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Abstract. In arid regions, vegetation growth relies on water availability. Climate change can alter water
cycling with subsequent effects on vegetation growth. This study examined the effects of projected
climate change on vegetation greenness in the middle-reaches region of the Heihe River Basin, the second
largest inland basin in China. The relationship between the Normalized Difference Vegetation Index
(NDVI), an indicator of vegetation greenness derived from remote sensing data, and meteorological
factors of precipitation and temperature was simulated using a modified statistical vegetation index
simulation model. The model predicted that along with increases in precipitation and temperature, spring
and autumn NDVI will rise about 3.8% and 7.9% by the 2050s, respectively. NDVI in summer increases
about 3.9%, as increased precipitation may be superior to higher rates of soil water evaporation due to
rising temperature. Hydrological processes in the Heihe River Basin are highly influenced by both
climate change and human activities. The findings of this study are valuable for the development of water
resource management policies that balance the water demands of both human society and the natural
ecosystem.
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Introduction

Drylands occupy more than 40% of terrestrial Earth (Slaymaker et al., 1998). The
land area desertified or prone to desertification has been estimated as 57-65% of the
total area of dryland ecosystems (UNEP, 1992). Land degradation in drylands has
negative influences on global food security (MEA, 2005; Tscharntke et al., 2012;
Weston et al., 2015). Natural vegetation plays an important role in maintaining dryland
ecosystem functions (Lal, 2004; Zethof et al., 2019). As a result of the tight coupling
among water, energy and biogeochemical cycles in drylands, vegetation dynamics
strongly influences water cycling and responses to climate change and human activity in
these systems (Wang et al., 2012; Ott et al., 2016). Natural vegetation in arid regions is
particularly affected by temperature and precipitation at different temporal and spatial
scales (Stellmes et al., 2010; Gessner et al., 2013; Li et al., 2015). Better understanding

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 17(2):4677-4691.
http://www.aloki.hu e ISSN 1589 1623 (Print) ¢ ISSN 1785 0037 (Online)
DOI: http://dx.doi.org/10.15666/aeer/1702_46774691
© 2019, ALOKI Kft., Budapest, Hungary



Tong et al.: Analyzing the impact of climate change on natural vegetation greenness
- 4678 -

of plant growth responses to climatic changes will provide important insight into
hydrological processes in drylands because plant growth relies on water availability.

Determination of the influence of climate change on vegetation requires long-term
observation. Field observations of vegetation growth, however, are time- and labor-
consuming. Remote sensing is an effective alternative way to monitor temporal trends
in vegetation growth and changes in ecosystem function (Pouliot et al., 2009; Li et al.,
2013; Wu et al., 2014; Liu et al., 2016). Among numerous vegetation indexes derived
from remote sensing, the Normalized Difference Vegetation Index (NDVI) is widely
regarded as a good proxy for terrestrial vegetation growth. NDVI, the ratio of the
difference in near-infrared and red reflectance and the sum of these two variables,
estimates the photosynthetically active radiation absorbed by photosynthesizing tissue
(Fensholt et al., 2004). Trend analysis of NDVI data has generally been used to detect
changes in vegetation dynamics at continental or regional scales. Many studies (e.g.,
Piao et al., 2006; Fensholt et al., 2012; Krishnaswamy et al., 2014; Wu et al., 2014)
have reported strong correlations between NDVI and meteorological factors including
temperature and precipitation. Los et al. (2006) built a statistical vegetation index
simulation (SVIS) model to estimate the coupling strength of NDVI with temperature
and precipitation using a satellite-derived monthly vegetation index and meteorological
data. The model is potentially useful for predicting the response of natural vegetation to
climate change in regions where field data are sparse.

The Heihe River Basin in arid northwest China is the second largest inland basin in
China. The basin is adjacent to the north edge of the Qinghai-Tibetan Plateau and is
characterized by diverse geomorphology. As the transition zone between the upper-
reaches region of the Heihe River Basin in the southern Qilian Mountains and the
lower-reach region in the northern Alxa Desert, the middle-reaches region is
ecologically unique (Lu et al., 2003). It is well known for its irrigated agriculture using
river water and pumped groundwater, which alters natural water cycling. Thus, natural
vegetation in this region is vulnerable to both climate change and human activities (Qi
and Luo, 2007; Sun et al., 2015). The objective of this study is to explore how the
greenness of the Salsola passerina, which is an annual C4 plant and one representative
plant in the middle-reaches region, responses to future climate changes by using a
modified version of the SVIS model forced with a future climate change scenario. The
prediction made by the model is important to develop water resource management
policies that balance the water demand of human society and the natural ecosystem. A
high-resolution meteorological forcing dataset was used as model input to account for
the high spatial heterogeneity in dryland precipitation and temperature. The future
climate change scenario was built by using the downscaled ensemble output of 16
general circulation models (GCMs).

Materials and methods
Study area

The Heihe River Basin (Fig. 1) originates in the Qilian Mountains in the northern
edge of the Qinghai-Tibetan Plateau, covering an area of about 142,900 km?. The
elevation of the basin gradually decreases from the high mountain area in the south to
the northern high-plain area. The Heihe River Basin is not influenced by the East Asian
monsoon and has a very dry climate, with an average annual precipitation of 100-450
mm. Differences in geomorphology divide the basin into three regions: the upper-
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reaches region is in the Qilian Mountains; the middle-reaches region is part of the Hexi
Corridor Plain; and the lower-reaches region is on the Alxa Plateau. The middle-reaches
region is the most populated. River water and pumped groundwater are the main water
resources for irrigation and domestic use. Gobi and cropland are the dominant types of
land cover. Cropland is mainly distributed in the oases near the main stream, and Gobi
mainly occurs between the northern edge of the Qilian Mountains and the river. The
Salsola passerina is one representative natural plant in the Gobi region.
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Figure 1. Heihe River Basin and its location in China

Dataset and preprocessing

The third generation of Global Inventory Modeling and Mapping Studies (GIMMS)
NDVI dataset used in the study extends from 1982 to 2010 with an 8-km resolution and
was obtained from NASA Ames Ecological Forecasting Laboratory
(http://ecocast.arc.nasa.gov/data/pub/gimms/). The GIMMS data are derived from
imagery taken from National Oceanic and Atmospheric Administration (NOAA, USA)
satellites. Based on a field survey in 2014, a pixel of the NDVI dataset in which Salsola
passerina was the dominant vegetation was selected for simulation. The location of the
pixel and the characteristic landscape in this area are shown in Figures2 and 3,
respectively. To reduce the noise in the data, the maximum value composite method
was used to generate 8-km resolution monthly NDVI data from the two images of each
month. The averages of monthly NDVI and its standard deviation for 1982-2010 are
shown in Figure 4. A sharp increment is found between March and April. And the
NDVI in November is much lower than that in October. Following the definitions of
Piao et al.(2011), NDVI averages from April to October represented the annual growing
season, while April and May were considered spring, June to August were considered
summer and September and October were considered as autumn. Figure 5 shows the
time series of growing season NDVI for the period of 1982-2010. No statistical trend
has been detected at temporal domain.
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Figure 2. Location of the study site in the Heihe Basin
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Figure 3. Landscape at the study site during a field survey in June 2014

The meteorological dataset used in the study covers 53 years (1958 to 2010) with
spatial and temporal resolutions of 5 km and 3 h, respectively, and was developed by
the Land-Atmosphere Interaction Research Group at Beijing Normal University
(http://globalchange.bnu.edu.cn/research/forcing). Seven meteorological variables (i.e.,
air temperature, air pressure, relative humility, wind speed, precipitation, shortwave
radiation and longwave radiation) were produced by combining gauge observations
with reanalysis data or remote sensing data (Li et al., 2014; Huang et al., 2014). The air
temperature and precipitation data from the above mentioned meteorological dataset are
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used in this study. Within the spatial extent of the selected NDVI pixel, air temperature
and precipitation data for 1982 to 2010 were resampled to produce corresponding
meteorological data. The monthly total precipitation and mean air temperature were
given as the respective sum and average of the data within each month.
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Figure 4. Mean monthly NDVI (blue bars) and its standard deviation (red lines) at the study
site for 1982-2010
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Figure 5. Time series of growing season NDVI (black dots) and its trend line (black line) for
1982-2010

Statistical vegetation index simulation model

The SVIS model is a conceptual model that investigates the relationship between
vegetation greenness derived from remote sensing data (NDVI) and meteorological
variables using multiple linear regression analysis. SVIS can predict monthly NDVI
using precipitation and temperature data from the current month and the two previous
months to account for the time-lag effect of meteorological factors on vegetation
growth. The feasibility of the model was verified by Los et al. (2006). The model is
defined as Equation 1:
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where P and T are the precipitation and temperature of the current month (t) and two
previous months (t-2) and (t-1); Vi, Vi1 and Vi, are the NDVI of the current month t
and two previous months (t-2) and (t-1); and a, b, ¢ and d are parameters describing
relationship between NDV1 and the two meteorological variables.

In this study, rather than using multiple linear regression analysis, an Atrtificial
Neural Network (ANN) was used to describe the relationship between NDVI and the
meteorological variables. The development of ANN was inspired by the functionality of
biological neural networks such as the human brain. Biological neural networks learn
quickly from experiences and interactions between the internal and external
environment to establish pattern recognition. ANN is recursive and can continually
learn from the given dataset, which has proven to be efficient and time saving. ANN can
also be used for the simulation of complex and nonlinear processes. The ANN model
used in this study is of the form (Eq. 2):

Vi=f (Pu R Pi—Z’Ti’Ti—l’Ti—Z) (Eq.2)

where Vi, Pi and T; are the NDVI, precipitation, and temperature of the ith month in a
year; and Pi1, Pi2, Ti1 and Ti are the precipitation and temperature of two previous
months (t-1) and (t-2), respectively. f represents the nonlinear relationship between the
meteorological input and NDVI output derived from the ANN. The model performance
indicators were the squared correlation coefficient (R?) and the mean absolute difference
(MAD) as Equations 3-4:

R? [Z:zl(vobs,i _Vobs,a)(vsim,i _Vsim,a):| (Eq.3)

Zin:l(vobs,i _Vobs,a )2 Zin:l(vsim,i _Vsim,a)z

MAD = % Zn:’\/obs,i _Vsim,i ‘ (Eq.4)
i-1

where Vobs,i and Vsim,i are the observed (GIMMS dataset) and simulated NDVI at time
step i, and Vobs,a and Vsim.a are the average observed and simulated NDVI over the whole
training or validation period. The simulation is made for the period of 1982 to 2010. In
order to make the training period cover various climatic condition of the study site, the
data of even-numbered years in this period were used to train the model. And data of
odd-numbered years were used for model validation.

Future scenarios under climate change

After development, the model was applied to predict vegetation greenness under
future climate change scenarios. The GCMs need to be downscaled because their
outputs are too coarse to describe climatic characteristics at the regional scale.
Moreover, uncertainties in climate projections from GCMs require consideration. To
make a more reliable future regional climate change scenario, usually an ensemble

APPLIED ECOLOGY AND ENVIRONMENTAL RESEARCH 17(2):4677-4691.
http://www.aloki.hu e ISSN 1589 1623 (Print) ¢ ISSN 1785 0037 (Online)
DOI: http://dx.doi.org/10.15666/aeer/1702_46774691
© 2019, ALOKI Kft., Budapest, Hungary



Tong et al.: Analyzing the impact of climate change on natural vegetation greenness
- 4683 -

analysis combing multiple GCM analysis and quantifying the probability of future
climate is conducted. The Climate Wizard dataset (available at:
http://www.climatewizard.org/index.html), projections of future temperature and
precipitation derived from ensemble average of 16 Coupled Model Intercomparison
Project phase 3 (CMIP3) GCMs, is adopted in this study to reduce possible
uncertainties of GCMs. The monthly precipitation and mean temperature was
downscaled to the resolution of 50 km using an empirical statistical method (details are
available in Palmer et al., 2004). The data of the 2050s (2040-2069) for A1B scenario
(medium CO- emission) were used to build regional climate change scenario of the mid-
21st century at the study site. According to the intergovernmental panel on climate
change special report on emission scenario, the A1B scenario corresponds to rapid
growths in economy and global population, which reaches peaks in the mid-21st century
and declines following a slowing growth, and is a moderate scenario for greenhouse gas
emission. This study focus on how the vegetation growth responses to intermediate
climate change scenario and discussions about extreme scenario are out the scope of this
study. Therefore, the climate projection under A1B scenario is used in our research. It is
widely used for examining potential vegetation response in the future to climate
changes in previous studies (e.g., Alo and Wang, 2008; Smith et al., 2011; Waha et al.,
2013). Percentage change in monthly precipitation between projections for the 2050s
and the past 50 years was used to scale monthly precipitation data for 1982-2010. The
absolute difference in monthly temperature between the projected (2050s) and historical
(past 50 years) climate was added directly to monthly temperature data for 1982—-2010.
Using the future climate change scenario as input, the NDVI prediction made by the
ANN model represents the status of vegetation growth in the 2050s. NDVI simulated
using meteorological data from 1982—-2010 was considered the baseline. The differences
between the two simulations are considered as the impact of climate change on
vegetation growth. Model prediction excluded the winter period and was conducted
only for months during the growing season (April to October).

Results and discussion
Seasonal fluctuation in vegetation greenness and meteorological factors

Time series of monthly precipitation, temperature, and NDVI in the Heihe River
Basin from 1982 to 2010 revealed unimodal seasonal patterns (Figures 6 and 7). Intra-
annual variation patterns in the two meteorological variables were consistent with that
of NDVI. All three variables showed periodic variation with maximum values in
summer or fall and minimum values in winter. Average summertime NDVI was 0.38.
Average wintertime NDVI was 0.11, indicating the existence of a winter dormant
period. Analysis of the multi-year averaged NDVI data from 1982 to 2010 indicated
that from the beginning of spring (April) to the beginning of summer (June), NDVI
increases with an average magnitude of 0.32 (Table 1). NDVI remained high during the
two subsequent summer months. Table 1 also shows that NDVI decreases with an
average magnitude of 0.20 from the end of summer (August) to the beginning of winter
(November).

For both temperature and precipitation, absolute values of the increases from the
beginning of spring to the beginning of summer were smaller than that for the decrease
from the end of summer to the beginning of winter (Table 1). In contrast, the magnitude
of increase in NDVI was greater than the magnitude of decrease in the same periods,
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indicating a time lag in NDVI response to changes in precipitation and temperature.
This time lag was the justification for the use of both the current and the previous two
months’ meteorological data for monthly simulation of NDVI.
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Figure 6. Time series of monthly NDVI (green dashed line) and precipitation (blue bars) for
1982-2010
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Figure 7. Anomalies of monthly NDVI (green dashed line) and temperature (red line) for 1982—
2010

Table 1. Differences in monthly NDVI, mean temperature and precipitation between the
beginning of spring (April) and the beginning of summer (June), and between the end of
summer (August) and the beginning of winter (November)

Periods NDVI Temperature Precipitation
differences differences (°C) differences (mm)
The beginning of spring (April) to the
beginning of summer (June) 0.26 16.5 30
The gnd_of summer (August) to the -0.20 -20.0 -39
beginning of winter (November)
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Influence of future climate change on vegetation greenness

The monthly observed and simulated NDVI values from 1982 to 2010 are shown in
Figure 8. Simulations reproduced the timing and range of variation in NDVI reasonably
well. The scatter plot of observed to simulated NDVI values demonstrated a strong
correlation from the low to high ranges of NDVI (Fig. 9). Although R? and MAD values
were lower for model validation than for model training period (Table 2), model
performance was high enough for both to justify the use of the model for prediction.
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Figure 8. NDVI simulations from 1982 to 2010 in the study area (precipitation: blue bars;
observed NDVI: red dashed line; simulated NDVI: green line)
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Figure 9. Scatter plot of observed vs. simulated monthly NDVI

Table 2. Model performance for training and validation periods

Performance |Training period (even-numbered years| Validation period (odd-numbered
indicators for the period of 1982 to 2010) years for the period of 1982 to 2010)
R? 0.979 0.922
MAD 0.0117 0.0243
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Projected monthly meteorological data for the 2050s under the A1B scenario were
used as input for the modified SVIS model to simulate future variation in vegetation
greenness. Figures 10 and 11 depict the changes in monthly precipitation and mean
temperature in the Heihe River Basin between the baseline and future climate scenario
for the 2050s. Simulations predicted increases in mean monthly precipitation in all
months except July, with particularly high increases (>30%) from November to March.
Monthly mean temperature was predicted to increase in all months in the 2050s
scenario, with an average increase of 2.77 °C. Both precipitation and rainfall were
predicted to increase in spring, summer and winter (Fig. 12).
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Figure 10. Monthly temperature in the baseline period (red bars) and absolute changes of
monthly temperature between baseline period and the projected climate scenario for the 2050s
(blue bars)
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Figure 11. Monthly precipitation in the baseline period (red bars) and absolute changes of
monthly precipitation between baseline period and the projected climate scenario for the 2050s
(blue bars)

Future climatic scenario and predicted seasonal changes in NDVI are shown in
Figure 12. Compared with the baseline period, spring and autumn NDV1 were predicted
to increase 3.8% and 7.9%. Increased precipitation would raise soil water content,
benefitting vegetation growth. Carl et al. (2013) demonstrated that global warming may
cause temporal shifts in phenology. More specifically, Piao et al. (2008) and Richardson
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et al. (2010) indicated that increasing spring and autumn temperature extend the length
of growing season and correspondingly the days for biomass growth becomes more
available. Yang et al. (2012) indicates that, among different climate factors, temperature
and precipitations have closest relations with NDVI. Together, for the study site,
increased temperature and precipitation may explain projected increases in NDVI with
climate change of spring and autumn. In summer, there is an increase of 3.9% for future
NDVI. Both temperature and precipitation rises in summer of the 2050s. Rising
temperature would increase the energy available for soil water evaporation and thus
reducing the soil water content available for vegetation growth. However, the reduction
in soil moisture may be compensated by the increases in precipitation and these
increases even finally lead to a rising in soil moisture, which may be the reason that
NDVI become higher in summer of the 2050s.
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Figure 12. Average changes (blue bars) in seasonal mean precipitation, temperature and
simulated NDVI between baseline (red bars) and the projected climate scenario for the 2050s

Our prediction shows that for this dominant shrub in the study area, i.e. Salsola
passerina, the vegetation greenness become better with the increases in temperature and
precipitation. By using a dynamic global vegetation model forced with future climate
change scenario, similar results are obtained by Gao et al. (2016) in the Qinghai-Tibetan
Plateau, which is adjacent to the Heihe River Basin. Different results are revealed in the
study of Gremer et al. (2015), which found that C4 grassland cover negatively
responded to mean annual precipitation in the dryland across the south western United
States. It is indicated that how natural vegetation responses to climate changes also
depends on vegetation type and geophysical conditions. Similarly, Zhang et al. (2016)
demonstrated that different vegetation types had very different sensitivities to climate
factors in arid Central Asia. The results from model simulation in this study show that
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the increased vegetation greenness is caused by the increases of temperature and
precipitation. Tang et al. (2017) demonstrated that the sensitivity of vegetation growth
to the temperature and precipitation may decrease if these two climatic variables keep
increasing in the Shiyang River Basin, which is also located in Northwest China and
close to the Heihe River Basin. To further improve our understanding about influences
of climate change on natural vegetation in dryland, regional studies based on long-term
physiological and phenological observations are necessary.

Conclusions

This study focused on predicting the climate change response of Salsola passerina, a
representative vegetation type in the middle Heihe Basin, China, using a modified SVIS
model. The relationship between satellite-observed NDVI, an indicator of vegetation
greenness, and meteorological forcing (temperature and precipitation) were evaluated
with the model using 29-year datasets. The performance of both model training and
validation justified use of the model for prediction. Climate change scenario data for the
2050s were constructed using the ensemble average of downscaled output from sixteen
GCMs for a medium CO> emission scenario (A1B). NDVI was projected to increase
3.8% and 7.9% in the spring and autumn, likely because of greater soil water content
with increasing precipitation and extension of growing season due to higher
temperatures. Projected NDVI rises about 3.9% in the summer seasons, suggesting that
increase of soil moisture due to greater precipitation is superior to loss of soil moisture
caused by higher temperature. This study focused on the influence of climate change on
the growth of Salsola passerina. Further understanding of how natural vegetation in the
middle Heihe River Basin will react to a changing environment requires the direct
incorporation of soil moisture into the SVIS model. Reliable estimation of soil moisture
in this region needs a coupled model of both surface water and groundwater to account
for human activity such as the use of river water and pumped groundwater for irrigation.
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