
Citation: Li, H.; Huang, F.; Hong, X.;

Wang, P. Evaluating Satellite-

Observed Ecosystem Function

Changes and the Interaction with

Drought in Songnen Plain, Northeast

China. Remote Sens. 2022, 14, 5887.

https://doi.org/10.3390/rs14225887

Academic Editors: Jarosław
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Abstract: Drought is considered one of the devastating natural disasters worldwide. In the context
of global climate change, the frequency and intensity of drought have increased, thereby affecting
terrestrial ecosystems. To date, the interactions between ecosystem change and drought, especially
their mutual lag and cumulative effects is unclear. The Songnen Plain in northeastern China is one
of the three major black soil areas in the world and is highly sensitive to global change. Herein, to
quantify the interaction between drought and ecosystem function changes in the Songnen Plain,
integrating with time-series moderate resolution imaging spectroradiometer (MODIS), leaf area
Index (LAI), evapotranspiration (ET), and gross primary productivity (GPP) data, we calculated the
standardized precipitation and evapotranspiration index (SPEI) based on the meteorological data,
diagnosed the causal relationship between SPEI and the ecosystem function indicators i.e., LAI, ET,
and GPP, and analyzed the time-lag and cumulative effects between the degree of drought and three
ecosystem function indicators using impulse response analysis. The results showed that the trend of
SPEI (2000–2020) was positive in the Songnen Plain, indicating that the drought extent had eased
towards wetness. LAI showed insignificant changes (taking up 88.34% of the total area), except
for the decrease in LAI found in some forestland and grassland, accounting for 9.43%. The pixels
showing a positive trend of ET and GPP occupied 24.86% and 54.94%, respectively. The numbers of
pixels with Granger causality between LAI and SPEI (32.31%), SPEI and GPP (52.8%) were greater
at the significance 0.05 level. Impulse responses between each variable pair were stronger mainly
between the 6th and 8th months, but differed significantly between vegetation types. Grassland and
cropland were more susceptible to drought than forest. The cumulative impulse response coefficients
values indicated that the mutual impacts between all variables were mainly positive. The increased
wetness positively contributed to ecosystem function, and in turn enhanced ecosystem function
improved regional drought conditions to some extent. However, in the northeastern forest areas, the
SPEI showed a significant negative response to increased ET and GPP, suggesting that the improved
physiological functions of forest might lead to regional drought. There were regional differences in
the interaction between drought conditions and ecosystem function in the Songnen Plain over the
past 21 years.

Keywords: ecosystem function; SPEI; cumulative effect; impulse-response; granger causality; vector
autoregressive model

1. Introduction

Droughts, one of the more common and frequent meteorological disasters, are char-
acterized by their widespread impact and long duration. Many studies have shown
that the ongoing global warming process is one of the triggers for more drought in mid-
latitudes [1,2]. When drought occurs, water stress initially causes the changes in plant
hydrodynamics and then leads to disorders of plant metabolism and slowing of growth
processes. Ecosystems are composed of plant communities that are adapted to current
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water conditions and can withstand moderate water deficits. If droughts last too long or
even extreme droughts occur, the ecosystem carbon fixation will decrease [3,4], and eventu-
ally lead to the death of plants [5–7] and loss of ecosystem function. As the frequency of
drought events increase by year globally, it will have more profound impacts on terrestrial
biomes [8].

After a drought event, plants begin to recover within a long or short period depending
on the environmental condition and the characteristics of their species, trying to adjust
their structural state as much as possible to the level before the damage [9,10]. Herbaceous
plants have been found to be more sensitive to changes in their surroundings than woody
plants, mainly because they have shallower root systems and lower hydraulic resistance in
the xylem, making grasslands vulnerable to drought stress [11,12]. Studies have shown that
there is a certain lag effect of drought events on plant growth [13,14], which exhibits signifi-
cant differences across species and geographic regions [14,15]. The previous interpretations
of the interaction between drought and vegetation usually focus on a single point in time,
thus there is still a lack of knowledge of the duration and intensity of the effects on plants
after the start of drought [16]. Events such as cumulative water deficits can exacerbate the
effects of drought on ecosystems [14,17]. To clarify the variability of plant response time
to drought is essential for effective management and conservation of vegetation and the
understanding of mechanisms of climate-ecosystem interactions [10,18]. On the other hand,
how to quantify the strength and duration of vegetation ability to regulate climate deserve
deep exploration.

The time-lag effect refers to the impacts of an event occurring before a specific point
in time on the current vegetation growth, while the cumulative effect includes dynamic
changes within a certain period. The vector autoregressive model (VAR) is an econometric
model [19] that can be used to predict systems of interrelated variables, analyze the dynamic
effects of random disturbances caused by independent variables (e.g., climatic factors) on
the dependent variable system (e.g., vegetation growth), and consider time-lag effects [20].
VAR model has been applied to analyze the effects of drought on ecosystem health [21]. To
examine the time-lag response effects among drought and ecosystem functional variables
at finer scale, the extension of the pixel-based VAR model needs to make attempts.

Satellite remote sensing provides vital information for studying large-scale and long-
term changes in the relationship between drought and plant physiological status that
reported in the previous studies [22–25]. For instance, Vicente-Serrano et al. [15] cor-
related the Standardized Precipitation Evapotranspiration Index (SPEI) with indicators
of vegetation activity and growth such as the Global Inventory Modeling and Mapping
Studies-Normalized Difference Vegetation Index (GIMMS-NDVI) and found that about
70% of vegetation growth was affected by drought on a global scale. Zhang et al. [26]
indicated that there was a significant positive relationship between moisture conditions
and vegetation growth in most regions of China by calculating the correlation coefficients
between SPEI and GIMMS-NDVI. The key ecosystem features such as vegetation cover (e.g.,
Leaf Area Index (LAI)) [6,21], water and heat fluxes (e.g., evapotranspiration (ET)) [21],
and photosynthesis (e.g., Gross Primary Productivity (GPP)) [27] et al. reflect the close
linkage between water and plant physiology. The quantitative analysis of the time-lag and
cumulative effects of the interactions between changes in water conditions and vegetation
ecosystem functions at the pixel scale will deepen our understanding of the interactions
between water and the biosphere [6,9,10] and help to implement more effective vegetation
management strategies.

The Songnen Plain in northeastern China is located in the semi-arid and semi-humid
climate transition zone with poor ecosystem stability. Coupled with human activities such
as long-term overgrazing and unreasonable reclamation, vegetation is more sensitive to
drought [28,29]. To the best of our knowledge, there are few reports using remote sensing
data to analyze the interaction between drought and vegetation ecosystem function in the
Songnen Plain over time and the cumulative effects. The objectives of this study were
to (1) investigate the characteristics of drought and ecosystem function changes in the
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Songnen Plain from 2000 to 2020 based on trend analysis of SPEI and time-series Moderate
Resolution Imaging Spectroradiometer (MODIS) LAI, ET, and GPP data, (2) determine
the bidirectional causal relationship between drought and ecosystem function by Granger
causality test analysis, and (3) evaluate the changes in drought and ecosystem function over
time (time-lag effect) and cumulative effects after mutual impact using impulse response
function analysis.

2. Data and Methods
2.1. Study Area

The Songnen Plain is located in northeastern China, spanning the provinces of Hei-
longjiang and Jilin. Together with the Three Rivers Plain and the Liaohe Plain, it constitutes
the most extensive plain in China (Figure 1). It has a temperate monsoon semi-arid, semi-
humid climate. The average annual precipitation is between 220 and 420 mm [30], mainly
concentrated in summer (June–August), with an average temperature of 22–24 ◦C. The
average annual evaporation ranges from 1250 to 1650 mm [29], which is almost four times
of the precipitation. The region suffers from drought in different degree every year, known
as “nine droughts in a decade”. It is one of the ecologically fragile agro-pastoral ecotones
in northern China.
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2.2. Data and Pre-Processing
2.2.1. Climate Data

In this study, we used two climatic variables, i.e., temperature and precipitation,
to calculate SPEI. Monthly data of 37 meteorological stations during 2000–2020 were
obtained from the National Meteorological Information Center of China (http://data.cma.
cn/ (accessed on 30 May 2021)), which were consistent with the time period of MODIS
data. To maintain data consistency for subsequent calculations, both SPEI data (calculated
from meteorological data) and MODIS LAI, ET, GPP data were removed seasonality in the
same way. The details for the operation are given in the Section 2.3.

2.2.2. MODIS LAI Product

As an essential parameter to characterize the biophysical changes and canopy structure
of vegetation, LAI directly impacts the transpiration efficiency, photosynthesis, and energy

http://data.cma.cn/
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balance of vegetation [21]. We obtained the 8-day MODIS LAI product (MOD15A2) with a
spatial resolution of 500 m for the 2000–2020 period from the Land Processes Distributed
Active Archive Centre (LP DAAC) at https://www.earthdata.nasa.gov/eosdis/daacs/
lpdaac (accessed on 2 June 2021). According to the seasonal characteristics of vegetation
growth in the study area, plants enter dormancy from November to March of the following
year [31,32]. Thus, we used LAI from April to October of each year. Based on the interface
provided by ArcGIS 2.7 and the Python platform, the 8d LAI was synthesized into monthly
data using the average method.

2.2.3. MODIS ET Product

Evapotranspiration is a key process in hydrologic cycle. The evapotranspiration data
were provided by the MODIS product (MOD16A2) based on Penman-Monteith method
from LP DAAC (https://www.earthdata.nasa.gov/eosdis/daacs/lpdaac (accessed on 2
June 2021)), which has an 8-day temporal interval and 500 m spatial resolution. ET reflects
information on surface water and heat fluxes, which is closely related to the physical
properties of the soil, the physiological activity of plants, and the formation of biological
production. Due to the ability of vegetation water and carbon sequestration, surface
evapotranspiration will alter accordingly when vegetation changes [21].

2.2.4. MODIS GPP Product

GPP refers to the total organic carbon fixed by organisms through photosynthesis,
which is a vital variable of the global carbon cycle. It is one of the most important indicators
of ecosystem function. We obtained the Terra/MODIS MOD17A2 8-day GPP data with a
spatial resolution of 500 m, which are calculated by the light-use efficiency model (PSN)
(https://www.earthdata.nasa.gov/eosdis/daacs/lpdaac (accessed on 2 June 2021)) [33].

2.2.5. Land Use Data

The MODIS MCD12Q1 Collection 5 (land-cover product) was used. This yearly global
land cover data has a spatial resolution of 500m. We downloaded the land cover map
during 2001–2020 from the MODIS official website (https://www.earthdata.nasa.gov/
eosdis/daacs/lpdaac (accessed on 2 June 2021)). We adopted the classification scheme of
the International Geosphere-Biosphere Programme (IGBP), including 11 natural vegetation
types, three developed and mosaic land types, and three non-vegetated land types. The
land cover in the Songnen Plain was summarized into seven types, including decidu-
ous broadleaf forest, mixed forest, grassland, cropland, wetland, water body, and other
types [31].

2.3. SPEI Calculation

The standardized precipitation evapotranspiration index (SPEI), proposed by Vicente-
Serrano [34], can evaluate the aridity or wetness status of a region on multiple time scales.
It is calculated as:

Di = Pi − PETi (1)

where Pi and PETi is the precipitation and the potential evapotranspiration in month i,
respectively. The potential evapotranspiration is commonly estimated by the Thomthwaite
and Penman-Monteith equations. The calculation is listed as follows:

Dn
k =

k−1

∑
i=0

(Pn−i + PETn−i) n ≥ k (2)

where D represents cumulative water deficit, k is the time scale (month), and n is the
number of calculations.

To ensure the consistency of spatial resolution, the gridded site data (500 m spatial
resolution) was generated using the ordinary Kriging interpolation method within ArcGIS.
The Kriging method is more advantageous for the interpolation of climatic variables [35]

https://www.earthdata.nasa.gov/eosdis/daacs/lpdaac
https://www.earthdata.nasa.gov/eosdis/daacs/lpdaac
https://www.earthdata.nasa.gov/eosdis/daacs/lpdaac
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in areas with a uniform distribution of meteorological stations and minimal changes in
elevation [36,37]. Most of the physical geographic data are non-linear. Considering the
requirement of linear data in the subsequent model, we calculated the monthly anomaly of
each variable (for example: the anomaly in April 2001 is the difference between value in
April 2001 and multi-year average value in April) to partially eliminate the seasonality of
original data.

2.4. Trends Analysis

Trend analysis methods are usually used to reveal the characteristics of variables over
time. Among them, the Theil-Sen slope test is a type of regression analysis that has better
robustness to missing data and outliers than the commonly used ordinary least square
(OLS) regression [38,39]. As a method of determining the significance of trends [40,41], the
Mann-Kendall test is often combined with the Theil-Sen slope test. It is a nonparametric
statistical test that does not require the data to be restricted to a specific distribution and
is less subject to outliers. We chose these two methods to conduct trend analysis and test
the data.

2.5. VAR

VAR models are mainly used to predict and analyze the dynamic impact of random
disturbances to the system, including the magnitude, positive and negative directions,
and duration of the impact [19,20]. We used the Granger causality test and impulse
response analysis methods that are suitable for exploring the relationship of geographical
variables to assess the temporal dynamics and cumulative effects of drought-ecosystem
function interactions in the Songnen Plain from 2000 to 2020 based on SPEI, LAI, ET, and
GPP variables.

In a VAR model, each variable is a linear function of its own lagged value and the
lagged values of the other variables. The general mathematical expression of the model is:

yt = µ + A1yt−1 + · · ·+ Apyt−p + µt (3)

where yt denotes a vector of K variables (i.e., variables in the system that are explained
by other variables, often called “dependent variables”) assigned a spherical perturbation
term of the same dimension at time t and ut (i.e., a white noise process).µ is a K × 1 column
vector of constant terms, A1,..., Ap is a matrix of regression coefficients of dimension K × K,
and p is the lag length [19,42]. The p parameter determines how much prior information
on all variables (i.e., lag time) is included in the model to predict future behavior [43].

Herein, Equation (3) is written in matrix form taking SPEI and LAI as an example:[
SPEIt
LAIt

]
= ∑p

i=1

[
a′11,i a′12,i
a′21,i a′22,i

][
SPEIt−i
LAIt−i

]
+ CDt +

[
u1t
u2t

]
(4)

Granger causality test is a statistical hypothesis testing method [44] that can be applied
to time series data analysis. Assuming there exists variables X and Y, if the prediction effect
of variable Y is better than that of Y only predicted by the past information of Y, namely,
variable X helps to explain the future changes of variable Y, then variable X is considered
to be the Granger cause of variable Y, and vice versa. Essentially, two regression models
containing X, Y, and Y only are established, respectively. Then, the residual sum of squares
of these two models is used to construct the F-statistic to determine the relationship with
the original hypothesis, i.e., the existence of causality. Here, we use this method to assess
whether there is a potential causal relationship between SPEI, LAI, ET, and GPP.

Note that the Granger causality test requires the input time series to be stable, whereas
physical geography data generally has seasonality. Thus, it is necessary to remove seasonal-
ity from the data. Data stability is judged according to the ADF (Augmented Dickey-Fuller)
coefficients. The results are scientific only when all variables involved in the modeling are
cointegrated with the same order.
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After making a judgment about the existence of causality between variables, impulse
response analysis can help to understand the direction and strength of the relationships
between the variables more deeply. The impulse response function is a causal analysis
method to study the relationship between variables within a dynamic system, which has
been popularized along with the development of the VAR model. The function is expressed
based on the Wold moving average representation of the VAR(p) process, measuring the
response process of current and future values of one variable over time after being subjected
to a positive impulse of another variable [45], which is described as follows:

yt = Φ0ut + Φ1ut−1 + Φ2ut−2 + · · · (5)

Additionally, the cumulative impulse response function is used to examine the cu-
mulative effects that a change in a variable in the system at a given moment will have on
the system internally over a future period. It can be obtained by iteratively summing the
coefficient matrix as follows:

Φs =
s

∑
j=0

Φj , s = 1, 2 · · · n (6)

This matrix can be understood as the cumulative response of a variable in the system
over a period of s after an impulse generated by another variable. The (i,j) coefficient of
matrix φs is interpreted as the variable SPEIt generating an impulse at a given moment.
The variable LAIt+s is the cumulative response in the period s (s = 1, 2, . . . n) after the
impulse. We analyzed the impulse responses of SPEI with LAI, ET, and GPP in different
vegetation types and the cumulative impulse responses of the study area to explore the
patterns of temporal changes in SPEI and the above three ecosystem functional parameters
after exerting a positive standard deviation impact on each other within 12 months and the
cumulative effects.

3. Results
3.1. Change Trends of SPEI and Ecosystem Function Indicators

Figure 2 shows the temporal trends of the SPEI, LAI, ET, and GPP for the period of 2000–
2020 using a linear regression equation. Four variables showed increasing trend, of which
ET had the highest slope of 0.0386 mm/month (p < 0.05). The rest followed a descending
order of SPEI > LAI > GPP. The spatial distribution of the trend derived from the Theil-Sen
+ MK method is illustrated in Figure 3. The trends were classified into three major types
owning a total of nine characteristics (Table 1). Spatially, SPEI showed different degrees of
increasing trend. Centering on the central region, the trend of SPEI decreased gradually
towards the north-south direction, while it increased along the east-west direction. The
most remarkable trend of increasing SPEI was found in the central grassland, wetland, and
cropland. LAI tended to be unchanged, accounting for 88.34% of the total area (Figure 4).
The pixels with trend value of −1 were scattered throughout the study area (taking up
9.43%) and were more concentrated in the northeastern fringe and the central areas. In
the central area, the pixels of insignificantly decreasing trend were mixed with those of
insignificant increasing trend. ET showed an increasing trend overall (occupying about
24.87% of the total pixels). We found that ET radiated outward from the mid-west of the
study area (mainly covered by grassland), and the increasing trend decreased gradually. In
the forest of the northeastern fringe, ET showed an insignificant decreasing trend, which
was similar to LAI. From 2000 to 2020, the pixels with an increasing trend of GPP accounted
for 54.94%. Compared with LAI and ET, the number of pixels showing no change in GPP
were smallest (taking up 44.55% of the total pixels). In southwestern grassland, the pixels
of significant increase and extremely significant increase in GPP (i.e., trend types 3 and 4)
were clustered. In the north of the study area, GPP showed no change trend, and pixels
with decreasing trend only occupied about 0.51% of the total pixels.
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3.2. The Causality between SPEI and Ecosystem Function Indicators

To evaluate the relationship between ecosystem function and drought level, three
groups of two-way experiments were conducted between SPEI and LAI, ET and GPP using
Granger causality analysis, respectively.

Seen from Figure 5a,b, there existed a causal relationship between SPEI and LAI in
the particular area. At two significance levels of p < 0.05 and p < 0.1, the pixels with the
causal relationship from LAI to SPEI took up 32.31% and 44.8% (Figure 6) of the total pixels,
respectively, which are higher than that of SPEI to LAI (16.2% and 26.81%). The pixels
showing SPEI-LAI causality were mainly observed in the central-northern part of the study
area (Figure 5a). In contrast, LAI-SPEI causality was significant in the central-northern and
eastern part of the cropland (Figure 5b). The proportions of causally significant pixels of
SPEI to ET were 16.85% (p < 0.05) and 27.78% (p < 0.1), which were greater than those of
ET to SPEI (10.61%, 18.79%). Overall, the number of insignificant pixels was the highest,
implying that the bidirectional causality between SPEI and ET in the study area was weaker
than the other two groups of variables.
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The spatial distribution of the causality between SPEI and GPP was not consistent.
Moisture condition had an impact on the photosynthesis in more areas, taking up 52.8%
of the total pixels (p < 0.05), especially concentrated in the northern region (Figure 5c).
Conversely, the area where vegetation photosynthesis affected moisture conditions was
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small with scattered pixels (Figure 5f). In the three groups of bidirectional experiments,
SPEI had a greater influence on GPP, with more significant pixels. Compared with ET and
GPP, the areas of SPEI response to LAI changes were larger. Spatially, the pixels that were
affected by drought changes or had a regulating effect on external moisture showed highest
aggregation in the northern cropland.

3.3. Interactions between SPEI and Ecosystem Function Indicators
3.3.1. SPEI and LAI

The impulse response analysis of SPEI and LAI was shown in Figure 7a, where the
y-axis indicated the standard deviation of SPEI-induced LAI at a lag of n months. After
an positive impact of SPEI on LAI, the response trend of deciduous broadleaf forest was
similar to the mean curve. Namely, after three months of negative response, LAI started
to respond positively and reached its peak in the sixth month. In terms of the cumulative
effect, pixels of positive value accounted for more than 80% of the total. LAI of forestland
were less affected by the changes of moisture conditions. On the contrary, the response
curves of deciduous broadleaf forest, grassland, and cropland were similar in the direction
of LAI to SPEI, with all positive responses within 12 months and the greatest response
value in the 7th month, while the mixed forest always showed no significant change
(Figure 7b). The pixels of positive cumulative impulse response coefficients occupied about
84.35% of the total (Figure 8a,b). There are more pixels of negative values (15.66%) in the
direction of LAI to SPEI. We could infer that when the climate in the study area became
wetter, vegetation cover would increase in most areas. Such changes in moisture condition
might cause negative effects on grassland and cropland for a certain period. However, the
cumulative effect was still dominated by the positive side. In contrast, the better vegetation
growth would have the improved effect on regional moisture conditions, thus the drought
would alleviate.
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3.3.2. SPEI and ET

Figure 7c illustrates the impulse response of SPEI on ET for different vegetation types.
When SPEI increased, the ET of mixed forest and deciduous broadleaf forest had the
maximum positive response at the beginning of the shock. The responses decreased rapidly
within the following month. Subsequently, the response value of ET in mixed forests tended
to be 0, while the deciduous broadleaf forest started with the negative response trend. The
change trends of grassland and cropland were basically synchronized, showing positive
and negative fluctuations. The maximum positive responses were observed in August
and September, and thereafter the response gradually stabilized. From the cumulative
effect (Figure 8c,d), impulse coefficients in about 81.41% of the pixels were greater than 0
in the Songnen Plain, whereas the negative pixels were mainly found in the forests on the
northeast border. In the direction of ET to SPEI, the response of grassland was greater than 0
in all 12 months, and peaked in June. Although cropland and mixed forest had the opposite
responses compared with grassland, their ET were also the most sensitive to the impact of
SPEI in the first month. Deciduous broadleaf forest showed no significant change in ET
(Figure 7d). From Figures 7d and 8, positive accumulation in the direction of ET to SPEI
dominated in the study area, but the pixels of negative response values accounted for 36.84%
and were mainly found in forest land and the northern cropland. On the whole, when
the regional wetness rose, evapotranspiration in most areas would increase accordingly.
However, ET of forest land tended to decrease after experiencing an increasing response in
the first two months. In turn, when ET increased, the northern and northeastern regions
(mainly covered by forest land and cropland) had a trend toward drought, accounting for
about 1/3 of the landscape, while the remaining regions were wetting.
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3.3.3. SPEI and GPP

Moisture condition in the growing environment affects the carbon sequestration
capacity of plants to some extent. Drought tends to reduce the gross primary productivity
by inhibiting the photosynthesis [3,46,47]. However, the time-lag and cumulative effects
of photosynthetic intensity changes on environmental wetness in different region need
to be further analyzed. In this study, after a standard amount of SPEI shock to GPP, the
photosynthesis of the main vegetation types in 12 months was positively improved under
more humid conditions, but the response intensity was relatively low compared with the
previous groups of experiments (Figures 7e and 8e). GPP determines the initial material
and energy of a terrestrial ecosystem. The response of SPEI to increasing GPP was shown in
Figures 7f and 8f. A negative peak of response in the mixed forest was observed in January,
whereas the cumulative effect of other three vegetation types reached peaks between June
and August. Nearly half of the study area had positive cumulative coefficients in the
direction of GPP to SPEI, showing a similar spatial distribution to Figure 8d. The cropland
and forests in the northern area tended to be dry with the increase in GPP, while grassland
and cropland in other regions were getting wet, accounting for about 50.64% of the total.

4. Discussion
4.1. Spatiotemporal Variations of Drought and Ecosystem Function

In our study, we found that the drought stress in the growing season in the Songnen
Plain from 2000 to 2020 tended to alleviate. The ecosystem function indicators including
LAI, ET, and GPP also showed an increasing trend (Figures 2 and 3). Spatially, SPEI
highly significant increased across the study area. There were few changes in the area of
vegetation cover, and from the analysis of land use type changes (Figures S1 and S2), we
can see that almost 87% of the total area was unchanged over the past two decades. The
decreasing trend in LAI was found in the central grassland and forests on the northeastern
border. The main land use change processes included the conversions from grassland to
cropland (8.2%) and forest to grassland (0.59%). ET and GPP showed increasing trends.
Our findings are broadly consistent with previous studies [29,48–50]. Under a stable status
of vegetation cover, wetting climate may explain the increase in ET and GPP in the Songnen
Plain during past 21 years (Figure S3). Previous studies indicated that vegetation in the
study area was severely degraded during 2003–2012 due to intensive human activities [30]
and significant expansion of cropland [51], which were similar to our results. To curb
unceasing degradation of the ecosystem and ensure sustainable regional development, the
local government has implemented many ecological restoration projects. For instance, the
Regulations of Grasslands in Heilongjiang was promulgated in 2006 [52], requiring that the
grasslands in the Songnen Plain to be prohibited from grazing the slightly and moderately
degraded grasslands outside the Songnen Plain to be implemented seasonal rest-grazing,
and severely degraded, sandy, and alkaline grasslands to be carried out grazing rest. The
ecosystem function in the study area had been relatively stable for the period of 2000–2020,
benefiting from the effectiveness of conservation measures, whereas the conversion of
grassland into cropland still occured in some areas.

4.2. Causal Relationship between Drought and Ecosystem Function

In general, only if variable a improves the accuracy of predicting b variable, a is called
the Granger reason of b. In this study, there existed overall bidirectional causality between
SPEI and LAI, ET, and GPP, implying a bidirectional link between ecosystem function and
drought in the Songnen Plain to varying degrees, which was consistent with some previous
studies [47,53]. In particular, we found that SPEI had the highest number of pixels (taking
up 52.8% and 66.71%) as the Granger cause of GPP at both p < 0.05 and p < 0.1 significance
levels. Wagle et al. [24,54] came to a similar conclusion that vegetation photosynthesis was
more sensitive to drought than ET. This is because vegetation closes its stomata to maintain
its function under drought conditions, resulting in a decrease in stomatal conductance and
xylem conductance, which will directly impact photosynthesis. In terms of the regulation of
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ecosystem function to drought, LAI as the Granger causes of SPEI had the greatest number
of pixels, accounting for 32.31% (p < 0.05) and 44.8% (p < 0.1), respectively. By constructing
a two-way coupled land-air model of vegetation dynamics, Zhang et al. [55] found that the
increase in vegetation coverage in the Loess Plateau led to a series of chain reactions such
as the decrease in albedo, the increase in net radiation, air humidity and local water vapor
flux. The land-atmosphere exchanges had positive feedback on regional precipitation and
then alleviated the drought. Among three functioning indicators we selected, the increase
in LAI may have played more active roles in migrating the drought in the Songnen plain
during the studied period.

4.3. Lag and Cumulative Effects between Drought and Ecosystem Function

In this study, we found that the time-lag and cumulative relationships between SPEI
and ecosystem function indicators varied among species and geographical distribution
(Figures 8 and 9). In the Songnen Plain, SPEI and LAI were both positively improved within
12 months after mutual impact, namely becoming wetter or having increased vegetation
cover. The rising wetness in the study area was followed by a predominantly increasing
trend in ET. By contrast, as an increase in ET increased, SPEI of more than half of the
pixels increased. Meanwhile, more areas showed a trend toward drought. In the northeast
areas dominated by forests, the pixels with negative impulse response coefficients were
distributed concentratedly. The increased humidity will hinder the rate of water vapor
movement in evapotranspiration. Woody plants with greater evapotranspiration have the
potential to cause regional drought when moisture conditions are constant [56]. In the last
21 years, the Songnen Plain has become more humid, showing an increasing GPP almost
in the entire study area. In the opposite direction, the increase in GPP was followed by a
drought trend in about half of the total area, mainly in the northeast and in forests along the
southwest border. Generally, the composition, structure, and function of forests are closely
related to water. Forests have essential adaptive effects and feedback on water factors at
various scales [46]. In some areas, the problem of excessive water consumption in forests
affects regional water movement and cycle [57].
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Our experiments showed that there existed a certain lag between moisture conditions
and vegetation in the Songnen Plain. The greatest response were in 6–8th months later,
and the mutual impact tended to disappear after one year. Some studies indicated that
the most sensitive period between vegetation and moisture in arid and semi-arid regions
was from April to July [58,59]. Compared with woody plants, herbaceous plants were
more sensitive to external conditions. Due to their shallow root systems and lower xylem
hydraulic resistance, grasslands prone to the drought stress [11,12]. The relationship
between ecosystem function and moisture conditions in the area dominated by the same
vegetation type varied depending on the geographical location, which might be related to
spatial differences in climate [25]. In summary, GPP was most affected by water conditions
in the Songnen Plain, followed by vegetation cover (LAI) with the second broadest coverage;
ET is the smallest but similar to LAI. As a previous study indicated, the correlation between
LAI and biomass-related variables was high in semi-arid regions globally [27].

4.4. Limitations and Future Directions

The accuracy of SPEI generated by the interpolation of site-based precipitation and
temperature data might have some limitations. SPEI was calculated based on precipitation
and potential evapotranspiration in this study. Many studies have reported that the increase
in potential evapotranspiration will exacerbate the aridity of a regional environment [60].
Therefore, how the complex interactions between different environmental factors affect
vegetation growth need to be further examined. In addition, the construction of the VAR
model requires the data to pass the stability test, which will result in partial data loss. Due
to the difficulties of this model for large-scale data analysis [61], we synthesized 8-day
MODIS data into monthly-scale time series data. In a future study, other data processing
methods such as Toda and Yamamoto procedure [62] can be tried to improve the efficiency
of data utilization and analysis so as to meet the requirement of quantitatively revealing
the relationship between drought and ecosystem function response at fine scale.

5. Conclusions

In this study, we investigated the trends of drought extent (SPEI), vegetation cover
(LAI), evapotranspiration (ET), and photosynthesis (GPP) in the Songnen Plain of north-
eastern China from 2000 to 2020 at the pixel scale. The bidirectional causality, time-lag, and
cumulative response among the factors were analyzed to reveal the interactive relationship
between drought and ecosystem function. In the last 21 years, the drought situation in the
Songnen Plain had improved in different degrees. Vegetation cover changed insignificantly,
whereas both ET and GPP showed increasing trends. Some degradation were found in the
forest land. There was a certain degree of bidirectional causality between SPEI and LAI,
ET, and GPP, among them the number of pixels were highest in the responding relation-
ship of LAI-SPEI and SPEI-GPP. The response time and intensity of the variables to the
shocks varied significantly among species. The greatest response intensity were basically
concentrated between 6th and 8th months, roughly having a positive mutual contribution.
The cumulative impulse response coefficients showed significant spatial differences and
positive value of pixels took predominantly, indicating that LAI, ET, and GPP in most areas
increased in 12 months after the impact as the Songnen Plain became wetting. On the other
hand, the increase in values of ecosystem function indicators would promote the study
area toward a wetter direction. The negative response areas were mainly distributed in
the northeast (edge of the Xiaoxing’an Mountains) and southeast border areas, dominated
by woody plants. The above results indicate that there existed some time-lag and cumu-
lative effect between water conditions and plant interactions in temperate semi-arid and
semi-humid transition areas, and they were varied among regions and vegetation species.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs14225887/s1. Figure S1. Area changes of major land use/cover
during 2001–2020. Figure S2. Spatial distribution and the area percentage of major land use type
change types over three different periods in the Songnen Plain. Figure S3. Change trends of: (a)
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Temperature, (b) Precipitation from 2000 to 2020. Figure S4. Spatial distribution of: (a) Temperature,
(b) Precipitation from 2000 to 2020 (p < 0.05).
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