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Abstract. Aeolian sediments on ice-covered lakes can modify surface energy conditions and potentially influence the thermal 

environment of lake ice. However, the quantitative relationship between aeolian sediments and lake ice surface temperature 

remains insufficiently understood. This study investigates the relationship between aeolian sediments and ice-covered lake 

surface temperature (LST) in Zonag Lake on the Tibetan Plateau using multi-temporal Landsat 8 OLI imagery and MOD11A1 

LST data from 2013 to 2018. The Normalized Difference Sandy Land Index (NDSLI) was applied to identify the distribution 10 

of aeolian sediments on lake ice. To quantify the sediment impact on LST, spatial regression analyses were conducted using 

ordinary least squares (OLS), geographically weighted regression (GWR) and multi-scale geographically weighted regression 

(MGWR). The results show that NDSLI effectively captures the spatial distribution and migration patterns of aeolian sediments 

on lake ice. Sediment-covered areas (NDSLI < 0) consistently exhibit higher temperature than uncovered areas (NDSLI > 0), 

with observed temperature differences ranging from 0.83 to 2.36 °C. Finer-scale NDSLI classification indicates a progressive 15 

increase in surface temperature with increasing sediment accumulation. Spatial regression results reveal a significant positive 

relationship between sediment and LST, with MGWR providing the best model performance and explanatory capability among 

the tested models. This study provides quantitative evidence that aeolian sediment deposition can modify the thermal 

conditions of lake ice surfaces, offering new insights into cryosphere–aeolian interactions in arid-cold regions and improving 

the understanding of thermal variability in ice-covered lakes. 20 

1 Introduction 

The Tibetan Plateau is known as the "Roof of the World" and the "Asian Water Tower", contained approximately 50,000 km² 

of lake surface area (for lakes >1 km²) in 2018, representing half of China's total lakes (Qiu et al., 2025; Zhang et al., 2019). 

However, the unique hydrological regime of this region is closely linked to active aeolian processes (Dong et al., 2017). Several 

studies indicate that the typical high-wind energy and arid environment of the Tibetan Plateau provides sufficient dynamic 25 

conditions for aeolian activities, which play an active role in the formation of sand dunes and aeolian sediments accumulation 

(Dietze et al., 2014; Dong et al., 2017; Hu et al., 2021; Sun et al., 2007). Especially during the winter and spring seasons, the 

cold and dry climate conditions combined with frequent strong winds create a high incidence period for aeolian sand transport 

(Dong et al., 2017; Hu et al., 2013). This period coincides with the seasonal freezing of lakes, some of which remain ice-
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covered for up to seven months (Liao et al., 2022; Verpoorter et al., 2014; Wu et al., 2022). Such spatiotemporal coupling 30 

establishes unique conditions for interactions between aeolian sediments and ice-covered period of lake.  

Substantial progress has been made in understanding the thermodynamic effects of externally sourced particulates on snow 

and ice. Researches confirm that light-absorbing particles (LAPs) such as dust, black carbon (BC), organic carbon (OC), and 

glacial algae can accelerate ablation through albedo reduction and enhanced shortwave radiation absorption (Cook et al., 2019; 

Kang et al., 2020; Skiles et al., 2018, 2012; Zhou et al., 2025). Numerical simulations further reveal that LAPs-induced 35 

radiative forcing through snow and ice albedo reduction can significantly change regional hydrological processes, including 

accelerated snowpack ablation, advanced peak runoff timing, and modified precipitation patterns (Qian et al., 2015). This 

phenomenon exhibits distinct spatial heterogeneity across geographical regions. In the Colorado River Basin of North America, 

dust has been confirmed as the dominant factor controlling snowpack ablation processes (Skiles et al., 2012). On the Greenland 

Ice Sheet, glacial algae serve as the primary driver for "dark zone" albedo reduction and ice melt, with their impact surpassing 40 

even that of mineral dust (Cook et al., 2019). Observations on the Tibetan Plateau further demonstrate that LAPs significantly 

reduce snow cover duration (Zhang et al., 2018). Beside these studies, the impacts of aeolian sediments on snow and ice have 

also attracted significant attention. Observations at Lake Bonney, Antarctica, confirm that aeolian sediments enhance solar 

radiation absorption, leading to accelerated ice-sheet thinning (Obryk et al., 2014). At Crater Lake in Pangnirtung Pass, 

Northwest Territories, Canada, winter winds drive aeolian transport and niveo-aeolian deposition onto ice surfaces (Neuman, 45 

1990). On the Tibetan Plateau, the seasonal coupling between aeolian activity and lake ice dynamics is particularly pronounced. 

At Headwater Region of the Yellow River, extensive aeolian sediments were trapped within ice cracks (Hu et al., 2023). 

Similarly, Zonag Lake in Hoh Xil shows distinct depositional streaks formed by wind-driven accumulation during the coupling 

of winter-spring gales with lake freezing periods (Gao et al., 2025). Notably, similar research has extended to planetary science. 

In Mars, the hypothesized ice-covered paleolake during the Hesperian at Gale Crater provides compelling evidence for 50 

interpreting aeolian sediment penetration through ice covers (Kling et al., 2020).  

Aeolian sediments in its high-altitude cryosphere of the Tibetan Plateau that not only record atmospheric circulation 

information but also influence regional climate, glacier ablation, and biogeochemical cycles by changing surface radiation 

balance (Dong et al., 2020). However, the quantitative mechanism by which aeolian sediments regulate the spatial distribution 

of lake ice surface temperature remains inadequately supported by systematic research. Elucidating this process carries 55 

significant scientific value for understanding cryosphere-aeolian interactions in arid high-altitude regions.  

Based on these scientific questions, this study takes Zonag Lake on the Tibetan Plateau as a typical case and applies multi-

source remote sensing data and spatial regression analysis methods to systematically investigate the influence mechanism of 

aeolian sediments on the spatial distribution of lake ice surface temperature. By analyzing the spatial distribution characteristics 

of aeolian sediments and their thermodynamic effects, this study aims to reveal the key processes of aeolian-cryosphere 60 

interactions and provide new theoretical foundations for research on regional climate and environmental changes on the plateau.   
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2 Study Area 

Zonag Lake (91°46'–92°06'E, 35°28'–35°37'N) is located in Hoh Xil region in the interior of the Tibetan Plateau, with an 

average elevation of 4,800 meters (Fig. 1a). The lake basin has a pear-shaped form due to its geological structure, being wider 

in the west and narrower in the east (Fig. 1b). This area has a typical high-altitude semi-arid climate. According to observational 65 

data (1961-2019) from Wudaoliang Meteorological Station, the area has an annual average temperature of -5.1°C and the mean 

annual precipitation is 299.8 mm (Chen et al., 2021). Strong winds are frequent, with more than 150 days of wind speeds ≥10.7 

m s⁻¹ annually, and the dominant wind direction is southwest–west (Xie et al., 2020), providing sustained driving force for 

aeolian activities.  

 70 

Figure 1. Sketch map of the study area. (a) Location of the Zonag Lake-Salt Lake basin on the Tibetan Plateau; (b) Topographic 

map of the Zonag Lake-Salt Lake basin; Landsat TM images of August 30, 2009 (c) and November 8, 2011 (d) of Zonag Lake. The 

area surrounded by the yellow dashed line is the dry lakebed. 
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In September 2011, the outburst of Zonag Lake triggered a chain reaction of water release, with floodwaters flowing eastward 

into Kusai Lake, Hedin Noel Lake, and ultimately Salt Lake, forming a new interconnected hydrological system (Yao et al., 75 

2012). Following this event, extensive lakebed exposure occurred along the western and southern shorelines (Fig. 1d), 

significantly altering regional aeolian conditions Monitoring data revealed that the annual average number of strong wind days 

during the high-frequency dust storms increased to 31.6 days after 2011, compared with the historical mean of 14.3 days (Lu 

et al., 2020). Until 2019, the desertification area around the lake had expanded to 600 km². The sediments from the dried lake 

bed driven by strong winds, continue to migrate, gradually transforming the region into a significant dust source (Xie et al., 80 

2020). Remote sensing analysis indicated that this process has caused grassland degradation covering 470 km², posing severe 

threats to the fragile plateau ecosystem.  

3 Data and Methods  

3.1 Data Sources 

This study employed a synergistic analysis utilizing LST data and high-resolution remote sensing imagery. The LST data was 85 

obtained from the MOD11A1 V6 daily surface temperature of the Terra satellite. This data has a spatial resolution of 1 km 

and a temporal resolution of 1 day, and can provide extensive surface temperature monitoring information. To examine the 

influence of aeolian sediments on the thermal distribution across the lake surface, we resampled the acquired LST data to 

higher resolution (1 km × 1 km) for subsequent analysis. Meanwhile, Landsat 8 Operational Land Imager (OLI) imagery, with 

a spatial resolution of 30 meters, was employed to facilitate detailed identification of surface features and to compute 90 

specialized indices for targeting specific land cover types.  

During the data screening process, three key factors were focused on considering. Firstly, images with less than 10% cloud 

cover should be selected to ensure data quality. Secondly, select images where the lake is in a stable freezing period. Finally, 

prioritize selecting MODIS and Landsat data acquired on the same day or on close dates. Based on the ice-covered lake period 

information provided by the "An integrated dataset of daily lake surface temperature over Tibetan Plateau" (Guo et al., 2021), 95 

we finally determined 7 sets of time-matched remote sensing image data sets for subsequent analysis (Table 1). 

Table 1. Datasets used in this study. 

Data source Date Resolution /（m） Description 

Landsat 8 OLI 

2013-12-30 30 

USGS https://earthexplorer.usgs.gov/ 

2016-12-07 30 

2016-12-23 30 

2017-11-08 30 

2017-12-26 30 

2018-01-11 30 

2018-04-01 30 
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MOD11A1 V6 

2013-12-31 1000 

https://lpdaac.usgs.gov/products/mod11a1v006/ 

2016-12-08 1000 

2016-12-20 1000 

2017-11-07 1000 

2017-12-20 1000 

2018-01-10 1000 

2018-03-31 1000 

3.2 Methods  

3.2.1 Normalized Difference Sandy Land Index (NDSLI)  

The NDSLI was initially proposed for extracting sandy areas in arid and semi-arid regions and is applicable to image data such 100 

as Landsat TM, ETM+, and OLI 8. It has shown good applicability in related studies (Sahar et al., 2021). In the preliminary 

work of this study, the effectiveness of this index in identifying aeolian sediments on ice-covered lake was further verified 

(Gao et al., 2025).  

The NDSLI distinguishes sandy areas from other land features by comparing the reflectance of specific bands. It utilizes the 

sensitivity of the short-wave infrared band (SWIR-1) to humidity and the advantage of the red band (R) in differentiating land 105 

types. Since sandy areas typically have low moisture content, their reflectance is higher in the SWIR-1 band, and they also 

have relatively higher reflectance in the red band, but there are significant differences compared to vegetation or moist soil. 

These spectral characteristics enable the NDSLI to produce significantly differentiated index values for sandy areas compared 

to other surfaces, thereby enhancing the accuracy of sandy feature extraction in remote sensing imagery. Generally, sandy 

areas correspond to lower NDSLI values, while non-sandy surfaces yield values near zero or positive. Based on the above 110 

advantages, this study uses NDSLI to conduct spatiotemporal identification and analysis of aeolian sediments on the Zonag 

Lake. The calculation formula of NDSLI is as follows: 

𝑁𝐷𝑆𝐿𝐼 =
R−SWIR1

R+SWIR1
 ,           (1) 

where R is the red band (Landsat 8 OLI Band 4) and SWIR1 is the shortwave infrared band (Landsat 8 OLI Band 6). The 

NDSLI value ranges from -1 to 1.  115 

3.2.2 Spatial Autocorrelation Analysis  

Tobler’s First Law of Geography states: “Everything is related to everything else, but near things are more related than distant 

things” (Tobler, 1970). This principle of spatial dependence forms the basis of spatial analysis. For the multi-temporal analysis 

of individual lake areas in this study, identifying and quantifying spatial relationships is particularly crucial, as it facilitates 

more effective and accurate modeling of spatial variations in LST.  120 
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Among various spatial analysis tools, Moran’s I is the most widely used global measure of spatial autocorrelation. It is 

commonly applied to assess the spatial clustering of residuals from ordinary least squares regression models (Dai et al., 2018). 

This study utilized ArcGIS and GeoDa software for visualization and analysis. As a key indicator in current spatial statistical 

analysis, Moran’s I is calculated using the following formula (Guo et al., 2020):  

𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 =
𝑛 ∑ ∑ (𝑥𝑖−𝑥)(𝑥𝑗−𝑥)𝑛

𝑗=1
𝑛
𝑖=1

∑ ∑ 𝑊𝑖𝑗 ∑ (𝑥𝑖−𝑥)𝑛
𝑖=1

𝑛
𝑗=1

𝑛
𝑖=1

 ,         (2) 125 

where n is the number of spatial units; xi and xj are the observed values of the variable at locations i and j; 𝑥 is the mean of the 

observed variable; Wij is the spatial weight between locations i and j.  

Additionally, to further explore the local spatial clustering characteristics of LST, this study applied Local Indicators of Spatial 

Association (LISA) based on the Local Moran’s I statistic. The Local Moran’s I was computed using the following formula:  

𝐿𝑜𝑐𝑎𝑙𝑀𝑜𝑟𝑎𝑛′𝑠𝐼 = (
𝑥𝑖−𝑥̅

𝑛
) ∑ 𝑊𝑖𝑗(𝑥𝑗 − 𝑥̅)𝑛

𝑖=1  ,         (3) 130 

Based on the Local Moran’s I results, spatial clustering patterns are categorized into four types: High–High (H–H),Low–Low 

(L–L),High–Low (H–L), and Low–High (L–H) (Liu et al., 2019). 

3.2.3 Ordinary least squares (OLS)  

To preliminarily analyze the influence of aeolian sediments on LST, this study first employed OLS regression modeling. As 

one of the most widely used linear regression methods, OLS estimates the coefficients of independent variables' effects on the 135 

dependent variable by minimizing the sum of squared residuals (Malmström & Ekström, 2022). In spatial regression analysis, 

OLS often serves as a baseline model for comparison with subsequent spatial regression models (Yue et al., 2018). The basic 

expression of the OLS model is as follows (Park et al., 2021): 

𝑦 = 𝑥𝛽 + 𝜀 ,            (4) 

where y is a column vector of the dependent variable (i.e., LST), x is a matrix of independent variables (i.e., NDSLI), 𝛽 140 

represents the regression coefficients，and 𝜀 denotes the random error term.  

3.2.4 Geographically weighted regression (GWR)  

To address the inability of traditional OLS models to capture spatial heterogeneity, this study further employs the GWR model. 

GWR estimates local regression coefficients for each observation point in geographic space, reflecting spatial variations in the 

relationship between independent and dependent variables (Dai et al., 2018; Fang et al., 2019; Zhao et al., 2018). This model 145 

overcomes the limitation of conventional regression in capturing localized spatial variations, providing a more nuanced spatial 

characterization of the relationship between LST and aeolian sediments. The specific formula is expressed as:  

𝑦𝑖 = 𝛽0(𝑢𝑖, 𝑣𝑖) + ∑ 𝛽𝑘(𝑢𝑖, 𝑣𝑖)𝑘 𝑥𝑖𝑘 + 𝜀𝑖 ,         (5) 
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where𝑣𝑖 is the observed value of the dependent variable at location i; (𝑢𝑖 , 𝑣𝑖) represents the geographic coordinates of 

observation point i; 𝛽𝑘(𝑢𝑖 , 𝑣𝑖)denotes the location-specific regression coefficient for the k-th predictor;𝜀𝑖 is the residual term. 150 

All GWR computations were implemented using MGWR 2.2 software. 

3.2.5 Multi-scale geographical weighted regression (MGWR)  

Although GWR effectively captures spatial non-stationarity, it assumes a uniform bandwidth for all variables, ignoring scale 

differences among them (Li et al., 2023). In reality, environmental factors often exhibit multiscale spatial influences, and a 

single bandwidth may lead to oversimplification or reduced explanatory power (Mansour et al., 2021). To address this 155 

limitation, the MGWR method was proposed and gradually improved (Fotheringham et al., 2017). This method makes 

important improvements on the traditional GWR framework and independently estimates the optimal bandwidth parameter for 

each explanatory variable, enabling a more accurate reflection of the scale characteristics of the spatial effects of different 

driving factors (Yu et al., 2023). Its formula is as follows (Fotheringham et al., 2019):  

𝑦𝑗 = 𝛽𝑏𝑤0(𝑢𝑗 , 𝑣𝑗) + ∑ 𝛽𝑏𝑤𝑘(𝑢𝑗 , 𝑣𝑗)𝑘 𝑥𝑘 + 𝜀𝑗 ,        (6) 160 

where bw represents the optimal bandwidth for each variable; 𝛽𝑏𝑤0(𝑢𝑗, 𝑣𝑗)is the location−specific intercept; 𝛽𝑏𝑤𝑘(𝑢𝑗, 𝑣𝑗) is the 

local regression coefficient for the k−th variable at location j; 𝜀𝑗 is the residual term. All MGWR modeling was performed 

using MGWR 2.2 software.  

4 Results  

4.1 Remote sensing identification of aeolian sediments  165 

Based on the visual interpretation of seven typical remote sensing images, this study reveals a significant coupling relationship 

between aeolian sediments and the ice-covered period of the lake. The observation data shows that after the lake surface freezes, 

aeolian sediments accumulate on the surface of the ice-covered lake under the driven of the wind to form distinct band-like 

features (Fig. 2). To verify this phenomenon, we selected images from the non-freezing (Figure 2d) and the snowfall images 

(Fig. 2g) for comparison. The results show that no obvious sediments accumulation features appeared on the lake surface 170 

during these two dates. In the other images of the freezing dates, the band-like distribution of aeolian sediments can be clearly 

observed, and the extension direction of the sediment bands is consistent with the regional dominant wind direction. Through 

the analysis of time-series images, it is found that these sediment streaks exhibit obvious spatial migration and morphological 

evolution characteristics at different times, which reflects the continuous process of sand transport and deposition.  

To quantitatively characterize the accumulation features of aeolian sediments, this study systematically calculated the remote 175 

sensing images using NDSLI. The extraction results of NDSLI exhibits high consistency with visual interpretation results, and 

can effectively identify the spatial distribution of aeolian sediments on the ice-covered lake surface. By setting the threshold 
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of NDSLI < 0, the sediments boundaries can be accurately extracted. Further threshold analysis shows that when NDSLI < -

0.15, the extracted boundaries are highly consistent with the boundaries of the most significant sedimentary bands in the images. 

As the NDSLI value increases, the sediments accumulation intensity gradually decreases (Fig. 2). 180 

 

Figure 2. Spatiotemporal distribution of aeolian sediments on the ice-covered lake (a - g) and quantitative analysis of NDSLI based 

on Landsat 8 OLI imagery. (a1 - g1) Landsat 8 images and corresponding NDSLI calculation results for seven selected dates. (h) 

Proportions of area classified according to the refined NDSLI grades.  

Based on the NDSLI calculation results, we established a spatial distribution vector database for aeolian sediments and 185 

calculated the areal percentage corresponding to each threshold interval. Statistical analysis revealed that in images without 

noticeable sediment accumulation, the proportion of areas with NDSLI < 0 was below 4%. In contrast, images exhibiting 

obvious sediments showed a substantial increase in this proportion. Specifically, in the image of January 11, 2018, areas with 
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NDSLI < 0 was accounted for 46.1% of the total lake surface (Fig. 2h). Similarly, on the images of December 26, 2017 and 

December 23, 2016, the proportion of such areas also exceeded 30% (Fig. 2h). Although continuous time-series analysis of 190 

sediments was not conducted in this study, the spatial pattern of aeolian sediments remains evident: under the influence of the 

prevailing west wind, the degree of sediments accumulation decreases from west to east.  

4.3 The spatial distribution characteristics of the LST  

The results show that, after minimizing the effects of the lake edge, the LST exhibited notable spatial heterogeneity during 

aeolian deposition, with certain areas showing significantly higher temperatures than the surrounding (Fig. 3). In contrast, the 195 

lake surface temperature during the date without sediment accumulation displayed a relatively uniform distribution pattern, 

without the occurrence of similar thermal anomalies. This phenomenon is significantly different from the conventional 

temperature of lake surface, implying that aeolian sediments may change the thermal distribution by modifying the surface 

properties of the ice-covered lake.  

 200 

Figure 3. (a-g) Spatial distribution and (i) statistical characteristics of resampled LST data.  

4.4. Spatial heterogeneity and clustering patterns of LST  

Building upon the preceding analysis that aeolian sediments significantly change the thermal distribution patterns of ice-

covered lake surface. To further investigate whether this warming effect exhibits spatial consistency and clustering patterns, 

this study employs the Global Moran's I and Local Moran's I to quantitatively characterize the spatial structural features of ice-205 

surface temperatures.  

The global Moran's I analysis revealed significant spatial autocorrelation in LST across all study dates, with values ranging 

from 0.3766 to 0.8327 (Fig. 4). During sediment accumulation dates, specifically on November 20, 2017 and January 10, 2018, 

Moran's I reached 0.8327 and 0.6803, respectively, indicating strong spatial clustering of temperatures. Conversely, during 

sediment-free dates on April 1, 2018, the index decreased to 0.3766, reflecting more dispersed temperature distributions. These 210 

results demonstrate a positive correlation between sediment presence and spatial homogeneity of ice surface temperatures, 

suggesting that sediment accumulation promotes localized thermal clustering.  
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Figure 4. LST Moran’s index scatter density maps.  

In order to investigate the spatial clustering characteristics and distribution patterns across different regions, LISA analysis 215 

was employed to identify local spatial clusters (Fig. 5). The results indicate that high-high (H-H) clusters predominantly 

occurred in sediment-covered zones, where both focal pixels and their neighborhoods exhibited elevated temperatures, 

highlighting sediment-driven enhancement of local thermal coherence. Conversely, low-low (L-L) clusters were mainly 

concentrated in sediment-free or ice areas. Collectively, these findings demonstrate that aeolian sediments not only modify the 

spatial patterning of surface temperatures but also promote the formation of spatially aggregated thermal zones on ice-covered 220 

lakes. This provides critical insight into the mechanisms spatially regulating thermal processes in lacustrine environments.  

 

Figure 5. Local spatial autocorrelation distributions.  
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4.5 Statistical characterization of NDSLI and LST relationship  

To further validate this relationship, we selected five typical images of aeolian sediment-covered and performed a spatial 225 

overlay analysis between the temperature data and the corresponding NDSLI results (Fig. 6b). The results demonstrate that the 

areas with more sediment accumulation (characterized by lower NDSLI values) generally exhibited higher temperature values. 

For instance, the maximum temperature in the sediment-covered area reached -2.19°C on December 20, 2017, while the 

minimum was -8.47°C in the sediment-free area, resulting in a point-specific temperature difference of 6.28°C. A similar 

pattern was observed on January 10, 2018, when the maximum temperature in the sediment area reached -5.47°C, which was 230 

3.98°C higher than the minimum temperature of -9.45°C in the sediment-free area. These evidences indicate that the aeolian 

sediments accumulation significantly changes the thermal distribution of ice-covered lake surface, leading to localized 

temperature anomalies and consequently disrupting the original spatial pattern of LST.  

 

Figure 6. Overlay analysis of LST and NDSLI during typical sediment deposition dates. 235 

Through partitioned statistical analysis of NDSLI and LST across seven dates (Fig. 7a), this study reveals distinct thermal 

differences between sediment-covered zones (NDSLI < 0) and sediment-free zones (NDSLI > 0). The results indicate that the 

mean temperature in sediment accumulation zones is consistently higher than in sediments-free zones, with observed 

temperature differences ranging from 0°C to 2.36°C. Specifically, the maximum temperature difference (2.36°C) was recorded 

on December 30, 2013, while the minimum difference (0°C) occurred on January 10, 2018. It is noteworthy that the anomalous 240 

temperature difference observed on January 10, 2018 may be related to missing values. Excluding this date, the temperature 

difference range narrows from 0.83°C to 2.36°C. Among all observation dates, December 20, 2017 exhibited the most reliable 

data quality, showing sediment zones averaging 1.94°C higher than non-sediment zones. Although a larger temperature 

difference (2.58°C) was observed on March 31, 2018, this result should be interpreted with caution due to limited samples.  
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Figure 7. Correlation analysis between LST and NDSLI. (a) Mean LST for areas with NDSLI > 0 and NDSLI < 0, and their difference; 

(b) KDE and boxplot analysis of LST based on refined NDSLI threshold classifications.  

To further investigate the relationship between LST and NDSLI, the study employed a combined approach of kernel density 

estimation (KDE) and boxplot analysis (Fig. 7b). The KDE results indicate that for the areas with NDSLI < 0, the LST 

distribution frequently exhibit bimodal pattern, characterized by primary peaks occurring in higher temperature ranges and 250 

relatively steep curves, suggesting concentrated temperature distributions. As NDSLI values increase, the peaks of the curves 

gradually shift toward lower temperatures, and they become broader. Notably, the temperature peaks corresponding to NDSLI 

< 0 are generally higher than those observed in the NDSLI range of 0.6-1.0. Boxplot analysis further confirms a negative 

correlation between NDSLI and LST, as evidenced by a decrease in median LST values with increasing NDSLI (Fig. 7b). 

Among the five observation dates with significant sediment accumulation, all followed this trend except January 10, 2018. 255 

These findings demonstrate a clear association between the extent of aeolian sediment accumulation and lake surface thermal 

conditions: areas with more substantial sediment accumulation tend to form spatially concentrated zones of elevated 

temperature.  

4.4 Regression analysis of NDSLI and LST  

Global and Local Moran’s I analysis revealed that aeolian sediments accumulation not only change the overall distribution of 260 

LST but also enhanced its spatial clustering. To quantify and interpret the driving mechanisms behind this spatial pattern, this 

study used OLS, GWR, and MGWR models for a multi-level comparative analysis of the spatial relationship between NDSLI 

and LST.  

4.4.1 OLS model results  

To preliminarily examine the relationship between aeolian sediment distribution and LST, we constructed an OLS regression 265 

model with NDSLI as the independent variable and LST as the dependent variable. The results (Table 2) revealed substantial 

variations in model performance across different dates. Only one date showed relatively good fitting result (R² = 0.567) is 

December 31, 2013, whereas other dates exhibited poor fitting results with R² values all below 0.4. The explanatory power on 

January 10, 2018 was notably low (R² = 0.08), deviating from the expected outcome. With the exception of December 8, 2016 

and November 8, 2017, all other observations were statistically significant at the 0.01 level.  270 

Table 2. OLS model regression results. 

Date R2 Adj-R2 F-statistic p-value AICc 

2013-12-31 0.5669 0.5643 219.8609 0.0000* 386.57 

2016-12-08 0.0082 0.0025 1.4329 0.2329 620.23 

2016-12-20 0.2541 0.2494 53.4855 0.0000* 372.58 

2017-11-08 0.1136 0.0058 2.0461 0.1544 337.33 

2017-12-20 0.3733 0.3693 91.7471 0.0000* 539.88 
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2018-01-10 0.0876 0.0816 14.7798 0.0001* 376.94 

2018-03-31 0.0369 0.0304 5.6339 0.0189* 625.28 

While the OLS model offered a preliminary understanding of the general trend, its assumption of global stationarity limited 

its ability to capture spatial heterogeneity across different parts of the lake. The presence of spatial autocorrelation in certain 

residuals, along with the overall weak model performance, suggests that the OLS approach is insufficient for fully explaining 

the relationship between NDSLI and LST.  275 

4.4.2 GWR model results  

The GWR model was applied to examine the localized spatial heterogeneity of the relationship between NDSLI and LST. As 

summarized in Table 3, the Adj-R² values of the GWR model ranged from 0.442 to 0.791 across the seven observation dates, 

with the highest fitting performance observed on December 20, 2017 (Adj-R² = 0.791), followed by January 10, 2018 (Adj-R² 

= 0.708) and December 31, 2013 (Adj-R² = 0.689). By contrast, relatively low explanatory power was found on March 31, 280 

2018 (Adj-R² = 0.442) and November 8, 2017 (Adj-R² = 0.528), suggesting temporal variations in the strength of the NDSLI–

LST relationship. Compared with the OLS results, the GWR model provides a more accurate representation of the localized 

spatial non-stationarity between aeolian sediment distribution and ice-covered lake temperature, as reflected by generally 

higher Adj-R² values and lower AICc.  

Table 3. GWR model regression results. 285 

Date 
Statistical parameters 

Bandwidth R2 Adj-R2 AICc Sigma 

2013-12-31 53 0.713 0.689 301.310 0.558 

2016-12-08 47 0.704 0.672 326.227 0.573 

2016-12-20 46 0.629 0.593 327.348 0.638 

2017-11-08 45 0.577 0.528 399.878 0.687 

2017-12-20 48 0.809 0.791 217.161 0.457 

2018-01-10 46 0.734 0.708 269.610 0.541 

2018-03-31 46 0.497 0.442 355.202 0.746 

4.4.3 MGWR model results  

The MGWR model was further employed to improve upon the limitations of both OLS and GWR by allowing each explanatory 

variable to operate at its own optimal spatial scale. As shown in Table 4, the Adj-R² values ranged from 0.438 to 0.809 across 

the seven observation dates, consistently outperforming the OLS and GWR results. The highest explanatory power was 

recorded on December 20, 2017 (Adj-R² = 0.809), followed by January 10, 2018 (Adj-R² = 0.736) and December 31, 2013 290 

(Adj-R² = 0.696). In contrast, the lowest performance occurred on March 31, 2018 (Adj-R² = 0.438), suggesting considerable 

seasonal variability in model effectiveness.  
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Table 4. MGWR model regression results. 

Date 
Statistical parameters 

Bandwidth R2 Adj-R2 AICc Sigma 

2013-12-31 62 0.722 0.696 298.422 0.551 

2016-12-08 79 0.708 0.680 318.586 0.565 

2016-12-20 44 0.652 0.615 319.364 0.620 

2017-11-08 52 0.595 0.552 389.224 0.669 

2017-12-20 44 0.827 0.809 204.403 0.473 

2018-01-10 44 0.761 0.736 254.922 0.514 

2018-03-31 44 0.495 0.438 357.377 0.453 

4.4.4 Model performance comparative analysis  

A comparative assessment of the OLS, GWR, and MGWR models was conducted by examining their R², adjusted R², and 295 

AICc values across the observation dates (Fig. 8). The results indicate that both GWR and MGWR substantially outperform 

OLS, demonstrating higher explanatory power and lower AICc values. While OLS is effective in capturing global trends, it 

fails to reflect spatial heterogeneity. GWR improves upon this limitation by revealing localized sediment–LST relationships, 

whereas MGWR further enhances model performance through multiscale parameter estimation, striking a better balance 

between accuracy and parsimony. The superiority of MGWR is particularly evident on dates with extensive sediment coverage, 300 

where it achieves the highest fitting accuracy and the most efficient residual control. Overall, MGWR consistently surpasses 

OLS and GWR, confirming the pivotal role of aeolian sediments in shaping LST heterogeneity and underscoring the strength 

of MGWR in addressing multiscale geographical processes.  

 

Figure 8. The comparison results of R², adj-R² and AICc for OSL, GWR and MGWR.  305 
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4.4.5 Spatial distribution characteristics of Local R² in the MGWR 

Building on the comparative analysis, MGWR consistently outperformed OLS and GWR in model fitting and residual control. 

To further explore spatial heterogeneity, we examined the Local R² distribution, which reflects the explanatory power of 

NDSLI on LST at the local scale (Fig. 9).  

The spatial distribution of Local R² from the MGWR models across seven dates. High explanatory power (Local R² > 0.80) 310 

appeared mainly on December 20, 2017 and January 10, 2018, forming continuous or clustered hotspots in the central and 

southern basin, corresponding to periods of strong aeolian activity. Moderate values (0.65–0.80) were observed on December 

31, 2013 and December 8, 2016, with localized clusters in the central and southwestern areas, while December 20, 2016 

showed only fragmented patches. In contrast, November 7, 2017 and March 31, 2018 were dominated by low values (<0.60), 

reflecting minimal sediment influence.  315 

In summary, MGWR revealed strong local coupling during peak aeolian activity, with explanatory power concentrated in 

sediment-rich areas. These results highlight the spatial heterogeneity of sediment–LST interactions and underscore the 

necessity of multiscale models such as MGWR for accurately characterizing complex lake–sediment–temperature processes.  

 

Figure 9. Local-R2 spatial distributions in MGWR model.  320 

5 Discussion  

5.1 Mechanisms underlying the influence of aeolian sediments on LST  

The higher LST observed over aeolian sediment–covered zones indicates a distinct thermodynamic perturbation associated 

with sediment deposition on lake ice. Rather than reflecting a simple reduction in surface albedo alone, this warming signal 

likely results from a cascade of coupled radiative and thermal processes operating on the ice surface.  325 
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Sediment accumulation on lake ice suppresses surface reflectance and enhances shortwave radiation absorption, leading to 

spatially heterogeneous energy inputs. Analysis of a daily broadband albedo product over the Tibetan Plateau (Wen et al., 

2022) for a representative depositional event on 26 December 2017 indicates that sediment-covered ice exhibited a 

substantially lower mean albedo (~0.10) than adjacent clean ice and snow (~0.52). This albedo contrast with the findings of 

Dong et al. (2020), who demonstrated that LAPs deposited on snow and ice significantly reduce albedo and induce positive 330 

radiative forcing. Although radiative forcing was not explicitly quantified here, the observed albedo anomaly supports a 

radiatively driven mechanism linking aeolian deposition to LST enhancement. 

Consequently, warming over sediment-covered areas generates pronounced spatial heterogeneity in lake ice surface 

temperature and may influence ice phenology, including the timing and rate of surface melting. To conceptualize this process, 

we propose a sediment–ice–temperature coupling framework that links sediment release from surrounding surfaces, aeolian 335 

transport, deposition onto lake ice, and subsequent thermal responses of the ice surface (Fig. 10). Unlike sloping glacier 

surfaces, the flat geometry of frozen lakes provides an efficient platform for aeolian accumulation, thereby amplifying its 

thermodynamic impact. These sediment-induced thermal anomalies may not only modify the spatial distribution of surface 

temperature but also have broader implications for lake ice evolution and seasonal freeze–thaw dynamics.  

 340 

Figure 10. Conceptual model illustrating the coupling between aeolian sediment deposition and ice-covered lake surface warming.  
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5.2 Implications of aeolian processes for lake ice phenology  

Lake ice phenology serves as a critical indicator for characterizing seasonal freeze-thaw cycles of lakes, demonstrating high 

sensitivity to regional climate change and playing a pivotal role in hydrological processes and ecosystem functioning (Benson 

et al., 2012; Duguay et al., 2015; Magnuson et al., 2000; Sharma et al., 2019). Global evidence shows that ice duration is 345 

shortening, with earlier break-up and delayed freeze-up dates under climate warming (Magnuson et al., 2000; Sharma et al., 

2019). However, existing researches have predominantly focused on the combined effects of rising temperatures, enhanced 

radiation, and lake morphometric characteristics (e.g. area and volume) under climate warming (Benson et al., 2012; Cai et al., 

2025; Woolway and Merchant, 2019; Yousefi and Toffolon, 2022), whereas the role of exogenous materials on lake ice 

surfaces has been largely neglected.  350 

Our results demonstrate that aeolian sediments on lake ice generate persistent hotspots of elevated LST, implying non-

negligible consequences for ice phenology. On the Tibetan Plateau, where strong winds frequently coincide with prolonged 

ice-cover seasons, sediment deposition can substantially modify the surface radiation balance, creating spatially heterogeneous 

thermal conditions. These localized warming zones may act as preferential sites for early melt initiation or delayed freeze-up, 

thereby contributing to the shortening of effective ice duration even in the absence of uniform atmospheric warming. Although 355 

this study does not directly quantify phenological metrics such as freeze-up or break-up dates, it provides a mechanistic basis 

for linking surface sediment heterogeneity to large-scale lake ice dynamics.  

Similar radiative and thermodynamic mechanisms have been widely documented across other cryospheric components. For 

example, dust deposition on seasonal snowpacks has been shown to significantly enhance radiative forcing and accelerate 

snowmelt, reducing snow-cover duration by several weeks (Skiles et al., 2012). Field observations from the Vatnajökull Ice 360 

Cap in Iceland indicate that dust deposition can substantially increase snowmelt and contribute a large fraction of seasonal 

ablation (Wittmann et al., 2017). In alpine regions, mineral dust in snow has also been reported to reduce visible-band 

reflectance by up to 40%, thereby enhancing solar energy absorption (Di Mauro et al., 2015). These findings collectively 

highlight the strong capacity of light-absorbing particles to alter surface energy balance and accelerate cryospheric melt 

processes.  365 

Extending these insights to lake ice systems highlights both similarities and distinctions among cryospheric components. 

Unlike glaciers or seasonal snowpacks, lake ice is characterized by a relatively flat morphology, direct coupling with the 

underlying water body, and a strongly seasonal life cycle. These characteristics make lake ice particularly sensitive to localized 

surface perturbations. Sediment-covered areas disrupt the spatial uniformity of surface temperature, potentially influencing 

lake–atmosphere heat exchange and the spatial pattern of melt initiation. From a remote sensing perspective, such sediment-370 

induced thermal heterogeneity can be effectively detected through satellite-derived LST products, providing new opportunities 

to investigate the interactions between aeolian processes and lake ice dynamics in high-altitude environments.  
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5.3 Limitations  

This study has several limitations. First, the relatively coarse temporal resolution of satellite-derived temperature data makes 

it difficult to capture short-term thermal responses immediately following sediment deposition, which may lead to an 375 

underestimation of peak warming effects. Second, although the NDSLI proved effective for mapping sediment coverage, this 

study did not directly quantify albedo variations or surface energy fluxes, limiting the ability to isolate radiative effects from 

other thermodynamic processes. Third, the analysis relied on a limited number of high-quality coincident observations of 

sediment distribution and LST, which may constrain the representation of broader temporal variability. Future studies could 

address these limitations by integrating higher-temporal-resolution remote sensing data with field observations of radiation 380 

and surface temperature. Combining multi-source satellite datasets with process-based modeling would also help clarify the 

interactions among sediment deposition, radiative forcing, and heat transfer processes. Despite these limitations, this study 

provides new observational evidence linking aeolian sediment deposition to spatial variations in lake ice surface temperature, 

highlighting an underexplored pathway through which aeolian processes can influence lake ice thermodynamics.  

6 Conclusion  385 

This study combined multi-temporal Landsat 8 and MODIS LST data with the NDSLI and spatial regression models to quantify 

the thermal impacts of aeolian sediments on ice-covered lakes in the Tibetan Plateau. The main findings are as follows: (1) 

The NDSLI effectively extracts the distribution of aeolian sediments on ice-covered lake surfaces, revealing pronounced spatial 

heterogeneity characteristics. (2) Significant thermal differences exist across ice surfaces, with temperatures of sediment-

covered areas showing 0.83-2.36°C higher than other areas. (3) Comparative analysis of spatial regression models 390 

demonstrates that the MGWR model outperforms conventional OLS and GWR models, achieving determination coefficients 

(R²) of 0.65-0.83 during periods of significant sediment accumulation, with local goodness-of-fit exceeding 0.85. These results 

robustly confirm that sediment coverage serves as a key driver governing the spatial differentiation patterns of LST. Further 

work using higher-resolution observations and multi-lake analyses will be valuable for improving our understanding of these 

processes.  395 

Code and data availability 

The Landsat 8 Operational Land Imager (OLI) surface reflectance data are available from the U.S. Geological Survey (USGS) 

EarthExplorer portal (https://earthexplorer.usgs.gov/). The MODIS MOD11A1 land surface temperature product is available 

from the NASA LP DAAC (https://lpdaac.usgs.gov/products/mod11a1v006/). Spatial regression analyses were conducted with 

MGWR 2.2 and GeoDa 1.2 (Anselin et al., 2006; Oshan et al., 2019). 400 

All data and software used in this study are publicly available at the sources listed in the References section. 
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