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Abstract 
Based on Sentinel-2 satellite data, this study conducted remote sensing inver-
sion of chemical elements in Laguocuo Salt Lake, Xizang, in order to reveal 
the spatial distribution characteristics of lithium, potassium and other ele-
ments in the salt lake. Firstly, radiometric correction, atmospheric correction 
and geometric precision correction of the remote sensing images were carried 
out to ensure the high quality and reliability of the data. By combining the 
ground sampling data, the element inversion model is constructed by CART 
algorithm. The results show that the concentration of lithium in Laguocuo Salt 
Lake is high, especially in the central area of the lake, the concentration of 
lithium is significantly higher than other areas; while potassium, sodium and 
other elements in the salt lake showed a more uniform distribution. In addi-
tion, through the correlation analysis of the elements, it is found that there is 
a strong positive correlation between the concentrations of lithium and potas-
sium and sodium, which indicates that these elements may have a common 
enrichment mechanism during the evaporation and concentration process of 
the salt lake. The research also shows that Laguocuo Salt Lake has a high de-
velopment potential for lithium resources, and is one of the important areas 
for lithium resources exploration in salt lakes on the Qinghai-Xizang Plateau. 
Through remote sensing inversion technology, this study provides a scientific 
basis for resource assessment and sustainable management of Laguocuo Salt 
Lake, and provides a new technical idea for resource exploration of similar salt 
lakes. 
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1. Introduction 

The salt lake on the Qinghai-Xizang Plateau is one of the most important inland 
salt lake distribution areas in the world. It is rich in strategic mineral resources 
such as lithium and potassium. In recent years, with the rapid development of the 
new energy industry, especially the electric vehicle industry, the demand for lith-
ium has increased significantly, and the lithium resources in the salt lake in Xizang 
have attracted more and more attention [1]. Traditional salt lake exploration 
methods rely on ground sampling and laboratory analysis, which are limited in 
time and cost [2]. Remote sensing technology, especially remote sensing inversion 
technology based on satellite data, provides a new idea for efficient and low-cost 
monitoring of salt lake resources [3]. 

The Sentinel-2 satellite, as part of the Copernicus program of the European 
Space Agency (ESA), has high-resolution, multi-spectral imaging capabilities and 
is very suitable for remote sensing retrieval of mineral and chemical elements in 
salt lakes [4]. Combined with ground measured data and remote sensing images, 
remote sensing inversion technology can establish a quantitative relationship be-
tween element concentration and remote sensing band by analyzing spectral char-
acteristics, and then invert the spatial distribution of various elements in salt lakes 
[5]. CART (Classification and Regression Tree) algorithm, as a commonly used 
machine learning method, has been widely used in remote sensing inversion of 
elements in salt lake, and has achieved good inversion effect [6]. 

Although some remote sensing inversion of salt lake elements has been carried 
out in the Qinghai-Xizang Plateau, the research on Laguocuo Salt Lake is still lim-
ited. Based on Sentinel-2 satellite data, this study used CART algorithm to invert 
chemical elements (including lithium, potassium, etc.) in Laguocuo Salt Lake, 
aiming to reveal its element distribution characteristics and provide scientific ba-
sis for regional resource assessment and sustainable development. 

2. Overview of Regional Geology 

Salt lakes in Xizang are widely distributed in alpine basins and arid grassland areas 
in the interior of the Qinghai-Xizang Plateau. They were formed under the strong 
geological movement and arid climate conditions of the plateau. As the highest 
distribution area of salt lakes in the world, the formation of salt lakes in Xizang is 
closely related to regional tectonic activities and climate change [7]. Most of these 
salt lakes are located in plateau areas above 4000 meters above sea level and have 
complex geological structures, which are mainly controlled by crustal uplift on the 
Qinghai-Xizang Plateau [8]. Geological studies have shown that the salt lakes in 
Xizang are closely related to the tectonic activities of the plateau fault zones and 
basin margins. These salt lakes are not only natural recorders of geological envi-
ronment and climate change, but also rich in various strategic mineral resources 
such as potassium, lithium and boron [9]. 

Located in the southeast of Xizang, Laguocuo Salt Lake is a typical inland salt 
lake. The geological background of the lake is influenced by the Himalayan 

https://doi.org/10.4236/ars.2025.141004


Z. Chen et al. 
 

 

DOI: 10.4236/ars.2025.141004 46 Advances in Remote Sensing 
 

Mountains and the Qinghai-Xizang Plateau tectonic belt, forming a salt lake sed-
imentary environment with special geological characteristics [10]. The geological 
background of the region shows that the mineral composition of the salt lake is 
diverse, including sodium, potassium, magnesium and other minerals, and the 
distribution and enrichment of these minerals are closely related to the hydrolog-
ical conditions and climate change of the salt lake [11]. In recent years, with the 
application of remote sensing technology, researchers have gradually revealed the 
spatial distribution laws of minerals and chemical elements in salt lakes in Xizang, 
providing important data support for the sustainable development of resources 
[12]. The remote sensing map of Laguocuo is shown in Figure 1. 

 

 
Figure 1. Remote sensing map of Laguocuo. 

 
Laguocuo Salt Lake is located in the central part of the Qinghai-Xizang Plateau, 

within the Gangdese metallogenic belt, and has a complex geological background. 
Its basement consists of ancient metamorphic rocks rich in various metallic ele-
ments, while Cenozoic sedimentary rocks provide the material foundation for the 
surrounding areas through weathering and erosion. The region lies at the fore-
front of the collision between the Indian Plate and the Eurasian Plate, character-
ized by intense tectonic activity and well-developed fractures, which serve as path-
ways for element migration. Volcanic activity has introduced abundant chemical 
elements and triggered hydrothermal alteration, altering the chemical composi-
tion of the rocks. The hydrogeological conditions are complex, with lake water 
recharge primarily derived from atmospheric precipitation, snowmelt, and 
groundwater. The processes of runoff and discharge influence the distribution of 
elements, while the pH and redox potential of the lake water also affect the forms 
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and stability of these elements. The lake’s sediments are mainly composed of car-
bonate minerals, sulfate minerals, and clay minerals, which have the capacity to 
adsorb and enrich different elements. The redox conditions of the sedimentary 
environment further influence element distribution. These geological factors col-
lectively contribute to the complex distribution and enrichment characteristics of 
geochemical elements in Laguocuo Salt Lake. 

3. Methods 

In this study, Sentinel-2 satellite data were used to conduct remote sensing in-
version of chemical elements (including lithium, potassium, sodium, etc.) in 
Laguocuo Salt Lake, Xizang, mainly including remote sensing data preprocessing, 
inversion model construction and verification. Firstly, radiometric correction, at-
mospheric correction and geometric precision correction were carried out on the 
original remote sensing image to remove atmospheric interference and instru-
ment errors and ensure the accuracy of the data [13]. Radiometric correction uses 
complementary correction methods based on Landsat 8 and Sentinel-2 [14]. 

Secondly, the spatial distribution of chemical elements is constructed using in-
version models. After comparing CART (Classification and regression tree) and RF 
(Random forest) algorithms, we choose CART (Classification and regression tree) 
method in machine learning algorithm, which can effectively deal with multi-vari-
able data and is especially suitable for modeling nonlinear relationships [15]. The 
input of CART model is the spectral feature of remote sensing image, and the output 
is the predicted value of element concentration. In order to improve the accuracy of 
the model, we also combined the ground measured data to train and verify the 
model. 

Finally, the model was verified by cross-validation method. Different ground 
data sets were used to train and test the model, and the accuracy and reliability of 
the model were evaluated. Through the analysis of the inversion results, we can 
reveal the spatial distribution characteristics of various chemical elements in the 
salt lake and provide data support for the subsequent resource evaluation [16]. 

In the inversion study of chemical elements in Salt Lake, Sentinel-2 satellite im-
age and ground chemical sample data were used to infer the distribution of chem-
ical elements through machine learning algorithm. First, remote sensing data and 
representative salt lake samples were collected to obtain spectral information and 
chemical element concentration. 

Next, spectral features, such as reflectivity and water index, are extracted from 
remote sensing images and matched with elemental concentrations of ground 
samples to form a training dataset. A machine learning algorithm, such as CART, 
was used to train the model to capture the nonlinear relationship between spectral 
features and element concentrations. 

Finally, cross-validation is applied to evaluate the accuracy of the model and 
error analysis is performed. The trained model was applied to the salt lake image 
to predict the concentration of chemical elements, and to draw a spatial distribu-
tion map to reveal the distribution of elements in the target area. 
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3.1. Cart Algorithm 

CART algorithm is a decision tree method based on recursive splitting, which 
constructs the inversion model of element concentration by partitioning spectral 
feature data [17]. The core of spectral feature matching is to maximize the purity 
of the data at each split node or minimize the regression error by selecting the 
optimal split point [18]. 

3.1.1. Splitting Criteria 
In the regression task, CART algorithm uses Mean Squared Error (MSE) as the 
splitting criterion, which is used to measure the splitting effect of spectral features, 
and the formula is as follows [19]: 

( )2

1

1 N

i
i

MSE y y
N =

= −∑  

iy  is the true element concentration value of the i th sample; y  is the mean 
value of sample concentration of the current node; N  is the total number of 
samples of the current node. 

CART algorithm minimizes the weighted MSE of the left and right sub-nodes 
after splitting by selecting a spectral band and corresponding splitting threshold: 
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LN  and RN  are the numbers of samples of the left and right child nodes re-
spectively; LMSE  and RMSE  are the mean squared errors of the left and right 
child nodes respectively.  

3.1.2. Mapping of Spectrum to Element Concentration 
By recursive splitting, spectral reflectance features are mapped to a relational 
model of the concentration of the target element. 

1
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i
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ŷ  is the predicted value of the leaf node; leafN  is the total number of samples 
within the leaf nodes. 

3.1.3. Spectrum Matching Is Realized 
The specific process of CART algorithm in the inversion of spectral reflectance 
and salt lake element concentration includes: searching all spectral bands and 
splitting points to determine the optimal splitting rule; according to the optimal 
splitting point, the data is divided into left and right sub-nodes, and the corre-
sponding relationship between spectral characteristics and element concentration 
is refined layer by layer. By constructing multi-layer tree structure, the nonlinear 
distribution of element concentration is approximated. 

3.2. Random Forest Algorithm 

In the multi-element inversion of lithium, potassium and other elements in the 
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plateau salt lake, the random forest algorithm is used to match the spectral fea-
tures, mainly by constructing the nonlinear mapping relationship between the re-
flectance spectrum and the element content, and mining the key bands or combi-
nation bands that are sensitive to the element content in the spectral characteris-
tics, so as to achieve the inversion of the target elements. 

3.2.1. Principle and Spectrum Matching of Random Forest Algorithm 
Random Forest (RF) is an ensemble learning algorithm that can effectively process 
high-dimensional data and solve nonlinear regression problems by constructing 
multiple decision trees and synthesizing their prediction results. Spectral feature 
matching is based on the following core steps of random forest: 

Spectral feature extraction and input variable construction, input variables in-
clude the spectral reflectance feature of the target salt lake region { }1 2, , , nX x x x=   
and corresponding element concentration data { }1 2, , , nY y y y=  . Multi-spectral 
band reflectance values obtained from Sentinel-2 data are used as model inputs, 
where Xi represents the spectral reflectance of the I-th pixel over multiple bands, 
and Yi represents the target element concentration of the pixel [20]. 

3.2.2. Feature Importance Evaluation and Key Band Selection 
Random Forest assesses the importance of spectral features by calculating “decline 
in mean square error” or “decline in Gini index”. Its formula is: 

( ) ( )22
'

1

1 N

i i i i
i

MSE y y y y
N =

∆ = − − −∑  

where, iy  is the predicted value of the original model. iy′  is the predicted value 
after excluding a certain spectral band. According to the feature importance score, 
the band combination that is most sensitive to the inversion of the target element 
can be screened out. 

3.2.3. Construction of Regression Model 
The core of random forest is to generate multiple training samples by introducing 
Bootstrap Sampling, and train a regression decision tree independently on each 
sample. The prediction rule for each tree is based on the splitting principle of min-
imizing Mean Squared Error (MSE): 

( ) ( )2

1
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At the time of each node splitting, some spectral features are randomly selected 
for optimal splitting, thus reducing the collinearity problem of high-dimensional 
data. 

3.2.4. Spectral Mapping with Element Concentration 
The final inversion model realizes the nonlinear mapping between spectral char-
acteristics and element concentration by synthesizing the prediction results of all 
decision trees. The specific prediction value is calculated as follows: 

( ) ( )
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where, T  is the total number of decision trees in the forest, ( )tf X  represent-
ing the prediction results of the T-th tree. 

3.3. Remote Sensing Inversion Model Selection 

In multi-element inversion, it is very important to select a suitable inversion 
model. In this study, through the comparison of different models, CART (classi-
fication and regression tree) algorithm was used to invert 15 elements such as K+, 
Na+, Ca2+, Mg2+, Cl−, 2

4SO − , 2
3HCO − , CO3 Li, BO2, Br, Rb, Sr, I and Cs in the salt 

lake. The inversion model was evaluated by cross-validation method, and the in-
version results were compared and analyzed by combining the measured data in 
the laboratory. The verification results show that there is a high correlation be-
tween the inversion results and the measured values, especially for lithium and 
potassium, which have high inversion accuracy and can better reflect the actual 
element distribution in the salt lake. 

The accuracy of CART algorithm is higher than that of random forest (RF) 
when Sentinel-2 remote sensing images are used to invert chemical elements in 
salt lake. This phenomenon may be due to a number of factors: with a smaller 
dataset, CART ADAPTS better because it performs superior on small datasets, 
while RF generally requires a larger data volume to reduce overfitting; in addition, 
CART makes more efficient use of high correlation features, while RF may lose 
diversity due to high correlation of features, resulting in reduced performance. 

In addition, the model complexity of CART is lower, the adjustment is more 
intuitive, and the overfitting problem is easy to control. In contrast, RF may not 
perform as well as CART when computing resources are limited or undertuned 
due to the excessive number of parameters and the need for more computational 
resources and hyperparameter tuning. RF is also more sensitive to data noise, 
which CART can reduce through simple pruning and other techniques. 

CART models are also more explanatory, helping researchers understand the 
relationship between chemical elements and spectral features. Although RF is su-
perior in many cases, CART may be more accurate in specific salt lake chemical 
element retrieval tasks due to factors such as data characteristics, feature selection, 
and scene adaptability. Therefore, it is recommended to further compare the mod-
els and optimize the parameters to select the most suitable algorithm. 

This study utilized Sentinel-2 remote sensing data to invert the geochemical 
elements of Laguo Cuo Salt Lake in Xizang. The results indicate that the inversion 
accuracy of the CART algorithm is significantly higher than that of the Random 
Forest (RF) algorithm, which can be attributed to the following reasons: Firstly, 
with a limited sample size, the CART algorithm is better able to capture the non-
linear relationships between element concentrations and remote sensing bands, 
whereas the RF algorithm is prone to overfitting or underfitting when data is in-
sufficient. Secondly, the high correlation among bands in the remote sensing im-
ages of the salt lake allows CART to automatically select the most influential fea-
tures for the target variable through recursive partitioning, thereby constructing 
a concise and efficient model. In contrast, RF’s random feature selection may 
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overlook critical information. Additionally, the relatively simple structure of the 
CART model, combined with its intuitive parameter tuning and strong interpret-
ability, enables effective noise control through techniques such as pruning, further 
enhancing the model’s stability. In summary, the limitations in data volume, high 
inter-feature correlation, and differences in model complexity and noise-handling 
capabilities collectively determine that the CART algorithm outperforms the Ran-
dom Forest algorithm under the conditions of this study. 

3.4. Precision Analysis 

In Salt Lake chemical element inversion research, evaluating the accuracy of the 
machine learning model is a key step to ensure the reliability of the inversion re-
sults. Commonly used accuracy evaluation indicators include the coefficient of 
determination (R2), which represents the proportion of the total variation of the 
target variable explained by the model, and the higher the value, the better the 
model fits. The advantage of R² is that it is intuitive and easy to understand, mak-
ing it useful for comparison between models, but it has the disadvantage of being 
sensitive to outliers, potentially overestimating model performance, and failing to 
reflect predicted biases. Therefore, while R2 may reflect the explanatory power of 
the model, increasing R2 does not necessarily mean that the prediction is more 
accurate and may lead to overfitting, especially in complex models. 

In this project, the CART (Classification and Regression Tree) algorithm is used 
to perform multi-element inversion in the salt lake. CART algorithm is a nonlinear 
data mining method, which can deal with high-dimensional and complex relational 
data, and is suitable for inversion modeling between multi-spectral images and 
multi-element concentrations. CART generates a decision tree structure by recur-
sively dividing the data set into multiple subsets to minimize the error or impurity 
after splitting. The algorithm has strong flexibility and robustness, and can handle a 
variety of different data features, which is especially suitable for multi-element in-
version research. 

In practical operation, firstly, the spectral features related to the concentration 
of each element are extracted by using the information of different bands in re-
mote sensing images, such as spectral reflectance and spectral index. Then, the 
CART algorithm is used to train these feature variables and build the inversion 
model of each element. In the model training, the element concentration meas-
ured in the laboratory is taken as a reference, and the parameters are iteratively 
adjusted to improve the prediction accuracy of the model for multi-element con-
centration. Finally, the reconstructed model is used to invert the remote sensing 
image and generate the spatial distribution map of various elements in Laguocuo 
fault. The accuracy analysis of the model is shown in the following Figures 2-3. 

After comparing Cart and Random Forest algorithm, the inversion accuracy of 
Cart algorithm is 0.92, while the inversion accuracy of Random Forest algorithm 
is 0.88. Therefore, this study adopts Cart algorithm to invert the chemical ele-
ments of Lago Salt Lake. 
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Figure 2. Accuracy of the Laguocuo lake inversion by Cart algorithm R2 = 0.92. 

 

 
Figure 3. The accuracy of Random forest algorithm’s Laguocuo lake inversion R2 = 0.88. 

4. Results 

Based on Sentinel-2 satellite data, remote sensing inversion of chemical elements 
(such as lithium, potassium, sodium, magnesium, etc.) in Laguocuo Salt Lake, Xi-
zang was carried out in this study, and the spatial distribution map of each element 
was obtained. A sampling grid with a fixed spacing of 2000 meters was pre-estab-
lished throughout the entire salt lake area, with a total of 31 sampling points laid 
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out to ensure even and representative coverage. After collection, the brine samples 
were bottled, sealed, and labeled, and then transported to the laboratory under 
low-temperature conditions, ensuring the scientific and standardized nature of 
the sampling process. The inversion results show that there are obvious spatial 
differences in the distribution of lithium elements in the lake, especially in the 
southeast of the lake, the concentration of lithium is high, while in the peripheral 
area, the concentration of lithium is gradually reduced. The distribution charac-
teristics are closely related to the hydrological conditions and evaporation and 
concentration process of the salt lake, indicating that the lithium enrichment in 
this area has great development potential. 

The distribution of potassium and sodium elements is relatively uniform, but the 
concentration of potassium is slightly higher in the northwestern part of the lake, 
which may be related to the strong evaporation and enrichment of water bodies in 
this area. In contrast, the distribution of magnesium is more dispersed, mainly con-
centrated in the southwest part of the lake, forming a more significant high concen-
tration area. This suggests that the hydrological and geological background of the 
region may have played an important role in the enrichment of magnesium. 

By analyzing the spatial characteristics of element distribution, it is found that 
the concentration of elements in the central area of the salt lake is generally higher, 
while the concentration of elements in the outer area is gradually decreasing. In 
addition, there is a strong positive correlation between lithium, potassium and 
sodium, indicating that the enrichment mechanism of these elements in the salt 
lake may be similar. Inversion map of Laguocuo Li element based on Gaofen-5 
and cart algorithm is shown in Figure 4. 

 

 
Figure 4. Inversion map of Laguocuo Li element based on Gaofen-5 and cart algorithm. 
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Element inversion map of Laguocuo Li based on Gaofen-5 and RF Random 
forest algorithm is shown in Figure 5. 

 

 
Figure 5. Element inversion map of Laguocuo Li based on Gaofen-5 and RF Random forest 
algorithm. 

 
Element inversion map of Laguocuo Li based on sentinel2 and CART algorithm 

is shown in Figure 6. 
 

 
Figure 6. Element inversion map of Laguocuo Li based on sentinel2 and CART algorithm. 
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Element inversion map of Laguocuo Li based on sentinel2 and RF random for-
est algorithm is shown in Figure 7. 

 

 
Figure 7. Element inversion map of Laguocuo Li based on sentinel2 and RF random forest 
algorithm. 

5. Discussion 

Through the analysis of remote sensing inversion results of chemical elements in 
Laguocuo Salt Lake, the following important conclusions can be drawn. Firstly, 
the distribution of lithium in the salt lake shows obvious spatial heterogeneity. 
The concentration of lithium in the central area is higher, while that in the pe-
ripheral area is lower, which is closely related to the hydrological conditions of the 
salt lake and the effect of evaporation and concentration. As Laguocuo Salt Lake 
is a typical arid salt lake, evaporation is the main mechanism of lithium enrich-
ment, so this area has a high potential for lithium resource development. 

Secondly, the distribution of potassium and sodium is relatively uniform, and 
potassium is slightly enriched in the northwest region, indicating that the evapo-
ration effect in this region has played a role in promoting the enrichment of po-
tassium. The distribution of sodium is relatively stable, which may be due to the 
high solubility of sodium in salt lake water and the small impact of climate change. 
The distribution of magnesium is more complex, concentrated in the southwest 
of the lake, which may be related to the geological background and hydrological 
flow characteristics of the area. 

Through the correlation analysis of different elements, it is found that there is 
a strong positive correlation between lithium, potassium and sodium elements, 
indicating that the enrichment mechanism of these elements in the salt lake is sim-
ilar, which may be controlled by common hydrological and geological processes. In 
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addition, the correlation between the elements provides a valuable basis for fur-
ther understanding of the resource development of the salt lake, indicating that 
the Laguocuo Salt Lake has relatively rich mineral resources, especially the devel-
opment potential of strategic resources such as lithium and potassium. 

In the Laguocuo Salt Lake, the correlation analysis of element concentration 
shows that the correlation between lithium, sodium and potassium is high, and 
calcium and magnesium also show a strong correlation, which may be related to 
their common enrichment characteristics in the evaporation and concentration 
process of the salt lake. For example, potassium, sodium and chloride ions are 
mainly derived from rock weathering and evaporation, while magnesium ions and 
sulfate ions are related to the crystallization of magnesium sulfate salts. Lithium 
also shows specific correlations with borate, strontium, rubidium, and cesium 
plasmas, reflecting enrichment patterns of elements in salt lakes. 

The enrichment mechanisms of these elements are influenced by evaporation 
and concentration, mineral precipitation and chemical reactions. With the evap-
oration of water, the concentration of dissolved ions in brine increases, potassium, 
sodium, chlorine and other elements show synchronous changes, while lithium 
and borate are enriched in the late evaporation. During mineral precipitation, the 
differentiation of carbonate minerals and sulfate minerals leads to the separation 
of calcium from carbonate and bicarbonate ions. The elements such as lithium, 
rubidium and cesium in the late brine are enriched by ion competition and form 
specific minerals in the high salinity environment. These studies provide an im-
portant scientific basis for understanding the metallogenic regularity of salt lakes 
and strategic resource development. 

The remote sensing inversion method for geochemical elements in salt lakes is 
highly efficient, advanced, and scalable. By utilizing satellite remote sensing data 
and integrating machine learning algorithms (such as the CART algorithm), this 
method can rapidly and efficiently obtain the spatial distribution of elements like 
lithium, potassium, sodium, and magnesium in salt lakes. Compared with tradi-
tional methods, remote sensing inversion overcomes the drawbacks of discontin-
uous data and time-consuming processes, significantly improving monitoring ef-
ficiency. Moreover, this method has demonstrated good applicability in the as-
sessment of salt lake resources in different regions, providing important technical 
support for the rapid evaluation and development of salt lake resources. 

6. Conclusions 

Based on Sentinel-2 satellite data, this study conducted inverse analysis of chemi-
cal elements in Laguocuocuo Salt Lake, Xizang, and drew the following conclu-
sions. Firstly, the distribution of various chemical elements in the salt lake showed 
obvious spatial differences, especially lithium, potassium and magnesium. The en-
richment area of lithium is mainly concentrated in the center of the lake, while 
the distribution of potassium and sodium elements is more uniform. Magnesium 
is mainly concentrated in the southwest of the lake, indicating that the distribution 
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of elements in the salt lake is influenced by hydrological conditions, evaporation 
effect and geological background. Secondly, there is a significant correlation be-
tween the elements, lithium, potassium, sodium and other elements showed a 
strong positive correlation, suggesting that the enrichment mechanism of these 
elements in the salt lake is similar. 

The findings of this study are of great significance for resource assessment and 
development of the salt Lake of Laguocuo. Firstly, remote sensing inversion pro-
vides an effective tool to accurately evaluate the spatial distribution of chemical 
elements in the salt lake, and provides a scientific basis for resource exploration 
and development. Secondly, the research results provide a valuable reference for 
understanding the hydrogeological mechanism of element enrichment in salt 
lakes. Through further field investigation and experimental analysis, the potential 
of salt lake resources and the best plan for their exploitation and utilization can be 
better revealed. 

Future studies can further deepen the exploration of the relationship between 
the hydrological environment and element distribution of the salt lake, and com-
bine other remote sensing data and ground observation data to improve the accu-
racy of the inversion model, so as to provide more reliable data support for the 
sustainable development of the salt lake resources. 
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