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Abstract 

The Tibetan Plateau (TP), a vital water source for over a billion people, is experiencing rapid 
hydrological changes due to climate warming. This study aims to quantify the nonlinear influence of 
key climate variables—temperature, precipitation, evaporation, and runoff—on lake-level changes 
across four subregions of the TP. To achieve this, we conducted a high-resolution, regionally 
differentiated assessment of lake water level responses to climate variability across the TP from 2016 
to 2024. Our approach combined Sentinel-3A SAR altimetry data—enhanced through advanced 
subwaveform retracking techniques—with ERA5 climate reanalysis variables (temperature, 
evaporation, precipitation, and runoff) to assess their contributions to lake dynamics. The analysis 
was tailored to the northern, southern, eastern, and western TP subregions. A Random Forest (RF) 
machine learning model, combined with SHapley Additive exPlanations (SHAP), was applied to 
quantify the relative contribution of each climate variable to observed lake level changes, capturing 
spatial variability and overcoming limitations of traditional correlation methods. Advanced 
subwaveform retracking techniques, which were applied to overcome the challenges of radar 
retrieval, improved the accuracy of water level estimation. Our results, validated against the DAHITI 
and Hydroweb databases, confirmed high reliability, with correlation coefficients greater than 0.9. 
Our analysis reveals a general trend of rising water levels in 9 of the 10 studied lakes (average increase 
of +0.3416 m yr⁻¹), driven mainly by runoff and glacial melt.Our results highlight a consistent rise in 
the northern and western regions due to stable precipitation and runoff patterns, while southern 
lakes show water loss due to increased evaporation under rising temperatures. Eastern lakes have 
experienced increasing water levels primarily due to enhanced runoff from snow and glacier melt, 
balanced by evaporation influences. This study presents a high-resolution, large-scale evaluation of 
climate-driven lake level changes on the Plateau and provides valuable insights for regional water 
resource management. 

Keywords: tibetan plateau; climate change; water level; random forest; shap analysis  
 

1. Introduction 

The TP is the source of major river systems and provides water for billions of people around the 
globe [1,2]. Its extensive glaciers significantly influence water quantity and quality. However, climate 
change accelerates glacier melting, and this balance is in danger [3]. Tibetan lakes are sensitive to 
environmental changes. They cover about 47,000 km² in 2018, which represents over half of China’s 
total lake area and nearly 2% of lakes globally [4,5]. Since human activity is minimal in this region, 
the lakes serve as effective indicators of climate-driven hydrological change [6,7]. Understanding 
these changes is essential for achieving Sustainable Development Goals, particularly those related to 
water management (Goal 6) and climate action (Goal 13) [8,9]. 
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The research shows that the surface air temperature on the TP has risen by 1.8°C over the past 
50 years, which is approximately 1.5 times higher than global average warming rate [10]. The rapid 
warming is increasing evaporation and changing the rainfall patterns, which is disrupting the natural 
water cycle [11]. Some areas experience reduced precipitation or variations in wet and dry seasons, 
with uneven rainfall distribution across regions [8,9]. 

Between 1970 and 2018, the number of lakes increased by 32%, and their total area grew by 25%. 
Over this period, lake water levels rose by over 4 meters on average, with a total volume increase of 
approximately 170 gigatons [4]. These changes highlight that monitoring water levels in the TP is 
essential for understanding hydrological shifts and their broader environmental impacts. 

 In situ gauges provide accurate water level measurements, but in many remote regions, they 
are sparse and may miss regional variations [12,13]. 

Satellite radar altimetry can mitigate these difficulties in monitoring lake water levels in remote 
and extensive regions.  This technique was initially  developed for the open ocean and has recently 
been adapted for inland water bodies. This makes it a suitable choice for water level monitoring. 
Sentinel-3A’s instruments, such as such as the Synthetic Aperture Radar Altimeter (SRAL) and the 
Sea and Land Surface Temperature Radiometer (SLSTR), advance both spatial and temporal 
resolution. Therefore, we can accurately monitor changes in lake water levels over time using 
Sentinel-3A [14]. 

In coastal areas, non-aquatic features can distort waveforms when they are within the radar 
footprint. This leads to waveforms that differ from the normal ocean model (Brown model) [15,16]. 
The emitted waveforms, upon reflection, can be seen as compositions of multiple smaller waveforms 
called subwaveforms [17]. To better understand these complex waveforms, various retracking 
methods have been developed[18]. The research demonstrates that, among these methods, the 
threshold algorithm has been especially effective. This algorithm defines a specific power level within 
the radar waveform to differentiate the water surface from nearby land reflections. This increases the 
accuracy of water level retrieval and hydrological assessments [19,20].  

Previous studies in this area mostly focused on seasonal water level changes using 
meteorological station data or satellite-based temperature analysis through basic correlation analysis 
between water levels and climate variables [21,22]. While basic correlation analysis may give some 
information, it is not strong enough to capture the complex, nonlinear relationships between climate 
drivers and hydrological responses [23]. Meteorological data often has limited spatial coverage and 
may not fully capture the regional climate variations. Additionally, many studies rely on Moderate 
Resolution Imaging Spectroradiometer Land Surface Temperature (MODIS LST) data, which differ 
from air temperature due to surface-atmosphere interactions and have a limited temporal range 
beginning in 2000 [24,25]. 

This study overcomes these limitations via methodological advances. First, we employed 
Sentinel-3A radar altimetry and subwaveform retracking techniques to refine the estimation of water 
levels of TP lakes. This approach overcomes the limitations of standard retracking methods, 
especially in complex lake environments. Second, we employ Fifth Generation European Centre for 
Medium-Range Weather Forecasts (ECMWF) Atmospheric Reanalysis of the Global Climate data 
(ERA5) [26], which consist of climate variables of air temperature, rainfall, and evaporation at a high 
spatial and temporal resolution and covering a long period (dating back to 1940). Compared to 
ground station data and MODIS products, ERA5 data have better spatial and temporal coverage, 
making them highly applicable to measure climate effects in remote and sparse data areas. The 
reliability of ERA5 in China, including the TP, has been validated in recent studies [27], supporting 
that it can be used in hydrological studies. Third, moving beyond traditional correlation analyses, 
we integrate a Random Forest (RF) machine-learning model with SHAP (SHapley Additive 
exPlanations) to quantify the nonlinear and interdependent effects of climate drivers on lake water 
levels. This study pioneers the integration of Sentinel-3A subwaveform retracking, ERA5 reanalysis, 
and SHAP-based machine learning to quantify nonlinear climate impacts on TP lake levels at a 
regional scale. We grouped the lakes into Eastern, Western, Northern, and Southern regions based 
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on their geographic locations. This classification facilitates the detection of spatial heterogeneity in 
climate–lake interactions, revealing regional differences in hydrological drivers (i.e., runoff, 
precipitation, and evaporation patterns) that have been overlooked in past studies. 

2. Materials and Methods 

2.1. Study Area 

The TP covers approximately 2.5 million square kilometers and has an average altitude of 4,500 
m [28]. It is bordered by the Himalayas in the south, Kunlun in the north, Qilian to the northeast, and 
Hengduan Mountains toward the east and southeast [29]. The plateau contains high-altitude steppe 
interspersed with mountain ranges and large brackish lakes. 

Annual precipitation ranges from 100 to 300 mm, mostly in the form of hail. Grasslands 
dominate the southern and eastern borders [33]. This plateau holds the densest concentration of 
glaciers in Earth’s mid- and low-latitude regions, covering roughly 104,850 km². The largest glacier 
cover is in the Himalayas, amounting to 34,660 km². According to the second Chinese glacier 
inventory (2015), the glacier area across China decreased by nearly 17.2% as compared to the first 
glacier inventory (in the early 2000s) [30]. Using satellite stereo imagery, the glacier mass loss from 
2006 to 2016 is estimated at -16.3 ± 3.5 gigatonnes annually [31]. Thus, it can be considered an 
appropriate area to study the effect of climate change on hydrological systems. The findings 
significantly contribute to knowledge about emerging water resources.  

In this study, we selected ten lakes from various regions of the TP (north, west, east, and south), 
with a particular emphasis on lakes near glaciers (Figure 1) or in climatically sensitive zones, as 
supported by previous studies [32–35]. 

 
Figure 1. Study Area and Lakes Analyzed for Water Level Changes in the TP. 

2.2. Altimetry Data Acquisition 

Sentinel-3A was launched on February 16, 2016, under the GMES initiative (Global Monitoring 
for Environment and Security), which is jointly managed by the European Space Agency (ESA) and 
European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT). One of its key 
instruments, SRAL, is essential for monitoring water levels in inland areas. 

SRAL operates only in SAR mode and has a high along-track resolution of about 300 meters. It 
uses multi-look tracking and high pulse repetition frequencies. Its accuracy is improved by other 
onboard tools, such as a microwave radiometer that corrects for wet tropospheric delays, and 
instruments that provide precise orbital positioning [34]. This study analyzed altimetry data from 
Sentinel-3A’s Level-1 (SR_1_SRA) and Level-2 (SR_2_LAN) datasets, covering the period from May 
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2016 to March 2024. These datasets provide large spatial and temporal coverage of lakes in the TP, 
supporting comprehensive evaluations of water level dynamics. Figure 2 shows the locations of the 
lakes selected for this study, along with the ground tracks of the Sentinel-3A satellite. 

 

Figure 2. Sentinel-3A ground tracks and the lakes location. 

2.3. DAHITI and Hydroweb Data: 

Time-series lake-level data, using radar altimetry techniques tailored to inland water bodies, 
were gathered from two publicly accessible databases. The Hydrological Time-Series of Inland 
Waters (DAHITI), which the German Geodetic Research Institute runs [36], and the Hydroweb 
database, which was developed by the Laboratory for Space Geophysics and Oceanography Studies 
(LEGOS) are two datasets that are used for comparative analyses [37].  

2.4. ERA5 Data Integration: 

The ERA5 reanalysis dataset was produced by ECMWF. It was employed to analyze key climatic 
variables such as precipitation, temperature, evaporation, and runoff [26]. ERA5 provides monthly 
averaged data from 1940 to the present, which aligns with the monthly frequency of Sentinel-3 
altimetry data. This alignment enables us to conduct reliable trend analysis in response to climate 
change. 

The ERA5 dataset provides climate data from 1940 until now, consisting of monthly averaged 
data with spatial resolution at 0.25° × 0.25° (roughly at 30 km at the equator), making it a good option 
for detailed climate monitoring at a regional scale [26]. We extracted ERA5 data for the TP by defining 
the latitude and longitude boundaries of the lakes.  

2.5. Fundamentals of Satellite Radar Altimetry and Subwaveform Retracking  

Satellite radar altimetry works by sending signals to the earth’s surface and measuring the 
round-trip travel time of the reflected signal. This helps measure the distance between the satellite 
and the ground, which is important for figuring out water levels [38,39]. The distance between the 
satellite and the surface can be calculated using the following formula: 𝑅 ൌ ଵଶ ൈ 𝐶 ൈ 𝛥𝑡, (1)

where C is the speed of light and 𝛥𝑡 is the round-trip time of the radar pulse [38]. 
On homogeneous surfaces such as oceans, waveforms are relatively simple, but over inland 

water bodies with complex terrain, reflections from surrounding features can distort the signal. To 
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account for this distortion, the waveforms must undergo post-processing or “retracking” to identify 
the correct gate, known as the “retracked gate,” for accurate delay calculation.  

The retracked correction, denoted as 𝐶௥௘௧ , is calculated using the formula: 𝐶௥௘௧ = (𝐺ோ − 𝐺଴) × ௖ଶ × 𝜏, (2)

where 𝐺ோ is the retracked gate, 𝐺଴ is the nominal gate, C is the speed of light, and τ is the gate width 
[39].  

Once the retracked correction is applied, along with other media and geophysical corrections, 
water level variations can be estimated. The final sea surface height (SSH) is given by: 𝑆𝑆𝐻 = 𝐻 − (𝑅 + 𝐶௥௘௧ + ∑𝐶௠௘ௗ௜௔ + ∑𝐶௚௘௢௣௛௬௦௜௖௔௟), (3)

where ∑𝐶௠௘ௗ௜௔  and ∑𝐶௚௘௢௣௛௬௦௜௖௔௟ include corrections for factors such as ionospheric, dry 
atmospheric, and wet atmospheric effects, as well as sea state bias, tidal effects, and dynamic 
atmospheric corrections [40].  

When there are multiple reflections, such as those over inland water bodies, a threshold 
retracking algorithm is used to extract meaningful subwaveforms. Building on the approach of Davis 
[42] and other prior studies (e.g., Villadsen et al., 2016)[43], this study applies an adaptive threshold 
retracking algorithm that adjusts to lake-specific waveform variability. Thresholds ranging from 10% 
to 90% of the maximum amplitude were iteratively tested to account for lake-specific waveform 
variability, ensuring optimal retracking accuracy [15]. Lower thresholds (10%–30%) were effective 
for lakes with complex shorelines or variable surface conditions, while higher thresholds (70%–90%) 
optimized retrievals for lakes with uniform surfaces [43]. The rationale behind this approach was not 
to find a universal optimal threshold, but to identify the most suitable sub-waveform segment for 
each lake, ensuring accurate water level retrieval despite differences in morphology, clutter, and 
signal strength. Equations 5–8 describe the mathematical underpinning of the retracker, including 
crucial factors such as amplitude, average waveform power, threshold level, and the retracked gate. 
Key formulas include [44]: 

Amplitude of waveform (A): 

𝐴 = ඨ∑ ௣ర(௞)ಿష೙మೖస೗శ೙భ∑ ௣మ(௞)ಿష೙మೖస೗శ೙భ , (4)

Where: 𝑝(𝑘), is the waveform power at gate k, 𝑛ଵ = 𝑛ଶ= 4 is the number of gates affected by aliasing at the beginning and end of the waveform, 
N is the total number of bins in the waveform. 
Average waveform power (𝑃ே): 𝑃ே = ଵହ ∑ 𝑃௞ହ௞ୀଵ , (5)

Where: 𝑃௞, denotes the waveform power at the first five gates. 𝑃ே, represents the thermal noise level. 
Threshold level (Th): 𝑇ℎ = 𝑃ே + 𝑞 ⋅ (𝐴 − 𝑃ே), (6)

Where: 
q is the threshold value (e.g., 0.1 for 10% of the maximum amplitude). 
Retracked gate (𝐺ோ): 𝐺ோ = (𝑘 − 1) + ்௛ି௉ೖషభ௉ೖି௉ೖషభ, (7)

Where: 
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k is the first gate where the waveform power 𝑃௞ exceeds the threshold Th, 𝑃௞ and 𝑃௞ିଵ are the waveform powers at gates k and k−1, respectively. 
First, all meaningful subwaveforms were identified and retracked, and then the final water level 

was calculated by averaging the retracking corrections across all subwaveforms. This mean-based 
approach was especially effective when dealing with situations where there were multiple 
subwaveforms. It helped reduce errors that could occur due to waveform contamination near the 
shore[44]. Thresholds ranging from 10% to 90% were tested, with the optimal threshold selected 
based on the highest correlation with DAHITI reference data [15]. For lakes with multiple ground 
tracks, the track with the retrieved trend closest to DAHITI was selected for reporting in Table 1, 
ensuring consistency with the reference dataset 

Table 1. Evaluation of water level changes across 10 lakes (2016–2024), based on comparison with DAHITI 
reference data. 

Lake Name Method R 
Retrieved 

Trend 
 (m yr-1) 

Difference in 
Trend (m yr-1) 

between 
DAHITI and 

Our Estimation 

Combined  
Score 

Qinghai 
Threshold_20 0.9983 0.3201 0.0003 0.9980 

OCOG 0.9892 0.3136 0.0065 0.9827 

Lexie Wudan 
Threshold_10 0.9839 0.5153 0.0092 0.9747 

OCOG 0.8980 0.5020 0.0225 0.8755 

Lumajang dong 
Threshold_60 0.9210 0.3028 0.0005 0.9205 

OCOG 0.9110 0.2894 0.0139 0.8971 

Zhari Namco 
Threshold_30 0.9953 0.3774 0.0013 0.9940 

Ocean 0.9891 0.3811 0.0178 0.9713 

Ngoring 
Threshold_60 0.9357 0.0277 0.0187 0.9170 

OCOG 0.6854 0.0195 0.0105 0.6749 

Hohxil 
Threshold_40 0.9826 0.3577 0.0141 0.9685 

OCOG 0.9879 0.3690 0.0254 0.9625 

Jieze 
Threshold_30 0.9780 0.2954 0.0060 0.9720 

OCOG 0.9670 0.2788 0.0226 0.9444 

Migriggyangzham 
Threshold_90 0.9940 0.5259 0.0155 0.9785 

OCOG 0.9928 0.4961 0.0453 0.9475 

Langacuo 
Threshold_30 0.9801 -0.2423 0.0104 0.9697 

OCOG 0.9642 -0.2432 0.0113 0.9529 

Siling 
Threshold_20 0.9962 0.3529 0.0005 0.9957 

OCOG 0.9954 0.3561 0.0026 0.9928 
* Combined Score = R – (Δ slope vs DAHITI), where R is the Pearson correlation coefficient and Δ slope is the 
trend difference (m yr⁻¹). Higher scores indicate better agreement with DAHITI. 
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2.6. Fitting the Model and Outlier Rejection 

To enhance the lake water level time series and identify outliers, we employ a model (trend) 
designed to capture both permanent and periodic (seasonal) fluctuations in the lake’s water level. 
This model also accounts for the acceleration of changes in water level. Using the linear least squares 
parametric adjustment method (LLSPA), the model—consisting of linear, quadratic, and 
trigonometric terms—was estimated and fitted to the time series, as described in Equation 8: ℎ(𝑡௜) = 𝑎 + 𝑏 𝑡௜ + 𝑐 𝑡௜ଶ + 𝑑 𝑠𝑖𝑛 (ଶగ் 𝑡௜) + 𝑒 𝑐𝑜𝑠 (ଶగ் 𝑡௜), (8)

where 𝑡௜is time, T is the annual period, and a, b, c, d, and e are coefficients estimated using LLSPA 
[45]. Water level measurements from various satellite passes were combined into a unified time series 
to improve the data quality. The median water level for each satellite pass was calculated to decrease 
the influence of outliers enhancing the robustness of the time series. This approach improved data 
quality before applying the LLSPA model (Equation 8)[44]. 

2.7. Validation Approach 

Since in situ measurement data are available for only a limited number of high-altitude lakes on 
the TP, we validated Sentinel-3A-derived water levels using a multi-step approach that incorporates 
both gauge data and corresponding water level values extracted from the DAHITI and Hydroweb 
databases. For Zhari Namco (May 2016–October 2017) and Jieze Lake (October 2020–August 2021), 
in situ gauge data from the National Tibetan Plateau Data Center (TPDC) were used. To address 
vertical inconsistencies between satellite altimetry data (referenced to WGS84) and gauge data, 
datum conversion was applied following the validation method of Duan and Chen (2022)[46], 
focusing on relative rather than absolute changes. The agreement between the altimetry-derived 
water levels and in situ gauge measurements from TPDC was quantified using the Pearson 
correlation coefficient (R) [46–48], with strong temporal consistency observed for both lakes (R = 0.89 
for Zhari Namco and R = 0.94 for Jieze Lake).  

As noted earlier, ground based lake level observations are limited within the study region. 
Nevertheless, satellite altimetry products such as DAHITI and Hydroweb provide useful 
supplementary datasets for assessing the quality of satellite-derived water levels. Previous studies 
have shown that DAHITI lake level data are reliable, with reported accuracy typically within 30 cm 
across various lakes [49,50]. In our study, DAHITI water levels showed strong agreement with in situ 
gauge data at both Zhari Namco and Jieze Lake, with correlation values of 0.98 and 0.90, respectively, 
consistent with findings from previous studies [50,51]. These results suggest that DAHITI can serve 
as a reasonable reference for evaluating water level changes in high-altitude lakes, especially where 
in situ data are unavailable. Therefore, while acknowledging the limitations, comparisons between 
Sentinel-3A and DAHITI-derived trends offer valuable insights. For lakes without in situ 
measurements, monthly water level variations were compared with corresponding values from the 
DAHITI and Hydroweb datasets. Due to differences in vertical reference systems and data processing 
methods, absolute water levels were not directly compared. Instead, linear trend analysis was used 
to evaluate consistency between our estimates and the reference datasets. This trend-based approach 
helped reduce the impact of datum mismatches and follows the methodology described by Chen and 
Duan (2022)[52]. Validation was based on both Pearson correlation coefficients and the similarity of 
trend behavior between our results and those from DAHITI and Hydroweb. 

2.8. Bias Correction of ERA5 Data 

To address systematic biases in ERA5 precipitation data over the TP’s complex topography, both 
ERA5 and Multi-Source Weighted-Ensemble Precipitation (MSWEP) datasets were regridded to a 
common 0.1° resolution using conservative remapping to ensure spatial consistency. We then 
implemented a two-stage bias correction approach, using the MSWEP dataset as the reference. For 
the period through November 2020, we applied empirical quantile mapping to align ERA5 
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precipitation distributions with MSWEP by matching their cumulative distribution functions at each 
grid cell. For post-2020 data where MSWEP was unavailable, we employed Quantile Delta Mapping 
(QDM), which preserves ERA5’s climate change signal while applying bias corrections derived from 
historical quantile relationships (1980-2020). Temperature data through 2024 were similarly corrected 
using QDM to adjust both mean and extreme values while maintaining model-driven variability. 

The corrected datasets were rigorously validated against MSWEP for precipitation using 
multiple statistical metrics, including the Kling-Gupta Efficiency (KGE), coefficient of determination 
(R²), and Mean Absolute Error (MAE). This validation demonstrated substantial improvements, with 
precipitation data showing median KGE values of 0.95 (range: 0.90-0.99) and bias reductions 
exceeding 96% across all study sites. Temperature corrections were equally effective, achieving 
median KGE > 0.99 and reducing MAE to 0.33 K. Complete validation metrics are provided in 
Supplementary Tables S1 and S2. The use of MSWEP as our validation reference, rather than direct 
observations, was necessitated by data scarcity in this remote region but is justified by MSWEP’s 
demonstrated performance in high-altitude environments and its incorporation of multiple 
observational data sources. 

2.9. Feature Importance and SHAP Analysis 

We employed RF with SHAP analysis to explore how climatic variables affected lake-level 
variation in the period 2016–2024 [53,54]. Bias-corrected ERA5 reanalysis data were pre-processed 
using z-score outlier detection, interpolation, and min-max scaling for features [55]. Finally, min-max 
scaling [56] was applied to normalize the data. We then trained a RF model and obtained feature 
importance scores to determine which climatic factors were the most influential in affecting changes 
in water level. 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). The lake-specific optimal hyperparameters are provided in 
Supplementary Table S3. 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. De-pendence and interaction plots 
explored nonlinear interactions, revealing, for example, how precipitation and temperature influence 
water levels based on regional geology [54]. 

3. Results  

3.1. Evaluation of Sentinel-3A Water Level Estimates: Comparison of Level-2 Retracking Methods and 
Threshold-Based Subwaveform Retracking on Level-1 Data 

The comparison of retracking methods suggested these methods have different performances 
depending on the lake. The study tested standard retrackers like Offset Center of Gravity (OCOG), 
Maximum Likelihood Estimator (MLE) Tracker, Sea-Ice retracker, Ocean retracker, and Ice-Sheet 
retracker, along with a subwaveform retracker that uses threshold techniques. Next, the obtained 
water levels were validated using the DAHITI and Hydroweb databases. Based on the Offset Center 
of Gravity method [57], the OCOG retracker performed better for inland water level estimates than 
most standard retrackers used in radar altimetry missions [58]. Our results align with this previous 
finding, where the OCOG retracker performed well over the majority of cases, nine of the 10 lakes. 
This means OCOG is generally a reliable method for estimating water levels in inland water bodies. 
However, in the case of Zhari Namco, the Ocean retracker performed better than the others. This 
shows that factors like the lake’s terrain, water surface roughness, and lake morphology strongly 
influence the choice of the optimal retracking algorithm. It highlights the need to choose retracking 
techniques that are tailored to each lake’s specific environment [59,60]. 
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The threshold-based subwaveform retracking method significantly improved water level 
estimates, showing very high trend agreement with reference datasets (R-value up to 0.994). In all 
cases, the threshold-based retrackers performed as well as, or better than, the standard retrackers 
(e.g., OCOG, Ocean). In Migriggyangzham, the highest agreement (R = 0.994) was achieved by 
applying the optimal threshold (90%), demonstrating the method’s ability to optimize inland 
waveforms when different thresholds are applied, effectively resolving them. 

The correlation between the retrieved water surfaces and the DAHITI database shows that the 
proposed subwaveform method can achieve a good agreement, particularly for complicated 
waveforms that are common for radar over inland water bodies (Table 1). The study thus confirms 
that merging the approaches of threshold-based retracking with traditional Level-2 retracking 
techniques presents a comprehensive solution for accurate water level measurement across diverse 
lake environments (Detailed performance metrics for all retracking methods across all lakes are 
provided in Supplementary Tables S4-S16). 

3.2. Water Level Trends Across the TP (2016–2024)  

The evaluation of water level fluctuations from 2016 to 2024 indicates an overall increase. 
However, there is notable spatio-temporal variability across the TP, reflecting the region’s complex 
hydrological dynamics. The results are consistent with those of Jiang et al. (2017), who also observed 
rising lake levels using CryoSat-2 data. This consistency confirms the reliability of the observed 
upward trends across various observation periods and datasets. Nine of the studied lakes 
experienced consistent increases, with an average rise of approximately 0.3416 m yr⁻¹. The largest 
increases were recorded in Migriggyangzham Lake and Lexie Wudan Lake, with rises of 0.5259 m 
yr⁻¹ and 0.5153 m yr⁻¹, respectively. In contrast, Qinghai Lake—the largest lake on the TP—showed a 
more modest increase of 0.3201 m yr⁻¹. Similarly, other lakes displayed positive trends in water levels: 
Zhari Namco (0.3774 m yr⁻¹), Hoh Xil Lake (0.3577 m yr⁻¹), Siling Lake (0.3529 m yr⁻¹), Lumajang 
Dong (0.3028 m yr⁻¹), Jieze (0.2954 m yr⁻¹), and Ngoring (0.0277 m yr⁻¹) (Figure 3). 

These results show a clear and significant shift in water levels across the TP, highlighting 
ongoing changes in the region’s hydrological system—likely driven by climate variability and 
increased glacier melt contributions. A contrasting trend was observed in Langacuo Lake. This lake 
located in the southern part of the plateau, experienced declining water levels at an annual rate of -
0.2423 m.yr¹, making it the only exception to the overall positive trend. The observed decrease in 
Lake Langacuo aligns with the findings of Zhang et al. [4], who also reported declines in lake water 
levels across the southern TP. This decrease underscores the spatial variability of water level 
responses across the plateau, reflecting the complex and region-specific nature of its hydrological 
processes. 

Regionally, lakes in the northern TP exhibited the largest increases in water level, with particular 
lakes showing significant growth rates over the observational period. This is in line with the findings 
of Fang et al. [62] who reported a tendency for lakes in the inner and northern regions of the plateau 
to experience rising water levels. In the southern region, the trends were more mixed and 
heterogeneous, with most lakes either stable or increasing in water levels, with Langacuo Lake being 
the only lake to show a marked decline in water level. The lakes in the eastern and western regions 
also showed moderate increases in water levels. 

The observed variability underscores the complex and region-specific characteristics of 
hydrological processes on the TP. Understanding these dynamics is crucial for water resource 
management and climate adaptation efforts in high-altitude, climate-sensitive regions. 
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Figure 3. Dynamics of lakes’ water level changes in the Dynamics of lake water level changes in the TP (2016–
2024), with bars indicating trends (m yr⁻¹). 

3.3. Geographic Grouping and Hydrological Dynamics of TP Lakes and Climate Influence 

3.3.1. Eastern Lakes (Ngoring, Qinghai) 

On the eastern TP, the drivers of water level rise differ between Qinghai and Ngoring Lakes. In 
Ngoring Lake, runoff (~ 0.4) from snowmelt and rainfall is the primary contributor, with precipitation 
playing a supporting role (Figure 4-(B)) driving water level changes and show a significant increasing 
trend (+1.14 mm yr⁻¹, p = 0.011), largely influenced by temperature thresholds. When temperatures 
exceed 0°C (34.7% of observations), runoff rises to 1.2 times the baseline, and at >5°C, it increases to 
1.3 times. This occurs despite a non-significant warming trend (+0.07°C yr⁻¹, p = 0.091), indicating that 
even short warm periods can trigger runoff increases. Evaporation shows no significant trend (+0.38 
mm yr⁻¹, p = 0.637) and does not offset runoff gains. These patterns suggest that episodic warming 
induces snowmelt, the primary driver of runoff, while precipitation plays a secondary role. The 
interaction between temperature thresholds and snowmelt underlies the observed runoff increase, 
altering Ngoring’s water balance.  

Qinghai Lake demonstrates balanced evaporation-temperature control, with SHAP values 
ranking evaporation (~0.3) marginally above precipitation, temperature and runoff (Figure 4-(A)). 
This aligns with Fu et al. (2021)[63], who showed that evaporation accounts for approximately 70% 
of water losses, exceeding contributions from precipitation and runoff. Despite this substantial 
evaporative loss, lake levels have continued to rise, suggesting a finely tuned hydrological balance. 
On days above 5°C (36.4% of the period), runoff increases to 0.90 mm day-1—1.7 times the baseline 
(0.51 mm day-1)—and on days above 10°C, it reaches 1.11 mm day-1, 2.2 times higher (r = 0.57, p < 
0.001). These increases occur despite an insignificant precipitation trend (-0.67 mm yr⁻¹, p = 0.717). 
This indicates that while Ngoring’s rise is driven by consistent runoff, Qinghai’s increase depends on 
limited evaporation and episodic temperature-driven runoff, with precipitation playing a minor role 
in both cases. A summary of the hydrological drivers, climate thresholds, and statistical trends for 
Ngoring and Qinghai Lakes is provided in Supplementary Table S17. 
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Figure 4. Hydrological driver analysis for Qinghai Lake (A) and Ngoring Lake (B). Left: Feature importance 
rankings from RF regression, showing the relative contribution of each climate variable to lake level changes. 
Right: SHAP summary plots illustrating the directional impact of variables (red = higher values increase water 
levels; blue = lower values decrease them). 

3.3.2. Western Lakes (Lumajang Dong, Jieze) 

Both Lumajang Dong and Jieze Lakes, located on the western TP with an altitude difference of 
approximately 300 meters (Lumajang Dong being higher), exhibit short-term hydrological sensitivity 
to climate extremes, despite showing no significant long-term trends in temperature, precipitation, 
evaporation, or runoff (Theil-Sen, p > 0.05). This suggests that episodic events, rather than gradual 
trends, dominate water-level fluctuations. At Lumajang Dong, runoff and precipitation emerge as the 
most influential factors (Figure 5-(A)), with precipitation–evaporation interactions (SHAP interaction 
strength: 0.186) reflecting the influence of snowmelt and glacial dynamics. Nonlinear runoff 
responses are observed within the temperature range of -7°C to +7°C. On days above 0°C (34.0% of 
observations), runoff nearly doubles (2.2× 0.0208 mm day-1 vs. baseline ~0.01 mm day-1), and on days 
above 5°C (17.9%), it increases further—though less markedly than at Jieze. Weak summer warming 
(+0.0416°C yr⁻¹, p = 0.924) and negative precipitation–runoff correlations (e.g., -0.2755 on warm days) 
suggest that glacial melt is driven by short-lived temperature spikes, with high precipitation events 
contributing little to runoff (0.0134 mm day-1). 

In contrast, Jieze, at lower elevation, exhibits rising water levels indicative of a positive water 
balance, likely due to more frequent warm conditions. Precipitation shows the highest SHAP 
contribution to water level changes, followed by runoff, evaporation, and temperature (Figure 5-
(B))—highlighting its role as both a direct input and a driver of runoff. Runoff ranks highest in feature 
importance and shows minimal interaction effects (precipitation–evaporation: 0.037; evaporation–
runoff: 0.036). On days above 0°C (36.2%), runoff increases 2.2×, and on days above 5°C (26.6%), it 
rises by 2.4× (0.19 vs. 0.08 mm day-1), further amplified during warm-wet episodes (0.1943 mm day-

1). High precipitation events (top 10%, 0.3153 mm day-1, 3.9× baseline) significantly boost water levels. 
A minor decrease in evaporation (-0.19 mm yr⁻¹, p = 0.982) supports net water accumulation. The 
absence of significant trends (e.g., Jieze: precipitation 0.15 mm yr⁻¹, p = 0.97; runoff -0.32 mm yr⁻¹, p = 
0.390; temperature -0.03°C yr⁻¹, p = 0.30; Lumajang Dong: precipitation -0.79 mm yr⁻¹, p = 0.536) 
reinforces the dominant role of episodic melt and precipitation events. Elevation critically shapes 
each lake’s distinct hydrological response to climate extremes. Table S.17 in the Supplementary 
Materials summarizes the key hydrological drivers, climate thresholds, and trend analyses for 
Lumajang Dong and Jieze Lakes. 
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Figure 5. Hydrological driver analysis for Lumajang Dong Lake (A) and Jieze Lake (B). Left: Feature importance 
rankings from RF regression, showing the relative contribution of each climate variable to lake level changes. 
Right: SHAP summary plots illustrating the directional impact of variables (red = higher values increase water 
levels; blue = lower values decrease them). 

3.3.3. Southern Lakes (Zhari Namco, Siling, Langacuo) 

Increased evaporation due to regional warming, combined with changes in glacial meltwater 
contributions (Figure 6), has led to varied hydrological responses among southern Tibetan lakes. 
While overall temperature trends are modest (Zhari Namco: +0.034°C yr⁻¹, p = 0.578; Siling: +0.024°C 
yr⁻¹, p = 0.677; Langacuo: +0.036°C yr⁻¹, p = 0.718), summer warming is significant at Zhari Namco 
(+0.88°C yr⁻¹, p < 0.001) and Langacuo (+0.81°C yr⁻¹, p = 0.044). Despite similar warming, lake-level 
trends vary: Zhari Namco and Siling are rising, while Langacuo is declining. 

Zhari Namco’s rise supported by a more stable hydrological response to warming. Runoff 
increases 2.2-fold on days above 0°C, which occur frequently (43.1% of the time), providing consistent 
meltwater input. SHAP analysis identifies a relatively high and critical temperature threshold 
(~9.4°C), which is associated with a significant boost in runoff, reinforcing the role of sustained warm 
conditions in maintaining the lake’s inflow. A similar finding is reported by Zhu et al. [64], who 
quantitatively analyzed changes in Zhari Namco’s water storage and found that glacial meltwater 
accounts for 52.9% of the lake’s increase in water volume. 

For Siling Lake, SHAP values indicate that runoff (≈0.45) is the most important driver, followed 
by precipitation, temperature, and evaporation (Figure 6-(B)). Runoff plays a dominant role in 
controlling water level changes and exhibits a statistically significant increasing trend in annual 
runoff (Theil-Sen slope: 1.13 mm yr⁻¹, p = 0.011), coinciding with a marked rise in lake water levels. 
This suggests that runoff is a primary driver of the lake’s expansion, particularly under specific 
thermal and hydrometeorological conditions. Runoff notably intensifies during warmer periods, 
with an average of 0.3844 mm day-1 on days when temperatures exceed 0°C—accounting for 28.3% 
of the observational record. During heatwave events, defined as days exceeding 5°C (16.1% of the 
time series), runoff reaches 0.3844 mm day-1, which is approximately 2.2 times greater than the 
baseline value of 0.19 mm day-1. Seasonal analyses further reveal significant runoff increases in winter 
(DJF; slope: 0.0450 mm day-1, p = 0.0009) and autumn (SON; slope: 0.0722 mm day-1, p = 0.0035), likely 
driven by temperature-induced melt and warm-wet episodes. Notably, during events characterized 
by temperatures above 0°C and precipitation exceeding the seasonal median, runoff averages 0.3844 
mm day-1. These findings indicate that short-term, high-intensity melt and precipitation events—
potentially coupled with reduced outflow or enhanced basin retention—contribute substantially to 
the lake’s rising water levels, despite only moderate increases in annual runoff. These findings are 
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consistent with Liping et al. (2019) [65] who emphasized the role of glacial and snowmelt, enhanced 
by westerly precipitation, in sustaining Siling’s growth.  

In contrast, Langacuo illustrates a clear negative water balance despite experiencing similar 
warming trends. SHAP analysis ranks temperature, precipitation, runoff, and evaporation as key 
influencing factors (Figure 6-(C)). However, rising summer temperatures (+0.81 °C yr⁻¹, p = 0.044) 
correspond to increased evaporation, particularly during June–August (+0.19 mm day-1, p = 0.053), 
with annual trends also positive (+1.09 mm yr⁻¹, p = 0.62). Runoff exhibits a slightly negative but 
statistically insignificant trend (−0.36 mm yr⁻¹, p = 0.890), and warm days (>5 °C) occur only 22.8% of 
the time, limiting meltwater inputs. Although these warmer days increase runoff by a factor of 2.3, 
the frequency of such events is insufficient to counterbalance the elevated evaporation rates. 
Furthermore, a relatively weak correlation between temperature and runoff (r = 0.43), along with an 
insignificant precipitation trend (+1.46 mm yr⁻¹, p = 0.844), suggests limited capacity for hydrological 
compensation. Langacuo’s declining water levels likely reflect a diminished glacial reservoir and 
increasing evaporative losses, with episodic melt events proving inadequate to sustain lake levels 
under a warming regime. The hydrological drivers, critical climate thresholds, and statistical trends 
for Zhari Namco, Siling, and Langacuo Lakes are summarized in Table S.17 in the Supplementary 
Materials 

 

Figure 6. Hydrological driver analysis for Zhari Namco (A), Siling (B), and Langacuo Lake (C). Left: Feature 
importance rankings from RF regression, showing the relative contribution of each climate variable to lake level 
changes. Right: SHAP summary plots illustrating the directional impact of variables (red = higher values increase 
water levels; blue = lower values decrease them). 

3.3.4. Northern Lakes (Lexie Wudan, Hoh Xil, Migriggyangzham) 

Northern TP lakes (Lexie Wudan, Hoh Xil, Migriggyangzham) experience rapid water level rises 
(0.5153 m yr-1 , 0.3577 m yr-1, 0.5259 m yr-1), driven primarily by glacial melt (Figure 7-(A), Figure 7-
(B), and Figure 7-(C), respectively). These trends align with IPCC findings linking rising lake levels 
to accelerated glacial retreat, which contributed 41% of the global sea-level rise from 1901 to 2018 
[4,66].  

Hoh Xil Lake exemplifies a system in delicate hydrological balance. Although the long-term 
runoff trend is negative (−0.0436 mm yr⁻¹, p = 0.145), the lake continues to rise, with a net increase in 
water level of approximately +0.3577 m yr⁻¹. SHAP analysis identifies evaporation as the dominant 
limiting factor (importance score: 0.32), yet warm episodes redistribute available energy from 
evaporation to meltwater runoff, evidenced by a negative runoff–evaporation correlation (r = −0.10). 
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Days exceeding 0°C (17.9% of observations) are associated with a 2.2-fold increase in runoff (1.63 vs. 
0.70 mm day⁻¹), while rare but extreme >5°C days (2.1%) amplify runoff by 2.7 times. Additionally, 
rainfall events show a stronger correlation with runoff (r = 0.41) than snow (r = 0.15), with the most 
intense precipitation events generating up to 1.85 mm day⁻¹ (2.6 times the baseline). SHAP ranks the 
importance of hydrometeorological drivers in the following order: evaporation > temperature > 
precipitation > runoff, indicating that intermittent warm and wet episodes are sufficient to sustain 
the lake’s expansion despite overall declining runoff. 

Lexie Wudan Lake demonstrates a rapid increase in water level that is not matched by a 
significant warming trend (+0.038°C yr⁻¹, p = 0.619). Nevertheless, threshold-dependent glacial melt 
processes play a decisive role: runoff increases by 2.2 times during days above 0°C (0.97 vs. 0.44 mm 
day⁻¹) and by 2.4 times during >5°C days (1.07 mm day⁻¹). A seasonal decline in winter evaporation 
(−0.04 mm day⁻¹, p = 0.058) further favors positive water balance, allowing meltwater contributions 
to dominate lake inflows. 

Migriggyangzham Lake demonstrates a notable increase in water level, rising at a rate of +0.5259 
m yr⁻¹, despite the absence of significant warming trends (−0.026°C yr⁻¹, p = 0.803) and stable runoff 
conditions (+0.052 mm yr⁻¹, p = 0.883). SHAP analysis indicates that temperature threshold 
exceedances are a critical driver of runoff dynamics. Specifically, 36.3% of days with temperatures 
above 0°C contribute to a 1.5-fold increase in runoff (0.28 vs. 0.19 mm day⁻¹, r = 0.5505), while days 
exceeding 5°C (20.4% of the time) are associated with a 1.6-fold increase (0.29 mm day⁻¹). Although 
the overall temperature trend is statistically insignificant, seasonal summer warming (+0.6348°C yr⁻¹, 
p = 0.1891) appears to enhance meltwater production. Concurrently, a reduction in annual 
evaporation (−1.25 mm yr⁻¹, p = 0.663), particularly during winter (December–February: −0.03 mm 
yr⁻¹, p = 0.3503), supports greater water retention. These synergistic effects—temperature-triggered 
melt events and decreased evaporative loss—explain why Migriggyangzham Lake exhibits a more 
pronounced rise than Hoh Xil. Ultimately, the lake’s rapid expansion is sustained by glacial melt 
processes triggered by thermal thresholds, while reduced evaporation further shifts the hydrological 
balance toward sustained water level rise. A comprehensive summary of the hydrological drivers, 
climate thresholds, and trend statistics for Lexie Wudan, Hoh Xil, and Migriggyangzham Lakes is 
provided in Table S.17 in the Supplementary Materials. 
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Figure 7. Hydrological driver analysis for Lexie Wudan Lake (A) Hoh Xil Lake (B), and Migriggyangzham Lake 
(C). Left: Feature importance rankings from RF regression, showing the relative contribu-tion of each climate 
variable to lake level changes. Right: SHAP summary plots illustrating the directional impact of variables (red = 
higher values increase water levels; blue = lower values decrease them). 

4. Discussion 

The results of the SHAP analysis serve as a powerful quantitative and robust assessment of the 
contributions of specific climate drivers to the observed changes in water levels across the TP. This 
approach offer a significant advancement over correlation-based approaches used in previous 
research, as it provides a stronger examination of hydrological dynamics through data-driven 
techniques [67,68]. 

SHAP analysis confirmed that runoff from glacial melt and precipitation is the main factor 
affecting water levels in the northern and western regions. This is consistent with Liping et al. (2019) 
[65], who attributed lake expansion (2000–2013) to glacier meltwater. The analysis further 
underscores the primacy of runoff, which is intensified by temperature thresholds that induce 
episodic melt pulses, even in the absence of sustained warming trends. For example, the rapid water 
level increase observed in Migriggyangzham Lake reflects its sensitivity to warm days, where 
reduced evaporation enhances water retention. This response is closely linked to meltwater input 
from the nearby Geladandong ice caps, one of the major glacier systems in the Yangtze River Source 
Region. These glaciers have experienced substantial and accelerating mass loss over recent decades 
[69]. Zhu et al. (2024) document extreme glacier melt (22–48 mm w.e., March–April 2022) on central 
TP glaciers, driven by long-term warming (0.34–0.37°C/decade) and high shortwave radiation, 
amplified by atmospheric circulation changes such as the northward shift of westerlies. This supports 
our findings of glacier melt as a primary driver of lake level increases, highlighting the role of climate-
driven glacier retreat in TP lake expansion [70].  
Temperature plays a dual role in regulating hydrological processes in western TP (TP) lakes by 
simultaneously enhancing both runoff and evaporation, with elevation critically influencing their 
relative magnitudes. In Jieze Lake (~4,500 m), runoff increases by approximately 2.2 times to 
0.1760 mm day⁻¹ when temperatures exceed 0 °C, primarily driven by glacier melt and precipitation 
within the 4,200–4,500 m elevation band. Evaporation during warm periods reaches ~0.006 mm day⁻¹, 
modestly offsetting the runoff gains (see Section 3.3.2). At Lumajang Dong Lake (~4,900 m), runoff 
increases to approximately 0.0208 mm day⁻¹ above 0 °C, fueled by intensified glacier melt at higher 
elevations. However, evaporation rates of ~0.008 mm day⁻¹ substantially counterbalance these 
inflows. This pattern reflects the complex interplay between cryospheric and atmospheric processes 
in the TP, consistent with Liping et al. (2019)[65], who noted warming’s amplifying effect on melt 
relative to evaporative losses in western basins. As warming progresses, increased evaporation 
alongside diminished glacial contributions due to retreat may shift the hydrological balance toward 
net water loss, emphasizing the need for elevation-specific water management strategies. Recent 
regional studies support these observations. Pepin et al. (2022)[9], reported that elevation-dependent 
warming (EDW) in the TP is relatively weak compared to other mountain systems, due to the region’s 
unique atmospheric and surface energy dynamics. Their gridded analysis revealed weaker EDW 
signals in the TP compared to mountain systems like the Alps or Rockies, likely due to the complex 
interactions among temperature, precipitation, and atmospheric circulation patterns [9,31]. 

Eastern lakes, Ngoring and Qinghai, exhibit contrasting dynamics. Ngoring’s runoff-dominated 
regime, fueled by snowmelt, underscores the importance of temperature-driven melt, even in the 
absence of strong warming trends. Qinghai, conversely, is governed by evaporation, as Fu et al. (2021) 
[63] noted, with episodic runoff boosts offsetting significant water losses. This dichotomy reflects 
regional climatic influences, with westerly-driven precipitation supporting Ngoring and arid 
conditions constraining Qinghai. SHAP’s ability to disentangle these drivers highlights the need for 
tailored management: Ngoring may sustain growth short-term, but Qinghai’s evaporation sensitivity 
demands strategies to mitigate water loss.  
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Southern lakes—Zhari Namco, Siling, and Langacuo—reveal a spectrum of responses to 
warming and glacial retreat. Zhari Namco’s stability, driven by frequent melt events, aligns with Zhu 
et al. (2010)[64], who attributed significant water gains to glacial melt., as Liping et al. (2019) 
[65]observed. Langacuo’s decline, however, stems from evaporation’s dominance, outpacing 
infrequent melt inputs and limited precipitation, positioning it near a hydrological tipping point. 
These contrasts underscore the southern Plateau’s vulnerability: while glacial melt sustains some 
lakes, warming-induced evaporation threatens others, particularly those with depleted glacial 
reserves. The observed decline in southern lakes aligns with the negative mass balances of glaciers in 
the southern Hindu Kush-Himalaya (HMA) region, where reduced glacial meltwater and intensified 
evaporation compound water loss [31]. The regional dichotomy between monsoon-fed (southern) 
and westerly-fed (northern) lakes further underscores the spatial variability in climate responses [21]. 

Using advanced satellite altimetry and ERA5 data provides a reliable framework for tracking 
lake level changes, with SHAP enhancing mechanistic understanding. These findings offer valuable 
insights for developing water management policies and climate adaptation strategies, particularly in 
ecologically sensitive and high-altitude regions facing similar challenges. 

4.1. Synthesis of Hydrological Drivers 

This study found that water level changes across the TP are driven by a dynamic interplay of 
climate variables, with notable regional differences. In the northern and eastern regions, glacial 
meltwater and precipitation contribute to rising lake levels, with runoff amplified by temperature 
thresholds. 

In contrast, southern lakes like Langacuo experience declines due to evaporative losses 
outpacing inflows, while western lakes benefit from reduced evaporation. Precipitation plays a 
critical role in maintaining water levels in lower-altitude lakes like Jieze, where glacial influence is 
less dominant. This complex interaction highlights the plateau’s vulnerability to climatic variability. 

4.2. Validation and Methodological Limitations 

The extracted water levels showed strong trend correlation (R > 0.9 for most lakes) with 
DAHITI/Hydroweb, confirming the methods’ as Chen and Duan (2022) [52] similarly found. DAHITI 
and Hydroweb datasets, validated globally, typically have errors less than 30 cm [49,50,52]. However, 
their reliance on multi-sensor radar altimetry introduces variations. Differences in sensor 
characteristics, temporal coverage, and processing methods can contribute to minor inconsistencies 
relative to the extracted estimates. These challenges informed the decision to avoid direct 
comparisons of absolute water levels in this study. Instead, a uniform linear model was applied to 
assess trends and ensure consistency between the datasets, a method consistent with Chen and Duan 
[52]. 

Several sources of uncertainty were identified during validation. The lack of in situ gauge data 
for high elevation lakes represents a significant limitation, as ground based measurements would 
provide a direct means of verifying altimetry derived water levels. Waveform interference near 
shorelines during retrievals may introduce small errors [71]. To address this issue, a mean-based 
retracking approach was implemented, enhancing retrieval accuracy. 

Despite these challenges, the high correlation coefficients observed reinforce the reliability of the 
study’s methodology. The consistent agreement between trends from the DAHITI and Hydroweb 
databases and the extracted water levels validates the robustness of the retrieval methods. The 
validation approach adopted here aligns with that of Chen and Duan [52], who also utilized the 
DAHITI database for trend validation. Given DAHITI’s demonstrated accuracy, it served as a reliable 
reference, thereby reinforcing the credibility of the derived lake level estimates. 

The generalizability of our findings is constrained by the dataset’s spatial scope. Our sample of 
10 lakes, selected to span diverse hydrological and geographical conditions, includes endorheic lakes 
(e.g., Siling), driven by precipitation and evaporation, and exorheic lakes (e.g., Lumajang Dong), 
influenced by inflow and outflow. However, this sample does not fully capture the TP’s hydrological 
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heterogeneity, particularly smaller glacial-fed, saline, or peripheral lakes. Expanding future studies 
to include a broader, more systematic lake selection across climatic and altitudinal gradients, 
leveraging upcoming SWOT altimetry data, would enhance representativeness and generalizability. 

ERA5 reanalysis data offers high spatial and temporal resolution and has demonstrated strong 
performance in representing temperature patterns over the TP [72]. However, it has limitations, 
particularly in representing precipitation in regions with complex topography. In areas such as the 
eastern periphery of the Plateau and the Sichuan Basin, ERA5 may underestimate precipitation 
intensity—especially during extreme events—and overestimate the frequency of light rainfall. These 
biases may result in underestimating precipitation’s influence on lake-level dynamics, especially in 
low-altitude or precipitation-sensitive basins [73,74]. Quantile mapping with MSWEP mitigated 
biases, but residual uncertainties remain. SHAP’s focus on relative contributions, however, ensures 
robust interpretations, aligning with hydrological modeling practices. 

4.3. Research Gaps and Future Directions 

Our analysis of TP lake-level changes from 2016 to 2024 offers valuable insights into regional 
hydrological variability but also reveals critical research gaps that warrant further investigation. First, 
while our 10-lake sample covers diverse hydrological conditions, it does not fully represent the TP’s 
spatial heterogeneity (Section 4.2). Future studies should expand the scope to include smaller glacial-
fed or saline lakes, which could provide a more comprehensive understanding of regional dynamics. 
Second, our reliance on ERA5 runoff data did not account for groundwater contributions, a key factor 
in lake storage. Integrating GRACE observations or hydrological models could help quantify 
groundwater’s role in future assessments. Third, the observed regional variability in lake-level 
trends, such as the rise of northern lakes (e.g., Migriggyangzham) due to glacial melt and the decline 
of southern lakes (e.g., Langacuo) due to enhanced evaporation (Section 3.2), highlights the need for 
scenario-based projections (e.g., CMIP6 SSP2-4.5, SSP5-8.5) to assess future hydrological risks under 
climate change. Fourth, the scarcity of in situ data remains a major validation challenge, limiting the 
accuracy of altimetry-based estimates. Ground-based measurements should be prioritized to 
improve dataset reliability and support robust conclusions. Addressing these gaps will enable region-
specific water management strategies, particularly for vulnerable southern lakes and expanding 
northern ones. 

Beyond these research needs, the broader implications of climate-driven lake-level changes must 
be considered. While rising water levels in northern and central TP lakes may temporarily enhance 
water availability, long-term risks, such as glacier retreat and erratic precipitation, could exacerbate 
water stress, particularly in the already declining southern lakes. Furthermore, ecosystem 
disruptions, including wetland submergence and habitat alteration [75], underscore the urgency of 
adaptive water resource management. Future studies should prioritize ecological impact assessments 
and develop sustainable frameworks to mitigate risks in this fragile region. 

5. Conclusions 

This study demonstrates the complex impacts of climate change on TP lake hydrology, revealing 
significant regional variability. Increases in glacial melt and precipitation have contributed to rising 
water levels in the northern and western regions. Conversely, in the southern part of the plateau (e.g., 
Langacuo), a change in the balance between evaporation and temperature has resulted in declining 
water levels. By integrating Sentinel-3A altimetry with ERA5 climate reanalysis and SHAP-based 
machine learning, we quantified the nonlinear interactions of climatic drivers (temperature, runoff, 
evaporation) at regional scales, revealing threshold-dependent responses critical for hydrological 
stability. These findings underscore the urgency of region-specific water management strategies: 
protecting vulnerable southern lakes from water loss while addressing the risks of unregulated 
expansion in northern basins. The methodological advances demonstrated here, particularly the 
fusion of subwaveform retracking, reanalysis data, and explainable ML, provide a scalable 
framework for monitoring climate-driven hydrological changes in high-altitude regions globally. 
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Future efforts should prioritize adaptive policies that account for the TP’s evolving water balance, 
ensuring ecosystem resilience and sustainable resource use under projected climate scenarios. 

Supplementary Materials: The following supporting information can be downloaded at the website of this 
paper posted on Preprints.org. Table S1: Temperature bias correction metrics after Quantile Delta Mapping 
(QDM) for ERA5 data. Table S2: Precipitation bias correction metrics after QDM for ERA5 data. Table S3: 
Optimized Random Forest hyperparameters for each study lake. Table S4–S16: Performance evaluation of water 
level retrieval methods for TP lakes (Qinghai, Siling, Lexie Wudan, Lumajang Dong, Zhari Namco, Ngoring, 
Langacuo, Jieze, Migriggyangzham, Hoh Xil) across various ground tracks, including statistical comparison 
against DAHITI. Table S17: Trend analysis summary for climatic and hydrological variables (temperature, 
precipitation, evaporation, runoff) across TP lakes.   
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