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Abstract: Understanding the spatiotemporal characteristics of hydrological components and their
impacts on vegetation are critical for comprehending hydrological, climatological, and ecological
processes under environmental change and solving future water management challenges.
Innovative methods need to be developed in semiarid areas to analyze the special hydrological factors
in the water resource systems of these areas. Gravity Recovery and Climate Experiment (GRACE)
and Global Land Data Assimilation System (GLDAS) were applied with the normalized difference
vegetation index (NDVI) data in this paper to analyze spatiotemporal changes of hydrological factors
in the Xiliaohe River Basin (XRB). The results showed that precipitation (P), evapotranspiration
(ET) and temperature (T) had similar seasonal change patterns at rates of 0.05 cm/yr., 0.01 cm/yr.
and −0.05 ◦C/yr., respectively. Total water storage change (TWSC) was consistent with the change
trend of soil moisture change (SMC) and showed a fluctuating trend. Groundwater change (GWC)
showed a decreasing trend at a rate of −0.43 cm/yr. P and ET had a greater impact on GLDAS
data (R = 0.634, P < 0.05 and R = 0.686, P < 0.01, respectively) than on other factors. GWC was
more sensitive to changes in T (R = 0.570, P < 0.05). Furthermore, a lag period of 0 to 1 months
was observed for the effects of P and ET on TWSC and GLDAS. NDVI showed an upward trend
at a rate of 0.001 yr−1 between 2002 and 2014. A spatial distribution of NDVI was heterogeneous
in the study area. ET, GLDAS and GWC in growing season limited vegetation growth and were
more important than other factors in XRB. The results may contribute to an understanding of the
relationships between the hydrological cycle and climate change and provide scientific support for
local environmental management.

Keywords: semiarid area; hydrological variations; normalized difference vegetation index; total water
storage change; groundwater change

1. Introduction

Approximately 30% of continental land area is characterized as arid and semiarid [1]. Water cycle
conditions and vegetation ecosystems are fragile and sensitive in these areas [2], and increasing water
demand from all kinds of water users has seriously impacted vegetation ecosystems. Along with
climate change, this increase in demand has greatly changed hydrological factors and water balance
in semiarid areas [3,4]. The Xiliaohe River Basin (XRB) has experienced dramatic changes in its
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hydrological cycle and water balance [5–7]. Distribution and growth of vegetation have changed
observably in the area, which may be related to the important role of hydrological factors in a vegetation
ecological environment [8,9]. It is within this context that hydrological changes and their impact
on vegetation are among the key issues in semiarid areas, where water resources are scarce and the
ecological environment is fragile.

XRB is an agropastoral ecotone in a semiarid area that has experienced significant climate
change [10], with an average annual temperature (T) increase of 0.5–0.7 ◦C. At the same time,
the groundwater level in the study area decreased notably from 2 m to 6 m over the past 30 years
due to unrestrained development and water resource use [11]. Water cycle at the regional scale
has been directly affected by regional climate change and groundwater overexploitation, which had
impacts in local vegetation change and distribution [12]. Precipitation (P) at 46 meteorological stations
decreased from 1960–2012 in Inner Mongolia [13], and P in XRB showed a similar decreasing trend,
which led to decreased discharge from the four inbound rivers and a significant decrease in the
groundwater level from 1951 to 2007 [14]. Meanwhile, evapotranspiration (ET) (determined by the
Penman-Monteith method) varied significantly in both time and space in the area [15,16]. Relationships
between hydrological factors were analyzed based on the results at a few observation points [17,18] and
thus could not well represent the spatial heterogeneity because of the limited observation points. Some
conventional hydrological and climatic indicators have also been used to analyze the hydrological
variations and their impacts on the vegetation [13,19]. However, these results could not reveal the
balance of regional water resources and its impact on vegetation change, especially on a different
scale. Moreover, due to the limited number of observations at the regional scale and in remote areas,
data on certain hydrological and meteorological factors may not be available, such as the change in the
total water storage change (TWSC), soil moisture change (SMC), groundwater storage change (GWC),
etc. Thus, determining the hydrological, climatological and ecological processes may be difficult.
Now, this is possible using satellite techniques for monitoring land meteorological and hydrological
characteristics [11,20]. Since Gravity Recovery and Climate Experiment (GRACE) satellite launch
in March 2002, it has provided a unique way to monitor changes in the earth’s gravitational field,
especially terrestrial water reserve changes at a regional scale [21]. At present, many achievements
have been harvested in related fields, such as hydrological characteristics of TWSC, which were
estimated in many regional basins, e.g., China [22], Tarim River basin [23] and so on. Moreover,
GWC could also be detected on different spatial scales [24,25]. Zhong et al. [11] found that the GWS
showed a prolonged declining rate of −17.8 ± 0.1 mm/yr. during 1971–2015 in the North China
Plain, based on in situ groundwater-level measurements and satellite observations. Han et al. [26]
discussed the GWC dynamic at multi-timescales in Yunnan Province and the correlations with extreme
meteorological factors. Lv et al. [27] found that human factors were the main influencing factors of
regional hydrological characteristics, through analyzing the quantitative attribution of terrestrial water
storage (TWS) variation from hydroclimatic and anthropogenic factors. In addition, the accuracy of
GWC retrieved from the GRACE satellite data in a semiarid area was verified by a comparison with
in-situ data [11]. In these analyses, regional hydrological characteristics dynamics and their correlation
with meteorological factors are analyzed, thus ignoring the lag time between them. In contrast,
more attention to the correlations between regional hydrological characteristics and meteorological
factors at multiple-time scales were paid in this paper. Furthermore, in order to fully reveal the
impacts of hydrological variations on vegetation in semiarid areas, their evolution characteristics at
multiple-time scales and spatial scale were examined.

In summary, spatiotemporal changes of hydrological and meteorological factors, such as P, ET,
T, TWSC, SMC and GWC, etc., especially their impacts on vegetation in XRB, have rarely been
comprehensively discussed. This paper analyzed regional water balance and vegetation factors based
on data from multiple satellite observations. Comprehensive correlations among climatological,
hydrological, and vegetation factors in XRB were simultaneously analyzed using time-series data from
2002 to 2014 at the regional scale. The main objectives of this study are (1) to analyze spatiotemporal
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dynamic of hydrological factors and normalized difference vegetation index (NDVI) in agropastoral
ecotone of semiarid region based on multiple satellite data, (2) analyze response relationships
among regional hydrometeorological factors at multiple-time scales, and (3) evaluate the impacts of
hydrological variations on vegetation.

2. Materials and Methods

2.1. Study Area

Xiliaohe River Basin (XRB), Inner Mongolia Autonomous Region, northeast part of China,
lies between the latitude 42◦30′ to 45◦00′ N and longitude 120◦00′ to 123◦30′ E (Figure 1), which has
an area of 3.2 × 104 km2 and an average elevation of 800 m (400~1300 m). Three main rivers once
flowed through the study area: Xiliao River, Jiaolai River, and Xinkai River. However, the rivers’
discharge has been reduced and may even dry up either seasonally or perennially [28]. Moreover,
the increased water demand from irrigation in recent decades has led groundwater to become the
main total terrestrial water storage source supplied to meet agricultural, industrial, and domestic
water demand. The overexploitation and utilization of groundwater has caused various environmental
problems [29], e.g., regional groundwater table and pollution, land subsidence, and ecological
environment deterioration.
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Figure 1. Location of the study area (Land-Use and Land-Cover Change data from 2015 are from Data
Center for Resources and Environmental Sciences, Chinese Academy of Sciences (http://www.resdc.cn)).

In XRB, annual precipitation ranged from 350 mm to 450 mm, the annual average temperature
was 6.0◦C, and the pan evaporation (Φ 20 cm) was 1817 mm [30]. Approximately 80% of the total
precipitation occurs in summer (June to September). As a typical ecotone between Farming and Animal
Husbandry in semi-arid area, crops, trees and grassland constitute the main vegetation types [31].

http://www.resdc.cn
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In order to better understand land distribution and vegetation types, the field survey in July of 2015
and August of 2016, were launched.

2.2. Data

2.2.1. Meteorological Data

There are seven meteorological stations in XRB (Figure 1). Monthly meteorological data, e.g.,
temperature (T) and precipitation(P) are provided by the National Climate Center of China (http:
//ncc.cma.gov.cn) for time series analysis. As most of these stations were built in the late 1950s,
only monthly data from 2002 to 2014 were used in this study to ensure that the lengths of the data
from multiple satellite data (GRACE) were consistent. Detailed meteorological stations’ information is
shown in Table 1.

Table 1. Meteorological stations’ information in XRB.

Meteorological Stations
(2002–2014) Code

Location
(Lat & Lon)

Data

P (cm) T (◦C)

X Y Max Min Avg Max Min Avg

Zhalute a 120.54 44.34 55.0 22.1 35.8 8.9 6.4 7.5
Kezuozhongqi b 123.17 44.08 55.6 18.7 34.3 8.0 6.4 7.4

Kailu c 121.17 43.36 49.6 21.3 31.9 8.5 6.0 7.3
Tongliao d 122.16 43.36 45.2 22.7 31.0 8.6 6.4 7.5
Naiman e 120.39 42.51 39.1 21.3 30.1 9.0 6.6 7.5

Kezuohouqi f 122.21 42..58 51.5 21.7 41.8 8.6 6.4 7.3
Kulun g 121.45 42.44 56.2 29.3 34.7 9.0 6.6 7.5

China’s annual average temperature and annual precipitation spatial interpolation data set
(1980–2015) was based on daily observation data of more than 2400 meteorological stations across the
country, and generated through sorting, calculation and spatial interpolation processing, which is
provided by Data Center of Resources and Environmental Sciences, Chinese Academy of Sciences
(http://www.resdc.cn) for analyzing spatial distribution and variation characteristics. The annual
average temperature and precipitation units were 0.1 degrees Celsius and 0.1 mm, respectively.
Interpolation of climatic factors such as temperature and precipitation use the Australian ANUSPLIN
interpolation software. ANUSPLIN is a tool that uses smoothing spline functions to analyze and
interpolate multivariate data, e.g., a method of approximating a curved surface using a function [32].
Mask extraction and resampling analysis of spatial interpolation data sets from 2002 to 2014 were
carried out by ArcGIS software, and then to extract annual precipitation and temperature average
values of the study area for analysis of spatial distribution and change trends.

2.2.2. Actual Evapotranspiration (ET)

Monthly MOD16A2 ET was used to analyze the change of hydrological factors. ET data from
2002 to 2014 were obtained from NASA/EOS (http://www.ntsg.umt.edu/) have a spatial resolution
of 1.0 km2. The improved ET model [33] was applied rather than the Penman-Monteith equation to
validate ET. The model has been widely used to calibrate the water cycle factors and their interactions
with environmental change [33,34], although differences were observed between measurements and
MOD16 data.

2.2.3. Terrestrial Water Storage

As a key variable in hydrological cycle, terrestrial water storage value was obtained from the
GRACE satellite and designed mainly to observe gravity field changes with time [35]. Monthly terrestrial

http://ncc.cma.gov.cn
http://ncc.cma.gov.cn
http://www.resdc.cn
http://www.ntsg.umt.edu/
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water storage data (Unit: cm) from 2002 to 2014 was produced by the Jet Propulsion Laboratory (JPL)
with a spatial resolution of 0.5 degrees (https://grace.jpl.nasa.gov).

JPL data were the results computed from GRACE Level-1 data by mascon method [36]. In the
process of calculation, the parameters required in the model, e.g., C20 term, geocentric first-order
term value and post-ice rebound correction coefficien were calculated by relevant methods [37] and
models [38,39]. Furthermore, based on constraints, the area of the world is divided into 4551 spherical
caps with equal areas for calculation to reduce the measurement error. In order to improve spatial
resolution of the data, CLM 4.0 hydrological model and coastline resolution refinement (CRI) filtering
method are used to recover the signal of the solution from the mascon model and separate data from
the land and sea for producing spatial distribution grid with 0.5◦ resolution [40]. While previous
studies showed that GRACE satellite data still have some shortcomings, such as lower spatial and
temporal resolutions, these data are still widely used because they can simulate water resources,
including groundwater, for different land types [35].

2.2.4. Auxiliary Data from Global Land Data Assimilation System (GLDAS)

Due to the lack of continuous monitoring of hydrological data, GLDAS-NOAH data was
used to analyze hydrological factor data [41]. Soil moisture, snow water equivalent and total
canopy water storage data in this paper were selected from NOAH data products in GLDAS (https:
//giovanni.gsfc.nasa.gov and https://disc.gsfc.nasa.gov/). GLDAS-NOAH data time series was from
January 2002 to December 2014, with monthly temporal resolution and 0.25◦ spatial resolution. In order
to be consistent with GRACE satellite data for calculating groundwater change, ArcGIS software was
used to resample and transform its spatial scale to 0.5◦. The above data units are kg/m2, and unit for soil
moisture data was depth, and it was recorded at depths of 10 cm, 40 cm, 100 cm, and 200 cm, respectively.

2.2.5. Normalized Difference Vegetation index (NDVI)

Third-generation global inventory modeling and Mapping Research (GIMMS ndvi3g) NDVI
data set from NASA Goddard Space Center (https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/),
which was used in this paper. The changes in vegetation were modified by NDVI data, which had
spatial resolution of 0.083◦ in 15-day intervals from 2002 to 2014. The changing trend of vegetation
was analyzed through the seasonal data (winter: Dec, Jan-Feb; spring: Mar-May; summer: Jun-Aug;
autumn: Sep-Nov; and growing season: May-Oct).

2.3. Methods

2.3.1. Determination of Terrestrial Water Storage Change (TWSC)

Data of GRACE satellite’s monthly gravity model reflects the components related to the earth’s
static structure, which is the difference between the cell’s monthly water storage and the multi-year
average of the cell’s water storage [42,43]. Thus, the TWSC value was determined through JPL data for
a total of 153 months from April 2002 to December 2014 and subtract the average in the period between
2002 and 2010. The numerical value was used to reflect the TWSC, and the positive and negative signs
are used to reflect the direction of change, representing the accumulation or loss of TWSC, respectively.
However, during the commissioning and operation phase of the GRACE satellite, there were problems
such as sensor performance degradation and insufficient energy supply, which resulted in poor quality
of the observation data of the GRACE satellite during these two periods [44,45]. The data in thirteen
months were not available during the study period, June 2002, July 2002, June 2003, January 2011,
June 2011, May 2012, October 2012, March 2013, August 2013, September 2013, February 2014, July 2014
and December 2014. In this paper, in order to maintain the average seasonal cycle well, interpolation,
which was the average of the values for each cell from the months either side of the missing data,
was used to fill in missing data [46].

https://grace.jpl.nasa.gov
https://giovanni.gsfc.nasa.gov
https://giovanni.gsfc.nasa.gov
https://disc.gsfc.nasa.gov/
https://ecocast.arc.nasa.gov/data/pub/gimms/3g.v1/
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2.3.2. Estimation of Groundwater Change (GWC)

Spatiotemporal changes of the GWC were obtained from the GRACE (TWSC) and GLDAS data
among, monthly data represented by the monthly average values [35]. The GWC had a significant
correlation coefficient with the in situ observed groundwater changes, which can be used to characterize
regional groundwater conditions [45]. The water balance equation was expressed as follows:

GWC = TWSC−GLDAS(SMC+SWEC+TCWSC) (1)

where GWC is groundwater storage change, TWSC is terrestrial water storage change, SMC is soil
moisture change, SWEC is snow water equivalent change, TCWSC is total canopy water storage change,
and GLDAS(SM+SWE+TCWS) is the sum of SMC, SWEC and TCWSC. The above data units are cm.

2.3.3. Analysis of NDVI

Maximum-Value Composite

Changes in vegetation was analyzed through the method of maximum-value composite [47].
Based on the pixel-by-pixel data of the NDVI image from January to December each year,
maximum value of a pixel was determined by the calculation, and the MVC image was then generated.

Analysis of Spatial Trend

The spatial trend of NDVI was analyzed through the unitary linear regression method, in which
time and effect factors were independent and dependent variables, respectively. Slope of the straight
line from linear regression was applied to illustrate the spatial trend of NDVI [48].

slope =
n×

∑n
i=1 i× ai −

(∑n
i=1 i

)(∑n
i=1 ai

)
n×

∑n
i=1 i2 −

(∑n
i=1 i

)2 (2)

where slope is the linear tendency index, ai is the annual NDVI in each grid, n = 13 is the number of
years, and i is the year, e.g., 2003 was the 1st year, 2004 was 2nd year, etc. Value of slope > 0 represents
increasing trend; and value of slope < 0 represents decreasing trend.

Analysis of Hurst Index

The hurst index is an effective method for quantitatively representing the long-range correlation
of time series, and it has been widely used in hydrology, economics, climatology, geology,
and geochemistry [49,50]. Its basic principle is to define the mean sequence for a time sequence
{NDVI(t)}, t = 1, 2, . . . , n:

NDVIτ =
1
τ

τ∑
t=1

NDVIτ τ = 1, 2, · · · , n (3)

X(t,τ) =
τ∑

t=1

(
NDVIt −NDVIτ

)
1 ≤ t ≤ τ (4)

Rτ = max
1≤t≤τ

X(t,τ) − min
1≤t≤τ

X(t,τ) τ = 1, 2, · · · , n (5)

Sτ =

1
τ

τ∑
t=1

(NDVIt −NDVIτ)
2


1
2

τ = 1, 2, · · · , n (6)

where τ is the number of elements, t is the time step the year, NDVIτ is the time series of NDVI, X(t, τ)
is the cumulative deviation, Rτ is the extreme deviation sequence, and Sτ is the standard deviation.
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Taking the ratio of R(τ) and S(τ), we arrive at the following:

log
(R

S

)
n
= H × log(n) (7)

The H value determines whether the NDVI sequence is completely random or persistent. There are
three indications according to the value of H index. Value of 0.5 < H < 1 indicates that NDVI time series
is a continuous sequence, i.e., the change in the future would maintain the same trend with the past
change trend, and the closer the H is to 1, the stronger the persistence. Value of H = 0.5 indicates that
time series is a random sequence and there would not be long-term correlation. Value of 0 < H < 0.5
indicates that future change trend would be opposite to the past change trend, and the closer the H is
to 0, the stronger the anti-persistence.

Analysis of Trend Test

The F test was used for the trend significance test. Significance test only represented the confidence
level of the changing trend, regardless of change speed. Statistic calculation formula is as follows:

F = U ×
n− 2

Q
(8)

where U is the error sum of the squares, Q is the regression sum of squares, and n is the number of
years. According to the test results, the trend was divided into five levels, i.e., extremely significant
decrease (slope < 0, P < 0.01), significant decrease (slope < 0, 0.01 < P < 0.05), non-significant change
(P > 0.05), significant increase (slope > 0, 0.01 < P < 0.05), and extremely significant increase (slope > 0,
P < 0.01).

3. Results

3.1. Changes of Hydrological Factors over Time

The observations in Figure 2 showed that hydrological factors changed annually. In general,
total annual precipitation (P) and evapotranspiration (ET) increased by 0.05 cm/yr. and 0.01 cm/yr.,
respectively, on average from 2002 to 2014. P showed a slightly greater rate of increase after 2008 than
before. During 2002 and 2014, mean annual temperature (T) decreased on average by −0.05 ◦C/yr.
Terrestrial water storage change (TWSC) increased from 2002 to 2005 and decreased significantly from
2006 to the beginning of 2012, which led to a value that was approximately 6 cm less than the mean of
the whole obtained TWSC series (Figure 2b). TWSC increased again after 2012 and reached a value
equivalent to the average of the whole series’ mean. Monthly soil moisture change (SMC), snow water
equivalent change (SWEC), total canopy water storage change (TCWSC) obtained from GLDAS,
fluctuated from 2002 to 2014 (Figure 2c). SMC in the study area had obvious seasonal variations and
ranged from −5.24~8.26 cm, and this parameter was sensitive to changes in regional water resources.
There were significant differences in the time series of SWEC, which generally reached a peak in
December. In the process of freezing and thawing in spring, the value decreased slowly until the end
of April. The maximum value of SWEC was 1.36 cm in December 2012. The TCWSC value reached
the maximum in July or August in summer and showed an upward trend in the study area, with a
range from −0.01 to 0.01 mm. Analysis of TWSC and auxiliary data-Global Land Data Assimilation
System (GLDAS = SMC + SWEC + TCWSC) showed that temporal patterns groundwater change
(GWC) could be described based on time series analysis (Figure 2d). GWC in the study time showed a
clear decreasing trend at rate of −0.43 cm/yr., and especially experienced a significant decrease from
2007 to 2012 at a rate of −0.99 cm/yr. Furthermore, TWSC lagged behind other factors at the time scale,
e.g., P, SMC and so on in Figure 2.
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In addition to annual changes, hydrological factors changed seasonally as well in Figure 3.
P, ET and T values showed similar seasonal change patterns, with a high peak values occurring in
summer and a low peak value occurring in winter. TWSC and GLDAS increased from spring to
summer and then decreased from autumn to winter. A similar change trend was observed for TWSC
and GLDAS with P, T and ET, indicating that there was an interaction between these factors. However,
a lag effect was also observed, which required further quantitative analysis. The inter-annual trend of
GWC showed a continuous downward trend, gradually decreasing from the maximum value in spring
to the minimum value in winter, indicating that the annual groundwater storage gradually decreased,
especially in summer where this phenomenon was more obvious.
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Figure 3. Seasonal P, T, ET, TWSC, GLDAS(SWEC&SMC&TCWSC) and GWC from 2002–2014.

3.2. Spatial Distribution of Annual Hydrological Factors

3.2.1. Situ Observation of Hydrological Factors

The in-situ observations of hydrological factors between 2002 and 2014 showed that the mean
annual P increased from northwestern to southeastern areas, with an average value of 37.2 cm, while the
mean annual T decreased from southwestern to northeastern areas, with an average value of 7.5 ◦C
(Figure 4a,b). This result indicated that hydrological and meteorological factors in the study area have
significant spatial heterogeneity, while spatial distributions between P and T were different.
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Figure 4. Spatial distribution of P (a) and T (b) from 2002~2014 (Grid cell size: 1 km).

3.2.2. Hydrological Factors from Satellite Data

TWSC data observed from the satellite in the study area showed a decreasing trend from northeast
to southwest on the whole in Figure 5. The northern and central region were in a state of accumulation,
while the southern region was in a state of deficit with a relatively obvious decreasing trend (Figure 5a).
Based on GLDAS data, SMC, SWEC and TCWS showed equivalent water increases, as shown in
Figure 5b. Spatial distribution of GLDAS was similar to that of TWSC, indicating that there was an
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interaction between these parameters. The GWC value showed a slight surplus state in most area of
XRB, which ranged from −1.2 to 1.0 cm (Figure 5c).
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3.3. Spatiotemporal Variations of Normalized Difference Vegetation Index (NDVI)

3.3.1. Temporal Variation

Similar to other areas in northern China, NDVI had apparent seasonal variation, and showed
an upward trend during 2002 and 2014 in Figure 6. The NDVI increased from May to the most
vigorous growing season in July and August, and it then decreased to the minimum level in November
and remained almost unchanged until the following April, with a range of the NDVI of 0.16~0.19
(Figure 6a). In addition, NDVI showed a single peak change during the year in Figure 6a as well as
hydrological factors in the study area in Figure 2a, meaning that there were relationships between
them. Furthermore, the annual value of NDVI increased slightly at a rate of 0.001 yr−1 from 2002 to
2014 in Figure 6b. The analysis of the cumulative anomaly method showed that NDVI decreased from
2002 to 2009 and then increased again (Figure 6b). This change trend was also consistent with the
change trend of hydrological factors in the study area (Figure 2b,d), indicating that water factors in
semiarid areas, especially groundwater, may be the main factors affecting vegetation changes.
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Figure 6. Variations (a) and curve of accumulation (b) of NDVI with time.

3.3.2. Spatial Variations

Figure 7 showed that the spatial distribution of NDVI was heterogeneous in the area. NDVI value
was lower in the southwestern area, with a range of 0.0~0.33, than in the central belt from west to
east (Figure 7a). NDVI was greater along the rivers, which ranged from 0.63~1.00, than other parts,
which ranged from 0.0~0.63. Furthermore, the annual value of NDVI decreased over 63.2% of the
area at a rate of −0.008~0.0 a−1, while 36.8% of the area showed an increase in the NDVI at rate of
0~0.02 a−1 (Figure 7b). F test results suggested that significant variance area accounted for 89.3% of
the whole area and was mostly distributed in areas with a relatively lower NDVI value (Figure 7c).
Significant variance was not observed in cultivated areas along rivers. The Hurst index (0.06~0.97)
indicated that in 55.7% of the area, particularly in areas with a decreasing NDVI trend, the variance
trend was continuously maintained for a long time while the remaining 44.3% of the area would show
fluctuations (Figure 7d).
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3.4. Relationships between Hydrological Factors

The value of P was highly related to ET, with a correlation coefficient of 0.685 (P < 0.01). TWSC had
a significant correlation (R = 0.680, P < 0.05) with GWC, as compared to GLDAS in Table 2, indicating
that TWSC mainly consisted of GWC in the area. GLDAS had a significant and positive correlation
with P (R = 0.634, P < 0.05) and ET (R = 0.686, P < 0.01), meaning that a higher P rate corresponded to
more SMC. Significant positive correlation was observed between T and GWC (R = 0.680, P < 0.05),
which indicated that water demand of plants increased as T increased in XRB and groundwater was
the main source of water in semiarid area and changed significantly. In summary, there are complex
correlations among regional hydrological elements.

Table 2. Correlation between hydrological factors at annual scale.

P ET T TWSC GLDAS GWC

P 1 0.685 ** −0.470 0.472 0.634 * 0.065
ET 1 −0.245 0.387 0.686 ** −0.096
T 1 0.021 −0.481 0.570 *

TWSC 1 0.518 0.680 *
GLDAS 1 −0.193
GWC 1

**. Correlation is significant at the 0.01 level (2-tailed). *. Correlation is significant at the 0.05 level (2-tailed).

P is not the only one of the most important factors underlying the interactions among the
hydrological cycle but also the key variable in the water resources in semiarid areas. It accounted
for approximately 75% of total water resource recharge in normal years and approximately 57% of
recharge in dry years in study area [11]. A lag time of P infiltration is observed based on GLDAS
and GWC. Lag time is usually represented in hydrological forecasts based on P in the hydrological
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equilibrium [51]. Table 3 showed their relationships between TWSC, GLDAS and GWC and P and
ET, which were analyzed to determine lag times. The results showed that TWSC and GLDAS had
significant correlation (P < 0.05) with P at different lag periods, i.e., a one-month time lag occurred
(R = 0.312, P < 0.05). Moreover, these parameters were significantly and positively correlated with
the ET in the current month (R = 0.276, P < 0.05) and one month prior (R = 0.276, P < 0.05) but not
positively correlated (p > 0.01) with the ET two to three months later. This finding suggested that the P
and ET in the current month and one-month prior could significantly affect the TWSC and GLDAS.
Meanwhile, P and ET did not have correlation (P > 0.05) with GWC, which might be related to the
considerable depth of groundwater table due to overexploitation, long time period for infiltration to
recharge groundwater or lack of infiltration recharge of groundwater due to ET. As a result of this,
P and ET were increasingly less sensitive to GWC.

Table 3. Correlation between hydrological factors at monthly scale in a different lag period.

P ET

Lag0-M Lag1-M Lag2-M Lag3-M Lag0-M Lag1-M Lag2-M Lag3-M

TWSC 0.230 ** 0.312 ** 0.275 ** 0.195 * 0.276 ** 0.276 ** 0.131 0.025
GLDAS 0.324 ** 0.382 ** 0.281 ** 0.181 * 0.378 ** 0.331 ** 0.142 0.045
GWC 0.007 0.03 0.067 0.049 −0.012 0.005 0.011 −0.017

**. Correlation is significant at the 0.01 level (2-tailed). *. Correlation is significant at the 0.05 level (2-tailed).

3.5. Relationships between Hydrological Factors and NDVI

To obtain better understanding of relationships between hydrological factors and NDVI,
correlation analysis was carried out. As shown in Table 4, the results showed that ET and GLDAS were
significantly and positively correlated with NDVI (R = 0.747 and 0.704; P < 0.01) in the growing season
(May-Oct) of vegetation. Correlation coefficient between NDVI and GWC in the growing season was
significantly negatively correlated (R = −0.64, P < 0.05), indicating that groundwater represents an
important water source for vegetation growth in the XRB. T and TWSC had no effect on the growth
of vegetation in each season, and their correlation coefficients did not pass the significance test. In
summary, ET, GLDAS and GWC could be the major hydrological parameters that affect vegetation
dynamics in the growing season.

Table 4. Correlation between NDVI and hydrological factors in different seasons.

P ET T TWSC GLDAS GWC

NDVI

Spring −0.075 0.024 −0.226 0.151 0.226 −0.123
Summer 0.425 0.418 −0.073 −0.162 0.446 −0.357
Autumn −0.140 0.063 0.220 0.370 0.411 0.046
Winter −0.585 * 0.407 −0.250 −0.151 −0.484 0.074

Growing season 0.542 0.747 ** −0.242 0.154 0.704 ** −0.640 *

**. Correlation is significant at the 0.01 level (2-tailed). *. Correlation is significant at the 0.05 level (2-tailed).

4. Discussion

4.1. Dynamics of Hydroecological Elements in Semiarid Area

Water for agricultural irrigation relies heavily on groundwater due to shortages of surface
water in study area [47], and reports have indicated that more than 80% of the water use was from
groundwater [11]. Spatiotemporal variation and distribution characteristics of the hydrological factors
were determined by multiple satellite data, which have been widely used as effective approaches for
detecting the hydrological dynamics in ecotones in semiarid areas. Combined with the analysis results
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of climate change in the study area, spatial distribution of precipitation (P) and temperature (T) was
uneven, as shown in Figure 4 and presented a decreasing and increasing trend from the southeast to
the northwest, respectively. The results showed that, on the spatial scale, terrestrial water storage
change (TWSC) results based on JPL satellite data and auxiliary data-Global Land Data Assimilation
System (GLDAS = SMC + SWEC + TCWSC) values were also closely related to P and T. Application
of the multi-satellite data would represent an effective approach to monitoring and modeling the
dynamics of groundwater change (GWC). Our result confirms that the environment changes have
occurred in the semiarid area and that they can be related to dynamics of hydrogeological elements
were easily observable and measurable through satellite images. Through correlation analysis, there are
complex relationships among regional hydrological elements in Table 2. Furthermore, soil moisture
change (SMC) and snow water equivalent change (SWEC) obtained from the GLDAS data played
an important role in the hydrological cycle in the area. The SWEC not only affected the surface
runoff, groundwater recharge, and SMC in the spring [52–54], but also indicated the snow cover in
the winter and the accumulated air temperature in the spring (Figure 2). SMC could even directly
reflect the vegetation growth in growing season, and predict the GWC [55,56]. SMC was higher for
irrigated land than grassland in the vegetation growth season (Figure 5). In particular, SMC and GWC
directly affected the local hydrologic cycle, which could be used to optimize the management and
utilization of water resources and improve vegetation growth. However, compared to other areas [57],
the response between P and GWC was increasingly insensitive in the study area with a lag period of
one month. There are many reasons for this phenomenon, but anthropic factors [58], e.g., irrigation and
overexploitation of groundwater, have thickened the vadose zone of soil, and the relationship between
P and groundwater, which is is becoming more and more complex.

While the application of the satellite data can significantly improve the level of water resources
assessment in this area, there are still some deficiencies, such as time scale (monthly), spatial resolution
(0.5 degree) and data accuracy verification, which have a significant impact on the research results
of small and medium-sized watersheds, e.g., the correlation strength between them and other
environmental molecules is very poor, only the correlation can be considered. Therefore, how to
combine the limited water resources monitoring information with new methods, new technologies and
new achievements to carry out effective regional water resources management has become a practical
problem demand of relevant departments of water resource management.

4.2. Impacts of Hydrological Factors on Vegetation

Hydrological factors played a controlling role in terrestrial ecosystems [59,60]. Field survey in
July of 2015 and August of 2016 and normalized difference vegetation index (NDVI) value showed
that the northern part of the study was dominated by grassland with medium vegetation coverage,
the middle part was dominated by cultivated land with high vegetation coverage, and the southern
part was dominated by sandy land with low vegetation coverage. The results in the paper showed
that ET, GLDAS and GWC could be the major hydrological parameters that affect the vegetation
dynamics in the growing season. The northeastern XRB included grassland with some small rivers
with high terrain and vegetation coverage, and it was affected by snow melt water in the spring as
well as rainfall. As a result, GLDAS and TWSC showed a cumulative trend with higher values in
the northern piedmont plain than in other areas, indicating that the piedmont plain had basically
maintained its original ecology and was rarely affected by human activities. Change of GWC in the
central part of the study area, which is a flat, wide area of cultivated land, was relatively reduced as
shown in Figure 5c. Therefore, irrigation had a significant impact on regional SMC and even affected
regional water resource reserves [61], which indicated that the GWC might be affected by human
activities, such as the expansion of cultivated land area [62] and overexploitation and utilization of
groundwater [63]. TWSC in the southwest of the study area showed a decreasing trend (Figure 5a) [64].
Major land use types in the area consisted of typical steppe, meadow steppe, and cropland in Figure 1,
and vegetation growth in these areas was dependent on ET (R = 0.747, P < 0.05) and GLDAS (R = 0.704,
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P < 0.05) which was mainly consisted of SMC. However, in summer and the vegetation growing
season, P and NDVI were positively correlated, although the occurrence of this phenomenon is mainly
related to the serious desertification of the local surface and the inability of the soil to store water
correlation coefficient failed the significance test (Table 3) which indicated that lower P did not have
a significant effect on the vegetation in the semiarid area [65]. NDVI, as an intuitive indicator of
vegetation growth, plays a fundamental role in reflecting the characteristics of vegetation growth and
distribution. However, NDVI is hardly enough to explain vegetation changes, such as vegetation
height, density and so on. Furthermore, grassland will often give a stronger NDVI value than forest
but the effect on ET and GWC are very different. In future, more indexes related to water should be
used in the study of regional hydroecological processes.

5. Conclusions

Using multiple satellite data, the spatiotemporal changes of hydrological elements in semiarid
areas from 2002 to 2014 and their effects on vegetation were analyzed in this paper. The main
conclusions are as follows.

(1) Analysis of spatiotemporal characteristics of hydrological elements showed that the
hydrological process in the study area has changed significantly. Annual variations of precipitation (P),
evapotranspiration (ET) and temperature (T) were all in the form of a single peak, and the interannual
variation law was slightly different, with rates of 0.05 cm/yr., 0.01 cm/yr. and −0.05◦C/yr., respectively.
Terrestrial water storage change (TWSC) showed a fluctuating trend, with initial increase, then decrease,
and finally an increase, which was consistent with the change trend of soil moisture change (SMC).
Groundwater change (GWC) showed a decreasing trend at a rate of −0.17 cm/yr.

(2) Complex correlations occurred among regional hydrological elements. P and ET were
significantly correlated (R = 0.685, P < 0.01) and had a greater impact on the GLDAS (R = 0.634,
P < 0.05 and R = 0.686, P < 0.01) than on the TWSC and GWC. GWC is an important component of
the TWSC in the region (R = 0.680, P < 0.05), and it was more sensitive to the T response (R = 0.570,
P < 0.05). Furthermore, P would lead to greater TWSC and GLDAS values when P preceded the TWSC
by one month, whereas smaller changes would be observed when P preceded these parameters by
two months. The time lag of the GLDAS that was influenced by P was more obvious than that of the
TWSC. The TWSC and GLDAS were significantly and positively correlated with the ET in the current
month and one month prior and not positively correlated with the ET two to three months later. Due to
overexploitation, P and ET did not have any effect on the GWC.

(3) Normalized difference vegetation index (NDVI) had obvious seasonal variations and showed
an upward trend at a rate of 0.001 yr−1 during 2002 and 2014. Spatial distribution of NDVI was
heterogeneous in study area. NDVI decreased by 63.2% of the area at rate of −0.008~0.0 yr−1. The area
showing significant variance accounted for 89.3% of the whole area, and 55.7% of the area would
maintain the variance trend continuously for a long time, with these areas mainly showing decreasing
NDVI change trends. However, other 44.3% area would show fluctuations. Hydrological factors
play a controlling role on terrestrial ecosystems. In growing season, ET, GLDAS and GWC were the
parameters that limited vegetation growth, and they were more important than other factors in XRB.

Application of satellite data could significantly improve the water assessment capability in
semiarid areas and could be used for regional water resource and eco-environment management in
semiarid areas. Hydrological factors, such as TWSC, SM and GWC, spatiotemporal dynamic and their
correlations were successfully determined and analyzed in this study. Impacts of hydrological change
on NDVI were also identified based on the analysis. These results will help to understand regional
hydroecological processes, and also provide a scientific basis for local environmental management.
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