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Spatial–Temporal Variation Characteristics of Water
Bodies and Their Climatic Drivers Over the

Qinghai–Tibet Plateau in 2002-2020
Chen Hong, Fuyao Zhu, Mengmeng Wang , and Zhengjia Zhang

Abstract—The spatial–temporal characteristics of water bodies
and their response to climatic factors are significant for the study of
the water budget and the ecological environment. As Asia’s water
tower, the Qinghai–Tibet Plateau (QTP) has abundant surface
water bodies, whose distribution and duration are sensitive to
climate change. In this article, the surface water of the QTP in the
recent 20 years was extracted from Landsat series TM/ETM+/OLI
data combined with the Joint Research Centre of European Com-
mission water body dataset. In addition, the temporal and spatial
variation characteristics of the surface water area over the QTP
were analyzed, and the climatic factors driving its dynamic change
were explored based on 13 climatic variables. Results showed the
following: First, from 2002 to 2020, the area of permanent water
body in QTP increased from about 46 300 km2 to about 54 700 km2,
showing the characteristics of increase in the north and decrease
in the south. The area of seasonal water area decreased from about
8900 km2 to about 6600 km2, which were characterized by increase
in the west and decrease in the east. Second, with 13 climatic vari-
ables reflecting the overall, seasonal, and extreme values of climate
changes, the annual total precipitation had the strongest effect on
the permanent water area over the total QTP, and the autumn mean
air temperature was most relevant with the seasonal water area.
Third, the predicted permanent water area of the QTP showed a
trend of first slow and then fast increasing during 2021–2025, and
expanded by 294 km2 in 2025 compared with 2021, whereas the
seasonal water area first increased by 131 km2 and then decreased
by 203 km2. These results will help provide important references for
water resource management and ecological environment protection
in QTP.

Index Terms—Climate change, landsat series data, Qinghai–
Tibet Plateau (QTP), spatiotemporal variation analysis, surface
water body extraction.
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I. INTRODUCTION

THE Qinghai–Tibet Plateau (QTP) is located in the middle
and low latitudes of the Northern Hemisphere and in West-

ern and Southwestern China. As a main accumulation region of
lakes, glaciers, perennial snow, and permafrost, the QTP is a
strategic place for the generation, occurrence, and migration of
water resources in Asia and even the world [1]. The QTP plays
a pivotal role in the formation of the climate characteristics of
China and Asia [2]. Research data showed that global climate
change is profoundly changing the status, pattern, and service
functions of the water system in rivers and lakes (river source
areas) in high, cold regions [3], [4]. The distribution and dura-
tion of surface water, which is affected by climate and human
activities, have an influence on climate, biodiversity, and human
well-being [5]. Many researchers have shown that the QTP is
experiencing a process of climate warming and humidifying in
recent years, resulting in multiyear glacier and snow retreat,
and water resource reduction [6], [7], [8]. Therefore, studying
the temporal and spatial changes of water bodies in the QTP,
and analyzing their climate drivers are significant, which can
provide a scientific basis for regional ecological environmental
security, social and economic development, management, and
planning [9]. Studying the driving mechanism of climatic factors
on the water bodies in the QTP is meaningful for the security of
regional ecological resources, the protection and exploitation of
the ecological environment, the assessment of human existence
environment, and the sustainable development of the QTP.

Over the past decades, many studies have been conducted
for surface water mapping using remote sensing (RS) data [10],
[11], [12], and these methods can be divided into three groups.
The first is based on supervised and unsupervised classifica-
tion. Supervised classification is to select training samples and
compare each pixel with them to complete the classification.
Unsupervised classification uses different image features in the
feature space without a prior classification criterion to complete
image classification. This kind of method is inefficient and not
suitable for large-scale extraction [13]. The second is to use the
single-band threshold method to extract the water body from
RS images [14], [15], [16]. The single-band threshold method
mainly uses the difference in spectral characteristics between
water and other land cover types to distinguish water bodies by
setting appropriate thresholds. The method is simple but has a
low accuracy [17]. The third is to calculate the water index to
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extract water bodies. Related scholars have constructed many
efficient, high-precision water indices through the spectrum
response of water bodies. The normalized differential water
index (NDWI) can extract water quickly and conveniently with
a high accuracy [9], [18], [19]. Compared with NDWI, the mod-
ified normalized difference water index (MNDWI) proposed by
Xu has a higher accuracy in extracting the water boundary of
eutrophic lakes and can easily distinguish shadows from water
bodies [20]. Landsat series satellites have provided long-term
observations of the Earth since 1972, which present a unique
opportunity to provide long-term surface water monitoring at a
fine spatial resolution (30–78 m) [21], [22], [23].

Many studies on the spatial-temporal variation of water body
and its driving mechanism have been conducted through mul-
tiple statistical methods, including correlation analysis, linear
trend analysis, Mann–Kendall trend test, and autoregressive
integrated moving average (ARIMA) model, in different regions
[24], [25], [26], [27], [28]. Liu and Wu [29] and Lid et al. [30]
used the above methods to analyze the change of water body
by taking the whole study region as the analysis unit. However,
these methods are less applicable if the study area is large and
highly spatial heterogeneous. Therefore, Geets et al. [31] and
Zhu et al. [32] used clustering analysis and rotation empirical
orthogonal function to divide the study region into multiple anal-
ysis units, and then analyzed each unit using the above methods.
Dividing the research region by the watershed unit of the water
cycle is also a method to solve the spatial heterogeneity problem.
Mason et al. [24], Assel [33], and O’Reilly et al. [34] divided
the study area by watershed boundary, and conducted coupling
simulation analysis of climatic factors and water resources in
each unit.

At present, much effort has been devoted to the analysis
of the temporal and spatial distribution of water bodies, and
their driving factors in the QTP [35], [36]. Some progresses
have been made, but some deficiencies remain. Most of the
existing studies use single-phase RS data to extract the water
body, which has less representation of the annual water body
because the distribution of the water body in the QTP is more
sensitive to seasons. Moreover, the analysis of climatic factors in
existing studies is often limited to the annual total, annual mean,
and annual maximum value of temperature, precipitation, and
evapotranspiration, ignoring seasonal variation in the correlation
between climatic factors and water bodies. In addition, existing
studies rarely investigate the relationship between water body
change and climatic factors over the whole of the QTP consid-
ering spatial heterogeneity [37], [38]. Different from the existing
studies, this article focuses on the large-scale, multi-temporal,
and comprehensive study on the water bodies and climatic
factors of the QTP, and analyzes the spatial–temporal variation of
the water bodies and the coupling response relationship between
the water bodies and the climatic factors considering spatial and
seasonal variation.

In this article, Landsat 5 (TM), Landsat 7 (ETM+), and
Landsat 8 (OLI) satellite images and related climate factor data
in the QTP from 2002 to 2020 were used as data sources, and the
QTP was divided into 12 analysis units based on the watershed
boundary. The MNDWI was used to extract the initial water body

information from the Landsat series data, and water occurrence
frequency (WOF) representing how often the water body exists
in a year was calculated based on multiphase water body data. On
this basis, the characteristics of water body change in time and
space over the QTP were analyzed, and the inner driving laws
of climatic factors were investigated by 13 climatic variables
considering seasonal differences, such as summer mean air tem-
perature and autumn mean air temperature. Finally, the ARIMA
model was used to predict the monthly climatic factors over five
years, and the change in the area of each water body in the QTP
for the next five years was predicted by the linear relationship
between the climate factor with the highest correlation and the
type of water body.

II. STUDY AREA AND DATA SOURCES

A. Study Area

The QTP, known as the “roof of the world” and the “third
pole,” is the largest plateau in China and the highest plateau in the
world. It starts from the southern margin of the Himalayas in the
south, extends to the northern margin of the Kunlun Mountains,
the Altun Mountains, and the Qilian Mountains in the north, the
Pamir Plateau and the Karakoram Mountains in the west, and
connects with the western section of the Qinling Mountains and
the Loess Plateau in the east and northeast, between 26°00 ′ –
39°47 ′ N and 73°19 ′ – 104°47 ′ E, see Fig. 1. The QTP is about
2800 km long from east to west and 300–1500 km wide from
north to south, with a total area of 2.5×106 km2. It is the largest
river source area in the world and known as the “Asian Water
Tower” [39]. The QTP is the highest giant tectonic landform
unit in the world with a unique natural environment and spatial
differentiation laws. Restricted by atmospheric circulation and
plateau topography, the annual average temperature in the inte-
rior region of the QTP is below 0 °C, and the warmest monthly
average temperature in most areas is less than 10 °C [40].
The average temperature decreases from southeast to northwest,
and the annual precipitation correspondingly decreases from
2000 mm to below 50 mm, showing a change from warm and
humid in the southeast to cold and arid in the northwest. To
highlight the spatial heterogeneity of the QTP, which is divided
into 12 subregions based on the watershed boundary, including
AmuDayra, Brahmaputra, Ganges, Hexi, Indus, Inner, Mekong,
Qaidam, Salween, Tarim, Yangtze and Yellow.

B. Data Sources

1) Landsat Data: Based on the Google Earth Engine plat-
form, Landsat 5 (TM), Landsat 7 (ETM+), and Landsat 8 (OLI)
satellite RS data were used to extract surface water information
in the QTP [41], [42]. Since July 23, 1972, NASA’s Landsat pro-
gram (known as EARTH Resource Technology Satellite before
1975) has launched eight satellites and continuously acquired
the satellite data of land surface for 50 years. Landsat images
have a spatial resolution of 30 m and a scan width of about 185
km, with wavelength covering from visible to infrared spectral.
A total of 90 126 Landsat images from 2002 to 2020 were used in
the article, as shown in Fig. 2. The Landsat satellites consisted of
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Fig. 1. Topographic conditions and subbasin distribution in the Qinghai–Tibet Plateau, and maps of four Landsat 8 images (Red: band 4, Green: band 3, Blue:
band 2) for the accuracy assessment of water body extraction (a–d).

Landsat 5 and Landsat 7 during 2002 to 2011, and the number of
Landsat images was between 3000 and 4800. Only one Landsat
satellite (i.e., Landsat 7) was available, and the Landsat image
number was about 2500 in 2012. After the launch of the Landsat
8 satellite in 2013, the amount of data has been greatly improved.
The Landsat image data of the QTP stabilized at more than 6000
scenes for each year after 2014.

2) Climate Data: Three climatic factors were employed to
investigate the climatic drivers of water body change over the
QTP in 2002–2020, including air temperature, precipitation, and
evapotranspiration. Monthly air temperature and evapotranspi-
ration data were provided by the meteorological reanalysis data
of the European Centre for Medium-Range Weather Forecast
(ECMWF) with a temporal resolution of 12 h and a spatial
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Fig. 2. Number of Landsat series satellite images used in this article.

resolution of 0.5°×0.5° [43], [44]. ECMWF meteorological
data enable the regular “reanalysis” of archived observations to
create a global dataset describing the recent history of weather,
land, and ocean, which is available for free on its website.1

Monthly precipitation data was extracted from the integrated
multisatellite retrievals for GPM (GPM IMERG) dataset. GPM
is a new generation of global satellite precipitation program
jointly developed by the United States, Japan, and other coun-
tries. It consists of a core observation platform equipped with
a dual-frequency precipitation radar, a microwave imager, and
eight partner satellites [45]. It can realize global precipitation ob-
servation every three hours with a spatial resolution of 0.1°×0.1°
[46]. GPM IMERG data can be downloaded from the official
website of NASA2 [47]. A total of 13 climatic variables were
counted from monthly air temperature, precipitation, and evap-
otranspiration, namely, annual mean temperature, spring mean
temperature (March–May), summer mean temperature (June–
August), autumn mean temperature (September–November),
winter average temperature (December–next February), mean
temperature of the hottest month, mean temperature of the cold-
est month, annual total precipitation, spring total precipitation,
summer total precipitation, autumn total precipitation, winter
total precipitation, and annual total evapotranspiration.

III. METHODS

Landsat 5, 7, and 8 images, ECMWF data, and GPM IMERG
data were used as data sources to analyze the spatiotemporal
changes of the water body area in the QTP and predict the future
changes of the water body area under the influence of climatic
factors. The MNDWI was used to extract the initial water body
information from the Landsat series data of the QTP in the past
20 years, and the Joint Research Centre of European Commis-
sion (JRC) global surface water product was used to filter hill
shadow and other misclassifications to improve the accuracy of
water body extraction. The change characteristics of the water
bodies in time and space were analyzed, and the climatic factors
driving their dynamic change were explored using the methods
of linear trend analysis, correlation analysis, and time-series
analysis. Finally, the ARIMA model was employed to forecast
the monthly climatic factors from 2021 to 2025, combining the

1[Online]. Available: https://www.ecmwf.int/
2[Online]. Available: https://www.nasa.gov/

correlation analysis, and with further predict the changes in the
area of water bodies of the QTP in the next five years. The
flowchart of the article is shown in Fig. 3.

A. Water Classification Based on Long-Term Time-Series
Landsat Data

1) Modified Normalized Difference Water Index: The
MNDWI developed by Xu et al. [20] was used to extract surface
water for all Landsat images. Binary conversion was performed
based on the MNDWI at the threshold of 0 [48]. The pixel with
MNDWI greater than 0 was considered as water, and the pixel
with MNDWI less than 0 was considered as nonwater. MNDWI
was calculated as follows:

MNDWI =
ρgreen − ρswir

ρgreen + ρswir
(1)

whereρgreen is the green band surface reflectance of the TM/ETM
data, and ρswir is the surface reflectance for mid infrared band.

2) Evaluation of Surface Water Extraction Accuracy: The
visual interpretation method was used to assess the accuracy of
surface water extraction using MNDWI. A total of 250 random
points were generated for each validating Landsat image to judge
whether the classification of random points was correct. For the
sample points that were difficult to identify in the Landsat image,
high-resolution images with a relatively close time were used to
assist the interpretation. Finally, the correct and incorrect classi-
fications were counted, and the overall accuracy was calculated
using the following formula:

Overall Accuracy =
A+B

N
× 100% (2)

where A is the number of random points identified as water
by MNDWI and visual interpretation simultaneously, B is the
number of random points identified as nonwater by MNDWI and
visual interpretation simultaneously, and N is the total number of
random points. The Kappa coefficient was calculated as follows
[49]:

Kappa =
p0 − pe
1− pe

(3)

with

pe =
a1 × b1 + a2 × b2

N ×N
(4)

where a1 and a2 are the number of random points calculated
as water and nonwater by MNDWI, respectively; b1 and b2 are
the number of random points identified as water and nonwater
bodies by visual interpretation, respectively; and p0 is the overall
accuracy.

3) Water Occurrence Frequency Calculation: Considering
that the water distribution data of a single phase representing
the water distribution in whole year has certain limitations, the
yearly time-series water distribution data were synthesized to
obtain the annual WOF data using the following formula:

F =
W

W + NW
(5)

where W is the number of times a pixel is classified as water
based on all good observations in a year, NW is the number of

https://www.ecmwf.int/
https://www.nasa.gov/
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Fig. 3. Flowchart of the analysis of spatial–temporal variation characteristics of the water bodies and their climatic drivers over the Qinghai–Tibet Plateau in
2002–2020.

times a pixel is classified as nonwater, and F is the WOF and
is between 0 and 1. Based on the WOF, the pixel was divided
into three categories: nonwater body (WOF < 25%), seasonal
water body (25% < WOF < 75%), and permanent water body
(WOF > 75%) [50], [51].

B. Spatial–Temporal Analysis of Water Body

1) Correlation Analysis: Pearson correlation coefficient is
a statistic that describes the degree of linear correlation be-
tween two data [52]. The Pearson correlation coefficients be-
tween the area of water bodies (i.e., seasonal water body and
permanent water body) and the 13 climate variables were
calculated to judge the strength of the correlation between
them. The Pearson correlation coefficient can be calculated as
follows:

rX,Y =
cov(X,Y )

σXσY
=

E[(X − μX)(Y − μY )]

σXσY
(6)

where rX,Y is the Pearson correlation coefficient between the
two data, X and Y ; cov(X,Y ) is the covariance of the two data;
σX and σY are the standard deviations of the two data,X and Y ,

respectively; E is the variance of the data; μX and μY represent
the average values of the two data, respectively.

The constant rp can be obtained by consulting the correlation
coefficient table. If |rX,Y | > rp, then under the significance
level p, the water body area or the climate factor variable xi

changes significantly with the time series ti, which can pass
the significance test of p; otherwise, the change trend is not
significant. Generally, p often takes 0.01, 0.05, or 0.001 as the
significance level. The smaller the value of p is, the larger the
rp, indicating that the change trend is more significant.

2) Linear Regression Analysis: Linear regression analysis
was employed under three situations in this article.

a) When reflecting the area changes of seasonal water and
permanent water bodies with time, yi represents the water
body area, and xi represents the time.

b) When reflecting the change of climate factor variables
with time, yi represents the climatic variable, and xi

corresponds to the time.
c) When studying the relationship between the water body

area and the climate factor variable, yi represents the
water body area, and xi corresponds to the climate
factor variable. The unitary linear relationship between
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dependent variables yi and independent variables xi was
established as follows [53]:

yi = intercept + slope · xi (7)

where i represents the sample i, i = 1, 2, . . . , n, intercept
is a linear regression constant, and slop is a linear
tendency coefficient. The values of intercept and slope
were determined using the least square method.

3) Time-Series Forecast of Climatic Factors: The ARIMA(p,
d, q) model is the ARIMA model, which treats the data series
formed by the predicted objects over time as a random series.
The part AR is an autoregressive process, and the part MA is
a moving average process [54]. p represents the order of the
autoregressive expression, d is the order of differences to make
the sequence stationary, q is the order of moving average term
[55]. ARIMA(p, d, q) is typically expressed as shown in the
following equation [56], [57]:

yt = α+ ϕ1yt−1 + ϕ2yt−2 + · · ·ϕpyt−p

+ εt − θ1εt−1 − · · · − θqεt−q (8)

where yt is current time-series value, accordingly
yt−1, yt−2, . . . , yt−p is the past value. ϕi(i = 1, 2, . . . , p)
and θi(i = 1, 2, . . . , q) are the AR and MA model parameters,
α is intercept and also the constant term in the model. εt is the
current residual, accordingly εt−1, εt−2, . . . , εt−p is the past
residuals. εt denotes the difference of yi in two time phases.
Three metrics, namely, R2, root-mean-square error (RMSE),
and relative root mean square error (r_RMSE) were employed
to evaluate the results of ARIMA.

4) Cumulative Distance Leveling Curve: To further analyze
the cumulative effect of the multiyear changes of climatic factors
and the relationship between the water body area and the various
climatic factors, the standardized cumulative anomaly curve
was extracted over the QTP from 2002 to 2020 for annual
mean air temperature, annual total precipitation, and annual total
evapotranspiration [58]. The cumulative distance level reflects
the phase characteristics of climatic factors by calculating the
cumulative distance from the annual value to the multiyear av-
erage value. Taking the standardized cumulative anomaly curve
of annual mean air temperature as an example, the rising and
falling sections of the standardized cumulative anomaly curve
represent the relatively warm and relatively cold periods of the
QTP temperature, respectively.

IV. RESULTS

A. Accuracy Evaluation of Water Extraction

To evaluate the accuracy of the surface water extraction
method based on MNDWI, four Landsat images evenly dis-
tributed in the QTP were employed (see Fig. 1). These four
Landsat images, with different elevations, had large lakes and
permanent and seasonal water bodies at the same time, which
were representative in the image selection. The overall accuracy
and Kappa coefficient calculation results for the four Landsat
images are shown in Fig. 4, and the commission error and
omission error are given in Table I.

Fig. 4. Overall accuracy and Kappa coefficient of four Landsat images based
on the validation with visual interpretation.

TABLE I
COMMISSION ERROR AND OMISSION ERROR OF FOUR LANDSAT IMAGES

The accuracy evaluation of the surface water extraction
showed that the overall classification accuracies for the four
Landsat images were 98.40%, 97.20%, 97.60%, and 98.80%,
respectively. The accuracies of images (b) and (c) were slightly
lower than images (a) and (d). This is because the water bodies
in images (b) and (c) were smaller than that of images (a) and (d)
and had more mixed pixels, hence arousing more uncertainty in
surface water extraction. In addition, the water bodies in images
(b) and (c) were less than those in images (a) and (d). The number
of random points falling on the water samples in images (b) and
(c) was less, which also affected their accuracy. In general, the
method combing the MNDWI with the JRC water body dataset
has a high accuracy for surface water extraction over QTP, with
overall accuracies of higher than 97%.

For JRC global surface water data, commission errors were
less than 1% and omission errors were less than 5% [22]. By
comparison, the accuracy of the proposed method in this study
is close to the accuracy of JRC global surface water data.

B. Analysis of Spatial–Temporal Changes in Water Bodies

1) Spatial Distribution of Water Bodies: Taking 2020 as an
example, the classification map of water bodies in the QTP area
is shown in Fig. 5. The water bodies were widespread throughout
the QTP and had significant regional differences due to the
influence of climate and other factors. The water bodies of the
QTP showed the overall characteristics of more in the northern
and western parts and less in the southern and eastern parts.
Fig. 5(a) shows seasonal water body in the shape of a river inflow
in the western part of Achickule lake. As shown in Fig. 5(b) and
(c), Qinghai lake and Seling Co lake, as the first and second
largest saltwater lakes in the Chinese mainland, have large area
of permanent water bodies. In addition, Fig. 5(d) and (e) show
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Fig. 5. Classification map of water bodies in the QTP region in 2020. (a) West of Achickule lake. (b) Qinghai lake. (c) Seling Co lake. (d) Pumoyum Co lake
and Yamdrok lake. (e) Zhaling lake and Eling lake.

the distribution of water bodies for four lakes in the QTP, i.e.,
Pumoyum Co lake, Yamdrok lake, Zhaling lake, and Eling lake.
They have large scale permanent water bodies, and have small
scale seasonal water bodies distributed around the lake.

2) Water Body-Type Transformation: Fig. 6 shows the trans-
formation of water body-type over QTP from 2002 to 2020.
As shown in Fig. 6(a), the surface water area of Baisha lake
in the northwest of the QTP increased rapidly in the past 20
years, mainly as the transformation of some nonwater bodies and
seasonal water bodies into permanent water bodies. Zhuonai lake
in the middle of the QTP showed a decreasing trend in the water
body area, and some permanent water bodies were converted
into seasonal water bodies, as shown in Fig. 6(b). In Fig. 6(c),
East Dabson Lake had both new water body and disappeared
water body. Part of the permanent water bodies in the eastern and
western parts of the East Dabson lake disappeared while some
new permanent water bodies appeared in the middle. Fig. 6(d)
shows an expanding trend of Seling Co lake. The nonwater bod-
ies were transformed into permanent water bodies and seasonal
water bodies, which led to the increase of the area of Seling Co
lake in recent years. In Fig. 6(e), some nonwater bodies on both
sides of the channel of the Yalong river region were converted
into permanent water bodies, and the increase in its water volume
was reflected in the widening of the river channel. In addition, a
small amount of seasonal water bodies was distributed outside
the permanent water bodies, reflecting the water body change in
the Yalong River with the dry and rainy seasons.

3) Analysis of Water Body Change Trend: The area change
of seasonal and permanent water bodies with time in the whole

of the QTP was analyzed, as shown in Fig. 7. The permanent
water area changed from about 46 300 km2 to about 54 700
km2 from 2002 to 2020, showing a fluctuating upward trend.
The permanent water in the QTP had a minimum area in 2002,
about 46 300 km2, and reached the maximum in 2019, about 55
600 km2. The permanent water area increased by an average of
432 km2 per year. Seasonal water area changed from about 8900
km2 to about 6600 km2, showing a fluctuating downward trend.
Seasonal water area was the largest in 2002, about 8900 km2,
and reached the minimum in 2019, about 6400 km2. The average
annual reduction of the seasonal water area was 57 km2. Overall,
the water body area of the QTP (including seasonal and perma-
nent water bodies) in 2002 was about 55 200 km2, accounting
for 2.19% of the total area of the QTP. In 2020, the water body
area (including seasonal water and permanent water) was about
61 300 km2, accounting for 2.43% of the total area of the QTP,
and the overall water area had a fluctuating upward trend.

The temporal and spatial variation of water bodies for 12
subbasins in QTP was further analyzed, as shown in Figs. 8 to 10.
Fig. 8 shows that the permanent water body area of most basins
was increasing. Fig. 10 shows that the permanent water area of
Inner basin increased significantly at a rate of 297 km2/a, and the
permanent water area of Salween basin decreased significantly
at a rate of 2.40 km2/a. From the perspective of spatial location,
the regions increased with high significance in permanent water
body area were mostly located in the northern, western and
eastern parts of the QTP, whereas the four basins with decreasing
trend of permanent water body area were located in the south-
western part of the QTP. Fig. 9 shows that the seasonal water area
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Fig. 6. Map of water body-type conversion in the QTP from 2002 to 2020. (a) Baisha lake. (b) Zhuonai lake. (c) East Dabson lake. (d) Seling Co lake. (e) Yalong
river.

Fig. 7. Interannual changes of permanent and seasonal water bodies area in
QTP from 2002 to 2020.

of Indus basin increased significantly at a rate of 1.60 km2/a, and
the seasonal water area of Inner basin decreased significantly at
a rate of 52 km2/a. From the perspective of spatial location, the
regions increased with high significance in seasonal water body
area were mostly located in the central part of QTP, whereas the
regions with a decreasing trend of the seasonal water body area
were located in the Eastern QTP.

C. Statistical Analysis and Time-Series Analysis of Climatic
Factors

1) Statistical Analysis of Climatic Factors: The average tem-
perature, annual precipitation, and annual evapotranspiration of
the QTP from 2002 to 2020 are shown in Fig. 11. On the time

scale, the average temperature, annual precipitation, and annual
evapotranspiration of the QTP in the past 20 years showed a
fluctuating upward trend. The average temperature of the QTP
had the most obvious increasing trend with the interannual
variation based on the relative rate of factor change (the ratio
of the absolute rate of change to the mean value of the factor
for many years), increasing at the rate of 0.0232 °C/a. The
changes of annual precipitation and annual evapotranspiration
were relatively slow, increasing slowly at the rates of 2.0837
mm/a and 0.1458 mm/a, respectively. The three climatic factors
in the QTP had 4–5 fluctuations in the time-frequency domain
in the past 20 years. The average temperature and annual evapo-
transpiration showed the same trend, which was consistent with
the physical law of higher temperature and faster evaporation.
In 2016, the sum of annual average temperature and annual
evapotranspiration reached the maximum in nearly 20 years,
namely, −2.232 °C and 412.577 mm, respectively.

Fig. 12 shows that in 2005–2007 and 2014–2015, temper-
ature and evapotranspiration increased, whereas precipitation
decreased, corresponding to the reductions in the area of the
seasonal water bodies in the same period. From 2015 to 2018,
the standardized cumulative anomaly curves of annual mean air
temperature, annual evapotranspiration, and annual precipita-
tion showed an upward trend. Overall, the seasonal water area
from 2015 to 2018 first increased and then decreased.

2) Climate Factor Time-Series Analysis and Prediction: The
monthly climate factor data were used to establish an ARIMA
model directly after a stationary test. The ARIMA model
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Fig. 8. Map of spatial and temporal variation trend of permanent water area in the subbasin of the QTP from 2002 to 2020.

Fig. 9. Map of spatial and temporal variation trend of seasonal water area in the subbasins of the QTP from 2002 to 2020.

parameters of temperature, rainfall, and evaporation amount
were set as (7, 1, 2), (8, 1, 2), (9, 1, 2). The R2 of the three
models were 0.975, 0.928 and 0.987, indicating that monthly
change explained the temperature, precipitation, and evapora-
tion of 97.5%, 92.8%, and 98.7%, respectively, showing that
the model fitted well. The RMSE of the whole of the QTP
and its 12 basins were 1.29 ° for air temperature, 9.24 mm
for precipitation, and 2.88 mm for evaporation. The relative
predictive error standard difference r_RMSE was 0.17 for air
temperature, 0.26 for precipitation, and 0.08 for evaporation. In
the ARIMA model, the evapotranspiration model had the best

fitting effect with the observed value. Fig. 13 shows the model
prediction results with the example of temperature.

To illustrate the robustness of the ARIMA model, the model
was retrained by replacing the input data from 2002 to 2020 by
from 2002 to 2018 and from 2002 to 2019, and their predicted
results were compared. Table II gives that the predicted results of
temperature from January to December in 2020 using the model
with different input data were very close. This indicates that
the model constructed in this article had a long-time prediction
ability and a good robustness. When the climatic factors of
from January to December in 2020 were projected using 19
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Fig. 10. Interannual change of permanent water area and seasonal water area of the subbasins in the QTP from 2002 to 2020.
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Fig. 11. Annual average temperature, total precipitation, and total evapotran-
spiration over the Tibetan plateau from 2002 to 2020.

Fig. 12. Standardized cumulative anomaly curves for average temperature,
annual evapotranspiration and annual precipitation (up), and the seasonal water
body (down) over the Tibetan plateau from 2002 to 2020.

years of climate factor data, the prediction errors were 8.93%
for air temperature, 12.83% for precipitation and 5.02% for
evapotranspiration, respectively.

Based on the air temperature, precipitation and evapotran-
spiration data of 2002–2020, the monthly climatic factors for
2021–2025 were predicted. The annual mean temperatures for
2021–2025 were−2.557 °C,−3.078 °C,−3.173 °C,−3.030 °C,
and −2.851 °C. The annual total precipitation values from 2021
to 2025 were 470.21, 470.54, 472.8, 475.08, and 477.39 mm.

Fig. 13. Prediction results of temperature factor using ARIMA model.

TABLE II
PREDICTION RESULTS OF TEMPERATURE FACTORS OBTAINED

BY DIFFERENT MODEL INPUT

The annual total evapotranspiration values from 2021 to 2025
were 386.54, 386.12, 385.73, 384.93, and 384.12 mm.

D. Water Bodies and Climate Factor Correlation Analysis

1) Permanent Water Body Area: Fig. 14 shows that the per-
manent water area of AmuDayra, Bruhmaputra, and Mekong
watersheds was mainly influenced by the annual mean temper-
ature. The mean temperature of the coldest month was a major
influence factor of the permanent water area in Inner and Qaidam
basins, and annual total evapotranspiration was a major influence
factor of the permanent water area in Indus and Salween basins.
Spring mean temperature, annual total precipitation, summer
and autumn total precipitation had the maximum effect on other
basins.

Among the correlations between permanent water area and
climate variables in each basin, the best correlation was found
between permanent water area and total annual evapotranspi-
ration in the Ganges basin, with Person coefficient of -0.72 (p
< 0.01), and the linear fit between the two was: y = −10−6x +
0.0009 (p< 0.01, R2 = 0.11). Among the 13 factors, total annual
evapotranspiration in the Ganges basin was the most important
factor affecting the change in the permanent water area. From the
time series prediction of total annual evapotranspiration in the
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Fig. 14. Most relevant climate factor variable for the permanent water area in each basin in QTP.

Ganges basin, there is an increase of about 10 mm in total annual
evapotranspiration in the basin during 2021–2025. Therefore, it
can be inferred that the permanent water area in the Ganges basin
in 2025 would decrease by 0.1 km2 compared with that in 2020.
For the whole QTP, the correlation between total precipitation
and the permanent water area was the strongest. The linear fitting
relationship between the total permanent water area of the QTP
and the total precipitation was y = 0.004x + 3.3421 (p = 0.06,
R2 = 0.19). According to the ARIMA climate factor time-series
model, the total precipitation of the QTP would increase slowly
at first and then rapidly during 2021–2025. Therefore, the total
permanent water area of the QTP would increase by 294 km2 in
2025 compared with 2020.

2) Seasonal Water Body Area: Fig. 15 shows that the sea-
sonal water area of the Ganges, Qaidam, and Salween basins
was mainly affected by annual total evapotranspiration. The
autumn total precipitation was a major influence factor of the
seasonal water area in Tarim and Hexi basins, and autumn mean
temperature was a major influence factor of the seasonal water
area in Indus and Mekong basins. The other basins were mainly
affected by annual mean temperature, spring mean temperature,
summer mean temperature, spring and winter total precipitation.

Among the correlations between seasonal water area and
climatic factors in each watershed, the best correlation was found
between seasonal watershed area and total spring precipitation
in Brahmaputra watershed, with Person coefficient of 0.58 (p
< 0.01), and the linear fit between the two was: y = 0.0002x
+ 0.0707 (p < 0.01, R2 = 0.23). The total spring precipitation
in the Brahmaputra watershed was the most important factor
affecting the change in seasonal watershed area. From the time
series prediction of total spring precipitation in the Brahmaputra
watershed, it was concluded that the total spring precipitation

in the watershed showed a steady-decreasing-increasing trend
during 2021–2025. Therefore, it can be inferred that the seasonal
watershed area of Brahmaputra watershed will first decrease
by about 20 km2 and then increase by about 80 km2 during
2021–2025. For the entire QTP, the autumn mean temperature
and seasonal water area were most relevant. The linear fitting
relationship between the overall seasonal water area and the
autumn mean temperature of QTP was y = −0.0221x+0.7034
(p = 0.13, R2 = 0.13). According to the ARIMA climate factor
time-series model, the autumn mean temperature in the whole
QTP showed a trend of decreasing first and then increasing.
Therefore, the seasonal water area in QTP will reach its peak
value in 2023, increasing by 131 km2 compared to 2020, and
decreasing by 203 km2 in 2025.

V. DISCUSSION

A. Water Body Extraction From Time-Series Landsat Data

Landsat series satellites provided abundant RS data, which
can realize long-term series and large-scale regional studies. Our
results proved that the MNDWI index had a high accuracy in
the extraction of water bodies from Landsat series data in QTP,
and these data were of great significance for the analysis of
long-term spatiotemporal changes and attribution of QTP water
bodies. However, there are some limitations. In terms of surface
water extraction based on MNDVI, identifying very small water
areas in the image remained difficult. How to achieve large-scale,
multitemporal water extraction more quickly and accurately is
the direction to of future research. In the future research work,
water extraction based on artificial intelligence method can be
explored to improve the water extraction accuracy in the QTP.
In terms of time frequency synthesis, the water body area of the
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Fig. 15. Most relevant climate factor variable for the permanent water area in each basin in QTP.

Qinghai Lake is continuously increasing, which also means that
the permanent water bodies area is continuously increasing. Ac-
cording to the calculation method of WOF, some confusion will
be between permanent water bodies and seasonal water bodies.
Other areas of the QTP may have the same problem. The calcula-
tion and classification methods for permanent water bodies and
seasonal water bodies need be further improved and optimized.

B. Cumulative Climate Effects on Seasonal Water Bodies

The water volume of the lake over the QTP was mainly con-
trolled by the melting of ice and snow, the melting of permafrost,
precipitation and evaporation [59]. The supplementary effect
of melting water from ice, snow and permafrost aroused by
temperature rise, the supplementary effect of precipitation on
lake water volume, and the consumption effect of evapotranspi-
ration on water volume were all different in a period of time.
In Fig. 12, the standardized cumulative distance level curves
of annual average temperature, annual evapotranspiration and
annual precipitation from 2015 to 2018 show an increasing trend,
which reflects a strong regularity and typicality, so the seasonal
water body area in this period is further analyzed. The seasonal
water area increase could be attributed to the transformation
of nonwater or permanent water regions into seasonal water
regions. The cause of reduced seasonal water could be summed
up as the seasonal water region converted into nonwater or
permanent water region, see Fig. 16. Based on change of the
seasonal water area, this period was divided into two parts (i.e.,
2015–2016 and 2016–2018) to analyze the impact of climate
factors on the seasonal water area. The increase in seasonal
water area in 2015–2016 was mainly due to the evolution of
the permanent water region into seasonal water region, and

Fig. 16. Seasonal water conversion in QTP from 2015 to 2018.

the variation area reached 1345 km2, accounting for 61.01%
of the increased seasonal water area. The decreased seasonal
water area in 2016–2018 was mainly because of the evolution
of seasonal water regions into permanent water regions, and
the variation area reached 3649 km2, accounting for 66.76%
of the decrease in seasonal water area. In general, the changes
in the water body area aroused by climate factor in 2015–2018
were interconversion of seasonal water bodies and permanent
water bodies.
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C. Correlation Analysis Between Water Bodies and
Climatic Factors

In the analysis of the water body types and climatic factors
changes, 13 typical climate factor variables were calculated
considering seasonal differences, which are used for screening
out the factors with the greatest correlation with the changes
in the area of various types of water bodies [60], [61]. The
area of various water body types in different basins would be
affected by the different climate factor variables. Moreover, this
study tried to predict the future changes of various water bodies
using climate factor forecast through data mining. However,
although the factor with the greatest correlation was selected,
the absolute value of the maximum correlation coefficient was
only 0.778 in solving the correlation coefficient with various
water bodies areas in each basin. The correlation coefficients in
some basins are relatively low because the changes of the water
body area in the basin were not evident or influenced by multiple
factors. In the future, multifactor combination methods would
be considered for improving the correlation coefficient between
climatic factors and various water bodies in each basin to carry
out a high-precision water body-type area change prediction.
The variation of the water body area is also related to the
permafrost covering a wide area of the QTP and topographic
relief, which needs further study.

VI. CONCLUSION

This article investigated the temporal and spatial variation of
water bodies, and their climate drivers in the QTP from 2002 to
2020. First, the water information of 12 subbasins of the QTP
was extracted from the long-term time-series Landsat data. The
transformation between different types of water bodies and the
spatial–temporal variation trend were analyzed. In addition, the
main driving factors of changes of permanent water bodies and
seasonal water bodies were explored using 13 climatic variables.
The main conclusions were as follows:

1) The water extraction method based on MNDWI combined
with JRC water dataset products had high accuracy, and the
overall accuracy was more than 97% over the QTP. The
annual WOF data synthesized by time-series data could
reflect not only the spatial distribution of water bodies,
but also the frequency of water bodies in time.

2) The surface water body of the QTP was more in the north
and less in the south, and more in the west and less in the
east. Seasonal water bodies were often accompanied by the
surrounding areas of the lakes and two sides of the river.
The permanent water area changed from about 46 300 km2

to about 54 700 km2, and the seasonal water area changed
from about 8900 km2 to about 6600 km2, presenting a
fluctuating downward trend. According to the temporal
and spatial variation results of the subbasins of the QTP,
permanent and seasonal water areas were increasing in
most basins, and only a few basins located in the southern
and eastern parts of the QTP were decreasing.

3) From 2002 to 2020, the annual mean temperature, annual
total precipitation, and annual evapotranspiration over the
QTP showed oscillatory fluctuations, and the annual mean

or total amount generally showed an upward trend. The in-
crease trend of annual mean temperature was the most ap-
parent, reaching 0.0232 °C/a, which was also synchronous
with that of annual evapotranspiration. The ARIMA model
was used to analyze and predict the climate data from
2002 to 2020, and 60 monthly data were obtained for
temperature, precipitation, and evapotranspiration from
2021 to 2025.

4) Among 12 subbasins in the QTP, the Pearson correla-
tion coefficient between permanent water area and annual
evapotranspiration in Gange basin was the largest, reach-
ing −0.72 (p < 0.01). The Pearson correlation coefficient
between seasonal water area and total spring precipitation
in Brahmaputra basin was the largest, reaching 0.58 (p <
0.01).

5) The total permanent water area of the QTP would show
a slow and then fast increasing trend during 2021–2025.
Compared with 2021, the total permanent water area of the
QTP would increase by 294 km2 in 2025. The seasonal
water area would increase by 131 km2 and decrease by
203 km2. The permanent water area in Gange basin might
decrease by 0.1 km2 and then remain stable in 2021–2025.
The seasonal water area of the Brahmaputra basin might
show a trend of stabilizing at first, decreasing by about 20
km2, and then increasing by about 80 km2 in 2021–2025.
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