s influence (SHAP = 0.31) overwhelming precipitation inputs 

(Supplementary Figure 15&16)—a transition marked by irreversible negative post-2050 R² values 

(−0.63). Under SSP2-4.5, significant warming (0.022 °C year-1, total: +1.495 °C) and increased 

evaporation (0.73 mm year-1) support this shift. Precipitation shows no significant trend, while runoff 

declines significantly (−2.55 mm year-1). Notably, 43.3% of days experience temperatures above 0 °C, 

and runoff on these days shows a strong downward trend (−0.116 mm day-1, p = 0.0054). Under the 

more extreme SSP5-8.5, warming intensifies (+0.075 °C year-1) with continued evaporation increases 

(+0.73 mm year-1) and no significant change in precipitation. Runoff again declines significantly 

(−1.82 mm year-1), with a steeper drop during warm days—defined as days with temperatures above 

0 °C—which account for 45.8% of days that experience temperatures above 0 °C. 

Siling exhibits transitional behavior: an initial rapid rise (+4.12 m under SSP5-8.5) peaks mid-

century (2060–2080) before declining as glacial buffers deplete (Figure 3C). This “delay-then-decline” 

trajectory, distinct from Langacuo’s immediate desiccation, reflects residual cryospheric inputs that 

temporarily mitigate evaporation’s dominance (runoff SHAP = 0.202 under SSP2-4.5; Supplementary 

Figure 17&18), aligning with IPCC projections of heterogeneous responses in semi-arid, glacier-fed 

systems [20]. Under SSP2-4.5, significant warming (0.018 °C year-1), increasing evaporation (0.365 

mm year-1), and runoff decline (monthly: −2.92 mm year-1) occur, while precipitation remains non-

significant. Under SSP5-8.5, stronger warming (0.052 °C year-1), increased precipitation (3.65 mm 

year-1), rising evaporation (1.46 mm year-1), and modest runoff gains (0.365 mm year-1) are 

observed. Runoff above 0 °C rises (4.38 mm year-1) on 56.8% of days exceeding 0 °C, with top 10% 

precipitation events yielding 0.443 mm day-1 and warm–wet events 0.304 mm day-1. The summer 

temperature–runoff correlation is 0.1509, and the cold-day precipitation–runoff correlation is −0.0047. 

This pattern supports SHAP’s indication of temporary melt-driven gains followed by post-peak 

decline as glacial reserves diminish [21]. 

Zhari Namco exhibits muted growth in water level (+3.81 m under SSP5-8.5), where evaporative 

demand (SHAP = 0.308) partially offsets precipitation gains (Supplementary Figure 19&20). Under 

SSP2-4.5 (a rise of 0.47 meters), significant warming (0.022 °C year-1) and rising evaporation (0.365 

mm year-1) occur, with non-significant increasing precipitation and runoff. Under SSP5-8.5, stronger 

warming (0.059 °C year-1), significant precipitation increases (1.46 mm year-1, p = 0.0007), and 
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significant evaporation rise (1.095 mm year-1) are observed, while runoff remains non-significant. 

Low precipitation–runoff correlations (SSP2-4.5: 0.2421; SSP5-8.5: 0.3123) and weak runoff response 

above 0 °C validate SHAP’s emphasis on evaporation’s dominant role. Significant JJA (June–August) 

evaporation (SSP5-8.5) confirms this pattern, consistent with IPCC projections for semi-arid systems 

(IPCC, 2021, Chapter 10). 

Compared to Langacuo’s immediate desiccation, Siling’s transitional melt-driven buffering and 

Zhari Namco’s muted gains illustrate the diverse but ultimately evaporation-dominated pathways 

expected for southern TP lakes. These contrasting trajectories—abrupt decline, delay-then-decline, 

and partial offsetting—underscore the urgency for proactive water governance to manage post-

glacial hydrological shifts (Wang et al., 2018). 

 

 

Figure 3. Projected Water Level Changes in Southern Lakes: Langacuo (A); Zhari Namco (B); Siling (C). 

Western transitional lakes, exemplified by Lumajang Dong, exhibit an inflectional “peak water” 

trajectory—rising until mid-century before declining, reflecting the progressive loss of cryospheric 

buffering. Under SSP2-4.5, lake levels increase by +3.10 m by 2060 and then stabilize; under SSP5-8.5, 

stronger early warming causes a lower, earlier peak (+1.17 m), followed by a decline of −1.93 m by 

2100. This divergence reflects the shrinking contribution of glacial meltwater: SHAP analysis shows 

runoff importance drops by 56–58% in SSP5-8.5 compared to historical conditions (Supplementary 

Figure 21&22 ). 

Intensified warming (+3.88 °C), increased precipitation (+1.88 mm year-1), and elevated runoff 

(+1.82 mm year-1) under SSP5-8.5 initially sustain lake levels, but continued glacial retreat and 
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enhanced evaporation reverse the trend. Although historical trends are statistically insignificant, 

runoff above 0 °C nearly doubles—supporting SHAP’s attribution of cryospheric inputs (SHAP = 

0.282). 

In contrast, Jieze—located at lower elevation—follows a precipitation-driven regime. Despite 

limited data, lake level increases (+0.5 m) align with positive precipitation anomalies. SHAP ranks 

precipitation as the dominant driver, with weak interactions (e.g., precipitation–evaporation: 0.037). 

Historical warming and runoff trends are non-significant (p > 0.3), yet runoff still increases by 2.2–

2.4× on warmer days, reinforcing precipitation’s direct control over lake levels. 

 

Figure 4. Projected Water Level Changes in Western Lakes (Lumajang Dong Lake). 

Eastern lakes, including Qinghai and Ngoring, exhibit divergent responses mediated by 

morphometry. Qinghai Lake, with its large storage capacity, resists drying, rising +4.77 m under 

SSP5-8.5, while Ngoring Lake declines by −1.8 m as evaporative demand (SHAP = 0.308) outpaces 

precipitation. These contrasts highlight the role of lake-specific attributes in modulating climate 

impacts. SHAP analysis shows water level gains (+4.77 m under SSP5-8.5; ~ +3.0 m under SSP2-4.5, 

scaled), driven by temperature (SHAP = 0.386) via glacial melt (Supplementary Figure 23&24). Under 

SSP2-4.5, significant warming (0.027°C year-1, p<0.0001; total: +2.0822°C) and evaporation (1.82 mm 

year-1, p<0.0001) occur, with non-significant precipitation and runoff. Under SSP5-8.5, warming 

(0.057°C year-1, p<0.0001; total: +4.3657°C) and evaporation (2.19 mm year-1, p<0.0001) increase, with 

significant precipitation (1.46 mm year-1) and runoff (1.095 mm year-1, p=0.0018). Runoff above 0°C 

trends upward (6.935 mm year-1, p=0.0536) for 62.9% of days exceeding 0 °C. 

For Ngoring, SHAP analysis indicates a decline (-1.8 m under SSP5-8.5; ~ -1.0 m under SSP2-4.5), 

driven by evaporation (SHAP = 0.308) (Supplementary Figure 25&26). Under SSP2-4.5, significant 

evaporation (1.09 mm year-1, p<0.0001) and modest warming (0.007°C year-1, p=0.0209) occur, with 

non-significant precipitation and runoff. Under SSP5-8.5, stronger warming (0.042°C year-1, 

p<0.0001; total: +3.1956°C), evaporation (2.92 mm year-1, p<0.0001), and precipitation (1.46 mm year-

1, p<0.0001) occur, with non-significant runoff. 
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Figure 5. Projected Water Level Changes in Eastern Lakes: Qingha Lake(A) Ngoring Lake(B). 

Uncertainty partitioning revealed distinct patterns across lake typologies and emission 

scenarios. Glacier-fed lakes exhibited greater sensitivity to emission pathways, with scenario 

uncertainty contributing 16–23% of total projection variance, reflecting the emission-driven nature of 

glacial melt. Confidence intervals (95%) ranged from ±1.55 m (Langacuo) to ±9.02 m (Siling Co), 

positively correlated with cryospheric connectivity. In contrast, evaporation-dominated lakes 

showed high internal variability (88–99% of variance), driven by stochastic precipitation and 

evaporation processes, indicating their dependence on unpredictable atmospheric 

dynamics.Temporal analysis identified critical hydrological thresholds. For example, Lumajang 

Dong Lake exhibits a mid-century “peak water” transition (~2060) under SSP5-8.5, shifting from melt-

driven gains to evaporative declines, while Langacuo’s post-2050 aridification trend (negative R² = 

−0.63) signals irreversible drying. These nonlinear responses, amplified under high-emission 

scenarios due to temperature-driven evaporation, highlight the robustness of our deep learning 

framework in capturing complex hydrological dynamics. These findings inform risk-based planning 

by quantifying scenario and internal variability across diverse lake systems. 

4. Discussion 

The divergent hydrological futures of TP lakes underscore the interplay of cryospheric, 

thermodynamic, and morphometric controls under climate change. 

Our findings, synthesized from deep learning models and CMIP6 scenarios, highlight four 

distinct hydrological futures—northern expansion, southern aridification, western transitional peaks, 

and eastern morphometry-controlled variability—while emphasizing the urgency of spatially 

tailored adaptation strategies. 

1. Divergent Hydrological Regimes and Climatic Drivers 

(a) Northern Glacier-Fed Lakes 
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Northern TPlakes exhibit a clear transition from historically balanced runoff–temperature 

regimes to temperature-dominated systems under climate change. SHAP analysis reveals that while 

runoff historically sustained water levels in lakes Lexie Wudan and Migriggyangzham 

(Supplementary Figure 11&12), its influence declines sharply by 2100 under SSP5-8.5—by 23% and 

53%, respectively—as glacial reserves are depleted. Temperature emerges as the dominant driver, 

fueling significant water-level rises of +8.35 m and +13.58 m, respectively, through intensified melt—

consistent with the IPCC’s “peak water” framework (IPCC, 2023). These projections align with recent 

basin-scale modeling by Xu et al. (2024), who found that northern TP lakes will experience the most 

dramatic water-level increases (+10 to +21 m under SSP5-8.5), driven primarily by temperature-

mediated processes (e.g., glacier melt and net precipitation) as runoff contributions plateau (7–15% 

by 2100)[22]. Notably, the relationship between runoff intensity and water level response becomes 

nonlinear in late-century projections. While moderate runoff maintains positive hydrological 

impacts, extreme meltwater events demonstrate diminishing returns, a pattern consistent with Xu et 

al.’s (2024) findings of declining glacier meltwater efficacy as storage capacities are exhausted. This 

threshold behavior, likely tied to modified drainage efficiency during glacial system degradation, has 

critical implications for predicting inflection points in lake-level trajectories . 

(b) Southern Evaporation-Dominated Lakes 

Southern TPlakes are undergoing a fundamental hydrological shift from precipitation-

influenced to evaporation-dominated regimes under climate change. SHAP analysis reveals that 

Langacuo’s dominant driver transitions from precipitation (historical SHAP Supplementary Figure 

15 &16) to evaporation (SSP5-8.5). This transition drives substantial water loss (−5.03 m by 2100), 

signaling the onset of long-term desiccation consistent with IPCC projections for high-altitude 

aridification under high-emission scenarios. 

While Zhari Namco and Siling Lake do not yet exhibit outright drying, both reflect the same 

directional shift. In Zhari Namco, net water gains slow dramatically as evaporation surpasses runoff 

in influence, whereas Siling’s initial melt-driven rise peaks mid-century before entering a decline 

phase under SSP5-8.5. These patterns underscore a shared vulnerability: even lakes not currently 

shrinking are approaching critical thresholds where evaporative losses may soon outpace natural 

inputs. The findings emphasize the need for proactive water governance in anticipation of post-

glacial hydrological transitions. This aligns with studies on aridification in warming regions, where 

shallow basins lack buffering capacity against evaporative stress 9. 

(c) Western Transitional Lakes 

Western TPlakes, such as Lumajang Dong and Jieze, exhibit transitional hydrological behaviors 

shaped by altitude and cryospheric influences. Lumajang Dong Lake, situated at a higher elevation, 

has historically relied on glacial runoff and temperature to sustain its water levels. Under SSP5-8.5, 

projections indicate a mid-century inflection point (~2060), where both temperature and evaporation 

peak, while the influence of runoff declines by 56%—marking the onset of glacial depletion. This dual 

threshold—enhanced melt followed by evaporative dominance—captures the “peak water” 

phenomenon observed in glacier-fed basins, consistent with global cryospheric trends. 

In contrast, lower-altitude Jieze Lake exhibits stronger dependence on precipitation and weaker 

glacial buffering, making it more vulnerable to rainfall variability. Although limited historical data 

restrict precise modeling, its morphometric profile and catchment characteristics suggest heightened 

hydrological sensitivity to changing precipitation patterns under climate forcing. 

Together, these lakes illustrate how elevation and glacial influence modulate climate responses 

across the western Plateau. High-altitude systems like Lumajang Dong may benefit temporarily from 

melt-driven surpluses but face long-term sustainability risks as evaporative losses intensify. Lower-

altitude lakes such as Jieze are likely to experience more immediate impacts from altered rainfall 

regimes. These findings support altitude-specific management approaches: glacial monitoring and 

storage optimization for high-elevation lakes, and precipitation-adaptive planning for lower-
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elevation systems. These transitional behaviors mirror global “peak water” trajectories but with 

shorter timescales, demanding urgent adaptive planning. 

(d) Eastern Morphometry-Controlled Lakes 

Eastern TP lakes exhibit divergent hydrological responses under climate change, largely shaped 

by basin morphometry and storage capacity. Our SHAP analysis reveals that Qinghai Lake—with its 

vast storage capacity and glacial catchment—exhibits resilience to warming, gaining +4.77 m under 

SSP5-8.5 and +3.0 m under SSP2-4.5, driven primarily by temperature (SHAP = 0.386). This aligns 

with Wang et al. (2025), who project Qinghai’s water level to rise by 2050 due to increased 

precipitation (76.5% contribution) and a regional “evaporation paradox”—where warming reduces 

evaporation in cold climates due to suppressed surface-atmosphere temperature gradients. This 

phenomenon, widely observed across the TP [23,24], allows Qinghai to buffer evaporative losses 

despite rising temperatures. 

In contrast, Ngoring Lake’s shallower basin and lower storage capacity render it more 

vulnerable. By 2100, it experiences a decline of 1.8 m under SSP5-8.5, as evaporation becomes the 

dominant driver (SHAP = 0.308), surpassing both precipitation and residual glacial inputs. SHAP 

analysis reveals that the transition from precipitation-runoff-driven dynamics to evaporation-

controlled regimes occurs earlier and more strongly in Ngoring, highlighting the role of local 

geomorphology in mediating climate impacts.  Tong et al. (2023) confirm that larger lakes like Qinghai 

are more resilient to evaporative stress, while smaller basins are vulnerable to drying [25]. 

This eastward contrast underscores a broader pattern: while some large lakes may temporarily 

gain water through enhanced melt, others will enter long-term decline as temperature-driven 

evaporation overwhelms limited inputs. These findings emphasize the need for lake-specific 

adaptation strategies tailored to morphometric vulnerability and future emission pathways. This 

dichotomy underscores how lake-specific attributes modulate climate impacts, a factor often 

overlooked in regional models. 

4.1. Implications for Ecosystems and Water Security 

The divergent hydrological futures of TP lakes—northern expansion, southern aridification, 

western transitional peaks, and eastern lake shape-driven variability—carry profound ecological and 

socio-economic consequences. As Asia’s “Third Pole,” the TP serves as a critical water source for over 

two billion people, making these changes a sentinel for global water security challenges under climate 

change. Southern lake desiccation, driven by dominant evaporative, threatens biodiversity through 

habitat contraction. For instance, Ophiocordyceps sinensis, a keystone species and vital economic 

resource, faces significant habitat loss, with upward distribution shifts and net losses of 4–19% under 

various climate scenarios [26]. Chen et al. (2025) project further declines in its production under high-

emission scenarios (SSP5-8.5), threatening local economies reliant on its harvest [27]. Additionally, 

drying wetlands may endanger migratory species, exacerbating biodiversity loss. In contrast, 

northern lake expansion, driven by glacial melt, enhances water storage but increases flood risks. Xu 

et al. (2024) estimate that by 2100, even under a low-emissions scenario (SSP2-4.5), approximately 

10,000 km² of grasslands, wetlands, and croplands will be submerged, disrupting habitats and 

potentially benefiting waterfowl through new wetland formation, though flood-related damages 

may offset these gains [22]. 

These findings have direct implications for the SDGs. For SDG 6 (Water Security), northern 

regions require infrastructure to manage meltwater surges and reduce flood risks, while southern 

basins need strategies to mitigate evaporation and desiccation, such as artificial recharge systems. Xu 

et al. (2024) underscore the need for such region-specific adaptation strategies, highlighting the 

potential submersion of critical infrastructure and the importance of proactive water governance. 

Regarding SDG 13 (Climate Action), mitigation of greenhouse gas emissions under lower-emission 

scenarios like SSP2-4.5 is shown to reduce aridification and sustain glacial inputs more effectively 

than high-emission scenarios like SSP5-8.5. This is reflected in less severe water level declines for 
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lakes like Ngoring under SSP2-4.5 compared to SSP5-8.5, as projected in this study. By addressing 

these emerging challenges, this research underscores the urgency of implementing region-specific 

adaptation strategies to safeguard Asia’s “Third Pole” and contributes to the global discourse on 

managing high-altitude freshwater systems under climate change. 

4.2. Future Research Directions 

To advance the resilience of high-altitude hydrological systems, future research should address 

critical gaps identified in this study: 

Groundwater Interactions: Investigating aquifer-lake exchanges, particularly in evaporation-

dominated southern lakes like Langacuo, is essential to quantify groundwater’s role in buffering 

desiccation. Methods such as isotopic tracing or geophysical surveys, could inform conservation 

strategies to sustain lake levels. 

Sediment Dynamics: Modeling soil erosion and sedimentation processes in southern basins, 

using remote sensing or sediment core analysis, will refine projections of lake bathymetry changes. 

These changes, particularly in shallow lakes, could exacerbate evaporation rates and reduce water 

storage capacity. 

Low-Emission Scenarios: Exploring SSP1-2.6 scenarios will quantify mitigation benefits for 

vulnerable systems, building on the reduced desiccation observed under SSP2-4.5. Ensemble 

modeling with CMIP6 projections could support global climate action efforts under SDG 13. 

Socio-Economic Modeling: Linking hydrological shifts to economic outcomes, such as flood 

impacts in northern lakes like Migriggyangzham or biodiversity losses in southern systems, will 

strengthen adaptation frameworks. Integrating hydrological projections with cost-benefit analyses or 

stakeholder surveys could quantify impacts on pastoralist livelihoods and infrastructure. 

These directions, tailored to the Tibetan Plateau’s divergent hydrological regimes, enhance the 

transferability of our deep learning framework to other high-altitude regions. They provide a 

roadmap for advancing global water security and climate resilience, aligning with the priorities of 

SDG 6 and SDG 13. 

5. Conclusions 

This study provides a pioneering assessment of TP lake responses to climate change, revealing 

four distinct hydrological futures: northern glacier-fed expansion, southern evaporation-driven 

aridification, western elevation-dependent transitional peaks, and eastern morphometry-controlled 

variability. By integrating threshold-retracked Sentinel-3A altimetry, bias-corrected CMIP6 

projections, and a Bayesian-optimized deep learning model with explainable AI, we elucidate the 

nonlinear interplay of temperature, evaporation, precipitation, and runoff. Northern lakes benefit 

temporarily from intensified glacial melt but face increasing vulnerability as runoff diminishes, 

consistent with the IPCC’s “peak water” framework. Southern lakes undergo irreversible desiccation 

due to dominant evaporative losses, while western lakes exhibit mid-century transitions from melt-

driven gains to evaporative declines. Eastern lakes highlight the role of basin morphometry, with 

larger systems buffering losses compared to shallower ones. These findings position the TP as a 

sentinel of global cryospheric and hydrological change, with accelerated timelines for peak water and 

aridification compared to global trends. Uncertainties—driven by emission scenario dependence in 

glacier-fed systems and high internal variability in evaporation-dominated lakes due to stochastic 

atmospheric processes—underscore the need for ensemble-based risk assessments and expanded 

monitoring, particularly in data-scarce western regions. The methodological framework, combining 

satellite altimetry with explainable AI, offers a transferable paradigm for forecasting high-altitude 

lake dynamics worldwide, addressing critical gaps in nonlinear cryosphere-hydrosphere modeling. 

For water security (SDG 6) and climate action (SDG 13), these projections demand urgent, region-

specific strategies: flood management and storage optimization for northern and high-altitude 

western lakes, evaporation mitigation (e.g., artificial recharge) for southern basins, and 

morphometry-informed conservation for eastern systems. Lower-emission pathways (e.g., SSP2-4.5) 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 23 July 2025 doi:10.20944/preprints202507.1933.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202507.1933.v1
http://creativecommons.org/licenses/by/4.0/


 14 of 16 

 

mitigate desiccation and sustain glacial inputs compared to high-emission scenarios, highlighting the 

value of climate mitigation. Future research should incorporate groundwater interactions, sediment 

dynamics, and socio-economic impacts to refine resilience strategies. As Asia’s “Third Pole” faces 

accelerating hydrological shifts, this study provides a critical foundation for safeguarding water 

resources and ecosystems in a warming world. 
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