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Abstract Variations in leaf area index (LAI) are critical to
research on forest ecosystem structure and function, especially
carbon and water cycle, and their responses to climate change.
Using the ensemble empirical mode decomposition (EEMD)
method and global inventory modeling and mapping studies
(GIMMS) LAI3g dataset from 1982 to 2010, we analyzed the
nonlinear feature and spatial difference of forest LAI variability
over China for the past 29 years in this paper. Results indicated
that the national-averaged forest LAI was characterized by
quasi-3- and quasi-7-year oscillations, which generally exhibited a rising trend with an increasing rate. When compared with
1982, forest LAI change by 2010 was more evident than that by
1990 and 2000. The largest increment of forest LAI occurred in
Central and South China, while along the southeastern coastal
areas LAI increased at the fastest pace. During the study period,
forest LAI experienced from decrease to increase or vice versa
across much of China and varied monotonically for only a few
areas. Focusing on regional-averaged trend processes, almost
all eco-geographical regions showed continuously increasing
trends in forest LAI with different magnitudes and speeds, other
* Yunhe Yin
yinyh@igsnrr.ac.cn

1

Key Laboratory of Land Surface Pattern and Simulation, Institute of
Geographic Sciences and Natural Resources Research, Chinese
Academy of Sciences, 11A, Datun Road, Chaoyang District,
Beijing 100101, China

2

University of Chinese Academy of Sciences, 19A Yuquan Road,
Shijingshan District, Beijing 100049, China

3

Sino-French Institute for Earth System Science, College of Urban
and Environmental Sciences, Peking University, No.5 Yiheyuan
Road, Beijing 100871, China

4

Department of Earth and Environment, Boston University, 675
Commonwealth Avenue, Boston, MA 02215, USA

than tropical humid region and temperate humid/subhumid region, where LAI decreased initially and increased afterwards.
Keywords Leaf area index . Forest . Variations . EEMD
method

Introduction
As an important component of terrestrial ecosystem, forest
plays a key role in coping with climate change, as well as
regulating global carbon and water cycle. In the context of
changing climate, forest distribution, phenology, productivity,
carbon sequestration, and eco-hydrological function would
vary accordingly (IPCC 2007). Therefore, clarifying the variability of forest structure and function and assessing the response and adaptation of forest to climate change are crucial
issues in global change research. However, owing to the complexity of forest ecosystem, uncertainty of climate change, and
limitations of people’s cognition, there still exist large disagreements and uncertainties in the above studies (Bonan
2008; Millar et al. 2007). Consequently, we need to precisely
describe the growth dynamics and biophysical processes of
forest vegetation and analyze its secular variations and
influencing factors.
As an important parameter characterizing vegetation canopy structure, leaf area index (LAI) controls many biological
and physical processes of vegetation, such as photosynthesis,
respiration, transpiration, carbon and nutrient cycle, and rainfall interception (Chen and Cihlar 1996). It affects the exchange of substance, energy, and momentum between land
surface and atmosphere (Monteith and Unsworth 1990) and
serves as required input or key variable in most ecological
models and global models of climate, hydrology, and biogeochemistry (Sellers et al. 1997). Since ground-based methods
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for measuring LAI are only proper to obtain LAI on a small
scale, large-scale estimation of LAI mainly depend on the
development of remote sensing techniques. Approaches for
deriving LAI from satellite information can be broadly categorized as empirical methods, physical methods, and machine
learning algorithms (Zhu et al. 2013).
Much research on LAI variations has been carried out in
recent years. For LAI can be measured at leaf, plant, stand, or
community levels, it is able to reflect the spatial heterogeneity
of leaf distribution within the canopy and the geographical
pattern of regional even global vegetation. It is beneficial to
explore spatial variations in LAI for simulating forest growth
and projecting forest production. Remote sensing-based LAI
data is applied to plenty of climate-vegetation models for validation and evaluation (Buermann et al. 2001; MurrayTortarolo et al. 2013). For LAI has distinct seasonal and interannual variability, it is equally vital to monitor temporal variations in LAI for understanding terrestrial ecosystem fluxes
and their feedbacks to global change. Climatic factors including radiation, temperature, and precipitation would alter leaf
carbon uptake in time and intensity by affecting LAI circulation and extremes, thus impacting vegetation photosynthesis
capacity and productivity (Barr et al. 2004; Campioli et al.
2009; Muraoka et al. 2010).
Long-term and continuous remote sensing observation
with high temporal resolution provides important data source
to vegetation dynamic research. Various statistical means and
frequency-spectral techniques (Bradley et al. 2007;
Lasaponara 2006; Martínez and Gilabert 2009) are gradually
applied to the processing and analyzing of vegetation remote
sensing. Under the background of climate change, research
shows that global-averaged LAI has exhibited a rising trend
for decades, especially significant in the middle and high latitudes of North Hemisphere, which was mainly attributed to a
lengthening of growing season caused by global warming
(Liu et al. 2010; Mao et al. 2013; Piao et al. 2006). China’s
vegetation LAI was supposed to follow a similar trend (Piao
et al. 2015; Xiao and Moody 2010). Nevertheless, time series
analysis is traditionally under the premise of linear and stationary assumption, following which long-period oscillations
may be confused with trend variations. Actually, vegetation
time series are nonlinear and nonstationary processes which
contain a combination of seasonal, gradual, and abrupt changes (Henebry and Beurs 2005; Verbesselt et al. 2010). It is
necessary to choose a suitable method that allows discussing
the periodicity and tendency of LAI via temporal-spatial data,
in order to grasp multi-scale variations of vegetation and its
relationship with climate change. Nowadays, some nonlinear
fitting methods have provided a new way to analyze time
series. Methods accounting for nonlinearity are able to separate series into components of different time scales and meanwhile preserve the time domain flexibility of signals
(Hawinkel et al. 2015). They are more sensitive than simple

linear analysis to trend changes within short duration or even
reversing changes in long-term time series (Jong et al. 2012),
thus potentially deepening understanding of vegetation responses to climatic and human factors. For examples,
Breaks For Addictive Seasonal and Trend (BFAST) analysis
(Verbesselt et al. 2010) and Detecting Breakpoints and
Estimating Segments in Trend (DBEST) analysis (Jamali
et al. 2015) focus on rapid and stepwise changes in vegetation
effected by disturbances like wildfire and recovery; polynomial fitting-based scheme (Jamali et al. 2014) could automatically divide vegetation changes into cubic, quadratic, linear,
and concealed trends; Ensemble Empirical Mode
Decomposition (EEMD) method (Wu and Huang 2009) is
able to extract periodic signals as well as long-term trend. In
addition, most studies aimed at LAI variations on the countrywide scale of China focused on the time-space distribution
of LAI in different periods or different vegetation types and its
correlation with climatic factors (Huang and Ji 2010; Liu et al.
2012a; Ren et al. 2014). Considering China’s vast territory
and clear zonality, it will be more appropriate to elaborate
the regional differences of vegetation change from the perspective of eco-geographical regionalization.
EEMD (Wu and Huang 2009) is an adaptive and noiseassisted time series analysis method and well suited to deal
with nonlinear and nonstationary processes. It can extract fluctuant and trend components with multiple characteristic scales
from complicated signals. Compared with empirical orthogonal function and wavelet analysis methods, EEMD does not
need any priori hypothesis and bases data decomposition on
localized features, whose results have higher time-frequency
resolution and clearer physical meaning. By applying EEMD
to multi-dimensional data, the spatial structural evolution of
periodic oscillations on different time scales is obtained and
trend varying with time and space is separated. Currently,
EEMD has been successfully and widely used in the field of
climate change, but the majority of study objects are meteorological and hydrological elements (Chang et al. 2010;
Franzke 2012; Wu et al. 2011). It is still rare to use EEMD
and its predecessor the empirical mode decomposition (EMD)
to directly analyze remote-sensed vegetation data. That is
probably because of the need for long-term and continuous
data, whereas most remote sensing data on regional scale began from the 1980s. There is a lack of systematic studies on
the application of EEMD to large spatiotemporal datasets, and
the significance tests for EEMD components remain controversial (Hawinkel et al. 2015). After decomposing the homogenized daily temperature dataset by means of EEMD and
extracting its interannual, interdecadal components and secular trend, an earlier start of spring and lengthening of growing
season was found at many locations around the world over the
last 100 years (Qian et al. 2011; Xia et al. 2013). Moreover,
EEMD was used to reconstruct tree-ring climate series for the
past millennia, which was more consistent with existing
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observations, suggesting EEMD could extract low-frequency
signals from proxy data more effectively than conventional
methods like ordinary least squares and variances matching
method (Shi et al. 2014; Shi et al. 2012). When it comes to
vegetation remote sensing, EMD denoising method was implemented to smooth NDVI time series and identify the vegetation degeneration of Northeast India and surrounding regions (Verma and Dutta 2013). However, most of these studies were limited to site data and may have neglected the timevarying nature of trend.
The overall objective of this study is to investigate the
nonlinear variations of forest LAI over China during 1982–
2010, by applying the EEMD method to the Global Inventory
Modeling and Mapping Studies (GIMMS) LAI3g dataset.
More specifically, the national-averaged forest LAI variations
were analyzed on multiple timescales; the temporal-spatial
variability of forest LAI across the country was analyzed
based on pixel-level data decomposition; the regional differences of forest LAI changes were illuminated among the ecogeographical regions in China. All the work was done in order
to provide a scientific reference for accurately assessing forest
carbon and water cycle, deeply studying the responses of forest ecosystem to climate change, and making relative adaptation policies.

Study area
Figure 1 presents the basic distribution of forest in China.
Evergreen needle-leaved forest occupies a small area, mainly
found in the Tianshan Mountains and the southeast of Tibetan
Plateau, where Picea and Abies are the principle trees.
Deciduous needle-leaved forest is concentrated in the north
of Daxing’an Mountains, where Larix gmelinii is the representative species. Deciduous broad-leaved forest is mainly
located in Northeast China and sporadically distributed in
Loess Plateau. The dominant trees are represented by
Quercus of the family Fagaceae. Evergreen broad-leaved forest has a relatively big area and continuous distribution, including South China and the southern parts of the East
Himalayas. The main trees include Fagaceae, Lauraceae,
and Theaceae in the south subtropical zone, and
Dipterocarpaceae, Meliaceae, Sterculiaceae, etc. in the tropical rainforests. Mixed forest has the widest distribution, from
Northeast China to the east of temperate and subtropical
zones. The dominant trees of forest types are referenced from
Wu (1980).

Materials and methods
The GIMMS LAI3g product (Zhu et al. 2013) was derived from
GIMMS NDVI3g dataset utilizing an artificial neural network

model. It adopted geographic coordinate system with a 1/12°
spatial resolution and 15-day temporal frequency, covering the
time span of January 1982 to December 2010. The valid range of
LAI values was defined as 0 to 7. A comprehensive assessment
was conducted on LAI3g data, showing a satisfied consistency
with 45 sets of field measurements from 29 sites worldwide.
Through comparison with the Carbon Cycle and Change in
Land Observational Products from an Ensemble of Satellites
(CYCLOPES) LAI product on global and site scale, LAI3g
was perceived to be much closer to ground truth values, especially in forests (Fang et al. 2012; Zhu et al. 2013).
Land cover data came from the Collection 5 Moderate
Resolution Imaging Spectroradiometer (MODIS) land
cover-type product (MCD12C1) at a spatial resolution of
0.05° in geographic latitude-longitude projection. It was integrated from both Terra and Aqua satellite observation annually, using a supervised classification algorithm. Crossvalidation analysis indicated an overall classification accuracy of 75% for this product (Friedl et al. 2010). According to
the International Geosphere Biosphere Programme (IGBP)
class, five land cover types related to forest were used in
this study (Fig. 1).
Considering that MCD12C1 of 2007 was one of the input
data-generating LAI3g, we selected it as a standard for
extracting forest pixels, re-sampled it to the same spatial resolution as LAI3g (1/12 × 1/12°), and clipped it with vector
boundary of China. Hence, the spatial distribution information
of forest cover in China under the IGBP classification system
was achieved. Annual averages of 29-year LAI time series
were then computed for all forest pixels. Based on ecogeographical regions in China (Zheng 2008), ranging from
tropical to cold temperate and from humid to arid, forest
LAI in each of the ten regions and the whole country were
calculated by pixel area-weighted averaging.
The core idea of EEMD method is to add white noise
to the original series x(t) and decompose the mixed data in
terms of several amplitude-frequency-modulated oscillatory components Cj (j = 1, 2, …, n) (Eq. 1). By repeating
the above steps, the ensemble means will be acquired as
the final intrinsic mode functions (IMFs). After enough
trials, the added white noise could cancel out, realizing
adaptive decomposing within the dyadic filter windows.
The number and property of IMFs depend on the data
length and local characteristics. EEMD has not only taken
the advantage of EMD in the respect of signal processing
and time-frequency analysis but also resolved the mode
mixing problem thereby ensuring the physical uniqueness
of IMFs. The residual component Rn is monotonic or contains at most one extreme, which is believed to have removed inherent fluctuations and reserved secular trend
representing the true information of signal. The trend
varies with time yet does not depend upon any given
shape. It performs better than traditional linear fitting
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Fig. 1 Forest distribution and
eco-geographical regions in
China. I, Cold temperate humid
region; II, temperate humid/
subhumid region; III, warm
temperate humid/subhumid
region; IV, north subtropical
humid region; V, subtropical
humid region; VI, south
subtropical humid region; VII,
tropical humid region; VIII, north
semi-arid region; IX, northwest
arid region; X, Tibetan Plateau
region

method in reflecting the potential, nonlinear, and nonstationary characteristics of time series.
In this study, white noise at an amplitude value of 0.2
was added to LAI series with 100 times of trial when
using EEMD method at each pixel. The standard deviation of error between the reconstructed and original data
series was 0.02. According to the method, the total number of IMFs of a data set is close to log2N with N the
number of total data points (Wu and Huang 2009); hence,
three IMFs were extracted from our 29-year time series,
which is the same for each pixel over the whole area.
Each of the resulting IMFs is considered a function having symmetric envelopes around zero defined by the local
extrema. Based on this property, the mean period of the
IMF could be determined by counting the number of
peaks (local maxima) of the function. More details could
be found in Wu and Huang (2004). To examine the impacts of all IMFs and residual trend on the original series,
we figured out variance contributions and correlation coefficients and also implemented Monte Carlo tests by
MATLAB software. The Monte Carlo method uses 1000
samples of randomly generated white noise series with the
same data length of LAI time series. Each sample is
decomposed into components by EEMD, thus the empirical probability density function (PDF) of residual trend at
any temporal location will be obtained. Through comparing the targeted trend value with the two-standarddeviation level of the noise trend PDF, whether it is statistically significant could be judged. Referencing Ji et al.
(2014), we represented accumulated LAI changing with
the increment of EEMD trend values at a specified time
from the starting time of 1982 (Eq. 2). The temporal

derivatives of EEMD trend series determined their corresponding LAI changing rates at instantaneous moments
(Eq. 3).
Xn
xð t Þ ¼
C ðt Þ þ Rn ðt Þ
ð1Þ
j¼1 j
TrendEEMD ðt Þ ¼ Rn ðt Þ−Rn ð1982Þ
.
RateEEMD ðt Þ ¼ dRn ðtÞ
dt

ð2Þ
ð3Þ

Equation 1 shows that in the EEMD approach, a time series
at a pixel point x(t) is decomposed in terms of IMFs (Cj) and a
residue (Rn). Cj are oscillatory functions with varied amplitude
and frequency, while Rn is a monotonic function or a function
containing only a single extremum from which no more IMFs
can be extracted. In Eq. 2, TrendEEMD(t) is actually the net
increase between the start and end of Rn. When selecting different ending points, different increments relative to the same
starting point will be obtained. Equation 3 defines the temporal derivatives of Rn, i.e., RateEEMD(t), as the changing rates of
EEMD trend.

Results
National-averaged forest LAI variations
National-averaged forest LAI during 1982–2010 was
decomposed into three IMFs and a residual (Fig. 2). IMFs
reflected the fluctuations of LAI from high frequency to low
frequency, respectively, all of which varied with time unevenly. The first two IMFs represented quasi-3- and quasi-7-year
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increasing rate over time, which could better reveal the nonlinear variations of vegetation status.

Temporal-spatial variations of forest LAI in China

Fig. 2 EEMD components of national-averaged forest LAI

interannual scale oscillations of LAI time series. From
Table 1, the first two IMFs had greater variance contributions
and were significantly correlated to original series, illustrating
that forest LAI variations were chiefly dependent on interannual oscillations with relatively high frequency. The residual
component was the overall adaptive trend of LAI for the study
period. With fluctuations excluded, LAI changed weakly in
the early stage, and then increased gradually and continually
before reaching the maximum at final. In consequence, linear
fitting method merely simulated a constant rate, and EEMD
showed a more detailed changing process of LAI with an

Table 1 Mean periods and
variance contributions of EEMD
components and their correlation
coefficients with the original
series of national-averaged forest
LAI

IMF1
IMF2
IMF3
RES

EEMD was performed on pixel scale to decompose LAI time
series and produce the value increment of trend. The spatial
evolution of accumulated change in LAI from 1982 to 1990,
2000, and 2010, respectively, is shown on Fig. 3. Table 2 gives
the percentages of pixels with significant LAI change corresponding to every period. It was clear that by 1990, the number of significant pixels, dominantly with increased LAI, was
nearly the same as insignificant ones. Forest LAI increase to
the south of Qinling Mountain-Huaihe River was generally
larger than that to the north. Significant decrease mainly occurred in the southeastern coastal areas and some individual
regions of southwest mountains. By 2000, there was a marked
improvement on the percentage of significant areas where
forest LAI had obvious rise and expanded range. Pixels with
significant decrease were substantially located in the edge of
forest areas. By 2010, significantly increased forest LAI, ranging from north to south, had occupied two thirds of national
forest cover. The increment of LAI trend reached above 0.45
in most parts of Central and South China. In contrast, pixels
with significant LAI decrease obviously reduced, whose percentage was even lower than that by 1990. Although the forest
LAI increment of linear trend was roughly similar with that of
EEMD trend in magnitude and spatial pattern, the linear fitting
method could not offer the above trend evolution.
Figure 4 shows the instantaneous rate distribution of forest
LAI trend in China respectively in 1990, 2000, and 2010.
Except for small areas in East China where LAI slightly declined,
most south regions had increasing rates with varying extent in
1990, while Northeast China exhibited relatively low rates of
LAI changing. In 2000, areas with negative rates shrank obviously and some places even turned into regions with rapid LAI increase. However, forest LAI in Xiaoxing’an and Changbai
Mountains declined sharply. In 2010, areas with positive rates
further expanded with many values exceeding 0.03. Meanwhile,
the falling down of LAI rates seemed more serious, especially in
Qinling Mountains and the southeast of Tibetan Plateau where
LAI dropped faster than 0.01. The spatial pattern of LAI

Mean period (year)

Variance contribution (%)

Correlation coefficient

2.9
7.3
14.5
–

37.92
40
8.42
13.66

0.634**
0.636**
0.113
0.394*

*0.05 confidence level; **0.01 confidence level—statistical significance
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Fig. 3 Forest LAI increment based on EEMD trend ending in 1990 (a), 2000 (b), and 2010 (c) and based on linear trend during 1982–2010 (d). Note that
the pixel values in (a), (b), and (c) were calculated using Eq. 2, with only significant values preserved

changing rates simulated by linear fitting method was broadly
consistent with that by EEMD method but at weaker pace entirely
and failed to reflect that the time-varying feature of LAI trend.
Since the EEMD residual component is monotonic or
contains at most one extreme, the trend shape could be
monotonically increasing or decreasing curve. However,
when the trend contains one and only one extreme within
the data span, it would show a changing feature from

Table 2 Percentages of pixels with significant increment of forest LAI
based on EEMD trend

Significant increase
Significant decrease
Insignificant change

1982–1990

1982–2000

1982–2010

40.5
8.77
50.73

52.44
9.08
38.48

65.08
8.09
26.83

increasing to decreasing or vice versa. Therefore, in this
study, we classified forest LAI trend shapes based on
EEMD residuals into four types over the whole area
(Fig. 5). Results showed that the percentages of pixels
with trend changing from increasing to decreasing and
the opposite were about 27% and 35%. Pixels with monotonically increasing and decreasing trend occupied approximately 35% and 3%. Apparently, the long-term trend
of forest LAI in most areas had transitions. Areas where
LAI fell first and rose then were centered in Daxing’an
Mountains and the southeastern coastal areas. Areas
where LAI rose first and fell then scattered from
Northeast China to Southwest China. In Central and
South China as well as South Yangzi River, forest LAI
increased monotonically. Results from linear fitting method could only reflect monotonic variations likely masking
the changing stages. For instance, LAI in the east of
Daxing’an Mountains displayed a linearly decreasing
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Fig. 4 Forest LAI changing rate based on EEMD trend in 1990 (a), 2000 (b), and 2010 (c) and based on linear trend during 1982–2010 (d). Note that the
pixel values in (a), (b), and (c) were calculated using Eq. 3

trend, but EEMD method revealed its changing trend from
decreasing to increasing. Simple straight line fitting may
have magnified the LAI decreasing speed and amplitude.
Regional-averaged forest LAI variations
Regional-averaged forest LAI were decomposed using
EEMD and compared in terms of the increment value and
instantaneous rate of trend, which could reflect regional difference of LAI variations related to the eco-geographical conditions and climate changes. From Fig. 6a, except that tropical
humid region and temperate humid/subhumid region started
the trends with slightly accumulated decrease, all other regions presented accumulative increasing LAI. During the early years, forest LAI increased fastest in the north subtropical
humid region and Tibetan Plateau region, where the increment
was always significant. The increment of LAI trend in north
subtropical humid region first of all exceeded 0.15, and that in

Tibetan Plateau region was maintained below 0.15. Temperate
zone experienced short-time accumulated decrease before
1987 and changed smoothly with low increment values for a
relatively long time, until increasing significantly for the last
2 years. Tropical zone transferred from accumulated decrease
to increase in 1990 and then increased quickly. At the end of
the study period, LAI in the south subtropical humid region
increased dramatically with increment first reaching above 0.3
in 2007.
Corresponding to Fig. 6a, Fig. 6b shows that the instantaneous rate in tropical humid region first decreased and then
increased, while temperate humid/subhumid region experienced a more complicated trend process with at least three
turning points, and other regions basically reflected different
variations dominated by rising trend with increasing rates.
Forest LAI in the north subtropical humid region had positive
rates all the time and reached to the lowest in the late 1990s.
LAI increased most rapidly with the largest magnitude in the
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Fig. 5 EEMD trend types of
forest LAI during 1982–2010

south subtropical and tropical humid regions when entering
the twenty-first century. Only in the northwest arid region and
Tibetan Plateau region LAI did rates shifted from positive to
negative, indicating that forest LAI trend in the two regions
was prone to decrease in the changing rate, despite keeping an
increase of the increment value. Judging by the variations of
EEMD residual trend, national-averaged forest LAI in China
exhibited a continuously and steadily rising trend from 1982
to 2010 with an increasing rate, especially noticeable in the
accumulated increase during the last 10 years.

Discussion
EEMD, one of the advanced time-frequency analysis methods
in the field of climate change, has been introduced into vegetation dynamic research in this study, focusing on the nonlinear trend variations of forest LAI in China. On the one hand,
through decomposing on pixel scale and specifying typical
times, the spatial-temporal evolution of LAI trend variations
was displayed. On the other hand, based on eco-geographical
regions and pixel area-weighted averaging, the accumulated

Fig. 6 Forest LAI increment (a) and changing rate (b) of eco-geographical regions based on EEMD trend. Note that shadows represent significant
increment values
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Fig. 7 Comparisons between mean temperature anomaly (a), effective accumulated temperature anomaly (b), and forest LAI anomaly over China. Note
that r denotes the Pearson correlation coefficient

change and trend speed were clarified. Forest vegetation
growth reflected in this study was consistent with the increasing trend of forest carbon storage in China estimated by forest
inventory and model simulations (Li et al. 2009; Xu et al.
2007; Zhao et al. 2013). This was predominantly explained
by the increasing warming rate over China in the past decades
(Li et al. 2010; Wang et al. 2010), and because of that, the
increase of effective accumulated temperature in duration and
sum total may accelerate forest vegetation activities in China
(Liu et al. 2013). The interannual oscillations of forest LAI,
which were close to the 2~7-year cycle of ENSO, may suggest
responses of vegetation activity to ENSO events. Studies
showed that ENSO phase transition was the prime driver of
regional climate change and influenced vegetation growth
through directly altering localized temperature and precipitation (Nagai et al. 2007; Pompa-García et al. 2015). The original series and high-frequency IMF components fluctuated
wildly with largest amplitudes in the early 1990s, which
may be related to the Pinatubo volcano eruption in 1991.
Studies found that the temporary cooling effect caused by

Fig. 8 Comparison between sea surface temperature anomaly over Nino
3.4 region and forest LAI anomaly over China. ENSO events occur when
monthly sea surface temperature anomalies (gray bars) are larger than
0.5 °C in magnitude for several months. Note that r denotes the Pearson
correlation coefficient

volcano eruption may result in abrupt decrease of LAI and
NPP (Guenet et al. 2013; Lucht et al. 2002).
Here, we checked the correlations between forest LAI and
temperature variables for the study area as a whole and found
LAI was significantly positively related to annual mean temperature (Fig. 7a). Figure 7b also shows a relationship (r = 0.344,
p = 0.068) between LAI and annual effective accumulated temperature (≥10 °C), which was calculated based on the homogenized daily temperature data of meteorological stations in China.
Using sea surface temperature anomaly over Nino 3.4 region
downloaded from NOAA’s Climate Prediction Center to represent ENSO activity, we compared it with national-averaged forest LAI anomalies, but there was no statistically significant correlation between them (Fig. 8). This may be partly due to that
ENSO events usually occuring in an irregular interannual cycle
and having a lagging impact on vegetation changes. Since the
periodic components of climate factors decomposed by EEMD
might not correspond exactly to those of forest LAI, it can be hard
to investigate the impact of climate change in different characteristic scales on vegetation, with such a relatively short time span.
NDVI-based analyses suggested that the sensitivity of vegetation
to ENSO varied across ecosystems in China and differed between
El Niño and La Niña events, but other environmental changes at
local and regional scales may yet obscure the impacts of ENSO
activities on vegetation (Lü et al. 2012; Meng et al. 2011). We will
further examine their potential relationship in other ways and
improve the explanation in the next studies.
In addition to climate change, atmospheric composition
change may also have impacts on vegetation dynamics.
Rising CO2 concentration and nitrogen deposition are considered to have accelerated photosynthesis and greening in China
for the past decades, particularly in the southern area (Jia et al.
2014; Piao et al. 2015). However, it should be noted that in the
current study, the interactions between different drivers of
vegetation change have not been fully taken into account
when measuring their contributions. Moreover, land conversions, farming and grazing, and environment protections may
cause improvement or degradation of vegetation.
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Deforestation and afforestation will play an important role in
forest management and ecological restoration (Lu et al. 2015;
Mueller et al. 2014). For example, human activities exhibited
two opposite effects on the vegetation dynamics of Xinjiang,
which are vegetation regeneration in oases and desertification
in alpine meadows (Guli et al. 2015); Socioeconomic polices
and human activities were found to have contributed to greenness increase and vegetation growth over the Loess Plateau
region in the 2000s (Fan et al. 2015). Objectively analyzing
driving mechanism of forest vegetation change needs to take
human impact into account. Nevertheless, it is difficult to
directly distinguish human-induced change from climate effects, considering the complex feedbacks between them.
Further analysis and discussion about quantitative assessment
for the effects of climate and humans on forest LAI change is
required.
The LAI3g dataset used in this study was mainly based on
the NDVI3g dataset, which has experienced calibrations and
corrections for orbital drift artifacts, volcanic aerosol effects,
cloud contamination, and other issues (Zeng et al. 2013).
Through the combination of AVRHH NDVI and MODIS
LAI for an overlapping period, the long-term consistent
LAI3g product was produced by means of a neural network
algorithm. Its utility has been documented by comparing with
simulations from various ecological models in different latitudes (Anav et al. 2013; Mao et al. 2013). However, the inconsistency among different sensors may raise uncertainty
during the process of multisource data fusion, due to the differences in spectral response, data quality, and band information (Liu et al. 2012b). Besides, the satellite orbit loss was
proved to have an influence on investigating the interannual
variability of LAI3g and its relationship with climatic variables. When used in generating LAI3g, the constant land cover map lacked consideration for the land cover change during
the past three decades. These may also lead to some uncertainties of our study.

Conclusions
This study used EEMD method to analyze temporal-spatial
variations of forest LAI in China and explored its regional
differences from the perspective of eco-geographical regions.
The main conclusions are summarized as follows:
1. In the past 29 years, national-averaged forest LAI in
China had quasi-3- and quasi-7-year oscillations, which
overall exhibited a rising trend with an increasing rate.
2. The increment value and instantaneous rate of LAI trend
showed obvious regional difference and time-varying feature. Areas with significant accumulated change in 1982–
2010 exceeded those in 1982–1990 and 1982–2000,
where Central and South China reached the maximum

increments. The extent and range of LAI changing rates
in 2010 were greater than those in 1990 and 2000, and the
fastest increasing speed occurred in the southeastern
coastal areas. EEMD trend shapes of forest LAI were
classified into four types. For most areas in China, forest
LAI first decreased and then increased or vice versa, and
for a small number of regions, forest LAI increased or
decreased monotonically.
3. With regard to the increment value and instantaneous rate
of LAI trend among eco-geographical regions, except that
LAI had transferred from accumulative decrease to increase in tropical humid region and temperate humid/
subhumid region, all other regions showed increasing
trends in LAI with different magnitudes and speeds from
the start of the study period. In the first half of the period,
forest LAI increased fastest in the north subtropical humid
region and Tibetan Plateau region. While in the second
half, forest LAI in the south subtropical humid region and
tropical humid region achieved the rapidest pace. By the
year 2010, all regions exhibited a significant rising trend
in LAI relative to 1982.
4. Through comparison with annual mean temperature and
annual effective accumulated temperature, forest LAI in
China was positively affected by the warming climate
during 1982–2010. The impact of ENSO events on the
forest LAI in China was not that obvious.
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