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Lake Watershed
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The Ebinur Lake watershed is an important ecological barrier for environmental changes in the
Junggar Basin in Xinjiang Uygur Autonomous Region (XUAR). Due to the tremendous changes in the
underlying surface environment of the watershed in the past few decades, the watershed has become
a typical region of ecological degradation. Drought affects the surface dynamics and characterizes

the regional dry and wet environments, while the dynamic variation in lakes and vegetation are
indicators of dynamic changes in land surfaces. Thus, a quantitative assessment of the response of
lakes and vegetation to drought conditions at multiple temporal scales is critical for assessing the
potential impacts of regional climate change on terrestrial ecosystems and ecological restoration.

The standardized precipitation evapotranspiration index (SPEI), the spectral water index (NDWI) and
the normalized difference vegetation index (NDVI) were used to analyse the evolution of drought,

the variation in lake surface area and the sustainable variation in vegetation. Furthermore, we
quantitatively evaluated the response patterns of vegetation to droughts of multiple temporal scales
(1-, 3-, 6-, 12-, 24-month). The conclusions showed that (1) overall, the area of Ebinur Lake experienced
drastic fluctuations, and the lake area has decreased significantly since 2003, with a dynamic area of
817.63 km?in 2003 and 384.60 km?in 2015, and the lake area had shrank severely. (2) The interannual
variation of wet and dry changed alternately during the observation period, and persistent drought
events occurred from 2006 to 2010 across the Ebinur Lake watershed. (3) The vegetation area of
cultivated land expanded continuously across the watershed, and the grassland degraded severely. (4)
The changes in lake surface area are significantly correlated with the inflow water volume (correlation
coefficient=0.64, P < 0.01). (5) The vegetation of different terrestrial ecosystems exhibited
heterogeneous responses to multiple temporal scales of drought in different seasons. The percentage
was 72.78% of the total area, which showed a correlation between vegetation and drought conditions
during the growing season period, and there were more impacts of drought on vegetation, with values
as high as 64.33% of the area in summer, than those in other seasons.

Drought disasters are a natural climate phenomenon that occur when water availability is obviously below normal
levels over long periods, and different types include meteorological drought, agricultural drought, hydrological
drought and socio-economic drought, which are a popular issue in water resource research in arid regions'?.
Previous research over the last few decades has demonstrated that the frequency and intensity of drought have
increased significantly, leading to severe threats in relation to water resources, natural ecosystems and food secu-
rity’>=. Long-term meteorological drought will evolve into agricultural and hydrological drought, and drought
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severity is an important indicator of regional dry and wet environments. Different terrestrial ecosystems have
shown different responses to drought, but drought is undoubtedly one of the main factors driving the reduction
of landscape aboveground net primary productivity'. However, a general theory of the effects of drought on ter-
restrial ecosystems is lacking due to their inherent complexity and the limited knowledge of the seasonal drought
impacts on vegetation productivity over multiple temporal resolutions®. Thus, quantifying and predicting the
responses of different terrestrial ecosystems to arid climates are a crucial challenge for climate research’. One
of the major difficulties in evaluating drought is the selection of indicative variables. A single drought indicator
cannot accurately assess drought conditions such as drought duration, drought intensity or drought magnitude’.
Recently, many drought indices have been developed for drought monitoring; these indices include meteoro-
logical drought indices (e.g., the Palmer drought severity index (PDSI)’, the standardized precipitation index
(SPI)® and the standardized precipitation evapotranspiration index (SPEI)'. Additional many indices have been
developed based on remote sensing drought indices used for soil moisture drought monitoring (e.g., the tem-
perature vegetation dryness index (TVDI)? and multisource data based integrated indices'®!!, which have been
widely utilized to assess drought conditions. The PDSI is based on the soil water balance equation; however,
the PDSI is limited to a fixed temporal scale, which cannot be used evaluate the influence of multiple temporal
scales on drought'. The SPI addresses the limitations of the PDSI in terms of assessing drought conditions and is
widely used in global drought research'>'3; additionally, the SPI can be calculated for multiple temporal scales'.
However, the SPI calculation process incorporates only precipitation as a single indicator, ignoring the influence
of key climatological factors such as temperature and evapotranspiration; ignoring these aspect can affect the
intensity and frequency of drought'®. Additionally, the accuracy verification of drought indices constructed by
remote sensing is a large challenge. Therefore, the SPEI was established by Vicenete-Serrano and this index con-
siders both water deficits and surplus conditions at multiple temporal scales'>; additionally, the SPEI considers the
various meteorological factors affecting drought, which could address the limitations of the PDSI and SPI. Some
studies have shown that the SPEI is an effective indicator for describing the occurrence of drought events under
the background of global warming, especially in semi-arid and arid areas™'®"".

Ebinur Lake is the largest salt lake in the XUAR. Lakes are a crucial surface water resource and an indispen-
sable part of the wetland environment that plays a role in maintaining the balance of arid regional ecological
environments'®. The evolution process of lakes and the changes in the ecological environment caused by lake
changes are consequences of global climate change, regional environmental variations and human economic
activities'®. The expansion and shrinkage of the lake can significantly indicate the consequences of the drying and
wetting conditions of the regional environment. Previous studies have shown that the ecological environment
surrounding the lakes was destroyed at the beginning of the 1950s%. In recent decades, the area of Ebinur Lake
has severely declined, which has seriously affected the local ecological environment of the region*"*. It can be
seen that the long-term dynamic monitoring of lake water resources is of great significance for understanding the
arid regional hydrological process.

Vegetation, as another indicator of drying and wetting changes in the regional environment, provides a link
between the soil and atmosphere and plays an essential role in the exchange of energy on the surface of the
Earth; specifically, vegetation affects the carbon cycle, hydrological cycle and regional human activities®*. Based
on reflectance differences in the red and near-infrared band spectra, the normalized difference vegetation index
(NDVI), was used as the response indicator of vegetation to climate change, and the NDVI was derived from
satellite imagery, which is widely used to assess vegetation degradation, climate change and global vegetation
ecosystem health assessments*?*?>. Vegetation productivity is influenced by many factors, and climate change
is a key control factor affecting vegetation productivity®S; specifically, drought events, as the most important
global climate hazard, may lead to reduced vegetation productivity®. Although temperature and sun radiation
are necessary for vegetation growth due to their effects on photosynthesis, water transformation in the form of
soil moisture is essential for vegetation growth, especially during critical periods?’. Thus, the water balance is one
of the most crucial factors in determining the global vegetation distribution. In arid regions, the distribution of
vegetation is highly dependent on water resource availability*®. Zhao et al. evaluated the responses of vegetation
to droughts of multiple temporal resolution across China and indicated that vegetation productivity and SPEI
were significantly positively correlated in most regions of China?. However, different vegetation types may have
different response resistances and temporal responses to drought. Recently, the concept of temporal scales has
been used to quantitatively analyse the influence of drought on vegetation due to the differences in vegetation
types resulting in different responses to drought®. Thus, evaluating the relationship between drought conditions
and vegetation type response is of practical significance for studying the relationship between regional changes
and terrestrial ecosystems.

In recent years, drought monitoring research in arid regions of the Ebinur Lake watershed has received limited
attention. In arid and semi-arid fragile ecological regions, lake dynamics and vegetation variation are indicators
of regional drought climate changes®'. However, some studies have focused only on the relationship between
lake surface area changes and climate change and human activities, watershed landscape patterns and land use/
land cover change (LUCC) and lake water qualities*****, However, the response of vegetation to climate change
is rare, especially in arid climates. Moreover, the watershed is primarily based on farming and animal husbandry,
resulting in the watershed ecosystem being more susceptible to drought events. Due to the complex landscape
heterogeneity (mountain-oasis-desert ecosystem) of the watershed and the different resistance values of veg-
etation species to drought, there is currently no quantitative analysis for assessing the impact of drought on
vegetation. Therefore, reviewing previous studies on the effects of climate on lake area and vegetation dynamics,
the link between drought and vegetation growth and changes in inland lake area may help us further understand
the effects of drought. In this context, this research attempts to fill in the gaps in the effects of drought climate on
regional ecological environments, vegetation and lake dynamics in arid regions. The aim of this paper is to clarify
the following points: 1) identify the dynamic evolution of the surface of arid inland salt lakes over the past 16
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O.A. Kappa PA. U.A. Commission Omission

Date Method | (%) Coefficient (%) (%) (%) (%)

MLC 97.74 0.95 94.93 95.46 2.54 1.07
September 7%, 2000

NDWI 98.85 0.98 96.37 95.89 1.07 0.76

MLC 98.83 0.97 96.54 97.35 1.45 0.76
September 13, 2008

NDWI 99.17 0.99 97.31 96.68 0.83 0.46

MLC 99.25 0.99 98.72 98.64 0.62 0.35
September 17, 2015

NDWI 99.84 0.99 99.53 99.68 0.22 0.17

Table 1. Confusion matrix for the water extraction accuracy evaluation using different methods on September
8th, 2000, September 13, 2008 and September 17%, 2015. Note: O.A. means overall accuracy; P.A. means
producer’s accuracy; and U.A. means user's accuracy.

years; 2) analyse the evolution process of droughts at multiple temporal scales; and 3) reveal the seasonal response
sensitivity of different terrestrial ecosystems to drought at multiple temporal scales (1, 3, 6, 12, 24 months).

Results

Accuracy evaluation and verification.  To evaluate the classification accuracy of the NDWI, in this paper,
the maximum likelihood classification (MLC) method based on Landsat-5,7,8 was applied for water body extrac-
tion, and the result indicated that the region of interest (ROI) separability values of water and non-water were
all greater than 1.99, which can be used for accuracy verification by establishing an error matrix for the NDWI.
Compared to the MLC results, the NDWI yields a better overall accuracy in the study region. From a quantitative
perspective, the overall accuracy and kappa coefficient of the NDWI for lake water extraction were 99.94% and
0.99, respectively, on September 17th, 2015, which can be applied for the dynamic detection of the Ebinur Lake
water surface area with ideal accuracy (Table 1 and Fig. 1).

Dynamic variation detection of lake surface area. Changes in lake water surface areas are essential
indicators of different environmental climate conditions at multiple time scales, and the inter-annul variations
reflect the responses to climate change®**. Anthropogenic activities have altered the climate and led to changes
in the water cycle, especially in fragile arid inland river watersheds®. Detecting the inter-annual variation of
lake water surface areas is essential to understanding the local hydrological cycle. During the observation period
from 2000 to 2015, the inter-annual fluctuation of lake water area changed drastically, and the lake surface area
was reduced by 356.16 km?* Compared to other years, from 2000 to 2009, the minimum lake water surface area
appeared in 2009, which may have been caused by the extreme drought that occurred in the previous year. As can
be shown, during the observation period, four peak points appeared in 2003, 2009, 2012 and 2015 (Fig. 2). From
2001 to 2003, the lake surface area increased by 50.04%, with a dynamic change rate of 16.80%. However, the lake
surface area shrank by nearly half from 2003 to 2009, with only 430.91 km? in 2009 and a dynamic change rate of
—6.73%. From 2009 to 2012, the lake surface areas recovered slightly and changed from shrinking to expanding,
with a dynamic rate of 6.04%, which corresponded to an increase of 104.12 km* However, after 2012, the lake sur-
face area decreased sharply, reaching a minimum of 384.60 km? in 2015, with a dynamic change rate of —7.03%.
Changes in arid climates, especially in terms of the variation in precipitation and runoff, result in the dramatic
fluctuation of lake surface area. During the observation period, the volume of precipitation reached a maximum
peak value of 258.53 mm in 2002, and the minimum volume of precipitation was 135.56 mm in 2008. Meanwhile,
the SPEI value illustrated that extreme drought events appeared in 2008. The lake surface area severely shrank in
2009. The lake surface area was continuously declining from 2003 to 2010 but began to recover in 2011. Overall,
the dynamic variation in the lake surface area is negative. The peak trends in precipitation match fairly well with
the peaks at the lake level, though there is a slight delay. From the view of the entire period, the area of Ebinur
Lake has deteriorated and is experiencing the processes of expansion and declines (Figs. 2 and 3).

Trends in drought climate change. Research on droughts at multiple temporal scales could characterize
meteorological, agricultural and hydrological droughts. Therefore, we calculated the multiple time scale drought
index of SPEI-1, SPEI-3, SPEI-6, SPEI-12 and SPEI-24 based on meteorological data. By comparing the SPEI val-
ues from multiple temporal scales, the result shows the drought differences at the different time scales (Fig. 4). The
1-month SPEI implied a short-term water surplus and deficit condition. The 3-month SPEI showed an obvious
seasonal drought condition. Previous studies have illustrated that the evolution of drought at a 3-month temporal
scale with moisture conditions provides obvious climatic balance, which might imply the amount of available
moisture in a region®. The result showed that alternating wet and drought evolution was found during in the
1960s, and there was consistency in the different time scales (Fig. 4). From the early 1970s to the middle of 1974,
the entire watershed was in a wetting period; however, after 1974, a continuous drought occurred for more than
a decade. In addition, drought ended and a wetting period began during the middle of the 1980s until the early
1990s. As can be shown, the annual trend of the 12-SPEI showed an obvious reversal in the middle of 1974, and
this reversal demonstrated the transition from the wetting trend during the period of 1970-1974 to the drought
year period that occurred from 1974 to 1984 (Fig. 4). The peak value of the drought index indicated that extreme
droughts occurred in 1997 and 2008 at different temporal scales, with a value up to —2.22 at the 12-month time
scale in 1997 and a value of —1.98 in 2008. These results were highly consistent with those of historical drought,
which showed that the 12-month or long-term timescales of the SPEI were more appropriate for monitoring
inter-annual droughts.
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Figure 1. Lake water classification accuracy comparison between the MLC and NDWI.

i J | BN Lake area
700-
600 -
€ 500- j 1 §
Z 400- .
8
=
= 300-
200-
100 -
N 6 ® & & S0 0 Q)
> O IS

>
Figure 2. The variation of the Ebinur Lake surface area during 2000 to 2015.
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Figure 3. The spatiotemporal variation in the Ebinur Lake level from 2000 to 2015.

Spatiotemporal characteristics of the vegetation in the ebinur lake watershed. Using the sta-
tistical pixel method from the LUCC (Fig. 5a), the grassland area accounts for 62.58% of the entire watershed.
As can be shown that the spatial distribution of the NDVI was significantly different. High NDVI values were
mainly distributed in mountainous areas and cultivated land, while lower NDVT values were distributed in the
central regions with desertification, salinized land surfaces and alpine glaciers (Fig. 5b). The NDVI variation in
the Ebinur Lake area can be effectively characterized using the method of Theil-Sen median analysis and the
Mann-Kendall test to reveal the temporal and spatial distributions. The characteristics of the NDVT exhibit signif-
icant increases in the central oasis area and in the western regions of the whole Ebinur Lake watershed during the
observation period. The number of pixels with increasing NDVI trends was 39.74% of the total number of pixels,
of which 34.85% of the pixels had significant increases according to the statistical analysis of the pixels (Fig. 5¢).
This result indicates that increasing pixels are always found in oasis zones and grasslands located in the northern
area of Ebinur Lake. However, the number of pixels accounted for 38.07% of all pixels that had decreasing trends,
of which 10.52% of the pixels revealed a significant decrease. Compared with the increasing trend area, the pixels
that decreased could be found in the north-eastern area of the basin and in the oasis-desert interface of Ebinur
Lake. To determine the variation trend and the sustainability of the NDVI in the Ebinur Lake watershed, the
database of the trend analysis and the Mann-Kendall trend test was overlaid with the Hurst index results to reveal
the sustainability characteristic information of the NDVI. The resultsindicates that continuous growth of the
interior oasis had inverse trends, especially in the eastern and northern regions of the Ebinur Lake basin. It can
be seen from the figure that the number of pixels with a sustainable decreasing trend of the NDVI was 21.58% of
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Figure 4. Temporal variation of the SPEI at the 1, 3, 6, 12, and 24-month scale across the Ebinur Lake
watershed. The red colour represents the drying period, and the relatively blue colour represents the wetting
period.

the total number of pixels. Compared with the deceasing trends, the number of pixels with sustainable increasing
trends accounted for 22.63% of all pixels. Most of the region's area, i.e., 33.61% of the total number of pixels, had
conditions in which the trend developed in the opposite direction. The grasslands in the north-western, northern
and south-eastern regions fluctuated severely in the opposite direction (Fig. 5d).

Discussion

Lake dynamics and hydrological runoff analysis. The land surface processes of inland lake dynam-
ics and vegetation production are both indicators of regional climate change. Changes in lake surface area are
essential indicators of different environmental conditions at multiple temporal scales®. Especially in inland river
watersheds, the expansions and reductions of lakes are important indicators of the regional dry or wet environ-
ments. The dynamic variation in lake surface area is mainly affected by the comprehensive factors of regional
precipitation, temperature, evaporation and inflowing runoff water to the lake, and these factors are of great
significance to the local hydrological cycle®®*%. Some studies have laid the foundation for the research mechanism
of the change in lake surface area in the region®. Long-term meteorological drought could lead to agricultural
and hydrological drought*. To further quantify the driving force of integrated elements on lake water surface
changes, the meteorological drought index was calculated to characterize the regional dry and wet conditions
for exploring the changes in lakes under a certain climate and hydrological background. As can be seen that the
lake surface area is consistent with the water flow of the Bortala River and the runoff inflow volume in the same
period (Fig. 6). Compared to the Bortala River, the runoff volume of the Jinghe River was lower and consistent
with the amount of precipitation, which reached a minimum in 2008. During the observation period, extreme
drought events occurred in 2008. The result indicates that the period from 2006 to 2010 is obvious dry at differ-
ent temporal scales of drought; correspondingly, the lake area consistently declined during this period (Fig. 4).
The correlations between total runoff and tributary runoff and lake surface area were calculated separately. The
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Figure 5. The distribution of terrestrial ecosystem (a); annual average NDVT across the Ebinur Lake watershed (b);
Theil-Sen and Mann-Kendall trends of the NDVTI (c); sustainable variation in the NDVT from 20001 to 2015 (d).
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Figure 6. The annual runoff volume, the precipitation and the amount of water entering the lake from the
Bortala and Jinghe rivers.

correlation between lake water area and inflow water was 0.64 (r =0.64, P < 0.01) in the Bortala River; however,
there was a lower correlation between lake surface area and inflow water in the Jinghe River, which had a value
of 0.36 (r=0.36, P> 0.05), indicating that the change in lake surface area was significantly correlated with the
annual influx in Bortala. In contrast with the Bortala River, because the northern portion of the Tian Shan is a
vital ribbon of economic development in the XUAR*, the reason the runoff of the Jinghe River had unrelated
flow was caused by the anthropogenic activities, e.g., the available Jinghe urban water and the large amount of
irrigation water*>*, In addition, the continuous drought from 2006 to 2010 caused the continuous declines in the
runoff of the Bortala and Jinghe rivers shown in Figs. 4 and 6, respectively. Moreover, in arid regions, groundwater
may hinder the surface runoff from rivers to lakes*.

Spatial distribution of R,,,., in different seasons at multiple temporal scales of drought. Climate
change, water resource and vegetation productivity are crucial restrictions affecting sustainable social and eco-
nomic development in the arid region of Northwest China. In addition, the ecosystem vulnerability in these
regions has been sensitive to severe changes in climate, causing the evolution of a long-term warming-wetting
trend in the last 50 years; furthermore, this trend has been one of decreasing precipitation and increasing evapo-
ration and temperature®.

To evaluate the response patterns of vegetation to drought in the different vegetation types across the entire
Ebinur Lake watershed, the drought severity was quantified at multiple temporal scales using the SPEI in this
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Figure 7. Distribution of significant positive correlations between multiple time-scale SPEI values (1-, 3-, 6-,
12- and 24 month) and seasonal NDVTI. A non-significant pattern was shown by the white colour.

paper*. The results indicate there was a significant response in the variation of vegetation productivity to the
multiple temporal scales in different seasons. Similarly, the phenomena of this study confirm that drought mon-
itoring at different temporal scales results in a response of vegetation productivity to drought that is highly het-
erogeneous, depending on the temporal scales used for drought monitoring; other studies have verified these
conclusions®. As a major limiting factor of vegetation growing in arid regions, given the different resistance of
vegetation types to water deficits, previous studies have analysed the effects of drought on different temporal
scales to reflect the sensitivity of vegetation to drought*®. Based on the analysis of the multiple temporal scales of
drought performance of different vegetation types in different growing seasons (spring, summer, autumn and the
entire growing seasons), this paper studies the resistance of different vegetation types to multiple temporal scales
of drought. The results reported that the maximum correlation coeflicient between the SPEI and NDVI reflected
the seasonal responses of vegetation activity under drought conditions. However, the maximum correlation coef-
ficient between a shorter time scale for the SPEI and NDVT indicated sensitive responses to drought; additionally,
the vegetation responded quickly to changes in soil water content*”. Compared to short-term scale droughts,
the maximum correlation coeflicient in the longer time-scale between the SPEI and NDVI indicated that the
vegetation had a stronger resistance and resilience to drought effects'. Figure 7 demonstrates the distribution of
the vegetation response to multiple temporal scales of drought and shows the Rmax index values in the spring,
summer, autumn and the entire growing season. In this study, during the entire growing season, the areas with a
significant positive correlation between the NDVTI and SPEI accounted for 51.55%, 56.54%, 54.47%, 56.71% and
50.47% at the 1-, 3-, 6-, 12-, and 24-month scales, respectively (Fig. 7). It can be seen that the main vegetation
types associated with droughts at multiple temporal scales are grasslands, especially during short-term droughts,
and desert grasslands, which have a longer response period. Vicente-Serrano reported on the differences in
the response patterns of vegetation growth activities to drought indices at multiple temporal scales'. Overall,
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Figure 8. The seasonal pattern of the maximum correlation coeflicient between the vegetation and SPEI and
the time scales at which the maximum correlation coefficient was obtained across the Ebinur Lake watershed.

difference responses to drought could be described by the different resistance capabilities of vegetation types to
water deficits*’. However, there is no significant correlation with cultivated area for all droughts at all temporal
scales. This result can be explained clearly: during the growing seasons, agricultural crops are mostly located in
the oasis plain farming area due to the agricultural irrigation that affects the available water content of soil for
vegetation. For different seasons, there are obvious differences in the correlation between the NDVI and SPEI at
different temporal scales. In spring, the NDVI was significantly and positively correlated (P < 0.05) with multiple
temporal scales of the SPEI index, with values of approximately 11.23%, 21.5%, 22.25%, 22.31% and 21.48% of
the region, respectively. As seen, there is a significant lag in terms of the vegetation response to drought; however,
there are also obvious differences among different vegetation types. Compared to the 1-, 3-, and 6-month drought
scales, where the vegetation type is desert steppe, there is a high correlation with the long temporal scale drought
index. In the summer, the areas with a significant positive correlation accounted for 38.68%, 44.15%, 43.01%,
46.62% and 38.43% of the study area, respectively (Fig. 7). Compared to spring and autumn, in summer, almost
all natural vegetation types had a higher correlation between the NDVI and SPEI at the different temporal scales.

To analyse the highest correlation between the NDVI and seasonal drought at multiple temporal scales, we
extracted the maximum correlation coefficient (R,,,,) from April to October for the multiple temporal scales (i.e.,
1-, 3-, 6-, 12- and 24-month). Figure 8 illustrates that the impact of drought on vegetation changes, and there are
obvious differences with season and vegetation type. The R, of desert steppe vegetation and the SPEI are signif-
icantly positive in spring, summer, autumn and the entire growing season, However, the temperate grassland was
sensitive to the short-term water deficits of the 3-month and 6-month drought scales, especially in the eastern and
northern areas of the watershed, which are mainly covered by grassland vegetation®. In the growing season, the
NDVTI is correlated with drought throughout almost all regions of the Ebinur Lake watershed, including 72.78%
of the area. Ji and Peters proposed that the short-term drought variations reflected the changes in soil moisture
at the seasonal scale, indicating that the vegetation in the area described above was greatly affected by seasonal
precipitation and soil moisture changes®. As obviously shown in the woodlands in the Tianshan Mountains,
the desert steppe in the northern region and the alpine meadow steppe on the northern slope of the Tianshan
Mountains had a significant long-term response to drought that was a long as 12-24 months. In addition to the
effects of rainfall, the soil water supply in the high-altitude snowmelt runoff and the freezing of frozen soil weak-
ens the impact of drought on mountain vegetation®’. As seen from the Fig. 8, the influence of drought on vege-
tation is stronger in summer than in spring and autumn, with values of 36.86%, 64.33% and 38.61% of the entire
area affected by bare land, water, settlement and salinization of the watershed in spring, summer and autumn,
respectively (Fig. 8). However, the desert steppe was correlated with the long-term 12-month and 24-month SPEI
values due to the physiological characteristics of vegetation, which adjusted its survival strategy to adapt to the
effects of drought'”. It can be found the correlation between the NDVI and SPEI on cultivated land is weak in the
area of the Jinghe and Wusu oasis, where human activities are significantly frequent and there are better irrigation
conditions, especially in the summer. Due to the complex spatial heterogeneity of the watershed, the influence
of topography and agricultural irrigation should be considered when assessing the responses of vegetation to the
multiple temporal scales of drought in future research®.

Different correlations and seasonal variations were found in the diverse biome types (Fig. 9). The R,,,, coeffi-
cient between the NDVI and SPEI was higher in the growing season (median, 0.63) and summer (median, 0.57);
however, it was lowest in spring (median, 0.4). Moreover, the R, was higher for desert steppe (median, 0.75) and
shrubland (median, 0.7), but it was lower for cultivated land (median, 0.49) and meadow steppe (median, 0.63).
Although the correlation between the vegetation and SPEI was mostly positive, different terrestrial ecosystems
had significant differences.

Limitation of the current study. In addition, the distribution pattern of vegetation is constrained by
the hydrothermal equilibrium conditions, which means that surpluses and deficits of water resources and veg-
etation ecosystems play an important role in regulating the terrestrial ecosystems, hydrological processes and
socio-economic aspects of the basin. However, both climate change and human activities are closely related to
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Figure 9. The correlation R,,,, between the vegetation and SPEI in different seasons in different terrestrial
ecosystem types. Note: A, B, C, D, E, F separately represent differences of the Rmax coeflicient between the
NDVI and SPEI at different levels.

vegetation productivity and lake dynamics. In this paper, only climatic factors were used to analyse the dynamic
variation in lake surface area and vegetation production. However, the evapotranspiration process is very com-
plicated and is affected by many factors. Second, drought evolution shows certain spatial and temporal structural
dynamics. Therefore, based on this research, multiple factors should be considered comprehensively, and more
longer-term and larger spatial scales should be conducted in future research; for example, climate and anthropic
activities should be considered in future research.

Conclusions

In this manuscript, the multiple temporal scales drought indices were calculated to assess the wetting and drying
evolution, the dynamic variation of lake surface area and response pattern of vegetation to drought conditions in
the watershed; This study provided an sensitivity assessment of different terrestrial ecosystems to multiple tem-
poral scales drought. And the main summary of the results as follows:

(1) The interannual variation of wet and dry changed alternately during the observation period;and the results
indicated that persistent drought events occurred from 2006 to 2010 across the Ebinur Lake watershed.

(2) The conclusion of the dynamic lake variation showed that the correlation between the lake surface area and
inflow water volume was 0.64 (r =0.64, P < 0.01), which indicated that the changes in the water surface
area were significantly correlated with the inflow water volume. The lake area has decreased significantly
since 2003, with a dynamic area of 817.63 km? in 2003 and 384.60 km? in 2015. The overall NDVI of the
watershed degraded continously, espercially the grassland condition severely degraded.

(3) Overall, we used the maximum correlation coefficient between the NDVI and multiple temporal drought
conditions to evaluate the response patterns of different arid terrestrial ecosystems to seasonal drought.
The influence of drought on vegetation usually depends on differences in drought resistance and drought
stress levels. Among the different terrestrial ecosystems, the temperate grassland showed a high correla-
tion in the short-term (3-,6-months) temporal scale during the growing seasons;and the desert ecological
system and alpine meadow grassland showed long-term response period in growing seasons, also revealed
siginificant difference in different seasons, which was associated with the resistance of arid vegetation to
drought and included certain vegetation survival strategies and features. The results provided crucial infor-
mation on the responses of different terrestrial ecosystems and lake hydrology to multiple temporal scales
of drought in the Ebinur Lake watershed.

Materials and Methods

Study area. The Ebinur Lake watershed (43°38/-45°52/N, 79°53/-85°02'E) is a typical arid inland river water-
shed, located in the north-western region of Xinjiang Uygur Autonomous Region (XUAR) (Fig. 10); the water-
shed borders the northern slope of the Tianshan Mountains, is southwest of the Junggar Basin and west of the
Bortala Valley. It belongs to the typical continental arid climate zone, with precipitation of only 100-200 mm,
and Ebinur Lake is the largest salt lake in XUAR®2 There are specific climate characteristics due to the complex
landscape pattern, which has a mountain-oasis-desert ecosystem™. The overall ecological environment is highly
vulnerable. The unique natural geographical factors determine the ecological environment in the watershed, and
the ecological environment is extremely fragile; for example, desertification and salinization are serious, and
sandstorms are frequent®. The vegetation coverage and lake area health environment of the Ebinur Lake water-
shed are also related to the industrial and agricultural production and economic sustainable development of the
northern slope of the Tian Mountains, affecting the smooth flow of international transportation of the Eurasian
Continental Bridge. The deterioration of the ecological environment caused by the shrinking of Ebinur Lake in
the past 50 years, the extent of its ecological hazards, and the serious consequences make the ecological security of
Ebinur Lake an urgent issue related to the overall social and economic development of Xinjiang®. The vegetation
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Figure 10. Geographical location of the Ebinur Lake watershed.

and lake area have changed due to climate change and anthropogenic activities, and these results have been
reported in previous studies. In addition, the Kuitun River has become a seasonal river; furthermore, only the
Bortala River and Jinghe River flow into the lake>**’.

Experimental Design

Normalized difference vegetation index data. The NDVI dataset is obtained from the US National
Aeronautics and Space Administration (NASA MODIS Vegetation Index product data MOD13Q1 with a spatial
resolution of 250 m and a temporal resolution of 16 d during growing seasons of 2000 to 2015; these data were
downloaded from (http://ladsweb.nascom.nasa.gov). The dataset of MOD13Q1 was pre-processed with regard to
radiation correction, atmospheric correction, and coordinate transformation, and the images are available for the
vegetation coverage calculation with cloud removal and removal of bad lines®®.

Lake water body extraction and area variation detection. The lake water body data were derived
from Landsat satellite imagery datasets. The datasets in this paper were mainly obtained from Landsat 5, 7 and 8
series satellites®. The remote sensing software ENVI and ArcGIS were utilized to extract the lake water body area
and analyse the dynamic variation in the lake water body area during the research period.

The spectral water index was derived from different arithmetic operation and spectral properties, and the
results showed heterogeneity in different media surfaces. Thus, appropriate thresholds of the indices were utilized
to separate water bodies from other land-cover characteristics based on the spectral characteristics, in which
water obviously absorbs energy at near-infrared (NIR) and shortwave-infrared (SWIR) wavelengths. The optical
spectral water indices, such as the normalized difference water index (NDWI) and modified normalized dif-
ference water index (MNDWI), can maximize the spectral features used to distinguish water and land surface.
According to the reports of Han et al., research on the dynamic variation of Qinghai Lake and the use of the
MNDWI to extract lake information can satisfy the accuracy requirement®; additionally, Tian ef al. indicated
that for Poyang Lake, which is surrounded by urban and dense built-up regions, the MNDWI showed the most
accuracy in terms of extracting the water body from the urban water region®. The MNDWI was determined
to be more suitable for distinguishing urban buildings and water areas in the SWIR band spectral information.
However, in the research reports of Zhang et al., the use of the spectral water MNDWI for water extraction in
Ebinur Lake may lead to a misclassification between the water and surrounding dry lakebed because the MNDWI
tends to weaken the effect of the mountain shadows®?; this weakening may result in an overestimation of the
water area. This result indicated that the NDWI might be a more appropriate spectral index for water extraction
in natural and agricultural environments in arid and semi-arid regions. In this paper, the NDWI was utilized for
water extraction, and this index has been widely used globally®*-%. This index considers the format of the NDVI,
as follows:

NDWI — PereEN — PNir
Poreen T PR (1)
where NDWI is the spectral water index; pgrzgy is the reflectivity in the green band; and pyyy is the reflectivity

in the NIR band. By setting reasonable threshold value, counting the number of pixels within the threshold, and
calculates the area value of the lake?.
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The dynamic degree of the lake water surface area characterizes the variation ratio of the lake surface area in
relative observation periods. This index quantifies the dynamic variation rate of the shrinkage and expansion of
the lake®. In this study, lake dynamics are calculated to characterize the annual variation of lakes as follows:

U, - U 1
L1 % = x 100%
U, T (2

K=

where U, and U, are the areas at the beginning and the end of the period, respectively; T'is the study period; and
K is the value of the annual rate of area dynamics.

Accuracy evaluation and validation. Based on previous research results combined with field investiga-
tions in the study area, evaluating the accuracy of the water body extraction is necessary. Feyisa et al. proposed
a method for automatically extracting water bodies and used the maximum likelihood method of supervised
classification to verify the accuracy of the water body extraction with good precision®. To accurately evaluate
the accuracy of the NDWI model in extracting the lake water area, the water area extracted from Landsat-5,7,8
using visual interpretation was regarded as the ground-truth lake water area, and a quantitative statistical anal-
ysis method was used to examine the classification accuracy of the NDWI model®®. Based on the ground-truth
water areas from Landsat (there images of September 8, 2000, September 13, 2008 and September 17, 2015),
the accuracy of the NDWI category was assessed by utilizing the maximum likelihood classification confusion
matrix method. Through the value of the kappa coefficient, the producer and user accuracy and commission and
omission errors were used to evaluate the overall accuracy®.

Meteorological and Hydrological datasets. The meteorological dataset was derived from the China
National Meteorological Information Center (http://data.cma.cn/) for the period from 1960 to 2015. The
observed parameters include the monthly average temperature, precipitation and sunshine duration. All data
were selected after a rigorous quality inspection and control. The missing meteorological data of each station
were filled using the method of linear interpolation. The runoff data of the Bortala River and Jinghe River and
the amount of water flow into the lake were acquired from the Hydrological Department in XUAR, China. In this
paper, the sub-interval of 2000-2015 was the research period associated with the NDVT change.

Vegetation and LUCC datasets. In this paper, we utilized a vegetation ecological map dataset with a scale
0f 1:1,000,000, and this map dataset was derived from the Data Center for Resources and Environmental Sciences,
Chinese Academy of Sciences (RESDC); these maps were used to analyse the correlation between different terres-
trial ecosystems and droughts at multiple temporal scales.

Methods

Trend analysis and the mann-kendall trend test. The Theil-Sen median trend analysis, non-paramet-
ric Mann-Kendall test and Hurst index were used to analyse the trend of climate and vegetation coverage. Non-
parametric tests make no assumptions about the distribution of the data and are widely used for trend analysis of
spatiotemporal variations®"7*”!. The Sen trend analysis was used to analyze the spatial distribution characteristics
of NDVI series;and the formula for Sen trend analysis is calculated as follows”*:

(NDVI, — NDVI))
Slope = Median|-—— = || V1 < i<j<n
(] - 1) (3)

where j and i refers to time series indexes, Npy;; and NDVT; are the NDVT values of time series in pixels j and i.
When Slope > 0, NDVI refers to an upward trend; when Slope < 0, NDVT refers to a downward trend.

The Mann-Kendall trend test does not require a specific sample distribution, and this condition is more suita-
ble for an array of data and is useful for detecting monotonic trends’”*. The Mann-Kendall test is widely used for
trend analysis in climatic studies’>”°. Thus, in this study, the Mann-Kendall test was utilized to evaluate the trend
of the NDVI based on pixels. The calculation process is as follows:

g’ S>0
Afvar(s)

Z,=10 S$=0
S—1 s<o

A/var(s) ’ (4)

n—1 n
S=>">" sign(NDVI, — NDVI)
i=lk=i+1 (5)

1 NDVI, — NDVI, > 0
sign(NDVI, — NDVI,) ={ 0 NDVI, — NDVI, = 0
—1 NDVI, — NDVI, < 0 6)
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where NDVI, and NDVT, are the subsamples of the time-series datasets;  is the length of the series dataset; S is the
test statistic; Sign is the sign function; Due to the difference in the n values of time series period, the appropriate
statistical test for judging significance differs. Mann and Kendall et al. indicated that when n > 8, the statistic S
roughtly obeys the normal distribution””78, otherwise, when 7 < 8, the test statistic S is used directly for a bilateral
trend test; and if $> 0, S=0 or S < 0 refers to an upward trend, non-trend and downward trend, respectively. In
this study, the time series was of length n > 10, thus, the significant statistic test Z was untilized to examine the
trend. Under the given significance level of o= 0.05, which corresponds to the value of Z=+1.96 and implies a
significant change when |Z| > U,_,,. Additionally, +Z, _ , is the standard normal deviation. | Z| > 1.96 illus-
trates the time series is significant at the level «=0.05, and |Z| < 1.96 illustrates the time series is not significant
at the level «=0.05".

Hurstindex. The Hurst exponent has been widely used in economics, hydrology and climatology to quantita-
tively analyse the sustainability of a series dataset®, and this index does not make assumptions about the statistical
restrictions. In addition, the Hurst index was applied early in the hydrological predictions of the Nile River. In this
study, the R/S analysis is used to calculate the H index as follows:

The cumulative deviation is calculated as follows:

Xomy = 2 (X = X)Lt <7
=1 )
The extreme deviation sequence is formulated as follows:
Ry = max X, ,— mnX, 7=12, -, m1<t<T (8)
The standard deviation sequence is calculated as follows:

1

1< Ne
Sy =1=>Xp—-X)| 7=1,2,,n
(6] (A 7) R
= ©)
The Hurst index is calculated as follows:
R
() _ (e
S(7) (10)

According to the formula, the Hurst exponent is derived by the least squares method and ranges from 0 to 1,
which reveals the fractal characteristics of the time series. When H = 0.5, the trend shows no obvious correla-
tion. When 0 < H < 0.5, the trend implies an opposite variation from that of the past in the future, and when H
is smaller than 0, the anti-sustainability value is stronger. However, when H > 0.5, the trend implies the value is
consistent with that in the past and is related to the magnitude of H.

SPEI calculation. The newly developed SPEI was used to characterize the drought evolution in the Ebinur
Lake basin from 1960t02015. Considering the availability of meteorological datasets, the monthly difference in
precipitation and potential evapotranspiration was calculated for the SPEI using the Thornthwaite method®!.
With the calculation of the monthly values for precipitation (P) and potential evapotranspiration (PET), the dif-
ference between P and PET for the ith month is calculated as follows!*:

m
PET — [ﬁ][NDM][lOT
12)0 30 I (11)
i= (T/5)/%1 (12)
m=6.75x 101> — 7.71 x 10°I* + 1.79 x 107%I + 0.492 (13)

where T is the monthly mean temperature (°C), N is the maximum number of sun hours, NDM is the number of
days in the month, and I'is the heat index. The heat index is calculated as the sum of 12 monthly index values i; the
latter is calculated by the mean monthly temperature; and m is a coeflicient that depends on I.

D, = P, — PET, (14)

1

The calculated D values are aggregated at various time scales as follows:

k—1
k
Df=3>7(B,_;, — PET, ), n>k
n 1:0 n—i n—i (15)

where P; is ith month precipitation, PET; is the ith month potential evapotranspiration calculated by the
Thornthwaite method, and k and # are the timescale of the aggregation and the calculation number, respectively.
DF is based on both the ™ climatic water balance and the water balance for the preceding k—1 months. For

instance, the 3-month SPEI is constructed by the sum of the D values from two previous months to the current
month. The criteria for drought classification based on SPEI values are defined”. In this study, the multiple
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Drought class SPEI value
Extreme wet SPEI>2.0

Severe wet 1.5<SPEI<2.0
Moderate wet 1.0<SPEI<1.5
Normal —1.0<SPEI<1.0
Moderate drought —1.5<SPEI< 1.0
Severe drought —2.0<SPEI<~1.5
Extreme drought SPEI< -2

Table 2. Drought classification for the SPEL

temporal scale correlations of SPEI-1, SPEI-3, SPEI-6, SPEI-12 and SPEI-24 between the vegetation dynamics and
drought were calculated. Table 2 shows the standard for using the SPEI to classify drought. Both the SPEI and SPI
standardized algorithms are similar; thus, the SPEI is classified with reference to the classification standard of the
SPI drought category®? (Table 2).

Correlation analysis. In this study, Pearson correlation analysis was used to analyse the correlation between
the NDVI series and the SPEI at different temporal scales (1, 3, 6, 12, and 24 months) from April to October. The
calculation method is as follows:

R,; = corr(NDVI, SPEIL ), 4 <i<10,j=1,3,6,12, 24
Ropax = MAX4<inoj=1,3,6,12,24 (16)

where corr represents the correlation between the NDVI series for each month and the SPEL i represents the ith
month, ranging from April to October; j represents the different values of the drought scale (i.e., 1, 3, 6, 12, and
24 months); NDVI; and SPEI, are the ith month of the NDVTI series and the ith month of the SPEI of different time
scales for j month, respectively; and R,,,, represents the maximum correlation coefficient between NDVI; and
SPEI;;. Thus, there were 35 R;; correlation coefficients for each pixel. In this study, the observations of the NDVI
series length span 15 years; thus, the correlation coefficient values of 0.51 and 0.64 correspond to the 5% and 1%
significance levels, respectively. As known, the natural plant phenomena and environments change periodically,
and these changes eliminate the influence of phenology on the correlation analysis results. Only the maximum
value (R,,,,) was derived from the 35 correlation coeflicients for each month of the different temporal scales in
order to assess the impact of drought on vegetation NDVI in the growing season, spring, summer, autumn and
winter?.

Received: 6 February 2019; Accepted: 6 December 2019;
Published online: 28 January 2020

References
1. Vicente-Serrano, S. M. et al. Response of vegetation to drought time-scales across global land biomes. Proc. Natl. Acad. Sci. 110,
52-57(2013).
2. Zhang, S. et al. Climate change-induced drought evolution over the past 50 years in the southern Chinese Loess Plateau.
Environmental Modelling & Software 122, 104519 (2019).
3. Le, P. V. V,, Phan-Van, T., Mai, K. V. & Tran, D. Q. Space-time variability of drought over Vietnam. International Journal of
Climatology 39, 5437-5451 (2019).
4. Kalisa, W. et al. Assessment of climate impact on vegetation dynamics over East Africa from 1982 to 2015. Scientific Reports 9, 1-20
(2019).
5. Liu, X. et al. Drought evolution and its impact on the crop yield in the North China Plain. Journal of Hydrology 564, 84-996 (2018).
6. Zhang, X. et al. Assessment of an Evapotranspiration Deficit Drought Index in Relation to Impacts on Ecosystems. Advances in
Atmospheric Sciences 36(11), 1273-1287 (2019).
7. Palmer, W. C. Meteorological Drought. US Department of Commerce, Weather Bureau, Washington, DC. (1965).
8. McKee, T. B., Doesken, N. J. & Kleist, ]. The relationship of drought frequency and duration to time scales. Proceedings of the 8th
Conference on Applied Climatology. Boston, MA. Am. Meteorol. Soc. 17, 179-183 (1993).
9. Sandholt, I, Rasmussen, K. & Andersen, J. A simple interpretation of the surface temperature/vegetation index space for assessment
of surface moisture status. Remote Sensing of Environment 79, 213-224 (2002).
10. Sun, P,, Zhang, Q., Wen, Q,, Singh, V. P. & Shi, P. Multisource Data-Based Integrated Agricultural Drought Monitoring in the Huai
River Basin, China. Journal of Geophysical Research: Atmospheres 122, 10-751 (2017).
11. Jiao, W, Tian, C., Chang, Q., Novick, K. A. & Wang, L. A new multi-sensor integrated index for drought monitoring. Agricultural
and forest meteorology 268, 74-85 (2019).
12. Tirivarombo, S., Osupile, D. & Eliasson, P. Drought monitoring and analysis: Standardised Precipitation Evapotranspiration Index
(SPEI) and Standardised Precipitation Index (SPI). Physics and Chemistry of the Earth Parts A/B/C 106, 1-10 (2018).
13. Zhong, R. et al. Drought monitoring utility of satellite-based precipitation products across mainland China. Journal of hydrology
568, 343-359 (2019).
14. Guttman, N. B. Comparing the Palmer drought index and the standardized precipitation index. J. Am. Water Resour. Assoc. 34,
113-121 (1998).
15. Vicente-Serrano, S. M., Begueria, S. & Lopez-Moreno, J. I. A multi-scalar drought index sensitive to global warming: The
standardized precipitation evapotranspi-ration index. Journal of Climate 23, 1696-1718 (2010).
16. Li, C. et al. Assessing vegetation response to multi-time-scale drought across inner Mongolia plateau. Journal of Cleaner Production
179,210-216 (2018).
17. Penia-Gallardo, M. et al. Response of crop yield to different time-scales of drought in the United States: Spatio-temporal patterns and
climatic and environmental drivers. Agricultural and Forest Meteorology 264, 40-55 (2019).

SCIENTIFIC REPORTS |

(2020) 10:1354 | https://doi.org/10.1038/s41598-020-57898-8


https://doi.org/10.1038/s41598-020-57898-8

www.nature.com/scientificreports/

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34,

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

Wong, C. P. et al. Lake and wetland ecosystem services measuring water storage and local climate regulation. Water. Resour. Res. 53,
3197-3223 (2017).

O’Reilly, C. M. et al. Rapid and highly variable warming of lake surface waters around the globe. Geophys. Res. Lett. 42, 10-773
(2015).

Cui, H., Zhou, X., Guo, M. & Wei, W. Land use change and its effects on water quality in typical inland lake of arid area in China. J.
Environ. Biol. 37, 603-609 (2016).

Wu, S. et al. Change detection of lakes in Arid Central Asia base on Landsat images in recent 25 years. J. Hangzhou Normal. Univ. 2,
237-332 (2017).

Wang, J. et al. Dynamic detection of water surface area of Ebinur Lake using multi-source satellite data (Landsat and Sentinel-1A)
and its responses to changing environment. Catena 177, 189-201 (2019).

Tong, X. et al. Assessing future vegetation trends and restoration prospects in the Karst Regions of Southwest China. Remote Sens.
8, 357 (2016).

Lin, Q. et al. Correlation between hydrological drought, climatic factors, reservoir operation, and vegetation cover in the Xijiang
Basin, South China. Journal of hydrology 549, 512-524 (2017).

Pei, E et al. Monitoring the vegetation activity in China using vegetation health indices. Agricultural and forest meteorology 248,
215-227 (2018).

Schlenker, W. & Roberts, M. J. Nonlinear temperature effects indicate severe damages to U.S. Crop yields under climate change. Proc.
Natl. Acad. Sci. 106, 15594-15598 (2009).

Ramadas, M. & Govindaraju, R. S. Probabilistic assessment of agricultural droughts using graphical models. J. Hydrol. 526, 151-163
(2015).

Lindner, M. et al. Climate change impacts, adaptive capacity, and vulnerability of European forest ecosystems. For. Ecol. Manag. 259,
698-709 (2010).

Zhao, A. Z., Zhang, A. B., Liu, X. F. & Cao, S. Spatiotemporal changes of normalized difference vegetation index (NDVI) and
response to climate extremes and ecological restoration in the Loess Plateau, China. Theor. Appl. Climatol. 132, 1-13 (2018).
Arzac, R., Garcia-Cervigoén, A. 1., Vicente-Serrano, S. M., Loidi, J. & Olano, J. M. Phenological shifts in climatic response of
secondary growth allow Juniperus sabina L. To cope with altitudinal and temporal climate variability. Agric. For. Meteorol. 217,
35-45 (2016).

Zhang, Z. et al. The response of lake area and vegetation cover variations to climate change over the Qinghai-Tibetan Plateau during
the past 30 years. Science of the Total Environment 635, 443-451 (2018).

Zhang, F, Yushanjiang, A. & Jing, Y. Assessing and predicting changes of the ecosystem service values based on land use/cover
change in Ebinur Lake Wetland National Nature Reserve, Xinjiang, China. Science of the Total Environment 656, 1133-1144 (2019).
Zhang, F, Wang, ]. & Wang, X. Recognizing the relationship between spatial patterns in water quality and land-use/cover types: A
case study of the Jinghe Oasis in Xinjiang, China. Water 10, 646 (2018).

Ma, M., Wang, X., Veroustraete, F. & Dong, L. Change in area of Ebinur Lake during the 1998-2005 period. International Journal of
Remote Sensing 28, 5523-5533 (2007).

Bai, J., Chen, X, Li, ], Yang, L. & Fang, H. Changes in the area of inland lakes in arid regions of central Asia during the past 30 years.
Environ. Monit. Assess. 178, 247-256 (2011).

Wu, Y. et al. Climate change and consequences on the water cycle in the humid Xiangjiang River Basin, China. Stochastic
environmental research and risk assessment 30, 225-235 (2016).

Potopova, V. et al. Performance of the standardised precipitation evapotranspiration index at various lags for agricultural drought
risk assessment in the Czech Republic. Agricultural and Forest Meteorological 202, 26-38 (2015).

Wang, Y., Liu, Z., Yao, J., Bayin, C. & Zhu, Y. Hydrological response of runoff to climate change of typical tributaries in Ebinur Lake
Basin of Xinjiang. Water resources 45, 160-168 (2018).

Tan, J., Ding, J. L., Dong, Y., Yang, A. X. & Zhang, Z. Decadal variation of potential evapotranspiration in Ebinur Lake oasis of
Xinjiang. Transactions of the CSAE. 33, 143-148 (2017).

Vicente-Serrano, S. M. et al. Performance of drought indices for ecological, agricultural, and hydrological applications. Earth
Interactions 16, 1-27 (2012).

Tang, X. L., Xu, L. P, Zhang, Z. Y. & Lv, X. Effects of glacier melting on socioeconomic development in the Manas River basin, China.
Natural Hazards 66, 533-544 (2013).

Liu, C,, Xie, Z,, Liu, S., Chen, J. & Sen, Y. Glacial water resources and their change. In E. Kang (Ed.), Glacier-snow water resources
and mountain runoff in the arid area of Northwest China. Beijing: Science Press (2002).

Su, X, Liu, T,, Wei, Y., Wang, Y. & Liu, Y. Change of Ebinur Lake area and its response characteristics of the runoff change. Research
of Soil and Water Conservation 23, 252-256 (2016).

Ahmed, K, Shahid, S. & Nawaz, N. Impacts of climate variability and change on seasonal drought characteristics of Pakistan.
Atmospheric Research 214, 364-374 (2018).

Vicente-Serrano, S. M., Camarero, J. J. & Azorin-Molina, C. Diverse responses of forest growth to drought time-scales in the
northern hemisphere. Glob. Ecol. Biogeogr. 23, 1019-1030 (2014).

Xu, H., Wang, X. & Zhang, X. Decreased vegetation growth in response to summer drought in Central Asia from 2000 to 2012.
International journal of applied earth observation and geoinformation 52, 390-402 (2016).

Zipper, S. C., Qiu, J. & Kucharik, C. J. Drought effects on US maize and soybean production: spatiotemporal patterns and historical
changes. Environ. Res. Lett. 11, 094021 (2016).

Zhang, Q., Kong, D, Singh, V. P. & Shi, P. Response of vegetation to different time-scales drought across China: Spatiotemporal
patterns, causes and implications. Global and Planetary Change 152, 1-11 (2017).

Liu, Y., Li, L., Chen, X., Zhang, R. & Yang, J. Temporal-spatial variations and influencing factors of vegetation cover in Xinjiang from
1982 to 2013 based on GIMMS-NDVI3g. Global and Planetary Change 169, 145-155 (2018).

Ji, L. & Peters, A.].]. R. S. O. E. Assessing vegetation response to drought in the northern Great Plains using vegetation and drought
indices. Remote Sensing of Environment 87, 85-98 (2003).

Zewdie, W., Csaplovics, E. & Inostroza, L. J. A. G. Monitoring ecosystem dynamics in northwestern Ethiopia using NDVI and
climate variables to assess long term trends in dryland vegetation variability. Applied Geography 79, 167-178 (2017).

Abuduwailil, J., Zhang, Z. Y. & Jiang, E Q. Evaluation of the pollution and human health risks posed by heavy metals in the
atmospheric dust in Ebinur Basin in Northwest China. Environmental Science and Pollution Research 22, 14018-14031 (2015).

Ge, Y., Abuduwaili, J., Ma, L., Wu, N. & Liu, D. Potential transport pathways of dust emanating from the playa of Ebinur Lake,
Xinjiang, in arid northwest China. Atmos. Res. 178, 196-206 (2016).

Zhang, Z., Ding, J. L., Wang, ]. ]. & Chen, W. Q. Observational study on salt dust aerosol optical properties using the ground-based
and satellite remote sensing. Journal of Remote Sensing 21, 665-678 (2017).

Zeng, H., Wu, B., Zhu, W. & Zhang, N. A trade-off method between environment restoration and human water consumption: A case
study in Ebinur Lake. Journal of cleaner production 217, 732-741 (2019).

Meng, X. Y. et al. Influence of climate change and human activities on water resources in Ebinur lake in recent 60 years. Journal of
Hydrology 35, 90-96 (2015).

Liu, D., Abuduwaili, J. & Wang, L. Salt dust storm in the Ebinur Lake region: its 50-year dynamic changes and response to climate
changes and human activities. Nat. Hazards. 77, 1069-1080 (2015).

SCIENTIFIC REPORTS |

(2020) 10:1354 | https://doi.org/10.1038/s41598-020-57898-8


https://doi.org/10.1038/s41598-020-57898-8

www.nature.com/scientificreports/

58. Zoungrana, B.]. B., Conrad, C., Thiel, M., Amekudzi, L. K. & Da, E. D. MODIS NDVI trends and fractional land cover change for
improved assessments of vegetation degradation in Burkina Faso, West Africa. Journal of Arid Environments 153, 66-75 (2018).

59. Nguyen, U. N. T., Pham, L. T. H. & Dang, T. D. An automatic water detection approach using Landsat 8 OLI and Google Earth
Engine cloud computing to map lakes and reservoirs in New Zealand. Environmental monitoring and assessment 191, 235 (2019).

60. Wei, H., Chun, H., Yun, W. & Juan, G. Study on the Area Variation of Qinghai Lake Based on Long-Term Landsat 5/8 Multi-Band
Remote Sensing Imagery. Advances in Earth Science 34, 346-355 (2019).

61. Tian, H. et al. Dynamic monitoring of the largest freshwater Lake in China using a new water index derived from high
spatiotemporal resolution Sentinel-1A data. Remote Sens. 9, 521 (2017).

62. Zhang, E. et al. The spatial and temporal dynamic changes and driving forces in the surface area of ebinur lake from 1998-2013. Acta
Ecologica Sinica 35, 2848-2859 (2015).

63. Gautam, V. K., Gaurav, P. K., Murugan, P. & Annadurai, M. Assessment of surface water dynamics in Bangalore using WRI, NDWI,
MNDWI, supervised classification and K-T transformation. Aquatic Procedia 4, 739-746 (2015).

64. Borgognomondino, E., Novello, V., Lessio, A. & De, Palma, L. J. I ]. O. A. E. O. Describing the spatio-temporal variability of vines
and soil by satellite-based spectral indices: A case study in Apulia (South Italy). International Journal of Applied Earth Observation
68, 42-50 (2018).

65. Watson, C. S., King, O., Miles, E. S. & Quincey, D. J. J. R. S. O. E. Optimising NDWT supraglacial pond classification on Himalayan
debris-covered glaciers. Remote Sensing of Environment 217, 414-425 (2018).

66. Li, X. Y., Ma, Y. ], Xu, H. Y., Wang, J. H. & Zhang, D. S. Impact of land use and land cover change on environmental degradation in
lake Qinghai watershed, northeast Qinghai-Tibet Plateau. Land Degrad. Dev. 20, 69-83 (2009).

67. Feyisa, G. L., Meilby, H., Fensholt, R. & Proud, S. R. Automated water extraction index: A new technique for surface water mapping
using landsat imagery. Remote Sensing of Environment 140, 23-35 (2014).

68. Deng, Y. et al. Spatio-temporal change of lake water extent in Wuhan urban agglomeration based on Landsat images from 1987 to
2015. Remote Sens. 9,270 (2017).

69. Acharya, T. D. Evaluation of Machine Learning Algorithms for surface Water Extraction in a Landsat 8 Scene of Nepal. SENSORS
19,2769 (2019).

70. Cai, B. F. & Yu, R. Advance and evaluation in the long time series vegetation trends research based on remote sensing. Journal of
Remote Sensing 13, 1170-1186 (2009).

71. Gillespie, T. W. Monitoring changes of NDVI in protected areas of southern California. Ecological Indicator 88, 485-494 (2018).

72. Sen, P. K. Estimates of the regression coefficient based on Kendall's Tau. Journal of the American Statistical Association 63, 1379-1389
(1968).

73. Kendall, M. G. Rank Correlation Methods. London: Griffin, 1970.

74. Nepal, S.].]. O. H. E. R. Impacts of climate change on the hydrological regime of the Koshi river basin in the Himalayan region.
Journal of Hydro-environment Research 10, 76-89 (2016).

75. Fassnacht, F E., Schiller, C., Kattenborn, T. & Qu, J. A Landsat-based vegetation trend product of the Tibetan Plateau for the time-
period 1990-2018. Scientific data 6, 78 (2019).

76. Lu, L., Weng, Q., Guo, H., Feng, S. & Li, Q. Assessment of urban environmental change using multi-source remote sensing time
series (2000-2016): A comparative analysis in selected megacities in Eurasia. Science of the Total Environment 684, 567-577 (2019).

77. Mann, H. B. Nonparametric tests against trend. Econometrica: Journal of the Econometric Society 245-259 (1945).

78. Kendall, M. G. Rank correlation measures. Charles Griffin, London 202, 15 (1975).

79. Attaurrahman, D. M. J. C. D. Spatio-statistical analysis of temperature fluctuation using Mann-Kendall and Sen's slope approach.
Climate Dynamics 48, 783-797 (2017).

80. Liu, S. et al. Spatiotemporal dynamics of grassland aboveground biomass on the Qinghai-Tibet Plateau based on validated MODIS
NDVL. Scientific reports 7, 4182 (2017).

81. Thornthwaite, C. W. J. G. R. An approach toward a rational classification of climate. Geographical Review Abbreviation 38, 55-94
(1948).

82. Lorenzolacruz, J. et al. The impact of droughts and water management on various hydrological systems in the headwaters of the
Tagus River (central Spain). Journal of Hydrology 386, 13-26 (2010).

Acknowledgements

This work was supported by the National Natural Science Foundation of China [grant numbers 41961059, 41771470],
Xinjiang Uygur Autonomous Region University Scientific Research Plan [grant numbers XJEDU20181008],
Innovation Project of Doctoral Candidate of Xinjiang University [grant numbers XJUBSCX-2016015]. We would like
to thank the Xinjiang Uygur Autonomous Region Meteorological Bureau for providing the meteorological datasets and
Resource and Environment Data Cloud Platform for offersing the map datasets; and thanks to the American Journal
Experts offered to the language edit; and thanks to the editorial board and anonymous reviewers for their valuable
comments to improve the manuscript qualities.

Author contributions

J.Y.Z., ].L.D. conceived and conducted the field and laboratory experiments. PEW. provided meteorological data
support for manuscript writing. J.T. prepared the NDVT datasets. S.H. offered suggestions for introduction section
writting of the manuscript. D.X.T. processed the meteorological datasets for calculating drought index. X.Y.C.
prepared the Fig. 10. J.Z.W. prepared the Fig. 1 and provided the runoff data of the study area. W.Q.C helped
to review the manuscript. All authors contributed towards the writing and approved the final version of the
manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to J.D.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

SCIENTIFIC REPORTS |

(2020) 10:1354 | https://doi.org/10.1038/s41598-020-57898-8


https://doi.org/10.1038/s41598-020-57898-8
http://www.nature.com/reprints

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2020

SCIENTIFICREPORTS|  (2020) 10:1354 | https://doi.org/10.1038/s41598-020-57898-8


https://doi.org/10.1038/s41598-020-57898-8
http://creativecommons.org/licenses/by/4.0/

	Assessing arid Inland Lake Watershed Area and Vegetation Response to Multiple Temporal Scales of Drought Across the Ebinur  ...
	Results

	Accuracy evaluation and verification. 
	Dynamic variation detection of lake surface area. 
	Trends in drought climate change. 
	Spatiotemporal characteristics of the vegetation in the ebinur lake watershed. 

	Discussion

	Lake dynamics and hydrological runoff analysis. 
	Spatial distribution of Rmax in different seasons at multiple temporal scales of drought. 
	Limitation of the current study. 

	Conclusions

	Materials and Methods

	Study area. 

	Experimental Design

	Normalized difference vegetation index data. 
	Lake water body extraction and area variation detection. 
	Accuracy evaluation and validation. 
	Meteorological and Hydrological datasets. 
	Vegetation and LUCC datasets. 

	Methods

	Trend analysis and the mann-kendall trend test. 
	Hurst index. 
	SPEI calculation. 
	Correlation analysis. 

	Acknowledgements

	Figure 1 Lake water classification accuracy comparison between the MLC and NDWI.
	﻿Figure 2 The variation of the Ebinur Lake surface area during 2000 to 2015.
	Figure 3 The spatiotemporal variation in the Ebinur Lake level from 2000 to 2015.
	Figure 4 Temporal variation of the SPEI at the 1, 3, 6, 12, and 24-month scale across the Ebinur Lake watershed.
	Figure 5 The distribution of terrestrial ecosystem (a) annual average NDVI across the Ebinur Lake watershed (b) Theil-Sen and Mann-Kendall trends of the NDVI (c) sustainable variation in the NDVI from 20001 to 2015 (d).
	Figure 6 The annual runoff volume, the precipitation and the amount of water entering the lake from the Bortala and Jinghe rivers.
	Figure 7 Distribution of significant positive correlations between multiple time-scale SPEI values (1-, 3-, 6-, 12- and 24 month) and seasonal NDVI.
	Figure 8 The seasonal pattern of the maximum correlation coefficient between the vegetation and SPEI and the time scales at which the maximum correlation coefficient was obtained across the Ebinur Lake watershed.
	Figure 9 The correlation Rmax between the vegetation and SPEI in different seasons in different terrestrial ecosystem types.
	Figure 10 Geographical location of the Ebinur Lake watershed.
	Table 1 Confusion matrix for the water extraction accuracy evaluation using different methods on September 8th, 2000, September 13th, 2008 and September 17th, 2015.
	Table 2 Drought classification for the SPEI.




