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Abstract Long-term trends in vegetation phenology
indicate ecosystem change due to the combined impacts
of human activities and climate. In this study we used 1982
to 2006 Advanced Very High Resolution Radiometer
Normalized Difference Vegetation Index (AVHRR NDVI)
imagery across China and the TIMESAT program to
quantify annual vegetation production and its changing
trend. Results showed great spatial variability in vegetation
growth and its temporal trend across the country during the
25-year study period. Signiﬁcant decreases in vegetation
production were detected in the grasslands of Inner
Mongolia, and in industrializing regions in southern
China, including the Pearl River Delta, the Yangtze
River Delta, and areas along the Yangtze River. Signiﬁcant
increases in vegetation production were found in Xinjiang,
Central China, and North-east China. Validation of the
NDVI trends and vegetated area changes were conducted
using Landsat imagery and the results were consistent with
the analysis from AVHRR data. We also found that
although the causes of the vegetation change vary locally,
the spatial pattern of the vegetation change and the areas of
greatest impact from national policies launched in the
1970s, such as the opening of economic zones and the
‘Three-North Shelter Forest Programme’, are similar,
which indicates an impact of national policies on
ecosystem change and that such impacts can be detected
using the method described in this paper.
Keywords AVHRR, China, remote sensing, climate
change, policy, desertiﬁcation, temporal trend, phenology
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1

Introduction

Vegetation phenology parameters are indicators of seasonal biologic life stages and have been applied to evaluate
climate change impacts on vegetation growth, simulate
atmospheric general circulations and carbon sequestration,
monitor agricultural production, and detect vegetation
growth trends (Piao et al., 2006). Satellite remote sensing
provides long-term vegetation index images that can be
used to assess long-term phenology changes across large
areas (White et al., 1997, 2005; Lucht et al., 2002; Zhang et
al., 2003). The Normalized Difference Vegetation Index
(NDVI) from the Advanced Very High Resolution Radiometer (AVHRR) of Global Inventory Modeling and
Mapping Studies (GIMMS) has the advantage of high
temporal resolution since 1980s and is available globally
(Tucker et al., 2005). AVHRR NDVI has been used
regionally for various purposes, and the quality of AVHRR
imagery has proved to be adequate for detecting vegetation
change (Eklundh and Jönsson, 2003; Slayback et al., 2003;
White et al., 2005; Piao et al., 2006; Raynolds et al., 2006;
Zhang et al., 2006).
Extracting phenology change from NDVI typically
requires techniques to deﬁne the time-span of a growing
season and to estimate seasonal production. Methods such
as deﬁning NDVI thresholds at the start and end of the
growing season and taking the summation or integral of the
NDVI curve as an estimate of seasonal production were
developed for these purposes (Lloyd, 1990; Markon et al.,
1995; Moulin et al., 1997; Raynolds et al., 2006). In this
study the TIMESAT program developed by Jönsson and
Eklundh (2004) was used because it provides a number of
phenological parameters for trend analysis and it has
previously been tested using AVHRR data (Jönsson and
Eklundh, 2002, 2003, 2004; Lee et al., 2002; Eklundh and
Olsson, 2003; Heumann et al., 2007).
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Along with the rapid social change and economic
growth that have taken place in China in the last several
decades as well as climate change, the terrestrial
ecosystems and vegetation production have also experienced dramatic changes. Myneni et al. (1997) detected a
region between 45°N and 70°N in China with signiﬁcant
increasing trend from 1981 to 1991 using the monthly
average 10-day maximum value NDVI composite during
the growing season. Piao et al. (2004) found that the mean
value of the largest 15-day NDVI composite during the
growing season has increased by 81% in their study area
(most of China) from 1982 to 1999, and the increase was
closely related to an increase in temperature. Similar
studies were also conducted in northern China by Tucker et
al. (2001) and Zhou et al. (2001). However, the spatial
pattern of phenological changes across the country
incorporating more recent data remains unknown. The
objective of this study is to assess the spatial patterns of
vegetation growth trends across China from 1982 to 2006,
using AVHRR data.

2

Methodology

Bi-monthly NDVI images derived from the AVHRR
sensing system at an 8 km  8 km spatial resolution
during 1982 to 2006 were used in this study. A smoothing
algorithm using the adaptive Savitzky-Golay ﬁltering
method implemented in TIMESAT was applied to smooth
out the noise caused by cloud contamination and atmospheric variability (Chen et al., 2004; Jönsson and
Eklundh, 2004). Then a set of phenological parameters
including the start and end of growing season, and the
estimation of seasonal production were deﬁned and
calculated. The start of the growing season was deﬁned
as the time when the left edge of NDVI curve in each year
increased to 20% of the difference between the peak and
base value measured from the left minimum level, and the
base values were the average of the minimum values from
the left and right edges (Fig. 1); similarly, the end of the
growing season was deﬁned as the time when the right
edge decreased to 20% of the amplitude measured from the
right minimum level; the total seasonal vegetation
production was estimated using the integrated area of the
region between the NDVI curve and the zero level; the
seasonal vegetation growth was calculated as the area
between the NDVI curve and the base value during the
growing season, which is also called the small integral in
TIMESAT, the small integral was used in this paper as it
closely approximates annual vegetation production during
the growing season.
After the annual small integral value in each year from
1982 to 2006 was calculated for each pixel, an IDL
program was written to read these annual integral values,
perform a linear regression between the integral values and
time (year), save the slope value, and calculate the P value

Fig. 1 Seasonal parameters computed in TIMESAT: (a) beginning of season; (b) peak; (c) end of growing season; (d) amplitude;
(e) small integral over the growing season, area between NDVI
curve and zero level; (f) base value (Adapted from Jönsson and
Eklundh, 2004)

of the regression for each pixel. In this study, we
considered a relationship with P£0.05 as a signiﬁcant
trend, and only the slope values with signiﬁcant trends
were used for further analysis.
The pixel size of 8 km  8 km for AVHRR images
allowed us to perform this analysis on a national scale.
However, such resolution is relatively coarse, and hence
land cover cannot be identiﬁed in detail. To validate the
results from GIMMS AVHRR data, we also used eight
pairs of Landsat images at different locations to compare
the NDVI values as well as the vegetation growth trends.
The resolutions of the Landsat images ranged from 15 to
60 m. Each pair of Landsat images were taken at a similar
time of the year, with one image taken in 1970s or 1980s,
and a later one taken in the 2000s. All the Landsat images
were ﬁrst converted from digital numbers to top of
atmosphere reﬂectance (Mather, 2004), then pixel-based
NDVI values were calculated using the corresponding
bands of each Landsat image as described in the following
equation:
NDVI ¼ ðNear IR band – Red bandÞ
=ðNear IR band þ Red bandÞ:

(1)

For each Landsat image the boundary was delineated on
the AVHRR image in the corresponding month and year,
then on each of the AVHRR images, 10 pixels were
randomly selected inside the boundary, and the NDVI
values were calculated and compared with the NDVI
values averaged from the corresponding Landsat NDVI
image.
For the purpose of validation on trend analysis from
AVHRR, Landsat images were classiﬁed into vegetated
and non-vegetated areas. Forest, agriculture, and grassland
were classiﬁed and grouped into vegetated area. Water,
residential use, and bare land were classiﬁed as
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non-vegetated area. Then changes in the vegetated area
were calculated for each location for comparison with the
trend analysis results previously obtained from AVHRR
images. Land use maps in 1985, 2000, and 2005 were also
used to assist classiﬁcation (Hansen et al., 1998; European
Commission, 2003; European Space Agency, 2004–2006).

3

Results

3.1

Trend analysis results

The integrals calculated from TIMESAT vary greatly
across China as expected for such a large spatial scale. As
an example, Figure 2 shows the spatial distribution of the
small integral across China in 1982. The small integral,
which is a proxy of the active vegetation production over
the growing season, generally increased from the northwest to the south-east of the country. This is a result of the
fact that the rainfall increases in this direction, and
consequently the vegetation shifts from desert to grass,
agriculture and forest, with the annual vegetation production increasing in a similar manner. The small integral is
lower in evergreen forests than in the deciduous forests due
to the consistently large amount of green vegetation, which
results in a high base value for the evergreen forests. As an
example, the NDVI time-series for 1982 were plotted in
Fig. 3 for a deciduous conifer community extracted in
north-eastern China (E’erguna-Zuo Qi, Heilongjiang
Province), and an evergreen community from southern
China (Sanming City, Guangzhou Province). The comparison showed that the two NDVI time series had similar
peak values and lengths of growing season, but different
base values and thus different small integral values, or
annual growth.

Fig. 2 Small integral over the growing season in 1982 across
China

Fig. 3 Different vegetation dynamics explain the difference in
small integral in deciduous and evergreen forests. Data was
extracted for E’erguna-Zuo Qi in the North-east China (deciduous)
and Sanming City in the South-east China (evergreen), respectively, in 1982

The slope of the linear regression between the annual
small integral and study year for each pixel with P£0.05
reveals a signiﬁcant change in vegetation production
across the country from 1982 to 2006. In Fig. 4, positive
and negative slope values indicate increasing and decreasing trends, respectively, while white pixels are areas that
showed no signiﬁcant change (P > 0.05). The higher the
absolute values of the slope, the greater the change in
vegetation growth. Results indicate that since 1982,
vegetation production had increased in the following
regions: 1) Daxing’anling, Xiaoxing’anling areas, Yanshan, Yinshan, and Hetao Plain in Inner Mongolia; 2)
Liaoning and Heibei Provinces; 3) Tianshan, Aertaishan,
the edges of both Turpan basin and Takelamagan desert in
the west; 4) Taihangshan area, and Yulin, Yan’an area in
Shanxi Province; 5) some areas in central Jiangxi Province
(Fig. 4). Such results are generally consistent with ﬁndings
from other studies such as those from Myneni et al. (1997),
Zhou et al. (2001) and Piao et al. (2004).
Areas that showed a signiﬁcant decreasing trend were
centered in 1) South-east Inner Mongolia and South
Heilongjiang; 2) South-west Shannxi; 3) the Yangtze River
Delta and some areas along the Yangtze River, such as
Minjiang Branch, East Hubei Province, South Anhui and
Jiangsu Provinces; 4) Pearl River Delta, and downstream
of Mekong River and Brahmaputra River; 5) along the
Paciﬁc coast; 6) Jilong, Taibei, Xinzhu, areas from Taizhong to Jiayi, and areas from Hualian to Taidong in Taiwan
Province. Areas where decreasing trends were found in this
study are much larger than the ﬁndings in Piao et al.’s
study (2004), in which the maximum monthly 15-day
NDVI values were used to represent vegetation change.
To show what could be done with this type of analysis at
a local scale and help understand the causes of the change
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Fig. 4 Trend of vegetation growth during 1982 to 2006, indicated
by the slope value of linear relationship between annual small
integral over growing season with year (P£0.05). The number and
location names are selected counties that show signiﬁcant positive
or negative trends (see Figs. 5 and 6)

in vegetation production, we selected eight counties from
the areas that showed signiﬁcant changes and examined the
trends of the county-averaged small integral values. The
locations of the eight counties are shown in Fig. 4. Four of
the counties had signiﬁcant positive trends, and the other
four had signiﬁcant negative trends. Figure 5 shows the
time-series of the integral values and Table 1 presents the
linear equations and r2 for each county. The slope of the
relationships indicates the degree of the change, and the r2,
ranging from 0.42 to 0.72, indicates the signiﬁcance of the
change.
For each of the eight counties we extracted the annual
rainfall to assess the impact of precipitation, since the
main drivers of the vegetation change are probably
associated with either climate change or human activities.
We extracted and averaged the annual precipitation
from data downloaded from the China Meteorological

Fig. 5 Examples of positive (upper panel) and negative (lower
panel) trends in vegetation growth for eight selected counties

Administration for each of the eight counties. We found no
signiﬁcant trends in the annual precipitation for the eight
counties through the 25 years of the study period (Fig. 6).
The general examination of precipitation shows a lack of
signiﬁcant trend in annual rainfall, which probably
indicates that human activities were the primary driver of
the vegetation changes in these selected counties. However, this was done only for the selected eight counties and

Table 1 Trend of small integral over growing season at locations indicated in Fig. 4
Linear regression between the values of annual small integral (y) and time
from 1982 to 2006 (x)

r2

#

County

1

Changji

y = 43.18 x – 83227

0.72

2

Dengkou

y = 27.63 x – 53613

0.72

3

Qingshuihe

y = 50.27 x – 98040

0.59

4

Aohan

y = 58.76 x – 114412

0.62

5

Nantong

y = – 103.87 x + 210472

0.70

6

Guanning

y = – 114.19 x + 232501

0.48

7

Qianjiang

y = – 87.20 x + 176636

0.72

8

Mabian

y = – 73.84 x + 151233

0.42

Positive trends

Negative trends
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Fig. 7 Location of Landsat image pairs used for validation
(quadrangle with number 1–8). Legend refers to Fig. 4

Fig. 6 Time series of annual rainfall during 1982 to 2006 at
selected counties indicated there were no signiﬁcant precipitation
changes at these locations

other climate factors such as temperature and soil moisture
were not included in this study.
3.2

Validation

Eight pairs of Landsat images were used to validate the
NDVI and the trend analysis (Fig. 7). Out of the 16 Landsat
images, 11 were taken during 1982–2006 and can be
matched with the AVHRR NDVI data used in this study.
The Landsat NDVI values were linearly related to the
scaled AVHRR NDVI (Fig. 8) values with an r2 of 0.77,
which indicates that AVHRR provided reasonable estimations of the vegetation index given the rather coarse spatial
resolution.
Comparison of the vegetation change using classiﬁcation results from Landsat images conﬁrms the vegetation
growth trend obtained in this study using AVHRR data.
Table 2 shows the time, sensor, resolution and classiﬁed
vegetated area for each pair of Landsat images, and the
slope of linear trend of the small integral at a county nearby

Fig. 8 Validation of AVHRR NDVI using Landsat data

or within the corresponding Landsat image boundary. For
example, at the location in Inner Mongolia (#1 image in
Fig. 7), the vegetated area increased by 15.4% from Aug
24, 1989 to Jul 13, 2000 (from 10.2% to 11.8%), and the
AVHRR trend results gave a slope of 12.9 averaged for a
nearby Yakeshi county, which indicates that both Landsat
and AVHRR resulted in positive vegetation growth change
in this area. In Xinjiang (#2), Liaoning (#4), and Hebei
(#5), it increased by 51.7%, 13.6%, and 56.3% from 1970s
to 2000s, respectively. In another image from Inner
Mongolia (#3), and images from Henan (#6), Hubei (#7)
and Guangdong (#8), the vegetation area decreased by
4.6%, 5.5%, 45.3%, and 19.6%, respectively, and these
numbers are consistent with the slope of the linear trend
generated from AVHRR images.
As examples, the vegetation classiﬁcation results from
Landsat images in Xinjiang (#2 in Fig. 7) and Guangdong
(#7) are shown in Fig. 9. Xinjiang is arid and more than

Inner Mongolia

Xinjiang

Inner Mongolia

Liaoning

Hebei

Henan

Hubei

Guangdong

1

2

3

4

5

6

7

8
Landsat 7

14–Sep–2000

Landsat 2

16–Aug–1984

Landsat 3

Landsat 7

10–May–2000

Landsat 7

Landsat 5

14–May–1988

22–Jul–2001

Landsat 7

7–May–2000

10–Nov–1979

Landsat 2

3–May–1979

Landsat 2

5–Jul–1976
Landsat 7

Landsat 7

14–Sep–2000

21–Sep–2001

Landsat 7

Landsat 2

13–Aug–1979

Landsat 2

Landsat 7

13–Jul–2000

28–Jun–2002

Landsat 5

24–Aug–1989

15–Sep–1977

Satellite

Date

30

ETM +

15
60

MSS

ETM +

60

30

ETM +
MSS

30

30

ETM +
TM

60

30

MSS

ETM +

60

30

MSS

ETM +

30
60

MSS

ETM +

60

30

ETM +
MSS

30

Resolution/m

TM

Sensor

65.37

81.27

36.37

66.54

44.45

47.05

42.10

26.93

73.15

64.37

42.93

44.99

11.80

7.78

11.75

10.18

Vegetated area/%

– 19.56

– 45.34

– 5.53

56.33

13.64

– 4.58

Zengcheng

Xiantao

Dengfeng

Xingtai

Huangren

Wulate-Zhong

Jimusa'er

Yakeshi

15.40

51.67

County name

Vegetation change*/%

– 94.32

– 74.56

– 24.56

38.23

32.67

– 3.48

26.20

12.87

Slope of the linear trend **

Trend analysis results from AVHRR for county nearby/
within

Notes: * Vegetation change was calculated as: (vegetated area of second image – vegetated area of ﬁrst image)/vegetated area of ﬁrst image; ** slope of the linear regression between the values of annual small integral (y) and
time from 1982 to 2006 (x), P£0.05

Location

#

Landsat classiﬁcation results

Table 2 Vegetation change at 8 locations based on classiﬁcation on Landsat images
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half of the province is desert or bare rock. The vegetated
area in the south had increased signiﬁcantly as can be seen
in Figs. 9(a) and (b). Image #7, located in Guangdong
Province, includes part of Hong Kong City. In 1979 (Fig. 9
(c)), the residential area was mostly centralized in the Pearl
River Delta and the capital city of Guangzhou. However, in
2001, the residential area extended greatly, especially on
the east side of Lingdingyang. The classiﬁcation results
showed that the vegetation area in this region had
decreased from 81% to 65% between 1979 and 2001.
There are a number of possible reasons for the
discrepancies between the Landsat and AVHRR results.
The two sets of NDVI values from AVHRR and Landsat
differed not only because of the difference in resolution
and satellite sensors, but also because the AVHRR data
was taken bi-monthly, and the Landsat NDVI images were
calculated from images taken on a single date. Moreover,
the trend analysis reﬂected the vegetation change during
1982 to 2006, while the results from Landsat images
revealed the changes between the two speciﬁc dates.
Finally, the comparisons shown in Table 2 are based on
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area-averaged results from Landsat images and corresponding county-averaged results from AVHRR NDVI,
and often the area of the counties is smaller than the
coverage of Landsat image pairs.

4

Discussion

Since the 1970s, China has experienced huge social and
economic changes, which had great impacts on land use
(Heilig, 1997). As Yabuki (1995) pointed out, the
economic reforms of 1978 were probably more important
to China’s land-use patterns than any other single event in
recent history. In 1978, the Chinese government embarked
on a policy of opening selected cities to the outside world
step by step. In 1979, 4 special economic zones (Shenzhen,
Zhuhai, Shantou and Xiamen) along the south-eastern
Paciﬁc coast were established; in 1984, 14 other coastal
cities from Dalian in Liaoning Province to Beihai in
Guangxi Zhuang Autonomous Region were opened; in
1985, the state extended the open economic zones along

Fig. 9 Vegetation area classiﬁed from Landsat image, (a) Xinjiang, Sep 15, 1977; (b) Xinjiang, Sep 14, 2000; (c) Guangdong, Aug
16,1984; (d) Guangdong, July 22, 2001
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the coast into an open coastal belt; in 1992, 5 inland cities
(Wuhu, Jiujiang, Yueyang, Wuhan, and Chongqing) along
the Yangtze River were opened.
The opening of the costal belt and Yangtze River
transformed land cover dramatically, and urbanization was
one of the results that led to the decrease in vegetation in
these areas. For example, data from the Shanghai
Municipal Statistics Bureau shows that the cultivated
land area in Shanghai decreased by 35% from 1978 to
2005 (Fig. 10). The spatial pattern of signiﬁcant decreasing
trend in Fig. 4 is consistent with ﬁndings from Liu et al.
(2005) that during 1990 to 2000 there is a remarkable
decrease in cropland in the Huang-Huai-Hai Plain, the
Yangtze River Delta, the Yellow River band in the vicinity
of Baotou and Datong sections, Sichuan Basin, and the
Pearl Delta. On the other hand, most of these areas are also
located in nationally important food production areas, such
as the Songnen Plain and Sanjiang Plain in the north-east,
Minjiang watershed located in Chengdu Plain, Jianghan
Plain, Jianghuai Plain, and Taihu Plain in the downstream
area of the Yangtze River, Boyanghu Plain, and the Pearl
Delta, which have had fertile soil and a long history of
agricultural activities.

Fig. 10 The cultivated land area in Shanghai decreased 35%
from 1978 to 2005, based on data from Shanghai Municipal
Statistics Bureau

Along the Yangtze River, besides the rapid urbanization,
deforestation in the upper stream of Yangtze River had also
taken place and was one of the causes of vegetation
reduction. In Inner Mongolia, desertiﬁcation is another
primary cause of vegetation reduction (Yang et al., 2004).
Figure 4 also indicates a signiﬁcant increase of
vegetation production in the north-east, north-west, and
central plain, which is consistent with previous studies
from Li et al. (2005) and Xu et al. (2004) in North-west
China. This shows another example of impact from
national policy, the ‘Three-North Shelter Forest Programme’ launched in 1978. This program is the biggest
nation-wide afforestation project in China and covers 4

million km2 in North China, aiming to restore the forest
cover in the mountains, build a crop-shelter forest network
in the central plains and oases in the desert, and establish
tree belts to protect the grassland, the loess plateau, and
desert areas.
In addition, as found by Liu et al. (2005), the cultivated
land in Xinjiang, Inner Mongolia, Jilin, Heilongjiang, and
Liaoning had increased from 1985 to 1995, which explains
the increasing trend in vegetation growth in that area as
shown in Fig. 4. Moreover, in North China, regions with
access to irrigation also showed a signiﬁcant increasing
trend. For example, in the Hetao Plain where irrigation
water is available from the Yellow River, and in areas
along the Akesu and Weigan Rivers in Xinjiang,
signiﬁcant positive trends that differ from surrounding
areas can be seen in Fig. 4.

5

Conclusions

This study showed that the slope of the linear regression
(P£0.05) between the seasonal small integral computed
from long-term AVHRR NDVI can be used to detect
vegetation changes across a large spatial region such as
China. Validation using Landsat images at a ﬁner
resolution conﬁrmed the trend results. This method could
be applied to other places and to data from other sensors,
such as MODIS, with ﬁner spatial resolution but a shorter
study period.
The spatial pattern of the historical trend across China at
a pixel level reveals great variation and coincidence with
some national policies launched in China since 1978.
Signiﬁcant increasing trends detected in North-east, Northwest and Central China indicate the effect of the ‘ThreeNorth Shelter Forest Programme’ in these areas, while the
signiﬁcant decreases in the grassland area of Inner
Mongolia could indicate desertiﬁcation. Decreasing trends
were also found along the coastal area of the Paciﬁc Ocean
and some areas along the Yangtze River, which are likely
due to the opening of economic zones and inland cities and
associated anthropogenic causes such as rapid urbanization
and deforestation. Factors causing vegetation production
changes are complicated and vary spatially, and more
precise data on land use change and management are
necessary for more detailed analyses on the exact driving
forces of these changes.
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