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Abstract: The Yellow River Source National Park (YRSNP), one of largest alpine wetlands in China
which serves as the origin of the Yellow River, is situated in the heart of the Qinghai–Tibetan Plateau.
The alpine wetland ecosystem, which is its primary ecological system, is crucial for maintaining
ecological balance, preserving biodiversity, and facilitating the sustainable development of the Yellow
River Basin. In this study, based on the Google Earth Engine (GEE) platform combined with Landsat
5 7 8 remote sensing images, we used a random forest classification model to identify and classify the
alpine wetland from 2000 to 2020 and analyze its pattern of dynamic changes. The main driving forces
that drive the change of the alpine wetland area in the YRSNP from 2000 to 2020 are identified using
a random forest regression analysis in combination with data on precipitation, temperature, potential
evapotranspiration, soil moisture, and population density. The results show that: (1) From 2000 to
2020, the average overall accuracy of remote sensing classification and extraction of the YRSNP alpine
wetlands is 0.8492 and the Kappa coefficient is 0.8051. (2) From 2000 to 2020, the shrinking trend of
the YRSNP alpine wetland area is restrained. However, the lake wetland, marsh wetland, and marsh
meadow all increase by 0.58%, 0.06%, and 3.34%, respectively, whereas the river wetland shows
a declining trend. (3) The results of the identification of driving forces indicate that soil moisture
is the main factor influencing the dynamic changes of the alpine wetland, although the decline in
population density has a favorable impact on the alpine wetland. The results can provide scientific
basis for maintaining the stability, diversity, and sustainability of the alpine wetland ecosystem in the
Yellow River Source National Park.

Keywords: alpine wetland; driving forces; random forest; the Yellow River Source National Park;
soil moisture

1. Introduction

The Yellow River Source National Park (YRSNP) is established at the territory of the
Yellow River source. The YRSNP serves an extremely important ecosystem service function
of water conservation and runoff catchment. As a significant component of the YRSNP
ecosystem, the alpine wetland ecosystem is the most significant water conservation and
recharge area for the source of the Yellow River [1,2]. However, influenced by climate
warming and human activities in recent years, the imbalance of the Asian water tower has
increased, and the surface runoff has decreased, resulting in a decrease in the Yellow River
flow [3,4]. Additionally, due to overgrazing, the biodiversity of the alpine wetland has been
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lost, and stability has decreased, which has a significant impact on local production and
livelihoods. This has increased the risk of carbon stock releases as well as water security
in the middle and lower reaches [5]. Therefore, research on the pattern of the dynamic
changes and driving forces of the YRSNP alpine wetland is urgently needed to protect
the stability and integrity of the alpine wetland ecosystems. This research can serve as a
scientific foundation for the protection and management of alpine wetlands as well as a
guide for the sustainable development of alpine wetlands.

Currently, field surveys and remote sensing monitoring are the two main methods
for studying the dynamic changes of alpine wetland ecosystems. By establishing sample
plots, field surveys based on wetland categories can look at various biological, hydrological,
and soil indicators [6]. This process requires a significant amount of time, the wetland
information obtained is only representative of a single period, and it does not adequately
capture its evolutionary process. Research into the pattern of dynamic changes of wetlands
has consistently used remote sensing monitoring due to its timeliness, accuracy, and ease
of acquisition. Convolutional neural networks [7,8], random forests [9,10], support vector
machines [11,12], classification and regression trees [13], decision trees [14], maximum like-
lihood classification [15], K-nearest neighbors classification [16], and object-based models
make up most of the current remote sensing monitoring of wetlands [17,18]. Compared
with other classification models, the random forest model is considered the best suited for
wetland remote sensing classification research because of its ability to fuse multi-source
data and avoid overfitting of training samples [19].

Temperature and precipitation are the dominant driving factors influencing the dy-
namic changes of alpine wetlands in the research of alpine wetland drivers. Zhou et al.
found that the majority of Qinghai lake wetland areas showed a continuous upward trend,
while river wetland and marsh wetland areas decreased and then increased. The main
driver for wetland area change was precipitation in the Yellow River source area under
dry conditions, while temperature had a negative impact on the area of marsh wetland.
This is because of the influence of hydrological recharge brought by precipitation and
the melting glaciers in the upper reaches due to the increase in temperature during the
warm season [20]. Ma et al. discovered that the warm season mean temperature and mean
annual temperature had the greatest influence on the changes of the YRSNP wetland [21].
However, some research has indicated that the impacts of natural factors such as climate
change on alpine wetlands can be amplified by human activities. By proposing the human
impact index, Lu et al. analyzed the temporal and spatial relationship between wetland
area change and the human impact index. The results showed that the main factor causing
wetland destruction in China in the past 40 years had been human interference [22]. Lu et al.
found that excessive grazing and irrigation were the dominant factors of the altered inun-
dation status of the Tibetan Plateau’s marsh wetland [23]. Temperature change was the
dominant factor leading to the dynamic changes of the YRSNP alpine wetlands. However,
this finding mostly applies to the period prior to 2010 [24], and it is unclear what factors
influenced the dynamic changes of the YRSNP alpine wetlands from 2000 to 2020.

The current driving forces in studies into the patterns of wetland dynamic changes
are mainly based on meteorological factors (temperature and precipitation) and socio-
economic indicators (population and GDP), and a driving force analysis is performed using
traditional mathematical and statistical analysis. Yan et al. used a multiple linear regression
to analyze the correlations between 24 indicators, including demographic factors, economic
factors, city construction factors, water pollution factors, tourism development factors,
tourism development factors, and wetland areas. They also used redundancy analysis to
rank the importance of the variables [25]. For each province in China, Bian et al. used
simultaneous frequency and linear regression analysis to analyze the relationship between
the amount of water required by people, the amount of wastewater discharge, the area of
city construction, the area of forest, the area of agricultural crops, the length of highways,
and meteorological data (precipitation and temperature) with the amount of change in
the area between the first and second wetland resources [26]. Zhang et al. used principal
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component analysis to examine the effects of meteorological (precipitation, temperature,
and evapotranspiration), geographic (elevation, slope, distance, and built-up land), and
socioeconomic (population and GDP) factors on wetland changes in the Yellow River Delta.
The results indicated that whereas meteorological factors only accounted for 16.77% of the
variance, economic factors were responsible for 65.07% of it [27]. As an important part
of wetland water, soil moisture is an indispensable feature evaluation factor in wetland
research [28,29]. It is the basic condition for the survival and normal growth of wetland
plants, but the research mentioned above does not use it as a driving factor for driving
force analysis.

To sum up, the dominant driving factors of the dynamic changes of the YRSNP alpine
wetland from 2000 to 2020 are not clear in the existing research. Moreover, there are
few studies that analyze the driving forces of alpine wetland dynamic changes combined
with soil moisture. Therefore, in this study we used Landsat satellite images with the
GEE platform to reveal the pattern of dynamic changes and the dominant drivers of the
YRSNP alpine wetlands, including the identification and classification of the YRSNP alpine
wetlands from 2000 to 2020. On this basis, combined with temperature, precipitation,
potential evapotranspiration, soil moisture, and population density, the dominant driving
factors were analyzed based on a random forest model. The results could point to direction
for the protection and restoration of the YRSNP alpine wetland ecosystem.

2. Materials and Methods
2.1. Study Area

The YRSNP is situated in the eastern part of the Qinghai–Tibet Plateau, the core area
of the Three-River-Source National Park. Its geographic range is between 34◦0′–35◦23′ N
and 96◦56′–99◦18′ E, primarily encompassing Maduo and Qumalai. The YRSNP, which
is comprised of the Gyaring Lake and Ngöring Lake Protection Zone, the Xingxinghai
Protection Zone, and the Anyemaqen Protection Zone, is situated between the Bayan Hara
Mountains and Burhan Budai Mountains (Figure 1). It has a total area of 19,023 km2,
accounting for approximately 6.29% of the total area of the Three-River-Source region.
The YRSNP belongs to tundra climate in the Köppen climate classification, which has the
characteristics of low temperature, low precipitation, high evaporation, and strong solar
radiation [21]. Alpine wetlands were extremely scattered across the YRSNP, making up at
least 30% of the total area. These wetlands included the internationally significant Gyaring
Lake Wetland and Ngöring Lake Wetland, as well as the nationally significant Gonagma
Wetland and Maduo Lake Wetland [30]. According to the second wetland resource survey
data, YRSNP wetland types in the YRSNP include river wetland, lake wetland, and marsh
wetland, while human activities are dominated by grazing.

2.2. Data and Preprocessing
2.2.1. Field Survey Data

From April to July 2019 and 2020, field surveys were conducted in the YRSNP to
verify the sample dataset selected based on Google Earth, the second wetland resources
survey of Qinghai Province, and land use data. The field survey samples were mainly
used to verify the classification accuracy in 2019 and 2020. The main objective of the field
surveys was the positioning and recording of samples using unmanned aerial vehicles
(UAV) and handheld GPS devices, including longitude, latitude, and wetland types. A total
of 59 sample points were collected, with a distribution mainly found in Huashixia, Machali,
Huanghe, Zhalinghu, and along the G214 road. The distribution of the field survey samples
is shown in Figure 2.
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is the Landsat 8 image of the study area in 2020).

2.2.2. Remote Sensing Data

The GEE platform was used in this study to access the Landsat series remote sensing
image. The parameters of each remote sensing image are detailed in Table 1. In addition,
the GEE platform was used to carry out the preprocessing, as follows: Firstly, all YRSNP
images in the abundant water season (July–September) from 2000 to 2020 were screened
out [31]. Then, the remote sensing image was masked by adjusting the range of pixel_qa
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value and cloud removal function; Finally, the cloud-removed images were synthesized
and spliced according to the median value, and the annual YRSNP abundant water season
images from 2000 to 2020 were obtained by clipping the YRSNP boundary.

Table 1. Information of various remote sensing image parameters used in the YRSNP from 2000
to 2020.

Remote Sensing Image Dataset Main Band Information

Landsat 5 TM USGS Landsat 5 Level 2,
Collection 2, Tier 1

B1 Blue 0.45–0.52 µm 30 m
B2 Green 0.52–0.60 µm 30 m
B3 Red 0.63–0.69 µm 30 m
B4 NIR 0.76–0.90 µm 30 m

B5 SWIR1 1.55–1.75 µm 30 m
B6 LWIR 10.40–12.50 µm 120 m/60 m

B7 SWIR2 2.08–2.35 µm 30 mLandsat 7 ETM+ USGS Landsat 7 Level 2,
Collection 2, Tier 1

Landsat 8 OLI USGS Landsat 8 Level 2,
Collection 2, Tier 1

B2 Blue 0.45–0.52 µm 30 m
B3 Green 0.53–0.60 µm 30 m
B4 Red 0.63–0.68 µm 30 m
B5 NIR 0.85–0.89 µm 30 m

B6 SWIR1 1.56–1.67 µm 30 m
B7 SWIR2 2.10–2.30 µm 30 m

2.2.3. Meteorological Data

The National Earth System Science Data Center (http://www.geodata.cn/, accessed
on 4 March 2022) provided the meteorological data used in this study, including the
monthly average temperature, precipitation, and potential evapotranspiration from 2000
to 2020 [32]. Then, the annual warm season meteorological data were calculated by the
annual meteorological data from June to August. The potential evapotranspiration was
then calculated according to the Hargreaves formula. The calculation formula was as
follows [33]:

PET = 0.0023 × S0 × (MaxT −MinT)0.5 × (MeanT + 17.8), (1)

where PET was the monthly potential evapotranspiration, S0 was the theoretical solar
radiation reaching the top of the earth’s atmosphere, MaxT was the monthly maximum
temperature, MinT stood for the monthly minimum temperature, and MeanT for the
monthly average temperature.

In this study, the monthly meteorological data were calculated and clipped using
the ArcMap 10.8 software (developed by Environmental Systems Research Institute, Inc.,
Redlands, CA, USA) to obtain the annual meteorological data of the YRSNP from 2000 to
2020. The mean annual temperature is the mean temperature of 12 months, and the annual
precipitation and potential evapotranspiration are the sum of 12 months’ precipitation and
potential evapotranspiration, respectively.

2.2.4. Other Data

In this study, other data included the soil moisture data, the topographic data, the
population density data, the second wetland resource survey data, and land use data.

The National Tibetan Plateau Science Data Center (https://data.tpdc.ac.cn/, accessed
on 25 February 2023) provided the soil moisture data. The dataset was named the global
daily surface soil moisture dataset at 1 km resolution (2000–2020), had a temporal resolution
of months, and a spatial resolution of 1 km [34].

The topographic and geomorphological data were obtained from SRTMGL1_003 with a
spatial resolution of 30 m (https://developers.google.com/earth-engine/datasets/catalog/
USGS_SRTMGL1_003, accessed on 15 December 2022) on the GEE platform. We used the
ee.Image and ee.Algorithms. Terrain functions of the GEE platform were used to realize

http://www.geodata.cn/
https://data.tpdc.ac.cn/
https://developers.google.com/earth-engine/datasets/catalog/USGS_SRTMGL1_003
https://developers.google.com/earth-engine/datasets/catalog/USGS_SRTMGL1_003
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the call of SRTMGL1_003, and then the select function was used to realize the calculation
of elevation, slope, and aspect.

The data on population density were obtained from Landscan global population
distribution data (https://landscan.ornl.gov/, accessed on 25 February 2023) with a spatial
resolution of 1 km.

The Department of Natural Resources of Qinghai Province (https://zrzyt.qinghai.
gov.cn/, accessed on 16 July 2021) provided the second wetland resource survey data and
land use data. The second wetland resource survey was completed in 2012, including
information on wetland types, map spot latitude and longitude, and vegetation types. The
land use data in the research area include information from the third national land survey,
the 2012 land use status, and the 2020 land change survey.

For the subsequent unified calculation, the image coordinate system was unified to
the WGS-84 coordinate system and resampled to a spatial resolution of 1 km.

2.3. Methods
2.3.1. Wetland Classification System

Wetland areas were defined by the Ramsar Convention on Wetlands as “areas of
marsh, fen, peatland, or water, whether natural or artificial, permanent or temporary, with
water that is static or flowing, fresh, brackish or salt, including areas of marine water
the depth of which at low tide does not exceed 6 m”. In this study, the existing wetland
classification system studies on the Tibetan Plateau and the results of the Second National
Wetland Resources Survey were combined to determine the YRSNP wetland classification
system (shown in Table 2), which includes river wetland, lake wetland, marsh wetland,
and marsh meadow.

Table 2. Wetland classification system for remote sensing in the YRSNP.

Wetland Category Landsat Remote Sensing Image Description

River wetland
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Using a sample transfer method based on reclassification, the training samples from
historical years were obtained for this study [35]. By eliminating the samples that differed

https://landscan.ornl.gov/
https://zrzyt.qinghai.gov.cn/
https://zrzyt.qinghai.gov.cn/
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from the initial classification result due to the little change in sample types in the two
adjacent years, the sample transfer technique of reclassification allowed samples with the
same sample type and classification result to be reclassified [36]. Taking the 2020 and 2019
YRSNP remote sensing images as an example, the 2020 sample set was obtained by field
surveys, Google Earth, and the 2020 land use change database. First, the 2020 sample
set was used as the training sample set for the 2019 YRSNP land uses remote sensing
classification. Next, the trained YRSNP land use remote sensing classification data was
exported, and the ArcMap 10.8 software was used to extract the classification results of the
2020 sample set on the 2019 YRSNP land use remote sensing classification data. Finally, the
sample points whose classification results did not match the 2020 sample set were removed,
and then the 2019 YRSNP land use remote sensing classification was repeated.

2.3.3. Importance of Features

To rank the importance of the classification features and identify the leading driving
factors, a random forest model was used. Breiman first introduced the random forest model
in 2001 [37]. The Gini was an index to measure the purity of the random forest classification
model and the value was between 0 and 1. The larger the value, the higher the purity of
the model. The formula for calculating the Gini index was as follows [38]:

VIM(Gini)
j =

1
n

n

∑
i=1

VIM(Gini)
ij , (2)

VIM(Gini)
ij = ∑M

i=1 VIM(Gini)
jm , (3)

VIM(Gini)
jm = GIm −GIl −GIr, (4)

where VIM(Gini)
j was the Gini importance in the random forest model. VIM(Gini)

ij was the

importance of the i-th tree of the variable. VIM(Gini)
jm was the importance of the variable at

node M. GIm was the Gini index of node m. GIl and GIr represented the Gini indices of
two new nodes split by node M, respectively. n was the number of classification trees, and
M was the number of times the classification feature appears in the i-th tree.

In this study, the classification feature importance ranking and dominant driver identi-
fication were carried out based on the GEE platform and Rstudio (developed by Posit and
PBC), respectively.

2.3.4. Random Forest Classification and Accuracy Assessment

Based on the results of sample migration, in this study, 70% of the samples were set as
the training set, and 30% of the samples were set as the verification set. An ee. classifier is
a random forest model based on the GEE platform. The functions of Smilerandomforest
enable the identification and classification of the YRSNP alpine wetland through remote
sensing. Additionally, the explain and ee.List.sequence functions, respectively, were used
to determine the significance of the classification features and the number of decision trees.
The confusion matrix of the YRSNP remote sensing classification results was obtained
by invoking the errorMatrix function. The user accuracy, overall accuracy, and Kappa
coefficient were then calculated, respectively, to verify the classification accuracy. The rate
at which the verification points are correctly classified is measured by user accuracy [39].
The ratio of the number of correctly classified wetland pixels to the total number of pixels in
the wetland classification results is known as overall accuracy, and its calculation formula
is was follows [40]:

OA =
TP + TN

TP + FP + TN + FN
, (5)

where OA was the overall accuracy of wetland classification, TP (True Positive) indicated
the number of positive samples with correct wetland classification, TN (True Negative)
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represented the number of negative samples with correct wetland classification, FP (False
Positive) indicated the number of positive samples with incorrect wetland classification, and
FN (False Negative) represented the number of negative samples with incorrect wetland
classification. Based on the confusion matrix, the Kappa coefficient was an index used to
measure classification accuracy, and its calculation formula was as follows [41]:

Kappa =
Po − Pe

1− Pe
, (6)

where Kappa was the Kappa coefficient of the wetland classification, Po represented the
ratio of correctly classified wetland pixels to total pixels in the wetland classification result,
and Pe represented the ratio of correctly classified wetland pixels to total pixels in the case
of random classification.

2.3.5. Classification Features

The classification features used in this study included spectral features, spectral in-
dexes, and topographic features. Considering that Landsat images from different periods
were used in this study, in order to ensure the consistency of the spectral band information,
in combination with previous studies, the spectral bands that were all present in Landsat
images from different periods were used, including red band (red), green band (green),
blue band (blue), near-infrared band (NIR), and short-wave infrared band (SWIR) [42,43].
Existing studies have shown that water body index, vegetation index, red edge index,
building index, and bare ground index were the key band combinations that the spectral
index used to reflect the characteristics of ground objects, so they were also included in
the classification feature system. The altitude, slope, and aspect were represented in the
terrain features. In this study, the classification features used in the remote sensing identifi-
cation and classification of the YRSNP alpine wetland, based on Landsat 5 7 8 images, are
provided in Table 3.

Table 3. Table of classification feature parameters used based on Landsat 5 7 8 images.

Primary
Classification Feature

Secondary
Classification Feature

Tertiary
Classification Feature

Formula
Landsat 5 7 Landsat 8

Spectral feature Band Blue, Green, Red, NIR,
SWIR1, SWIR2

Blue (B1), Green (B2), Red (B3),
NIR (B4), SWIR1 (B5), SWIR2 (B7)

Blue (B2), Green (B3), Red (B4),
NIR (B5), SWIR1 (B6), SWIR2 (B7)

Spectral index

Water index

MNDWI B2−B5
B2+B5

B3−B6
B3+B6

NDWI B2−B4
B2+B4

B3−B5
B3+B5

NDWI_B B1−B3
B1+B3

B2−B4
B2+B4

RNDWI B5−B3
B5+B3

B6−B4
B6+B4

EWI (B2 −B4− B7)
(B2+B4+B7)

(B3 −B5− B7)
(B3+B5+B7)

SWI B1 + B3− B4 B2 + B4− B5

AWEI 4× (B2 − B5)−
(0.25× B4 + 2.75× B7)

4× (B3 − B6)−
(0.25× B5 + 2.75× B7)

UGWI B23−(B1+B3+B4)
B23+(B1+B3+B4)

B33−(B2+B4+B5)
B33+(B2+B4+B5)

Vegetation index

NDVI B4−B3
B4+B3

B5−B4
B5+B4

VIgreen B2−B3
B2+B3

B3−B4
B3+B4

RVI B4
B3

B5
B4

RDVI B4−B3√
B4+B3

B5−B4√
B5+B4

MSR (B4 − B3)−1√
B4+B3+1

(B5 − B4)−1√
B5+B4+1

MCARI
[
(B4− B3)− 0.2× (B4 − B2)]× B4

B3

[
(B5− B4)− 0.2× (B5 − B3)]× B5

B4

Red edge index CIre (B4 / B3)− 1 (B5 / B4)− 1
Build-up index NDBI B5−B4

B5+B4
B6−B5
B6+B5

Bare land index BSI (B3+B5)−(B4+B8)
(B3+B5)+(B4+B8)

(B4+B6)−(B5+B2)
(B4+B6)+(B5+B2)

Snow index NDSI B2−B11
B2+B11

B3−B6
B3+B6

Topographic
feature

Elevation
Slope

Aspect
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2.3.6. Mann–Kendall Analysis

Mann–Kendall is a nonparametric statistical test originally proposed by Mann in 1945
and further refined by Kendall and Sneyers [44]. Its advantages are that it does not require
the measured values to follow a normal distribution, nor does it require the trend to be
linear, and it is not affected by missing values and outliers. The result is dimensionless.
The statistical test is as follows [45]:

Z =


S√

Var(S)
S > 0

0 S = 0
S+1√
Var(S)

S < 0
(7)

S =
n−1

∑
i=1

n

∑
j=i+1

sign
(
xj − xi

)
(8)

sign(θ) =


1 θ > 0
0 θ = 0
−1 θ < 0

(9)

Var(S) =
n(n− 1)(2n + 5)

18
(10)

where n is the time series from 2000 to 2020, i = 2000, 2001, . . . , 2020. When |Zs| > u1−α/2,
the driving factors data of the study are at the α level. Significant changes are generally
taken as α = 0.05. When |Zs| > 1.96, the time series has a significance α < 0.05, and
|Zs| < 1.96 means significance α > 0.05.

2.3.7. Trend Analysis

Trend analysis was applied to the change trend of the driving factors in the study area
from 2000 to 2020. Trend analysis was performed together with slope analysis, which is as
follows [46,47]:

Slope =
n×∑n

i=1 (X× i)−∑n
i=1 X∑n

i=1 i

n×∑n
i=1 i2 − (∑n

i=1 i)2 (11)

where Slope indicates the change trend from 2000 to 2020, x is driving factors in year i,
i = 2000, 2001, . . . , 2020, n is the time series from 2000 to 2020, Slope > 0 suggests an
elevating trend, and Slope < 0 denotes a reducing trend. Slope analysis was carried out
with the use of MATLAB R2016b (The MathWorks, Inc., Natick, MA, USA).

3. Results
3.1. Accuracy Evaluation

The random forest model and Landsat 5 7 8 were used to identify and classify the
YRSNP alpine wetland from 2000 to 2020 (Figure 3). The Yellow River flowed toward the
central area of Xingxinghai through the western Gyaring Lake and Ngöring Lake before
flowing eastward and was impacted by the topographical features. This was where the river
wetland was mainly distributed. Lake wetlands were mainly distributed in the Gyaring,
Ngöring, and Xingxinghai lakes, while marsh wetland was concentrated in the southwest
of Ngöring Lake, and marsh meadow was concentrated in the southern and eastern areas
of the YRSNP. Land use/cover types other than wetlands and grasslands were classified
as others.
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The accuracy of the YRSNP alpine wetland remote sensing classification results from
2000 to 2020 was evaluated by combining the field survey and sample transfer to a com-
plete sample set, and using an accuracy assessment to complete a classification accuracy
evaluation. The results are shown in Table 4. The results were combined with user accuracy,
overall accuracy, and the Kappa coefficient. Between 2000 and 2020, the overall accuracy
range of the YRSNP was 0.8295 to 0.8878, with 0.8492 serving as the average accuracy. The
range of the Kappa coefficient from 0.7777 to 0.8538 and its average value of 0.8051 showed
that the remote sensing classification accuracy of the YRSNP from 2000 to 2020 was reliable.
User accuracy for river wetlands in terms of wetland categories ranged from 0.7938 to
0.9090, with an average user accuracy of 0.8636. Lake wetlands had a user accuracy that
ranged from 0.8936 to 0.9999, with an average of 0.9700. With an average user accuracy
of 0.7496, the user accuracy for marsh wetlands varied from 0.5714 to 0.9166. The user
accuracy of marsh meadows ranges from 0.6086 to 0.8717, with an average of 0.7379. The
user accuracy of grassland ranges from 0.7160 to 0.8553, with an average of 0.7842. The
user accuracy of others ranges from 0.8965 to 0.9999, with an average of 0.9454. The most
accurate type of wetland was a lake, while marsh wetland, marsh meadow, and grassland
had the lowest accuracy and were not easy to distinguish.

Table 4. Evaluation table of wetland remote sensing classification accuracy in study area based on a
random forest model.

Year
User Accuracy

Overall
Accuracy

KappaRiver
Wetland

Lake
Wetland

Marsh
Wetland

Marsh
Meadow Grassland Others

2000 0.8024 0.9687 0.6923 0.7567 0.8132 0.9230 0.8427 0.7951
2001 0.8513 0.9821 0.5714 0.8055 0.7398 0.9459 0.8309 0.7799
2002 0.7938 0.8936 0.7647 0.7000 0.8000 0.9673 0.8311 0.7818
2003 0.8314 0.9791 0.6500 0.8717 0.7572 0.9540 0.8377 0.7915
2004 0.8666 0.9814 0.7272 0.7878 0.7777 0.8965 0.8409 0.7907
2005 0.8674 0.9375 0.9000 0.7428 0.8000 0.9500 0.8594 0.8192
2006 0.8805 0.9076 0.8333 0.7560 0.7924 0.9462 0.8535 0.8110
2007 0.8461 0.9800 0.6306 0.7560 0.7732 0.9566 0.8426 0.7954
2008 0.8536 0.9999 0.8333 0.7878 0.8553 0.9565 0.8878 0.8538
2009 0.8409 0.9999 0.8181 0.7407 0.7793 0.9277 0.8523 0.8106
2010 0.8764 0.9999 0.7500 0.7272 0.8079 0.9101 0.8659 0.8279
2011 0.9066 0.9999 0.7692 0.6410 0.8344 0.9340 0.8689 0.8311
2012 0.9062 0.9655 0.6666 0.6086 0.7160 0.9750 0.8295 0.7777
2013 0.9012 0.9649 0.7333 0.8461 0.7973 0.9635 0.8738 0.8393
2014 0.8875 0.9830 0.7500 0.7931 0.7583 0.9518 0.8578 0.8175
2015 0.8593 0.9999 0.6428 0.8400 0.7417 0.9489 0.8412 0.7926
2016 0.8536 0.9800 0.8571 0.6304 0.7758 0.9999 0.8379 0.7882
2017 0.8333 0.9642 0.8571 0.7407 0.7939 0.9615 0.8543 0.8082
2018 0.9090 0.9365 0.9166 0.6410 0.7435 0.9382 0.8341 0.7881
2019 0.9047 0.9791 0.6400 0.6808 0.8040 0.9021 0.8400 0.7964
2020 0.8645 0.9682 0.7391 0.7209 0.8074 0.9459 0.8521 0.8118

Note: Others included barren, built-up land, and other land use/cover types.

3.2. Importance of Classification Features

Figure 4 displayed the rankings for the average importance classification features.
The findings demonstrated that topographic features were substantially more relevant
than spectral features and spectral indexes. Elevation (1044.39) was the most significant
classification feature in the topographic feature, NDWI_B (638.50) was the most significant
classification feature in a spectral index, and SWIR2 (620.03) was the most significant
classification feature in a spectral feature. Elevation, slope, UGWI, Vigreen, NDWI_B, Blue,
NIR, SWIR1, and SWIR2 are all classification features that are above the importance mean.
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3.3. Dynamic Changes Pattern

Figure 5 depicts the changes in the proportion of various land use types in the study
area from 2000 to 2020. The results indicated that from 4044 km2 in 2000 to 4561 km2 in
2020, the wetland area had grown. Between 2000 and 2020, the proportion of river wetlands
in the study area decreased from 3.32% to 2.00%, whereas the proportion of lake wetlands
increased from 7.23% to 7.81%. While the proportion of marsh wetlands increased from
1.47% to 1.53%, the proportion of marsh meadows increased from 9.19% to 12.62%. While
the proportion of grassland decreased from 71.42% to 65.66%, the proportion of others
increased from 7.31% to 10.35%. Only river wetlands had drastically decreased, with marsh
meadows increasing by 3.43% being the most significant change in the wetland category.
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The transfer of land use between different categories can be better understood using
the land use transfer matrix. The land use transfer matrix for the study area from 2000 to
2020 is shown in Figure 6. According to the results, between 2000 and 2020, 70.10% of river
wetland areas remained unchanged, 10.83% of river wetland was converted to grassland,



Water 2023, 15, 2557 13 of 25

7.28% was converted to lake wetland, 4.40% was converted to marsh wetland, 4.26% was
converted to others, and 3.13% was converted to marsh meadow. Marsh wetlands were
the type that transferred most steadily into river wetlands. In total, 92.57% of the areas of
lake wetland remained the same; 4.52% were converted into river wetlands; 1.92% into
grassland; 0.46% into marsh wetlands; 0.38% into marsh meadow; and 0.15% into others.
River wetland was the one that transferred the most into lake wetland. In total, 22.77% of
the area of the marsh wetlands was left unaltered, 44.46% was converted to grassland, and
22.87% was converted to marsh meadow. A total of 52.07% of the area of marsh meadow
remained unchanged, while 43.04% was converted to grassland. A total of 87.57% of the
grassland areas remained unchanged, and 6.07% was converted to marsh meadows. Others
had 59.45% of their areas unchanged, and 35.57% was converted to grassland.
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We can further analyze the spatial changes of wetlands in the study area from 2000 to
2020 by merging the wetland gravity center and standard deviation ellipses of the study
area in 2000 and 2020. Figure 7 displays the results. The gravity center of the river wetland
in the study area moved to the southwest by 5007.04 m from 2000 to 2020, and the standard
deviation ellipse area decreased by 95.49 km2. The spatial transfer of river wetland was
significantly influenced by the change in the X-axis direction. The center of gravity of the
lake wetland in the study area moved to the northwest by 13,615.22 m from 2000 to 2020,
and the standard deviation ellipse area increased by 905.81 km2. The spatial transfer of the
lake wetland was influenced by changes in the X-axis and Y-axis directions. The center
of gravity of the marsh wetland in the study area moved to the northwest by 8486.27 m
between 2000 and 2020, and the standard deviation ellipse area increased by 352.64 km2.
The spatial transfer of marsh wetland was significantly influenced by the change in the
X-axis direction. The center of gravity of marsh meadow in the study area moved to
the northeast by 7246.17 m between 2000 and 2020, and the standard deviation ellipse
area increased by 426.87 km2. The spatial transfer of marsh meadows was significantly
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influenced by the change in the X-axis direction. The results show that except for river
wetlands, other wetland types moved toward the concentrated distribution area of lakes in
the northeast of the YRSNP.
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deviation ellipse.

3.4. Dynamic Changes Characteristics of Driving Factors
3.4.1. Dynamic Changes of Meteorological Factors

Figure 8 displays the results of the MK test and trend analysis of meteorological factors
in the YRSNP from 2000 to 2020. Between 2000 and 2020, the mean annual precipitation was
460.61 mm, and the warm season mean precipitation was 244.39 mm, which accounts for
53.05% of the annual precipitation, indicating that warm season precipitation is the main
precipitation period in the YRSNP. In addition, the mean annual potential evapotranspira-
tion for the period 2000–2020 and the mean potential evapotranspiration during the warm
season are 573.04 mm and 299.02 mm, respectively. These values are 1.24 and 1.22 times
the total precipitation for the same period, indicating that precipitation may be evaporated
even during the warm season. The warm season mean temperature was 5.35 ◦C, while
the mean annual temperature between 2000 and 2020 was −5.21 ◦C, showing a significant
temperature differential in the YRSNP season. Further trend analysis shows that there is no
significant increasing trend from 2000 to 2020 (p > 0.05) for all meteorological factors except
for warm season potential evapotranspiration. Most of the YRSNP precipitation may still
evaporate in the future even though the trend value of precipitation is much larger than
the potential evapotranspiration because of the significant difference between precipitation
and potential evapotranspiration. A clear warm-humid climate trend is not present in the
YRSNP due to the small temperature trend value.
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Figure 8. The Mann–Kendall analysis and change trend of meteorological factors in the YRSNP from
2000 to 2020. (a) The Mann–Kendall analysis of annual precipitation; (b) the change trend of annual
precipitation; (c) the Mann–Kendall analysis of warm season precipitation; (d) the change trend
of warm season precipitation; (e) the Mann–Kendall analysis of mean annual temperature; (f) the
change trend of mean annual temperature; (g) the Mann–Kendall analysis of warm season mean
temperature; (h) the change trend of warm season mean temperature; (i) the Mann–Kendall analysis
of annual potential evapotranspiration; (j) the change trend of annual potential evapotranspiration;
(k) the Mann–Kendall analysis of warm season potential evapotranspiration; (l) the change trend of
warm season potential evapotranspiration.

Trend analyses were used to characterize the spatial variation trend of meteorological
factors. The annual precipitation in the study area shows obvious spatial heterogeneity,
showing a gradient decrease from southeast to northwest (Figure 9). The annual precipita-
tion in the study area increased by 3.16 mm on average between 2000 and 2020, as shown by
a further trend analysis and significant analysis, and the annual precipitation in the eastern
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region experienced the greatest increases. All the regions of the study area displayed
an increasing trend, with the region experiencing the largest increases also exhibiting a
significant increasing trend (p < 0.05), as did the other regions. Warm season precipitation
has a relatively simple spatial distribution, with most areas experiencing 200–300 mm of
precipitation. From 2000 to 2020, the warm season precipitation in the study area increased
by 1.13 mm, which indicated no significant increase. In the study area, this showed there
was obvious spatial heterogeneity in the mean annual temperature during mild and warm
seasons, and all these temperatures displayed a spatial pattern of decreasing from the
central horizontal axis area to the surrounding areas (Figure 10). An additional trend analy-
sis showed that between 2000 and 2020, the mean annual temperature in the study area
increased by 0.02 ◦C during the mild and warm seasons, while 6.87% of the regional warm
season mean temperature decreased, and about 12.71% of the regional mean annual temper-
ature increased. According to the significant analysis, 26.53% of the regional warm season
mean temperature shows a significant upward trend, and the mean annual temperature in
2.65% of places, mostly in the surrounding areas of rivers and lakes, exhibit a significant
upward trend. While the lake area shows small potential evapotranspiration, the annual
potential evapotranspiration and warm season potential evapotranspiration in the study
area are similar to the warm season mean temperature (Figure 11). Further trend analyses
show that, from 2000 to 2020, the annual potential evapotranspiration in the study area
will increase by 0.11 mm on average, while Gyaring Lake, Ngöring Lake, and the southern
marsh meadow area will show a downward trend. Potential evapotranspiration decreased
by −0.03 mm on average throughout the warm season, but only in some parts of northeast
China. The significant analysis shows that the annual potential evapotranspiration and
warm season potential evapotranspiration in the study area have no significant changes.
Overall, the climate in the study area follows the warm-humid climate trend.
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significance of annual precipitation change trend; (d) the mean warm season precipitation; (e) the
trend of warm season precipitation; (f) the significance of warm season precipitation change trend.
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Figure 10. The change trend of mean annual temperature and warm season mean temperature in the
YRSNP from 2000 to 2020. (a) The mean annual temperature; (b) the change trend of mean annual
temperature; (c) the significance of mean annual temperature change trend; (d) the warm season
mean temperature; (e) the trend of warm season mean temperature; (f) the significance of warm
season mean temperature change trend.

3.4.2. Dynamic Changes Characteristics of Soil Moisture

Figures 12 and 13 display the trend analysis and spatial-temporal change of soil
moisture in YRSNP from 2000 to 2020. The results show that from 2000 to 2020, the soil
moisture in the YRSNP increased at an annual rate of 0.00127 m3/m3 (p < 0.001) and that
the average soil moisture in the YRSNP was 0.1828 m3/m3 in 21 years, indicating a low
spatial trend in the north.

The area ratio of soil moisture at all levels from 2000 to 2020 is calculated using the
equal spacing method to further analyze the change of soil moisture in YRSNP from 2000 to
2020 (Figure 13). The results show that the area of soil moisture at 0–0.1 m3/m3 level does
not vary considerably and remains constant at about 8% throughout the year. In certain
ways, the YRSNP soil is developing toward humidification since the area of 0.1–0.2 m3/m3

grade soil wetland is decreasing at a rate of 1.82% per year, and correspondingly, the area
of 0.2–0.3 m3/m3 grade soil humidity is increasing at a rate of 1.80% per year.

3.4.3. Dynamic Changes Characteristics of Population Density

The population density of YRSNP decreased significantly from 2000 to 2020 with
a trend of 0.00423 people/km2 per year (p < 0.001), but the population density base of
YRSNP was small, so the change was not significant. This is shown by the changing
trend of population density of YRSNP from 2000 to 2020 shows (Figure 14a). The policy
of ex-situ poverty alleviation and relocation that has been in place for many years may
have something to do with the change in population density. Most of the farmers and
herdsmen in villages and towns have relocated to Maduo County City or other counties
because of ex-situ poverty alleviation and relocation (http://tjj.qinghai.gov.cn/tjData/
qhtjnj/, accessed on 7 April 2023), so the population distribution will be more dispersed.

http://tjj.qinghai.gov.cn/tjData/qhtjnj/
http://tjj.qinghai.gov.cn/tjData/qhtjnj/
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Further analysis combined with Figure 14b reveals that the average YRSNP population
density from 2000–2020 was 0.18 people/km2, and the population of YRSNP is concentrated
along G214 road in the middle.
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Figure 11. The change trend of annual potential evapotranspiration and warm season potential
evapotranspiration in the YRSNP from 2000 to 2020. (a) The mean annual potential evapotranspi-
ration; (b) the trend of annual potential evapotranspiration; (c) the significance of annual potential
evapotranspiration change trend; (d) the mean warm season potential evapotranspiration; (e) the
trend of warm season potential evapotranspiration; (f) the significance of warm season potential
evapotranspiration change trend.
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Figure 14. Spatial distribution and change trends of population density in the YRSNP from 2000–2020.
(a) Change trends; (b) spatial distribution.

3.4.4. Dominant Factor Identification

The grid data in fishing nets are extracted and exported to RStudio for random forest
regression analysis by setting fishing nets to extract the area, annual precipitation, warm
season precipitation, mean annual temperature, warm season mean temperature, annual
potential evapotranspiration, warm season mean potential evapotranspiration, mean pop-
ulation density, and mean soil moisture of the YRSNP alpine wetland from 2000 to 2020
within a grid range of 1 km× 1 km. The decision tree in the random forest regression model
is set to 500 in combination with previous studies and many experiments, as illustrated in
Figure 15. According to the findings, the 80% variance in the dependent variable (wetland
area) can be accounted for by the independent variables annual precipitation, warm season
precipitation, annual mean temperature, warm season mean temperature, annual potential
evapotranspiration, warm season potential evapotranspiration, population density, and
soil moisture. The order of importance of each variable is soil moisture (p < 0.1) > mean
annual temperature (p < 0.1) > warm season potential evapotranspiration (p < 0.5) > warm
season precipitation (p < 0.1) > warm season mean temperature (p < 0.1). Soil moisture will
therefore be the main factor influencing the YRSNP wetland area change between 2000
and 2020, followed by mean annual temperature, warm season potential evapotranspira-
tion, warm season precipitation, warm season mean temperature, and annual potential
evapotranspiration. Population density will also have an impact on wetland areas.
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warm season mean temperature; MAT: mean annual temperature; WAP: warm season precipitation;
AP: annual precipitation).

4. Discussion
4.1. Identification and Classification of the YRSNP Alpine Wetland from 2000 to 2020 Using
Remote Sensing

This study used the random forest model to identify and classify YRSNP alpine
wetlands from 2000 to 2020 based on the classification characteristics, including spectral
characteristics, spectral index, and topographic features. The mean Kappa coefficient
was 0.8051, while the mean overall accuracy was 0.8492. The results demonstrated that
the classification accuracy was high and that the random forest model was suitable for
identifying and classifying alpine wetlands, which were consistent with the previous
research results [48]. In terms of classification features, spectral features (red, green, blue,
NIR, SWIR1, and SWIR2) are commonly used in the remote sensing classification of alpine
wetlands [42,43]. The research shows that these spectral features are sensitive to changes
in vegetation and soil moisture. Even though NDWI and MNDWI were the main remote
sensing indexes that could effectively distinguish water bodies from non-water bodies,
NDWI_B can provide more assistance for classification accuracy than MNDWI in this
study. The water body index has evolved into NDWI_B, a more advanced version that
can suppress irrelevant background data and enhance water body data, while NDWI and
MNDWI will be impacted by shadows [43,49]. VI_green is a prime vegetation index in
this study. Gitelson et al. proposed VI_green in 2002. The distribution of vegetation
under different vegetation fractions can be reflected by VI_green, which is more sensitive
to different vegetation fractions than NDVI [50]. Elevation, which is the most important
classification feature and has a definite relationship with the climate characteristics of
different altitude intervals, is one of the three primary types of topographic features, along
with slope and aspect. Alpine wetlands are mostly distributed in low-altitude areas since
snow-covered areas are primarily generated due to the influence of temperature in high-
altitude regions [51,52]. In addition, recent studies showed that phenological characteristics
have an influence on the landscape evolution of alpine wetlands. SOS (SOS: start of growing
season) and EOS (EOS: end of growing season) change dramatically when the wetland
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water volume decreases. SOS and EOS change slowly when the wetland water volume
increases. An earlier SOS and delayed EOS can be used as indicators of alpine wetland
degradation [53].

4.2. Spatial-Temporal Change of Alpine Wetland and Meteorological Factors in the YRSNP from
2000 to 2020

Based on the Landsat 5 7 8 time series remote sensing images, the YRSNP alpine
wetland’s pattern of dynamic changes from 2000 to 2020 showed that its area increased
from 4044 km2 in 2000 to 4561 km2 in 2020, while the proportion of river wetland decreased
from 3.32% to 2.00%. The proportion of lake wetland areas increased from 7.23% to 7.81%,
marsh wetland increased from 1.47% to 1.53%, and marsh meadow areas increased from
9.19% to 12.62%, which is consistent with the related research results [54]. As shown in
Figure 5, there is an apparent change in the area of marsh grassland between 2005 and 2016,
which may be due to the low classification accuracy. In addition, the results of the transfer
of land use showed that the wetland types were transformed into each other, with some
river wetland transformed into lake wetland due to the construction of the Yellow River
source hydropower plant and river oscillation, while the increase in precipitation was the
main reason for the transformation of marsh wetland into river wetland, and the increase
in temperature leads to the decrease of marsh wetland and marsh meadow [21,55–57]. The
warm season in June, July, and August is the predominant time for precipitation in the
YRSNP, according to the mean annual precipitation of 460.61 mm for the region from 2000 to
2020 and the warm season mean precipitation of 244.39 mm. The trend analysis shows that
while warm season precipitation does not increase significantly at a rate of 2.28 mm from
2000 to 2020, the annual precipitation of the YRSNP does increase significantly at a rate of
3.17 mm [58,59]. Compared with the Qinghai–Tibet Plateau and the Sanjiangyuan region,
it is wetter, and its trend is consistent with the previous research results. The temperature
difference between the YRSNP seasons is significant, as seen by the –5.21 ◦C mean annual
temperature of the YRSNP from 2000 to 2020 and the 5.35 ◦C mean temperature of the warm
season. Additionally, the mean annual temperature and warm season mean temperature
has increased at a rate of about 0.01 ◦C, which is consistent with the related research
results [60]. The mean annual potential evapotranspiration of the YRSNP from 2000 to
2020 is 573.04 mm, and the mean evapotranspiration during the warm season is 299.02 mm,
which is consistent with the findings of the related studies [61]. It is clear that the YRSNP
has an obvious deficit effect on precipitation evaporation. However, the specific deficit
needs to be calculated in conjunction with the actual evapotranspiration. From 2000 to
2020, the YRSNP will generally be warm and humid, which is consistent with the global
and Qinghai–Tibet Plateau trends of climate change. It should be noted that global climate
change, which intensifies ocean evaporation and land evapotranspiration and leads to
a strong regional hydrological cycle, is the cause of the increase in YRSNP precipitation.
However, there is a high probability of extreme precipitation due to the influence of the El
Niño Southern Oscillation and North Atlantic Oscillation, which will affect the stability of
alpine wetland ecosystems [62–64].

4.3. Analysis of Driving Factors of the YRSNP Alpine Wetland Dynamic Changes from 2000
to 2020

The annual precipitation, warm season precipitation, mean annual temperature, warm
season mean temperature, annual potential evapotranspiration, warm season potential
evapotranspiration, population density, and soil moisture were all ranked in this study
using random forest regression. The results showed that the area change of the YRSNP
alpine wetland from 2000 to 2020 was significantly influenced by soil moisture, with soil
moisture having the biggest influence. Soil moisture is primarily used to reflect the surface
dry and wet changes, whereas precipitation and potential evapotranspiration are used
to characterize climate drought changes, compared with climatic factors. The dry and
wet characteristics of the surface environment are more directly related to ecosystems,
land use, and management because they are influenced by both atmospheric and land
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surface processes, soil, and topography [28]. A study on soil moisture in the Tibetan
Plateau found that land use/cover is an important factor affecting soil water content, and
different land use types tend to reflect changes in vegetation cover, which affects the soil
water content. In addition, surface temperature plays a crucial role in soil water content
variation [65,66]. Additionally, soil moisture has the power to change the water use pattern
and physiological characteristics of alpine plants as well as to mediate the positive effect
of ecosystem carbon sink capacity on global warming [67]. In the micro-environment of
soil, with the increase of soil moisture, microbial activity may be restricted by an anaerobic
environment, thus enhancing the carbon retention capacity of wetlands [29,68,69]. The most
significant carbon pool in terrestrial ecosystems is wetlands. This study found a significant
positive correlation between soil moisture and the alpine wetland area, indicating that there
is a certain relationship between its area and carbon fixation capacity. In terms of climatic
change, the YRSNP has an obvious deficit of precipitation–evaporation, meaning that
evaporation exceeds precipitation, and soil humidity, as an important feature of the surface
environment, is more like the basic guarantee of a wetland area. It can only be restored to
a wetland after the soil humidity reaches a certain threshold. Therefore, the influence of
soil moisture on alpine wetlands is the greatest in the YRSNP. Due to the long-standing
phenomenon of overgrazing in the YRSNP, population density has the lowest importance
than other driving forces and has a negative impact on the pattern of dynamic changes
of the YRSNP alpine wetlands. The YRSNP alpine wetland ecosystem has been restored
to some extent as a result of the population moving from dispersed pastoral areas to the
central area of the county because of the ex situ poverty alleviation and relocation policy.

4.4. Limitations and Uncertainties

The YRSNP alpine wetland data from 2000 to 2020 were obtained using a random
forest classification model, even though this study is based on the GEE platform and uses
Landsat 5 7 8 remote sensing images. The driving factors affecting the area change of
the YRSNP alpine wetland from 2000 to 2020 were determined using a random forest
regression analysis, along with the annual data of temperature, precipitation, potential
evapotranspiration, soil moisture, and population density. However, due to the spatial
resolution of the image, the availability of data, and the generalization performance of the
classification model, the results are still uncertain. Deep learning models should be utilized
in conjunction with higher resolution remote sensing images such as SPOT, Worldview,
and Quick Bird to conduct in-depth studies in the future. And in future work, we will
consider and add the innovative trend analysis methodology without any assumption to
understand the change trend.

5. Conclusions

The random forest model was employed in this study to reveal the pattern of dynamic
changes and the leading driving factors of the YRSNP alpine wetland. The results showed
that, except for river wetlands (the area decreased by 1.32%), the varieties of the YRSNP
alpine wetlands were rising from 2000 to 2020, among which marsh meadow showed the
largest increase (the area increased by 3.34%), and that the entire wetland was relatively
close to the concentrated distribution area of lake wetlands. According to the land use
transfer matrix, grassland provided the primary supplement for the alpine wetland in the
YRSNP; the area accounted for 20%. While population density has a negative influence
on the YRSNP alpine wetland area, soil moisture is the driving force that has the biggest
impact on change in that area. Annual precipitation is the positive driving force that has
the least impact. The research results can provide a scientific basis for the restoration and
protection of the YRSNP alpine wetland ecosystem.
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