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Abstract: This study investigated the spatiotemporal variation of vegetation growth and
the influence of climatic drivers from 1982 to 2011 across China using datasets from the
Normalized Difference Vegetation Index (NDVI) and climatic drivers. Long term trends,
significance and abrupt change points of interannual NDVI time series were analyzed.
We applied both simple regression and multi-regression models to quantify the effects of
climatic drivers on vegetation growth and compare their relative contributions. Results show
that on average, the growing season NDVI significantly increased by 0.0007 year−1, with
76.5% of the research area showed increasing NDVI from 1982 to 2011. Seasonally, NDVI
increased at high rates during the spring and autumn while changed slightly during the
summer. At a national scale, the growing season NDVI was significantly and positively
correlated to temperature and precipitation, with temperature being the dominant factor. At
regional scales, the growing season NDVI was dominated by increasing temperature in most
forest-covered areas in southern China and dominated by precipitation in most grassland
in northern China. Within the past three decades, the increasing trend of national mean
NDVI abruptly changed in 1994, slowing down from 0.0008 year−1 to 0.0003 year−1. To be
regional specific, the growing season NDVI in forest covered southern China has accelerated
together with temperature since mid 1990s, while parts of the grassland in northern China
have undergone stalled NDVI trends corresponding to slowed temperature increment and
dropped precipitation since around 2000. Typical region analysis suggested that apart from
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long term trends and abrupt change points of climatic drivers, the processes of NDVI
variation were also affected by other external factors such as drought and afforestation.
Further studies are needed to investigate the nonlinear responses of vegetation growth to
climatic drivers and effects of non-climate factors on vegetation growth.
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1. Introduction

Vegetation as a component of terrestrial biosphere, is a pivotal link between land surface and
atmosphere [1,2]. It exerts significant influence on water balance, via evapotranspiration [3–5],
interception [6] and rooting strategy [7]. Vegetation also shows its ecological importance in regulating
carbon cycle with processes of respiration and photosynthesis [8–11]. Changes in vegetation coverage
and biomass can lead to changes in water cycle and ecology balance. Studies have shown that
vegetation growth has been strongly influenced by global climate change [12,13]. Hence, understanding
the influence of climate on vegetation dynamics is crucial for further evaluation of hydrology
and ecology response, and meanwhile helps clarify the relative contribution of human activities to
vegetation dynamics.

The influence of climate on vegetation dynamics has drawn increasing attention in the past few
decades [14–20]. Long-term remote sensing observations provide effective methods to investigate
interannual vegetation dynamics. The Normalized Difference Vegetation Index (NDVI), which is
correlated to Leaf Area Index (LAI) [21] and Gross Primary Production (GPP) [22], is a good
indicator for vegetation coverage and biomass, and has been widely used to analyze vegetation
dynamics [23–27]. Many researches have investigated NDVI trends in different regions, showing
that despite great spatial heterogeneity, NDVI generally increased in national and regional scale in
China [19,28], North America [2], east Asia [29] and Euraisa [30]. However, the increasing trends
in these areas have slowed down or reversed since mid-1990s, which could be attributed to slowed down
temperature trends or more frequent and severe drought [29,31]. The change in NDVI trends were
analyzed by comparing trends before and after certain change points. Relationships between NDVI
and climatic drivers were typically analyzed with regression method, indicating that NDVI was more
sensitive to temperature than precipitation in North America and China and increased corresponding to
global warming [2,32]. Most previous studies mainly focused on mean NDVI values within a fixed time
period, such as the whole year or uniform growing season (April to October) [20,30,33], which may not
properly reflect vegetation growth condition in the growing season that varies with region and vegetation
types [34,35]. Especially for China, with its large land area and vegetation diversity, there can be
significant difference among the growing seasons in different regions and vegetation types. For example,
deciduous broad leaf vegetation in some areas of southern China can have high level of activity from
April to late November or even December while grass in parts of Tibetan merely show high activity
from late May to early October [28,35]. Moreover, relationships between climatic drivers and NDVI
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were considered individually with single regression model in previous studies [2,19,30,32]. But since
climatic drivers are affecting vegetation growth simultaneously, the contribution of each climate driver to
the coupled effect on vegetation dynamics remains unclear. Most previous studies mainly focused on the
linear trends and correlations between vegetation growth and climatic drivers. Nevertheless, apart from
the linear relationships, non-linear responses such as abrupt change, when the trends or mean values
significantly altered before and after the change point, may also exist. The abrupt change points provide
information on how and when the responding patterns have changed, which cannot be revealed in the
overall linear relationships, hence still deserve further understanding.

The objective of this study is to investigate the interannual dynamics of natural vegetation and
the influence of climatic drivers in China mainland during the past three decades, with the newest
vegetation data and the ground observation based climate data with higher resolution than previous
studies [19,32,36]. To clarify space ranges, we focus on area covered by natural vegetation, excluding
cropland and urban area, to diminish effects of anthropologic activities [37,38] on vegetation growth.
The time range is mainly confined to the growing season; cases in spring (March to May), summer
(June to August) and autumn (September to November) are also investigated for deeper understanding
of vegetation variation during different stages of the growing cycle. This study is motivated by the
following questions: (1) What are the long term trends of vegetation growth across China and whether
the trends have significantly changed within the past three decades? (2) How do climatic drivers influence
NDVI variation and what are the dominant factors in different regions? (3) What are the regional specific
reasons contributing to the heterogeneous NDVI variation processes? This paper first analyzed the long
term trend, significance and abrupt change points in NDVI variation across China (Section 2) and then
investigated the relationships with single climate driver and multiple climatic drivers as well as the
corresponding abrupt change points of NDVI and climatic drivers (Section 3). Finally, in Section 4,
several typical regions were selected as representative for further discussion on different reasons behind
long term trends, including other regional specific factors such as drought and afforestation.

2. Datasets and Methods

2.1. Datasets

The NDVI dataset used in this study is the third-generation NDVI (NDVI3g), the newest dataset
derived from NOAA/AVHRR produced by the Global Inventory Monitoring and Modeling Studies
(GIMMS), at a spatial resolution of 1/12 degree (0.083◦) and 15-day interval, spanning from January
1982 to December 2011. The GIMMS NDVI3g data sets have been corrected to minimize the effects of
stratospheric aerosol loadings from volcano eruptions, solar angle and sensor errors, thus are suitable to
evaluate the long-term trends in vegetation activity [17,39].

The climate datasets include temperature at 2 m above ground level, precipitation and incoming
shortwave solar radiation from1982 to 2010. The air temperature and solar radiation datasets with a
high spatial resolution of 0.05◦× 0.05◦ and 3-hour interval came from the Land-Atmosphere Interaction
Research Group at Beijing Normal University [40], generated according to observation data from 700
stations within the mainland of China and handled with interpolation, correction and validation. The
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daily precipitation data product with resolution of 0.25◦ × 0.25◦, coming from National Meteorological
Information Center (NMIC) [41], was generated according to the meteorological observation data of
2419 stations across the country, which has a higher spatial resolution than 680 stations in the study by
Piao et al. [36] and 728 stations by Peng et al. [32]. To uniform the spatial and temporal resolution,
all of the climate and NDVI data sets were averaged to half-monthly values and resampled linearly to
0.25◦ × 0.25◦ grids.

The land cover data in 2000 was obtained from the 1-km product SYNMAP [42]. As in previous
studies [19,32], dynamic changes of land cover are not considered in this study, which may bring
in uncertainties due to change of vegetation type, urbanization, land reclamation, reforestation and
etc. The main land cover types in China include evergreen needle forest (ENF), evergreen broadleaf
forest (EBF), deciduous broadleaf forest (DBF), mixed forest (MF), shrubs, grasses, crops and barren
(Figure 1). Among these land cover types, crops are greatly affected by agricultural management
practices and barren shows little vegetation cover, therefore crops, barren and urban area are masked out
and only natural vegetation are considered in this study. Human activities affecting natural vegetation
were not considered in the study, which might bring in uncertainties to the following analysis. The land
cover data were aggregated to grid cells of 0.05◦ × 0.05◦ via majority method in ArcGIS [43] to be
consistent with climate and NDVI datasets.

Figure 1. Vegetation distribution in China. ENF, evergreen needle forest; EBF, evergreen
broadleaf forest; DBF, deciduous broadleaf forest; MF, mixed forest.

2.2. Methods

2.2.1. Trend Analysis

We fitted trends in NDVI and climate series linearly using ordinary least squares and the F-test was
applied to test the statistical significance, taking 0.05 as the significance level in this study. The long
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term trends draw a general picture on the long term NDVI variation, though the trends might change
throughout the 30 years. To address this concern, the non-parametric Pettitt test was applied to identify
the abrupt change point [44]. Pettitt test has been widely applied in detecting abrupt change points in
climate factors and hydrologic processes [45–49]. It tests the null hypothesis H0: the time series follows
the same distribution, against the alternative hypothesis H1: before and after time t, the two parts of the
time series follow different distribution functions [44]. The change point t represents the point when
there is an abrupt jump that partitions the time series into two parts [46,50]. One of the advantages of
Pettitt test is that it makes no assumption neither on the form of the distribution nor on the location of
change. Pettitt test takes a time series with length of T as two groups, i.e., x1, . . . , xt and xt+1, . . . , xT .
It calculates the statistical function V (t) and U(t) with the following equations

Ut,T = Ut=1,T + Vt,T , t = 2, . . . , T (1)

Vt,T =
T∑

j=1

sgn(xt − xj), sgn(x) =


+1, x > 0

0, x = 0

−1, x < 0

(2)

The most likely change point can be found at

p(t) = max |Ut,T | (3)

The approximate significance probability of the most likely change point would be calculated as follows:

P (t) = 1− exp(
−6U2

t,T

T 3 + T 2
) (4)

If P (t) > 0.95, it can be considered as a significant change point. Otherwise the time series should be
considered as stable.

2.2.2. Growing Season Detection

Growing season is the most active period in the phenology cycle of non-evergreen vegetation, hence
it is often used to define developmental stages of vegetation [1]. Mean NDVI values during the growing
season can be a better indicator for vegetation growth conditions than that of the whole year since it
focuses on developmental stages with high activity and avoids spurious NDVI data outside the growing
season, especially in winter [36]. To extract the growing seasons of vegetation across the country,
we used a modified Harmonic ANalysis of Time Series (HANTS) algorithm [51,52], which aims
to obtain smoother time series by removing abnormal NDVI values and minimizing non-vegetation
effects including clouds, aerosol, snow, etc. HANTS uses Fourier analysis iteratively and describes
seasonal NDVI variation with several low frequency cosine functions. More technical details of HANTS
algorithm can be referred in reference [1].

Considering that the length, start and end of growing season have great impacts on the value of
growing season NDVI, to avoid uncertainties in interannual NDVI variation resulting from different
growing seasons in different years and grids, we separated the research area into 15 regions according
to vegetation and climate types [53]. Each region with the same vegetation and climate type shares
the same growing season calculated from the spatial and interannual averaged NDVI from 1982–2011.
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For non-evergreen vegetation, based on the HANTS smoothed NDVI series, we take the start of season
(SoS) as the maximum of the first derivative (maximum change rate), following the method taken by
de Jong et al. [1] and White et al. [13]. The end of season (EoS) is defined as the time when NDVI
value equals to or drops below the value at SoS. According to the distribution of SoS (Figure 2a) and
EoS (Figure 2b), for most of non-evergreen vegetation across the country, SoSs vary from April to May
and EoSs vary from October to December. The growing seasons of vegetation in southern China begin
earlier and end later than those in northern China. It should be noted that for evergreen vegetation, high
activity lasts throughout the year thus the growing season is taken as entire year.

Figure 2. Spatial distribution of the growing season for non-evergreen vegetation in China.
(a) start of season (SoS); (b) end of season (EoS). a and b in the legend denote the first half
and the second half of a month respectively.

2.2.3. Regression Analysis

(1) Single driver regression analysis

We conducted linear regressions to investigate the relationships between NDVI and single climate
driver over the past 30 years as following:

NDVI = β0 + β1CLM (5)

where: CLM denotes climatic drivers, including air temperature, precipitation and incoming shortwave
solar radiation; β1 is the regression coefficient of climate driver to NDVI. Since there is no significant
autocorrelation in the growing season NDVI series under 95% confidence bounds, autocorrelation will
not be considered in our regression analysis. The influences of climatic factors on the variation of NDVI
can be inferred via the linear regression coefficients. Despite the discrepancy between causation and
correlation, as most of the previous studies [19,30,36,38], we assumed that it was highly possible that the
NDVI variation was influenced by the correlated climatic factor, yet one should notice that uncertainties
exist in this kind of “causation”. Here the single regression coefficients indicate the direct response
of NDVI to unit change in single climate driver, meanwhile can be compared with previous studies to
highlight our findings.
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(2) Multiple drivers regression analysis
To consider the effects of multiple climate drivers simultaneously and compare their relative effects,

a multiple regression model was applied:

NDVI−NDVI
σNDVI

= β0 + β1
CLM1−CLM1

σ1

+ . . .+ βn
CLMn−CLMn

σn

(6)

where: CLMi(i = 1, 2, . . . , n) are climatic drivers; NDVI and CLMi are interannual mean values of
NDVI and climatic drivers respectively; σNDVI and σi are standard deviations of NDVI and climatic
drivers respectively. Each time series, was normalized by subtracting its mean value and divided by
its standard deviation thus the unit change in each variable has the same statistical meaning. Therefore
the regression coefficients βi reflect the relative effect or contribution of each climate driver on NDVI
respectively and can be compared directly. T-test was used to test the significance of these regression
coefficients. With the multi regression above, climatic factor with larger coefficient should have
contributed more to the variation of NDVI, hence was identified as the dominant climatic factor for
the NDVI variation.
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Figure 3. Interannual variation of mean temperature and precipitation in (a) growing season;
(b) spring; (c) summer and (d)autumn in China from 1982 to 2010.
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3. Results and Discussion

3.1. Trends of Climatic Drivers

During the period of 1982–2010, national mean temperature in each season significantly increased
(Figure 3). In western China and parts of northern China, which are mainly covered by grass, temperature
increased at high rates greater than 0.05 ◦C per year on average (Figure 4a). However, the trends of
precipitation were insignificant at a national scale (Figure 3), and showed great spatial heterogeneity
across the country (Figure 4b). Precipitation increased in northern Xinjiang, northern Qinghai, western
Tibetan and some parts of southern China while it decreased in most parts of northern China.

Figure 4. Map of growing season (a) temperature and (b) precipitation trends across China
from 1982 to 2010.

3.2. Trends of NDVI

3.2.1. Trends of Areal Average NDVI

At a national scale, a significant increasing trend of 0.0007 year−1 (R2 = 0.37, p < 0.01) (Figure 5a)
was observed in the mean growing season NDVI, indicating that the overall growing season NDVI has
increased by 4.6% over the past 30 years. 1994 was a significant change point for the growing season
NDVI. The increasing trend decreased by 62.5%, from 0.0008 year−1 before 1994 to 0.0003 year−1 after
1994, indicating that at a national scale, the increase of the growing season NDVI has slowed down
since the mid of 1990s. This phenomenon was also reported in previous studies in North America [2],
Eurasia [30] and East Asia [29]. These studies compared the change points in vegetation and climate
factor series, and suggested that climate change is most likely to be responsible for the stalled or reversed
trends of NDVI in mid-1990s. Although in this study, no significant abrupt change point corresponding
to that in NDVI series was observed in either mean temperature or mean precipitation time series at a
national scale, it is possible that these relations are regional specific hence cannot be revealed in terms
of national average. Further relations between abrupt change points of climate factors and NDVI series
will be discussed in Section 3.3.4. The overall trend of growing season mean NDVI (0.0007 year−1) was
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slightly higher than that of the whole year mean NDVI (0.0006 year−1) reported by Xu et al. [19]. This
slight discrepancy implies that NDVI increased faster in the growing season than in the rest periods of a
year, though the different areas that were masked out might also contribute to the difference.

Among the three seasons (Figure 5b–d), NDVI increased at the highest rate of 0.0009 year−1

(R2 = 0.29, p < 0.01) in spring, followed by that in autumn (0.0006 year−1, R2 = 0.22, p < 0.01).
While in summer, the trend was almost zero. Moreover, the increasing trend in spring reversed at 1996,
changing from 0.0008 year−1 to−0.0002 year−1 while no abrupt change points were observed in summer
and autumn. Therefore, despite the slight discrepancy between the two change points of NDVI in the
growing season and spring, the stalled trend of NDVI in the growing season can be mainly explained by
the reverse trend in spring, which partly overlaps with early growing season.
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Figure 5. Interannual variation of NDVI in (a) growing season; (b) spring; (c) summer and
(d) autumn over the period of 1982–2011 in China. Solid lines are trend lines over the past
30 years and dash lines are trend lines before and after abrupt change point (TP).

3.2.2. Spatial Pattern of NDVI Trends

The trend of NDVI showed strong spatial heterogeneity across China (Figure 6). From 1982 to
2011, the growing season NDVI in 75.6% of the research area increased (30.5% of the total increased
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significantly), especially in grass covered Loess Plateau and northern Xinjiang as well as forested
northeastern and southern China (Figure 6a). Merely a small portion of research area such as grassland
in northeast of Inner Mongolia showed sharp decreasing trends. In spring (Figure 6b), NDVI increased at
high rates in 72.7% of the area, mainly evergreen broadleaf forest, evergreen needle forest and deciduous
broadleaf forest in central and southern China, while NDVI in grasses and shrubs in northern China and
west Tibetan only changed slightly. However in summer (Figure 6c), decreasing trends were found
in a large portion of area (41.7%), despite grasslands in Loess Plateau and northern Xinjiang showed
increasing trends. The pattern of NDVI trends in autumn (Figure 6d) was similar to that in the growing
season, with increasing trends in 71.8% of the area. Despite the strong spatial heterogeneity in the
growing season NDVI trends, the NDVI trends within each land cover type did not vary much in terms
of both median and variation range (Figure 7). The medians of trends in ENF, EBF, DBF, MF, shrubs
and grasses were 8.7× 10−4, 10.9× 10−4, 8.0× 10−4, 8.9× 10−4, 9.0× 10−4, 3.9× 10−4 respectively.
Despite the relatively higher trends in EBF and lower trends in grasses due to increased temperature and
decreased precipitation respectively (see Section 3.3.2 for details), the differences among different land
cover types were relatively small compared with the variation range within each type, suggesting that
land cover type itself may not make a big difference in NDVI trends, yet climatic drivers could have led
to the large heterogeneity within each type.

Figure 6. Spatial patterns of NDVI trends in (a) growing season; (b) spring; (c) summer and
(d) autumn over the period of 1982–2011.
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Figure 7. Box plot for the trends of growing season NDVI of Evergreen Needle Forest
(ENF), Evergreen Broadleaf Forest (EBF), Deciduous Broadleaf Forest (DBF), Mixed Forest
(MF), Shrubs and Grasses from 1982 to 2011. The edges of the boxes are 25th and 75th
percentiles [54].

3.3. Responses of Vegetation Dynamics to Climatic Drivers

3.3.1. Relationships between NDVI and Single Climate Driver

Mean NDVI within the growing season, spring, summer and autumn were calculated for the following
regression analysis. At a national scale, the growing season NDVI was significantly and positively
correlated with temperature (R2 = 0.382, p < 0.01) and precipitation (R2 = 0.103, p < 0.05),
but not significantly correlated with radiation over the period of 1982–2010 (Table 1). Seasonally,
NDVI was significantly and positively correlated with temperature in spring (R2 = 0.525, p < 0.01)
and autumn (R2 = 0.291, p < 0.01), especially in spring, when the high regression coefficient
indicated a strong linkage between spring NDVI and temperature. No significant correlation between
NDVI and precipitation was found in any of the other three seasons. The regression analysis at a
national scale suggested that vegetation was greatly affected by temperature, consistent with previous
studies [55,56]. Since radiation showed little correlation with NDVI and the influence directions were
unstable, for simplification, it won’t be further discussed below.

Table 1. Regression coefficients between NDVI and temperature (βT ), NDVI and
precipitation (βP ) and NDVI and radiation (βR) during the growing season, spring, summer
and autumn from 1982 to 2010. (** p < 0.01; * p < 0.05).

Period βT (×10−3/◦C) βP (×10−6/mm) βR(×10−3/W/m2)

Growing season 9.321 ** 8.349 * −3.107
Spring 15.935 ** 7.826 8.241

Summer 3.977 7.078 5.334
Autumn 8.903 ** 4.554 −6.949
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Figure 8 showed the spatial patterns of regression coefficients between temperature and NDVI, and
precipitation and NDVI, respectively, in the growing season. Over the period of 1982-2010, NDVI
was significantly and positively correlated with temperature in about 26.6% of the area (Figure 8a).
Particularly, in southern China, where the main vegetation types are evergreen broadleaf forest and
deciduous broadleaf forest (Figure 1), the high regression coefficients indicated that temperature rise
has strongly promoted vegetation growth in these areas. In 17.7% of the area, NDVI was significantly
and positively correlated with precipitation (Figure 8b), mainly in arid or semi-arid areas in northern
China where the growth of grass is under water stress. In northeast Inner Mongolia, NDVI decreased
(Figure 6a) due to severe water limitation with decreasing precipitation (Figure 4b) while in the grassland
of northern Qinghai, NDVI increased (Figure 6a) with more water supply from precipitation (Figure 4b).

Our results indicated that NDVI was significantly and positively correlated with temperature in large
amount of area in China, which is consistent with previous studies [2,19,28,32]. However, compared to
the previous study [19] suggesting little significant correlations between annual NDVI and precipitation
in these areas, the significant correlations in the growing season highlighted the strong effect of the
growing season precipitation on the growth of grasses in arid and semi-arid areas.

Figure 8. Map of regression coefficients between the growing season mean NDVI and (a)
growing season mean temperature; (b) growing season total precipitation. Light gray pixels
are masked out according to land cover and dark gray pixels show insignificant trends.

Table 2. Relative effects of temperature (βNDVI−T ) and precipitation (βNDVI−P ) on NDVI
during the growing season, spring, summer and autumn at a national scale from 1982 to
2010. Significant coefficients verified with t-test are noted with “**” under significance
level of 0.05 and noted with “*” under significance level of 0.10.

Periods Growing Season Spring Summer Autumn

βNDVI−T 0.583 ** 0.726 ** 0.176 0.560 **
βNDVI−P 0.228 * −0.080 0.128 0.177
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3.3.2. Relationships between NDVI and Multiple Climate Dirvers

According to the normalized multiple regression (Equation (6)), temperature had a larger relative
effect on NDVI than precipitation at a national scale during the four periods (Table 2). This quantitatively
illustrates that on average, vegetation growth was more affected by temperature than precipitation in
China. The largest relative effect of temperature was in spring with value of 0.726, suggesting that
temperature rise has greatly motivated vegetation growth in spring. Precipitation exerted larger relative
effect in the growing season than any of the other three seasons. Growing seasons represent the periods
when vegetations are highly active, while the other three seasons are only part of or partly included in the
growing season. Hence the high correlation between growing season precipitation and NDVI highlighted
the importance of precipitation during high vegetation activity periods.

Figure 9. Spatial distribution of dominant climatic drivers in (a) growing season; (b) spring;
(c) summer and (d) autumn. Pixels in red are temperature-dominated and pixels in blue are
precipitation-dominated. Darker color represents larger relative effect. Light gray pixels are
masked out according to land cover and dark gray pixels show insignificant coefficients.

Among temperature and precipitation, the one with larger and significant relative effect to NDVI
was taken as the dominant climate driver for each pixel. Figure 9 illustrates the spatial patterns of
dominant climatic drivers in the four periods. In the growing season (Figure 9a), vegetation growth
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was strongly dominated by temperature in most of the forest-covered (including EBF, ENF and DBF)
southern China (26.5% of the research area) and by precipitation in grass-covered arid or semi-arid
northern China (17.4% of research area). The study by Li and Guo [26] also found that precipitation
has exerted more effects on NDVI than temperature in semi-arid grassland in Canada. A large portion
(51.3%) of the research area was temperature-dominated in spring (Figure 9b), especially in northeastern
and central China where the majority of vegetation is deciduous broadleaf forest (Figure 1). The large
relative contributions of temperature highlight the crucial effect of spring temperature on vegetation
growth again. In summer (Figure 9c), 10.7% of the area, mainly the grassland in northern China
such as northeast Inner Mongolia, was slightly dominated by precipitation and 12.3% of the area was
dominated by temperature. However, these two climatic drivers did not have significant controlling
effect on NDVI in most parts of southern China during summer. In autumn (Figure 9d), there was
little precipitation-dominated area, while 24.0% of the area, including deciduous broadleaf forest in
northeastern and central China, grassland in eastern and southern Tibetan, west of Loess Plateau and
northern Xinjiang showed increasing NDVI corresponding to temperature rise.

Both the national scale and pixel scale regressions highlighted the strong effects of the temperature
in the spring and the precipitation in the whole growing season on the NDVI variation. With the
multiple regression analysis, this study is among the first to reveal that the growing season NDVI in
northern grassland was mostly dominated by precipitation while that in the southern forest was mostly
dominated by temperature. Nevertheless, the variation of vegetation growth cannot be fully explained
by the relationship with climatic drivers, other factors such as time lag [19], precipitation intensity,
altitude [35], CO2 concentration and nitrogen deposition [57] can also play vital roles in trends of
vegetation growth, about which further study is needed.

3.3.3. Impacts of Time Lag on the Regression Analyses

It has been pointed out that the response of NDVI to climatic drivers could lag by several months.
Under different contexts and purposes, the time lag could refer to the temporal discrepancy between the
maximum trends of NDVI and climatic drivers [36], or the temporal discrepancy between the highly
correlated NDVI and climatic drivers [19,58]. In our case, in order to evaluate (1) how much areas were
significantly affected by lag effects and (2) within these areas, how much the difference would be by
considering lag effects or not, we performed the regression below for each pixel:

NDVI = β0 + β1CLM + β2CLM-1 (7)

where: NDVI and CLM are the NDVI and climatic drivers within the season (including growing season,
spring, summer and autumn,) respectively; CLM-1 is the climatic drivers ahead of the season, with the
same length as the season, representing the antecedent climatic conditions. Similar to the previous
studies [58,59] investigating the effects of antecedent climatic conditions, we quantify the antecedent
condition CLM-1 as the average within the period just ahead of and with the same length as the current
season. There should not be an overlapping period between CLM and CLM-1 to avoid dependency.
T-test was used to test the significance of each regressor. Pixels with significant β2 were taken as areas
showing significant lag effects.
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Results show that only 4.13% and 3.99% of the whole research area showed significant lag effects
of temperature and precipitation respectively on the growing season NDVI (Table 3). Within the 4.13%
and 3.99% of the area, compared with the β1 in Equation (5), the β1 in Equation (7) were merely 8.43%
and 4.48% smaller respectively on average. Hence the lag effects of climatic drivers on the NDVI were
neglectable at the growing season scale. For the three seasons of spring, summer and autumn, significant
lag effects were observed in less than 6% of the area for both temperature and precipitation, except that
precipitation had significant lag effects on the summer and autumn NDVI in 12.29% and 14.78% of the
area respectively, mainly in the grassland of Loess Plateau and northern Xinjiang. Nevertheless, within
the 14.78% of the total area with significant lag effects of summer precipitation on autumn NDVI, the
relationships between the autumn precipitation and the autumn NDVI and were merely 6.06% smaller
on average if significant lag effects were considered than not. Similarly, within the 12.29% of the total
area with significant lag effects of spring precipitation on summer NDVI, the relationships between the
summer precipitation and the summer NDVI and were merely 9.22% smaller on average if significant
lag effects were considered than not. Hence the seasonal lag effects would not largely affect our results
either, yet still deserve notice. As a combination of single regression analysis (Equation (5)), the multiple
regression analysis (Equation (6)) would be little affected by the time lag since the lag effects of both
temperature and precipitation were small. Multiple regression analysis would not help explain the time
lag hence would not be discussed further.

Table 3. Percentage of area showing significant lag effects of temperature and precipitation
on the average NDVI of growing season, spring, summer and autumn (%).

Climatic Driver Growing Season Spring Summer Autumn

Temperature 4.13 5.12 0.52 1.81
Precipitation 3.99 1.05 12.29 14.78

The lag effects of climatic drivers on NDVI were generally small in our case. Nevertheless, it is not
consistent with the results in previous studies due to different spatial-temporal scales and the methods
used to evaluate the lag effects. Piao et al. [36] investigated the lag effects on monthly NDVI at the
national scale in China by comparing the maximum trends of monthly NDVI and temperature within
one year, and pointed out that there was a 3-month lag in the response of monthly NDVI to temperature.
Piao et al. [58] looked into the lag effects on the seasonal NDVI of the whole grassland in northern China
by correlating the seasonal NDVI with the previous seasonal climatic factors, suggesting that the summer
precipitation had lag effects on the autumn NDVI, but they did not discuss the lag effects on growing
season NDVI. Xu et al. [19] calculated the distributed lag time for monthly NDVI in China, based on the
number of months after which the NDVI would “show the highest significant correlation coefficient with
previous temperature or precipitation”, finding out that around 80% areas showed zero and one-month
lag and only part of the southern China showed longer lags yet less than 6 months. In our case, instead of
discussing at a monthly scale, we assembled NDVI and climatic drivers into growing season, with lengths
of 6 to 12 months, and the spring, summer and autumn with lengths of 3 months. The longer lengths
of these time periods could attenuate the effects of time lag, compared to the lag effects at a monthly
scale. Specifically, except for the climatic factors 1 to 2 months ahead of the growing season that were
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not considered, the lag effects of climatic factors within the growing season would not be expressed at
the time scale of the whole growing season. For example, the temperature in July has been included
in the growing season temperature, which may affect the NDVI in August or September, which is also
included in the growing season, but would not be expressed to affect the average NDVI of the whole
growing season. Hence the time lag effects may not be as significant as those in the previous studies.
These different conclusions in the previous and current studies drawn with different methods reveal the
complexity and uncertainty in the study of time lag itself. In this case, the effects of time lag would not
be considered in the results of our regression analysis, though still deserve further investigation.

3.3.4. Abrupt Change in NDVI and Its Relationship to Climatic Drivers

As discussed in Section 3.2.1, the increasing trend of national mean NDVI has decreased since 1994.
To further investigate how NDVI trends have changed in different regions and understand the reasons
behind this, we detected the most likely abrupt change points in NDVI and climate divers. By comparing
the abrupt change points in each time series, it can be inferred that the abrupt change of NDVI could
be a result of climatic jumps if the change points were close to each other. Figure 10 shows the abrupt
change points of the growing season NDVI, air temperature and precipitation, as well as the difference
of trends (DT) before and after the change points. The trends of the growing season NDVI changes in
1992–1994 in southern forests and changes in around 2000 in grassland of northeast Inner Mongolia,
Loess Plateau and west Tibetan (Figure 10a). In 14.61% of research areas (Table 4), mainly located
in forested southern and central China and Loess Plateau, NDVI has increased faster since the change
points (Figure 10b).

Accelerated NDVI trends in southern China can be attributed to higher temperature trends. Though
the abrupt change points for NDVI and temperature in southern China were not exactly overlapping,
they were close to each other and both accelerated in 1992–1997, which still helps explain the increasing
trend of NDVI in southern China. 16.64% of areas have undergone slowed down NDVI trends, especially
in northern grassland, which could be partly contributed by the slowed down trends of temperature in
these areas since mid 1990s (Figure 10c,d). The study by Bao et al. [20] also indicated the decreasing
trends of NDVI in the Mongolian Plateau since mid or late 1990s. In some arid and semi-arid areas
such as southern Tibetan and northern Xinjiang, speeded up temperature increment could limit the water
availability for vegetation hence led to stalled NDVI trends [55]. In northeast Inner Mongolia, both NDVI
and precipitation (Figure 10e,f) changed in late 1990s. It can be inferred that the abruptly decreased
precipitation has led to the stalled or reversed NDVI trends in this area.

Seasonally, spring NDVI showed more abrupt change points compare to the other two seasons (see
supplementary material, Figures S1a, S2a and S3a), indicating that the changes of NDVI behaviors
mainly happened in spring. Both NDVI and temperature changed in mid 1990s in most areas (Figure
S1a,c), despite little change in precipitation occurred (Figure S1e). Spring NDVI in forested southern
and central China (24.65% of the research areas) have speeded up together with temperature while
slowed down in parts of southwest and southeast China and Qinghai province (15.42% of the areas)
as the increasing trend of temperature decreased (Figure S1b,d). The summer NDVI changed in the late
1990s (Figure S2a), mainly corresponding to precipitation (Figure S2e). Summer precipitation dropped
in northeast Inner Mongolia, northern Xinjiang and south Tibetan (Figure S2f), where summer NDVI
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trends slowed down as well (11.49% of the areas) (FigureS2b). The higher temperature and dropped
precipitation could lead to the abrupt decrease of summer NDVI in these areas. In autumn, temperature
increased faster in southern and central China since mid-1990s (Figure S3c,d) and promoted vegetation
growth (Figure S3b). While higher temperature and dropped precipitation (Figure S3e,f) could have
limited the vegetation growth in northeast Inner Mongolia.

Figure 10. Spatial distribution of abrupt change points in the growing season mean (a)
NDVI; The difference of trends (DT) before and after abrupt change points in the growing
season mean (b) NDVI; (c) air temperature; (d) air temperature; (e) precipitation and (f)
precipitation. DT was calculated by trends after abrupt change points minus trends before
abrupt change points.



Remote Sens. 2015, 7 10260

Table 4. Proportion of areas with slowed down or speeded up NDVI trends since abrupt
change points (%).

Change Direction Growing Season Spring Summer Autumn

Slowed down 16.64 15.42 11.49 8.05
Speeded up 14.61 24.65 5.96 14.52

It should be noted that the sequence of abrupt change points in series does not necessarily reflect the
causal and effect relationship, i.e., series with earlier change point does not have to be the causal factor.
Similar change points in NDVI and climatic drivers provide potential explanations for the accelerated or
slowed down NDVI trends. The abrupt change points in NDVI and climatic drivers did not fully match
with each other, either due to the fluctuation in the data or the change of NDVI trends cannot be fully
attributed to the change in climatic drivers. For example, the accelerated growing season NDVI trends
in Loess Plateau cannot be explained by jumps in either temperature or precipitation. The changes of
NDVI trends in Loess Plateau could mainly be a result of non-climatic factors, which will be discussed
further in Section 3.3.5. Nevertheless, the comparison between the abrupt change of climatic drivers and
NDVI provides explanations for the nonlinear NDVI behaviors in most regions.

3.3.5. Temporal Variation in NDVI in Typical Regions

According to the spatial distribution of the growing season NDVI trends (Figure 6a), NDVI in some
regions sharply increased or decreased, such as those in northeast Inner Mongolia, Loess Plateau and
central China. Since trends cannot completely reflect the variation process of NDVI time series, we took
these areas as typical regions (Figure 6a) to analyze the relationships between the variation process of
NDVI and climatic drivers as well as the influence of other external factors that can help explain the
reason behind long term NDVI trends.

(1) Northeast Inner Mongolia

Northeast Inner Mongolia (42.5◦N−52.5◦N, 112.5◦E−122.5◦E), is located in a semi-arid temperate
climate zone and mainly covered by grass. The mean growing season NDVI in this area decreased
significantly at rate of−0.98×10−3/year on average from 1982 to 2011(Figure 11a). However, previous
study showed that NDVI in this area slightly increased from 1982 to 1999 [36]. According to the Pettitt
test, 1999 is an abrupt change point. The trend reversed from 1.51 × 10−3/year to −1.16 × 10−3/year
and NDVI mean values decreased from 0.478 to 0.453 before and after 1999. As for climatic drivers,
the temperature time series was stable (Figure 11b) while the precipitation series also significantly
changed at 1999 (Figure 11c), before and after which the mean value dropped from 321.5 mm to
250.4 mm. The research by Yuan et al. [60] also revealed that the mean values of precipitation from
1999 to 2011 in northeastern China sharply decreased compared to that from 1982 to 1998. Seasonally,
according to the detected abrupt change points (Figures S1f, S2f and S3f), it was mainly in summer and
autumn when precipitation dropped. Though it is difficult to separate the effects of precipitation and
grazing [26], the correlation and corresponding abrupt change points in NDVI and precipitation partly
provide explanations for the decreasing NDVI in this area. Less precipitation limited the growth of grass
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or even partly destroyed the grassland ecosystem with low ecological resilience, and meanwhile rising
temperature could have aggravated water limitation. This suggests that the decrease of growing season
NDVI in northeast Inner Mongolia occurred after 1999, as a result of decreased precipitation, consistent
with the result in Section 3.2.2 that the vegetation growth in this area was dominated by precipitation
(Figure 9a).
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Figure 11. (a) Mean NDVI; (b) mean temperature and (c) accumulate precipitation in the
growing season in northeast Inner Mongolia from 1982 to 2010.
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Figure 12. (a) Mean NDVI; (b) mean temperature and (c) accumulate precipitation in the
growing season in Loess Plateau from 1982 to 2010.

(2) Loess Plateau

Loess Plateau (35◦N−42.5◦N, 107.5◦E−115◦E), where the majority vegetation types are grasses and
shrubs, belongs to semi-arid warm temperate zone. Growing season NDVI in this area increased at an
extremely high rate of 2.35×10−3/year on average over the past 30 years. The NDVI series significantly
changed at 2001 (Figure 12a), before and after which the increasing trends were 1.59 × 10−3/year and
7.78× 10−3/year respectively. In spite of the stable precipitation series, the growing season temperature
in Loess Plateau also abruptly changed in 1998, with the mean value increasing by 1.3 ◦C at 1998, which
promoted vegetation growth (Figure 12c,b). However, the increasing trend of NDVI in Loess Plateau
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after 2001 was much higher than any other regions in China that it can hardly be only explained by
temperature rise. The study by Gao et al. [61] showed that from 1999 to 2010, the total afforestation
area was 5165× 103 hm2 in Shanxi province, mainly located in Loess Plateau, ranked the second in all
provinces of China, which can partly explain the extremely high increasing rate of NDVI in this area.
Therefore in Loess Plateau, NDVI increased rapidly after 2001 due to temperature rise and afforestation.
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Figure 13. (a) Mean NDVI; (b) mean temperature; (c) accumulate precipitation in the
growing season and (d) mean SPI in winter and spring in Central China from 1982 to 2010.

(3) Central China

Central China (27.5◦N−35◦N, 105◦E−115◦E), mainly covered with deciduous broadleaf forest,
belongs to the humid or semi-humid zone. The vegetation growth was dominated by temperature in
this area (Figure 9a). As Figure 13 shows, in response to increasing temperature, the growing season
NDVI in this area strongly increased by 1.41×10−3/year on average. Although both NDVI and climatic
drivers varied stably without an abrupt change point, the interannual fluctuation of the NDVI series was
quite large. Peng et al. [32] and Mohammat et al. [62] suggested that extreme climate such as drought
and floods could have great impact on vegetation growth. The influence of extreme climate can be
universal while here we only take drought in central China as an example. We analyzed the relationship
between NDVI and drought in central China using the 3-month Standard Precipitation Index (SPI) [63],
a good indicator of drought in terms of soil water available for vegetation [64]. Negative lower SPI
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values mean more severe drought. NDVI series corresponded well with winter-spring mean SPI (mean
SPI values from December of last year to May) (Figure 13d). For example, in 1984, 1999, 2000 and
2005 when NDVI fluctuated to minima (Figure 13a), the corresponding SPI values were low as well
(Figure 13d), suggesting that drought before or during the early growing season could play important
role in impeding vegetation growth in this area, which is consistent with previous study by
Mohammat et al. [62] suggesting that spring drought has significant influence on vegetation growth
in Inner Asia. Hence the growing season NDVI in central China was promoted by rising temperature,
meanwhile the interannual fluctuation was influenced by drought.

4. Conclusions

We analyzed the spatial and temporal NDVI variation and the influence of climatic drivers from 1982
to 2011 in China via methods of regression and statistical tests. The key conclusions are as follows:

(1) At a national scale, the growing season NDVI significantly increased by 0.0007 year−1 on average
from 1982 to 2011, though the trend abruptly changed at 1994, slowing down from 0.0008 year−1 to
0.0003 year−1, which was mainly contributed by the stalled spring NDVI trend. NDVI trends showed
great seasonal and regional heterogeneity. It increased rapidly in spring and autumn while no significant
trend was observed in summer. In 76.5% of the research area, the growing season NDVI increased while
in grassland of northeast Inner Mongolia, decreased trends were observed, mainly caused by decreased
precipitation.

(2) The growing season NDVI was significantly and positively correlated to temperature and
precipitation, while temperature contributed more to NDVI than precipitation at a national scale.
Regionally, the growing season NDVI was dominated by rising temperature in most forested area in
southern China and dominated by precipitation in most grassland in northern China, where water supply
is limited. For example, NDVI in northern Xinjiang increased with more precipitation while that in
northeast Inner Mongolia decreased due to less precipitation. During spring and autumn, NDVI was
dominated by temperature in most research areas, and slightly dominated by precipitation in parts of
grassland in northern China during summer. Hence rising temperature in spring and autumn prompted
NDVI in southern China while falling precipitation in summer limited the vegetation growth in parts of
northern China such as northeast Inner Mongolia.

(3) 16.64% of the research areas, mainly grassland covered northern China, have undergone slowed
down NDVI trends corresponding with slowed down temperature increment since mid 1990s and
dropped precipitation since around 2000. While in 14.61% of the research area, mainly forests in
southern and central China, growing season NDVI has speeded up together with temperature since
mid 1990s. Seasonally, spring and autumn NDVI in southern China has accelerated together with
temperature since mid 1990s while summer NDVI in parts of northern China has slowed down due
to dropped precipitation since around 2000.

(4) The reasons leading to similar long term NDVI trends can be various and regional specific. NDVI
in northeast Inner Mongolia decreased sharply since around 2000 due to falling precipitation. NDVI
in Loess Plateau increased at extremely high rates, which has benefited from accelerated temperature
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and afforestation. In addition, NDVI in Central China also increased quickly with temperature while
fluctuated widely under the effects of drought.

The results of this study illustrate an overall increasing trend of vegetation growth and the spatial
pattern of dominant climatic drivers, which would help to better estimate and predict evapotranspiration
and carbon processes. However, the interannual variation of vegetation growth cannot be fully explained
by changes in climatic drivers, and further studies on the relationships and feedbacks between vegetation
growth and carbon and nitrogen cycles are needed. Furthermore, the different spatial patterns highlight
the necessity for more in-situ observations. Abrupt change points of vegetation growth indicate the
non-linear response of vegetation growth to climate change, which increased the complexity and
highlights the importance of further study on the mechanism of ecosystem processes corresponding
to climate change.
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