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Abstract: Vegetation is one of the most important components of the terrestrial ecosystem
and, thus, monitoring the spatial and temporal dynamics of vegetation has become the key to
exploring the basic process of the terrestrial ecosystem. Vegetation change studies have
focused on the relationship between climatic factors and vegetation dynamics. However,
correlations among the climatic factors always disturb the results. In addition, the impact of
anthropogenic activities on vegetation dynamics was indeterminate. Here, vegetation
dynamics in 14 provinces in Eastern China over a 10-year period was quantified to determine
the driving mechanisms relating to climate and anthropogenic factors using partial correlation
analysis. The results showed that from 1999 to 2008, the vegetation density increased in the
whole, with spatial variations. The vegetation improvement was concentrated in the Yangtze
River Delta, with the vegetation degradation concentrated in the other developed areas, such
as Beijing-Tianjin-Hebei Region and the Pearl River Delta. The annual NDVI changes were
mainly driven by temperature in Northeast China and the Pearl River Delta, and by
precipitation in the Bohai Rim; while in the Yangtze River Delta, the driving forces of
temperature and precipitation almost equaled each other. Furthermore, the impact of
anthropogenic activities on vegetation dynamics had accumulative effects in the time series,
and had a phase effect on the vegetation change trend.
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1. Introduction

Vegetation plays an important role in the mineral and energy cycle at a global level, adjusting the
global carbon balance, decreasing the trend of rising greenhouse gas levels, such as carbon dioxide, as
well as maintaining the global climate [1]. It is considered to be a sensitive index to environmental
impact, as well as an indicator of global change. Therefore, monitoring vegetation dynamics effectively
and accurately is the key to imitating the dynamics of the terrestrial ecosystem [2,3]. In other studies of
global change, scientists have highlighted the close relationship among vegetation change, climate
change, and anthropogenic activities [4]. In the long term, vegetation patterns and their changes are
driven by natural and anthropogenic factors [5]. On the one hand, both natural and artificial vegetation
grow under the influence of climatic factors, such as temperature and precipitation. On the other hand,
vegetation change reflects climate change and anthropogenic interference. Thus, most studies focus on
the relation between vegetation dynamics and climate, as well as the relation between vegetation
dynamics and anthropogenic activities [6-10].

It was broadly confirmed that vegetation activities aggregate at mid to high latitudes in the Northern
Hemisphere [11-14]. Many studies on vegetation dynamics monitoring have been carried out in
40=70<northern latitude areas, most of whose results have shown the mean normalized difference
vegetation index (NDVI) increased before 2000 [15-22]. However, because of the low spatial resolution
of AVHRR, the study of vegetation dynamics using AVHRR GIMMS NDVI on regional scales has
some uncertainties, which is especially unsuitable for urban studies [23-25]. Around 2000, the use of
MODIS and SPOT-VGT products made it possible to increase the spatial resolution of NDVI, which
reduced pixel size. Henceforth, year-by-year data from 2000 have become an effective choice of
kilometer-scale vegetation dynamics studies.

As there are significant regional and local variations in vegetation dynamics, it is necessary to monitor
the spatial patterns of vegetation dynamics, and to identify their driving forces. Warming climate reduced
the range of snow cover and caused the vegetation turning green in advance in seasonal variations, and
annual NDVI changes were also associated with temperature in spring and autumn in mid and high
latitudes of the Northern Hemisphere [26-30]. In the northern and central plains of the USA,
precipitation and potential evaporation were the most prevalent climate variables influencing vegetation
dynamics [31-33]. In Amazon Basin, it was suggested net primary production (NPP) increased because
of increasing solar radiation [14]. However, it is difficult to spatially quantify anthropogenic activities,
because the statistical scale of anthropogenic activities such as economy and population is in mismatch
with pixel resolution. Thus, how to quantify anthropogenic activities corresponding to the particular
scale became one of the most important issues relating to the effects of such activities on vegetation [34].
In general, population density, urbanization, and economic level are usually used to quantify
anthropogenic activities. For instance, Lu et al. concluded that NPP had a significant negative correlation
with population density, gross domestic product (GDP) and residential location in Southeastern China [35].
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Xu et al. analyzed the impact of urbanization on NPP in Jiangyin County, China, and the results showed
that land cover changes triggered by urbanization reduced NPP directly [36]. Vegetation decrease
triggered by land-cover changing to an impervious surface in urban areas can result in environmental
threats with NPP reduction and surface temperature variation. Therefore, urbanization is one of the main
anthropogenic activities affecting vegetation change.

Among the abundant studies on relations between vegetation dynamics and climate change, few look
at temperature and precipitation separately. However, the shortcomings of neglecting the interaction
between temperature and precipitation may bring uncertainties. In addition, the studies on the driving
forces of anthropogenic activities on vegetation dynamics are still at an initial stage. Thus, relevant
researches cannot comprehensively explain the driving mechanisms of vegetation dynamics [37,38]. In
Eastern China there are three metropolitan areas forming the most developed region in China:
Beijing-Tianjin-Hebei Region, Yangtze River Delta, and Pearl River Delta. Recently, the ecosystem of
Eastern China changed significantly, influenced by both socioeconomic development and climate
change. Therefore, this region deserves more attention when studying the effects of anthropogenic
activities and climate change on vegetation dynamics. In this study, SPOT-VGT NDVI from 1999 to
2008 was used to monitor the vegetation dynamics and their driving forces in Eastern China. The
objectives of this study were as follows: (i) to quantify temporal vegetation dynamics in Eastern China
by trend analysis; and (ii) to analyze the correlation between vegetation dynamics, and climate, and
anthropogenic activities using partial correlation analysis.

2. Methodology
2.1. Study Area

This study was carried out in Eastern China (20°12'-53<33'N, 109245'-135<D5'E), including the
following regions: Northeast China (including Heilongjiang, Jilin and Liaoning), Bohai Rim (including
Beijing, Tianjin, Hebei and Shandong), Yangtze River Delta (including Jiangsu, Shanghai, Zhejiang,
and Anhui), and Pearl River Delta (including Fujian, Jiangxi, and Guangdong) (Figure 1).
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Figure 1. Location of study area in Eastern China.
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The density of vegetation coverage is high in the south and low in the north. From north to south, the
natural vegetation types include boreal forest, temperate deciduous forest, temperate deciduous shrub,
tropical and subtropical evergreen coniferous forests, subtropical evergreen broad-leaved forest, and
tropical evergreen broad-leaved rainforest. The annual mean temperature for the study area was
13.81 T in 1999 and 13.86 T in 2008, and the annual precipitation was 987.67 mm in 1999 and
1003.37 mm in 2008. There has been substantial and fast economic development in Eastern China. From
1999 to 2008, GDP increased to $3000 billion from $700 billion. The total human population increased
to 0.68 billion from 0.62 billion and the urbanization rate increased to 58% from 37%.

2.2. Data Sources and Processing
2.2.1. NDVI Composite

The initial NDVI time series may have singular values triggered by sensors and atmospheric factors,
which present as sudden declines or humps. These singular values have effects on the accuracy of the
NDVI time series and, thus, the NDVI needs to be processed to eliminate the negative effects. To
eliminate the interference of cloud, atmosphere, sun elevation angle and other factors, Maximum Value
Composites (MVC) was used to process NDVI time series using 10-day monthly composites, i.e., three
10-day composite images combined into a single month image. The calculation formula was as follows:

NDVI, = max(NDVI,) (1)

where NDVIi was the NDVI of the i-th month, and NDVIij was the NDV1 of the j-th 10-days in the
i-th month.

NDVI was obtained from the average of NDVIi of every month. As a result, the effects of extreme
values could be avoided. The calculation formula was as follows:

NDVI = w @)

where NDVI was the annual NDVI, n was the number of months, and NDVIi was the NDVI of the
i-th month.

In addition, the presence of noise due to cloud contamination, atmospheric variability, and
bidirectional effects, can lead to highly volatile behavior on NDVI series [39]. Although the robustness
of MVC method is widely accepted, some noises may exist in the compositing NDVI products [40,41].
The noisy effects of subpixel clouds, persistent cloudiness, snow, variable illumination, and viewing
geometry tend to reduce the NDVI values and disturb the temporal profiles, thus affecting the algorithms
that measure the vegetation dynamic [42]. Therefore, many smoothing algorithms have been applied to
address this problem, such as Savitzky-Golay filter [43], Fourier series analysis [44], double logistic
function [45], and asymmetric Gaussian function [46]. Among these algorithms, Harmonic Analysis of
Time Series (HANTS), an improved fast Fourier transform (FFT) algorithm, is considered as a powerful
tool to reproduce NDVI series [47]. Therefore, the HANTS algorithm is used to examine the difference
between the raw NDVI1 and the smoothed one. The basic formula is written as [47]:
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where y, 7 and ¢ are the original series, the reconstructed series, and the error series, respectively. tj is
the time when y is obtained, where j = 1, 2, ..., n with n as the maximum number of observations
(samples) in a time series. ai and bi are the coefficients of the trigonometric components with frequencies
fi. ao can be viewed as the coefficient at zero frequency.

2.2.2. Climate Data Selection

To analyze the temporal correlation between NDVI and climate change, climate data and NDVI based
on time series in meteorological stations were obtained. The yearly climate data set used in this study
was generated from 752 meteorological stations with data available from 1951 onwards. Among these
stations, 210 stations were finally selected that were distributed evenly in the study area; stations with
incomplete data or extreme values were also eliminated. In this study, annual mean temperature and
precipitation were used as climatic factors from 1999 to 2008.

In this paper, NDVI was extracted as follows: (i) buffer areas with a 10-km radius were set around
each station to generate area vector data; and (ii) the mean NDVI in buffer areas was calculated by
ArcGIS 10.2 as the NDVI at each meteorological station.

2.2.3. DMSP/OLS Data ldentification

Describing the spatial characteristics of the urbanization process on a macroscale is the focus of urban
geography and regional development studies. The Defense Meteorological Satellite Program
(DMSP)/Operational Line-Scan System (OLS) nighttime stable light data (NTL) data for 1999-2008
was obtained from the National Geophysical Data Center at the National Oceanic and Atmospheric
Administration [48]. Due to the relatively low pixel resolution and sensor signals with high interference,
initial nighttime light data could not be directly used to extract urban spatial patterns.

Based on He et al. concerning spatial information relating to the urbanization process in Eastern
China [49], in this study nighttime light data were processed as follows: (i) the binary image of
DMSP/OLS was produced; (ii) a threshold was set in recursion for each province respectively, and then
urban land-use patterns and the total urban area of each province were obtained; and (iii) the results
above were compared with statistical data, until the total area of urban land derived from the DMSP/OLS
threshold was sufficiently similar to the statistical data in China Statistical Yearbook. Thus, the spatial
distribution of urban land in 1999 and 2008 in Eastern China was obtained. The extracted area was
compared with statistical data to calculate the area error and to evaluate precision (Table 1), which was
found to be acceptable. Furthermore, one of the basic characteristics of urbanization in Eastern China is
that mean light DN values of the true urban pixels do not decrease. According to this feature, we
hypothesized that during the study period, the characteristics of the urban areas did not change, whereas
those of the rural areas changed. The areas that changed from rural areas to urban areas were defined as
the urban extending areas. Based on this assumption, spatial information of the urban extending areas



Remote Sens. 2015, 7

13646

from 1999 to 2008 was obtained by overlaying the images of 1999 and 2008. Figure 2 showed the spatial
pattern of urbanization on the timeline.

Table 1. Accuracy assessment of urban area extraction using DMSP/OLS in 1999 and 2008.

1999 2008
Area Error Area Error
Province Threshold Extracted  Percentage Threshold Extracted Percentage
(km?) (%) (km?) (%)
Heilongjiang 8 14,789 2.83 16 15,136 1.74
Jilin 6 8,887 -13.94 11 10,325 —2.97
Liaoning 8 13,590 4.06 16 14,158 1.30
Hebei 10 17,130 3.85 19 18,058 0.82
Beijing 36 2,651 0.45 55 3,336 -1.07
Tianjin 19 3,045 0.98 37 3,699 0.76
Shandong 8 23,755 7.15 19 25,493 1.62
Jiangsu 10 15,614 —4.51 34 19,436 1.00
Shanghai 47 2,098 -1.29 58 2,785 10.34
Zhejiang 14 1,475 —2.47 37 10,412 0.08
Fujian 14 5,275 0.07 27 6,371 -1.20
Guangdong 22 15,225 —0.56 38 17,966 0.46
Anhui 4 15,444 -1.98 10 15,778 -5.01
Jiangxi 4 8,289 —2.84 10 9,141 -3.73
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Figure 2. Distribution of urban expansion in Eastern China from 1999 to 2008.
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2.3. Trend Analysis of Vegetation Dynamics

It is an important method in vegetation change trend analysis to carry out a regression analysis of
time-varying variables and to predict their trends [17,50-53]. The slope of the equation developed using
linear least square fitting of long time NDV I series shows NDV | trends over several years. [17,53]. Simple
linear regression can investigate the relation between two linear-related variables, which is usually used in
remote sensing analysis of NDVI from long time series. In a trend analysis of vegetation dynamics, Slope
was viewed as the slope of the regression equation. If Slope is positive, vegetation dynamics showed a
rising trend, and vice versa. Therefore, the tendency of vegetation dynamics can be judged from Slope
value. Then the NDVI change contrast between urbanized and non-urbanized areas, the urban and rural
grids were identified in 1999 and 2008, respectively, resulting in four groups of statistical samples.
Furthermore, a non-parametric slope is derived from the Theil-Sen procedure, which has been used in
vegetation dynamic analysis due to its robustness against seasonality and non-normality [24,38,50]. The
comparison between the results of the Theil-Sen procedure and simple linear regression can be effective
in showing whether the validity of normality assumptions for data variables in linear regression can
influence the results.

2.4. Partial Correlation Analysis of Driving Forces

Correlation analysis is considered as a common methodology of analyzing the relations between
vegetation dynamics and associated driving factors. The closer the correlation coefficient to one, the
higher the linear correlation is. When the correlation coefficient equals zero, there is no linear correlation
among variables. However, due to the correlation among various factors, what the simple correlation
coefficient reveals are not the essential relations among variables. To reflect the internal relation between
two variables, a partial correlation coefficient is needed. Partial correlation coefficients reveal the linear
relation of two variables when controlling the impact of other variables. Specifically, when two variables
are both related to the third, only the linear relation between the former two variables is analyzed with
the impact of the third variable eliminated [54]. Therefore, partial correlation analysis is used to separate
the driving forces of temperature and precipitation on vegetation dynamics.

3. Result
3.1. Trends in NDVI Change

As shown in Table 2 and Figure 3, during the study period, the NDVI in Eastern China increased
significantly (p = 0.017), with a slope of 0.0032, and the NDVI value increased significantly during
2005-2007. Since the increase and decrease trends can be offset, the coefficient of variation (CV) of
0.031 and standard deviation (S) of 0.014 were both the lowest. The increase of NDVI in the Yangtze
River Delta, with a slope of 0.0066, was the most significant in the four sub-regions (p = 0.000). The S
of 0.021 and the CV of 0.041 were both the highest. A high slope of 0.0049 was found in Northeast
China, but the change was not significant (p = 0.079). The CV of 0.039 was as high as the CV in the
Bohai Rim, where the slope of 0.0031 had passed the significance test (p = 0.034). In the Pearl River
Delta, the slope was only 0.0029 and did not pass the significance test (p = 0.082). Although the CV of
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0.032 was low, the S of 0.019 was relatively high. The S and the CV represented the magnitudes of
NDVI fluctuation. A high magnitude could either describe the large difference of NDVI value between
start and end, which resulted in a high slope, or describe the large fluctuation of NDVI in the middle
years which might not result in a high slope. Therefore the relationships between slope and S/CV were
not unique. In the result in Figure 3, a high CV often corresponded to a high slope, but a high S could
not refer to that. There was neither correlation between p and CV nor between p and S. These correlations
cannot be replaced by each other.

Table 2. Trends of annual NDVI changes in Eastern China during 1999-2008.

Region Fitting Equation p Value
Eastern China y =0.0032x — 5.031 0.017
Northeast China y = 0.0049x — 4.908 0.079
Bohai Rim y =0.0031x — 6.167 0.034
Yangtze River Delta y = 0.0066x — 12.627 0.000
Pearl River Delta y =0.0029x — 6.209 0.082
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Figure 3. Trends of annual NDVI changes in Eastern China during 1999-2008, where R is
the Pearson correlation coefficient; p is the significance level; S is the Standard deviation;
and CV is the variable coefficient; sample size (n) is 10.

According to the distribution of the slope of NDVI change (Figure 4), there were two kinds of areas,
where the slope was either negative or positive. In the former areas with vegetation degradation, there
were two distribution forms: (i) even planar distribution. In these areas, the absolute value of the slope
was small, including the west and south of Northeast China, the outer margin of the Bohai Rim, and the
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Pearl River Delta, especially Guangxi and Jiangxi; and (ii) centralized block distribution. In these areas,
the absolute value of the slope was large, including Beijing, Tianjin, the entrance to the Yangtze River
Delta, especially Shanghai, and the entrance to the Pearl River Delta. In the latter areas with increasing
vegetation, the distribution was mainly planar. It was distributed widely in the study area, of which the
areas with large slope were located mainly in the north of Northeast China and the Yangtze River Delta,
especially in the north of Shandong, Jiangsu, and Anhui.
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Figure 4. Vegetation change trends in Eastern China during 1999-2008.
3.2. Vegetation Change and Climatic Factors

The partial correlation coefficients of NDVI and temperature/precipitation were obtained,
respectively, using the data of annual temperature and precipitation from 210 selected meteorological
stations. The significance level of partial correlation analysis and the distribution pattern of partial
correlation coefficients were also obtained. Therefore, the driving forces of temperature and precipitation
on NDVI were reflected. To be specific, the partial correlation coefficients can reflect the relationship
between NDVI and temperature/precipitation. Then, the primary climatic driving factor was determined
with the highest partial correlation coefficient. The spatial distribution of the partial correlation
coefficients can reflect the spatial variations of driving effects of climatic factors on the NDVI change.

As shown in Figure 5 and Table 3, the partial correlation coefficients of NDVI and temperature
were > —0.7 and < 0.9. In terms of the spatial distribution, within 210 meteorological stations, 153
stations reported a positive correlation between NDVI and temperature. In Northeast China, the Bohai
Rim, and the Pearl River Delta, there was a positive correlation between NDVI and temperature in more



Remote Sens. 2015, 7 13650

than 70% of the stations, but only 46.67% of the stations reported a positive correlation in the Yangtze
River Delta. There were more meteorological stations reporting a positive correlation between
temperature and NDVI than were reporting a negative correlation. Specifically, the former were
distributed mainly in the south of Northeast China, as well as the south and southeast coastal areas of
the Bohai Rim. The latter were distributed mainly in the center of the Bohai Rim, the Yangtze River
Delta, and the northwest of the Pearl River Delta.

55

S0°N
45°N

45° N
40°N

40° N
35°N

35°N
30°N

30°N

" Legend z

25N

4 07-:05 - 0-025 [ &
s .05--025 ® 025-05
s 025-0 ® 05-075

@ 075-09

20° N

15°N

| | i 0 250 500 1,000 N
: D m—— o f\

km

T "“X”‘l T T
110°E 115°E 120°E 125°E 130°E

Figure 5. Spatial patterns of partial correlation coefficients between NDVI and temperature
of meteorological stations in Eastern China.

Table 3. Partial correlation coefficients between NDVI and temperature of meteorological
stations in Eastern China.

Region Negative Correlation Positive Correlation Sum
No. % No. % No. %
Eastern China 57 27.14 153 72.86 210 100
Northeast China 19 24.05 60 75.95 79 100
Bohai Rim 12 27.91 31 72.09 43 100
Yangtze River Delta 16 53.33 14 46.67 30 100
Pearl River Delta 10 17.24 48 82.76 58 100

By looking at Figure 6 and Table 4, it can be seen that the partial correlation of NDVI and
precipitation was > —0.9 and < 0.9. In terms of the spatial distribution, within 210 meteorological
stations, 110 stations reported a positive correlation between NDVI and precipitation, and 100 stations
reported a negative correlation between NDVI and precipitation. Apparently, the amount of the two



Remote Sens. 2015, 7 13651

kinds of stations are almost equal to each other. In Northeast China, the Bohai Rim, and the Pearl River
Delta, more than 50% of the stations reported a negative correlation between precipitation and NDVI.
However, in the Yangtze River Delta, 80% of the stations reported a positive correlation between
precipitation and NDVI. On the whole, the amount of stations reporting a positive correlation was
slightly more than those reporting a negative correlation. Specifically, the former stations were mainly
distributed in the coastal area of the Yangtze River Delta, and the inland of the other sub-regions.
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Figure 6. Spatial patterns of partial correlation coefficients between NDVI and precipitation
of meteorological stations in Eastern China.

Table 4. Partial correlation coefficients between NDVI and precipitation of meteorological
stations in Eastern China.

Region Negative Correlation Positive Correlation Sum
No. % No. % No. %
Eastern China 100 47.62 110 52.38 210 100
Northeast China 42 53.16 37 46.84 79 100
Bohai Rim 23 53.49 20 46.51 43 100
Yangtze River Delta 6 20 24 80 30 100
Pearl River Delta 29 50 29 50 58 100

The impact of the two climatic factors on vegetation activities was judged by the absolute value of
the partial correlation coefficients between NDVI and temperature/precipitation. For one meteorological
station, the climatic factor with the bigger absolute value was regarded as the primary climatic driving
factor of NDVI change. In Eastern China, the primary climatic driving factor was temperature in 120
stations, accounting for 57.14% of the total, and it was precipitation in 90 stations, accounting for 42.86%
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of the total (Figure 7 and Table 5). In terms of the spatial distribution, in Northeast China, the primary
climatic driving factor was temperature in more than 60% of the stations, and in the rest 39.24% of the
stations precipitation was the driving factor; in the Bohai Rim, the primary climatic driving factor was
precipitation in 67.44% of the stations, and it was temperature in 32.56% of the stations; in the Yangtze
River, the primary climatic driving factor was precipitation in 60% of the stations, and it was temperature
in 40% of the stations; in the Pearl River Delta, the primary climatic driving factor was temperature in
79.31% of the stations, and it was precipitation in 20.69% of the stations. Thus, the spatial distribution
of primary climatic driving factors in Eastern China can be characterized as follows: annual NDVI
change was mainly dominated by temperature in Northeast China and Pearl River Delta, as well as Bohai
Rim for precipitation; while in the Yangtze River Delta, both temperature and precipitation were equally
dominant predictors of vegetation dynamics.
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Figure 7. The primary climatic driving factors of vegetation change of meteorological
stations in Eastern China.

Table 5. The primary climatic driving factors of vegetation change of meteorological
stations in Eastern China.

Region Temperature Dominated  Precipitation Dominated Sum
No. % No. % No. %
Eastern China 120 57.14 90 42.86 210 100
Northeast China 48 60.76 31 39.24 79 100
Bohai Rim 14 32.56 29 67.44 43 100
Yangtze River Delta 12 40 18 60 30 100

Pearl River Delta 46 79.31 12 20.69 58 100
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3.3. Vegetation Change in Urban and Rural Areas

The urbanization process is regarded as the macroscopic manifestation of anthropogenic activities
during a certain period of time. Over the past 10 years, there was large-scale urbanization processes in
Eastern China [55,56], which made it possible to study the impact of anthropogenic factors on vegetation
activities on a large scale in this region. Variations of the vegetation activities between urban and rural
areas have received much attention from researchers [57-59]. However, many studies have focused on
the spatial impact of urbanization on vegetation while ignoring the temporal impact of urbanization on
vegetation. In this study, the change of urbanization processes on the timeline was used to characterize
the impact of urbanization on vegetation density.

Figure 8a showed the mean NDVI of urban versus rural areas in 1999 and 2008. In 1999, the mean
NDVI of urban areas in Eastern China was 0.3585, and it was 0.4481 in rural areas. The difference in
mean NDVI between the urban and rural areas were the largest in the Pearl River Delta and Yangtze
River Delta, being 0.222 and 0.136, respectively. The differences were 0.089 in Northeast China and
0.058 in Bohai Rim. In the urban areas, the mean NDVI of the Yangtze River Delta was the highest,
which of Northeast China was the lowest; in the rural areas, the mean NDVI of the Pearl River Delta
was the highest, and that of Bohai Rim was the lowest. In 2008, the mean NDVI of urban areas in Eastern
China was 0.3293, and of rural areas was 0.4467. The mean NDVI difference between the urban and
rural areas of Pearl River Delta and Yangtze River Delta was the largest, which was 0.221 and 0.133,
respectively. The difference was 0.088 in Northeast China and 0.059 in Bohai Rim. In the urban areas,
the mean NDVI in Yangtze River Delta was the highest, and it was the lowest in Northeast China; in the
rural areas, the mean NDVI of Pearl River Delta was the highest, with the lowest in Bohai Rim. On the
whole, the mean NDVI of the urban areas was lower than those of the rural areas. This suggested that
urban areas containing more anthropogenic activities had a negative effect on vegetation density,
manifesting as the decrease in mean NDVI. There were spatial variations in mean NDVI of urban and
rural areas, with high mean NDVI in Pearl River Delta and Yangtze River Delta, and low mean NDVI
in Northeast China and Bohai Rim. Meanwhile, the difference of mean NDVI between the urban and
rural areas also showed a spatial variation, being higher mainly in Pearl River Delta and Yangtze River
Delta. This might be either because the primary NDVI was lower in the north, but higher in the south
(especially in Yangtze River Delta and Pearl River Delta), or because there was stronger urbanization in
the south over the past 10 years.

The slope of NDVI change in the urban and rural areas during 1999-2008 was shown in Figure 8b.
For the urban and rural areas identified in 1999, the slope was —0.001 in the urban areas and 0.003 in the
rural areas, which suggested that vegetation density decreased in the urban areas, but increased in the
rural areas. To be specific, in the urban areas, the slope of NDVI change was negative in Northeast
China, Bohai Rim, and Pearl River Delta, and it was the minimum in Pearl River Delta. However, the
slope was positive in Yangtze River Delta but near 0. In the rural areas, the slope was positive in four
sub-regions, and it was the maximum in Yangtze River Delta. In terms of the slope variation between
the urban and rural areas, it was the maximum in Yangtze River Delta, followed by Pearl River Delta,
Bohai Rim, and Northeast China. For the urban and rural areas identified in 2008, the slope was —0.002
in the urban areas and 0.003 in the rural areas, which also suggested that the vegetation density decreased
in the urban areas, but increased in the rural areas. In the urban areas, the slope was negative in four
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sub-regions, and it was the maximum absolute value in Pearl River Delta. In the rural areas, the slope
was positive in four sub-regions, and it was the maximum in Yangtze River Delta. In terms of the slope
variation between the urban and rural areas, it was the maximum in Yangtze River Delta, followed by
Pearl River Delta, Bohai Rim, and Northeast China. On the whole, the absolute value of vegetation
change slope was lower in the urban areas than in the rural areas. Although there exists the same trend
of slope in the urban and rural areas in some region, the slope of the urban areas was lower. Therefore,
it can be concluded that anthropogenic activities influenced the trends in vegetation density directly. In
the areas where anthropogenic activities were strong, vegetation density decreased and vice versa. There
were spatial variations in the trends of vegetation change between the urban and rural areas. In the urban
areas, the trends were high in the south and low in the north; in the rural areas, the trends were higher in
the Yangtze River Delta than in other sub-regions. Furthermore, the difference of vegetation change
slopes between the urban and rural areas also showed spatial variations, being higher in the south
(Yangtze River Delta and Pearl River Delta). This might result from the variations of anthropogenic
activity intensity in the south versus the north, or the different patterns in climate change in the south
versus the north.

0.7 ® Urban area in 1999 a O ® Urban area in 1999 b
Rural area in 1999 Rural area in 1999

- % Urban area in 2008 Urban area in 2008

0.5 Rural area in 2008 0.005 Rural area in 2008

0.4

0.3 : : - L 0.000 - If L IW e -
0.1 - . -0.005 Eastern Northeast Bohai Rim Yangtze Pearl
' : - . o China China River River

, - Delta Delta

Eastern Northeast Bohai Rim Yangtze  Pearl
China China River River
Delta Delta

-0.010

Figure 8. NDVI change of the urban and rural areas in Eastern China in 1999 and 2008.
(a) Mean NDVI; and (b) slope of NDVI change trend.

4. Discussion
4.1. Effects of Urbanization on NDVI

Urbanization is a typical anthropogenic activity. During the study period, the mean NDV1 was 0.3970
in the urban extending areas, 0.3439 in the urban areas, and 0.4474 in the rural areas (Figure 9a). In the
urban extending areas, the mean NDVI of Yangtze River Delta was the highest, which of Northeast
China was the lowest. In the urban areas, the mean NDVI of Yangtze River Delta was the highest, and
that of Northeast China was the lowest. In the rural areas, the mean NDVI of Pearl River Delta was the
highest, and that of Bohai Rim was the lowest. The differences of mean NDVI between the urban
extending areas and the urban areas or the rural areas showed spatial variations. The largest difference
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between the urban extending areas and the rural areas was in Pearl River Delta, followed by Yangtze River
Delta, Northeast China, and Bohai Rim, with the same order for the difference between the urban extending
areas and the urban areas. On the whole, the mean NDVI1 in the urban extending areas was stronger than
in the urban areas, but weaker than in the rural areas. This suggested that the intensity of anthropogenic
activities influenced the vegetation density directly. Meanwhile, compared with the urban areas, the urban
extending areas have a shorter construction history, and the negative effects of anthropogenic activities on
vegetation density are unlikely to mirror those in fully-urbanized areas. Therefore, it can be concluded that
anthropogenic activities have a cumulative effect across the time series.

During the study period, the slope of vegetation change in the urban extending areas in Eastern China
was —0.002, with —0.001 and 0.003 for the urban areas and the rural areas, respectively (Figure 9b). In
the urban extending areas, although the slope of the vegetation change trend in Northeast China was
positive, it was negative in the rest of the sub-regions, showing a descending order of Yangtze River
Delta, Bohai Rim, and Pearl River Delta. In addition, the difference of vegetation change slope between
the urban areas and the urban extending areas showed spatial variations. The largest was in Yangtze
River Delta, followed by Bohai Rim, Pearl River Delta, and Northeast China. However, for spatial
variation of the difference of vegetation change slope between the rural areas and the urban extending
areas, the descending order was from Yangtze River Delta to Pearl River Delta, Bohai Rim, and
Northeast China. As a whole, the slope of vegetation change in the urban extending areas was negative,
which suggested that anthropogenic activities led to a weakening of vegetation density. In addition, the
slope of vegetation change in the urban extending areas was smaller than that in the urban areas, which
indicated the effects of anthropogenic activities on vegetation density was larger in the urban extending
areas. During the process of urbanization, the effects of anthropogenic activities on vegetation change
varied at different stages. To be specific, in the urban expansion stage, anthropogenic activities caused
a significant reducing in vegetation density, but once anthropogenic activities in the urban areas
plateaued, the decreasing of the vegetation density would slow down and might even begin reversing.
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Figure 9. NDVI change of the urban areas, rural areas, and urban extending areas in Eastern
China during 1999-2008. (a) Mean NDVI; and (b) slope of NDVI change trend.
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4.2. Method Comparison

To compare vegetation change trends resulted from the raw NDVI and smoothed one, four random
points with different land use types were selected to extract the sample NDVI series (Figure 10). For the
sample points of broadleaf deciduous trees and grass, as shown in Figure 10a,d, noise had been removed
without a large change of data range. In contrast, the data ranges had been largely shrunk for crops and
needle leaf evergreen trees, indicating the NDVI series in some regions might be different after
smoothing. This was particularly true for the case shown in Figure 10c, where the data quality was
greatly improved, as we know that the great vibration for needle leaf evergreen trees shown in the raw
data was most unlikely to occur. Unlike Figure 10c where low values had been eliminated, some high
NDVI1 values of crops in Figure 10b had been treated as noisy pixels. Since the actual vegetation growth
should not be an oscillation curve in one year, it could be found that data smoothing would reduce the
noise and, thus, make the distinct change of data series for certain land cover types at the pixel scale,
although it was still unknown whether there were substantial damages to the characterizing of real
vegetation growth in the process of noise removing.
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Figure 10. Comparison of raw NDVI and HANTS-filtered NDVI. (a) Broadleaf deciduous
tree, 129°08'56"E, 45°16'44"N; (b) crop, 117°29'35"E, 33°23'10"N; (c) needle leaf
evergreen tree, 118°52'08"E, 28°30'32"N; and (d) grass, 114°47'17"E, 38°59'37"N.

In order to better identify the difference between the two datasets, linear regression was run on these
four samples with yearly combined NDVI (Figure 11). All the smoothed NDVI series had a lower value
than the raw NDVI. Nevertheless, the slope and the change trajectory of smoothed yearly NDVI series
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were similar with the raw one. The results of Chi-Square Test using a Linear-by-Linear Association model
indicated that all the pairs showed significantly consistent tendencies, with the P-values (two-sided) of the
four pairs of raw and smoothed yearly series for 0.046, 0.006, 0.027, and 0.003. Therefore, although there
were changes in NDVI series, the annual trend of NDVI series did not change much.

Furthermore, compared with the parametric slopes of 0.0040, 0.0157, 0.0020, and 0.0064 in the four
sample points, the slopes from the Theil-Sen procedure were 0.0046, 0.0158, 0.0014, and 0.0065,
respectively. Since it is uncertain whether the high or low value of annual average NDV1 is noise which
should be removed, this comparison is only to show the similarity of the two regressions.
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Figure 11. Comparison of the regressed slopes from both raw NDVI and HANTS-filtered
NDVI. (a) Broadleaf deciduous tree; (b) crop; (c) needle leaf evergreen tree; and (d) grass.

4.3. Limitations and Future Research Directions

In the future, the validation of data sources, innovation of methods, and the study period should be
paid more attention. In terms of the data sources, AVHRR GIMMS3g NDVI, and MODIS NDVI/EVI
were widely used in quantifying vegetation dynamics [60-63]. As one of the most common data sets,
SPOT-VGT NDVI can be used to confirm the trend of vegetation variation using AVHRR GIMMS3g
NDVI, MODIS NDVI and EVI. As for methods, simple linear regression is usually used for long time
series [24,64]. The longer the NDVI time series is, the lower the uncertainties will be. The initial aim of
this study is to quantify the environmental evolution in Eastern China every decade. It is common to
choose a decade or even less than a decade as the study period in the previous studies [61,65-67].
However, vegetation dynamics quantified using MODIS products including NDVI and EVI for more
than a 15 year period is highly recommended in the future studies.
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It should still be noted that the test used to compare unsmoothed versus smoothed NDVI time series
is limited, because only four random points cannot fully characterize the total difference between the
two data processing results. To compare the maps of the two trends may be a better choice to reveal the
difference [50]. However, as we know, what is quantified by the smoothed NDVI is rather an estimation
than an actual depiction of vegetation density in the discussion of this study. Since different fitting
techniques can result in diverse results, it is in great need to assess the accuracy of the smoothed NDVI
data series, and to make sure how to select the most precise fitting algorithm [68]. As the first and
important step, except remote sensing images, a ground-based data source truly quantifying vegetation
density at a broad scale should be found to make the accuracy analysis. Furthermore, together with the
highlighting of non-parametric slope effectiveness, a thorough comparison between OLS and Theil-Sen
regression results at the annual scale is also in great need, because the yearly combined NDVI may not
be the noise which is often be removed by the non-parametric method.

Meanwhile, the location of meteorological stations may be in relation to the correlations between
climate change and vegetation variation. The number of the meteorological stations in Yangtze River
Delta is the lowest and, therefore, results have the highest uncertainties. In the future study, integrating
the national and basic meteorological stations to update and complete the results should be useful. As
for the meteorological stations, further analysis of the impact of climatic factors and anthropogenic
activities on vegetation dynamics needs the information of land use and climate condition around the
meteorological stations.

The temporal correlation between vegetation dynamics and climate change is determined to clarify
the driving effects of climate change on vegetation dynamics. However, the dynamics of the
anthropogenic activities in the time series cannot be completely characterized by nighttime light data,
and the details of the effects of anthropogenic activities on vegetation changes are still unclear. Thus,
the relative importance of the driving effects of climate and anthropogenic factors cannot be accurately
determined. In addition, different types of vegetation in the urban areas, rural areas, and urban extending
areas may account for the variations of both NDVI value and the change trend. In this study, land use
change triggered by urbanization should be the main reason of the difference of mean NDVI, but how
to eliminate the interference of different vegetation types is unsolved, which is an interesting topic. In
order to identify the driving effects of anthropogenic activities on the vegetation dynamics on the
timeline, anthropogenic and climatic factors are needed to be spatially integrated. To achieve this goal,
more natural factors, such as topography, soil, and hydrology, and more factors quantifying
anthropogenic activities, such as population, economic level, agriculture, and the stage of urban
development, are needed to integrate multiple factors at the province or city scale.

5. Conclusions

In this study, simple linear regression, partial correlation analysis, and other methodologies were used
to discuss vegetation dynamics and associated driving forces, with the application of long time-series
data from SPOT-VGT remote sensing images. The main findings were as follows: (i) during the study
period, the general density of vegetation increased in Eastern China, and there were large spatial
variations in the linear trends of vegetation dynamics. The vegetation improvement was concentrated in
Yangtze River Delta and the vegetation degradation was concentrated in the other developed areas, such
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as Beijing-Tianjin-Hebei region and Pearl River Delta; (ii) climatic factors, such as temperature and
precipitation, influenced the NDVI change, and the impact showed distinct spatial variation. In Northeast
China and Pearl River Delta, annual NDVI change was mainly dominated by temperature; in Bohai
Rim, annual NDVI change was mainly affected by precipitation; and in Yangtze River Delta, the driving
forces of temperature and precipitation were almost equaled to each other; and (iii) anthropogenic
activities, such as urbanization process, induced significant vegetation degradation shown by the
increased vegetation density and the smaller slope of vegetation change in the urban areas than those in
the rural areas, as well as the larger vegetation density and change slope in the urban extending areas
than those in the urban areas, whereas smaller than those in the rural areas. The impact of anthropogenic
activities on vegetation density had an accumulative effect during the time series, and the impact of
anthropogenic activities on vegetation change trend varied in different urbanization stages.
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