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Abstract: The pattern of vegetation change in response to global change still remains a 

controversial issue. A Normalized Difference Vegetation Index (NDVI) dataset compiled 

by the Global Inventory Modeling and Mapping Studies (GIMMS) was used for analysis. 

For the period 1982–2006, GIMMS-NDVI analysis indicated that monthly NDVI changes 

show homogenous trends in middle and high latitude areas in the northern hemisphere and 

within, or near, the Tropic of Cancer and Capricorn; with obvious spatio-temporal 

heterogeneity on a global scale over the past two decades. The former areas featured 

increasing vegetation activity during growth seasons, and the latter areas experienced an 

even greater amplitude in places where precipitation is adequate. The discussion suggests 

that one should be cautious of using the NDVI time-series to analyze local vegetation 

dynamics because of its coarse resolution and uncertainties. 

Keywords: global vegetation change; spatio-temporal pattern; NDVI; EOF;  

remote sensing 

 

1. Introduction  

Vegetation is the dominant component of terrestrial ecosystems, which play a vital role in the cycle 

of global resources and energy [1]. Furthermore, it has an irreplaceable function in regulating global 

OPEN ACCESS 



Remote Sens. 2010, 2                            

 

 

1531 

carbon balance and maintaining global climate stability [2,3]. As a global change issue, the vegetation 

growth response to climate change has gained much more attention [4], since it has become an urgent 

necessity for countries to estimate carbon uptake on a continental scale.  

In recent years, various approaches have proved the existence of a terrestrial carbon sink, with a 

geographical distribution and magnitude that is still under discussion [5,6]. Studies of the ecosystem 

response to gas exchange at the site level [7], forest inventories at the continental level [8], and tracer 

transport inversion methods at the global level [9,10] have all suggested a net gain of carbon in 

terrestrial ecosystems. Meanwhile, some research studies (e.g., [11]) have revealed that the response of 

vegetation to global change has obvious geographical heterogeneity and different phases. For instance, 

vegetation activities at mid-high latitude in the northern hemisphere increased dramatically during the 

past decades [12,13]. This phenomenon is attributed to two factors: (1) carbon dioxide accumulation in 

the atmosphere causing a rise in temperature; and (2) sequestration of soil nitrogen and phosphorus 

leading to vegetation vigor varied with greater periodic oscillation [14]. On the other hand, global 

warming resulted in earlier and prolonged vegetation growth seasons [15]. However, a few time-series 

data for a 100 year period indicated that the spring phenophase was prone to delay during certain 

periods of time [16]. That is to say, the response of vegetation in some regions to global change is 

mainly reflected by longer growing periods, while in other regions, ecosystems respond with greater 

amplitude in vegetation vigor, or include both features mentioned above. Obviously, on a global 

spatial scale and decadal temporal scale, differing theories on the vegetation response to global change 

still exist. While the earth’s surface has undergone unprecedented warming over the last two decades, 

since reliable instrumental measurements became available in the late 19th Century [17], there are still 

some reports on regional cooling. Therefore, investigating the spatial-temporal pattern of vegetation 

change over the world in recent decades is necessary for obtaining a greater understanding of global 

change and the corresponding vegetation response. 

Among satellite remote sensing data, the NOAA-AVHRR sensor provides the longest time-series of 

satellite images for global vegetation dynamics analysis. The Normalized Difference Vegetation Index 

(NDVI), a spectral index linearly related to the fraction of the photosynthetically active radiation 

(400–700 nm) intercepted by the canopy [18,19], has proven to be a proxy for the status of the 

aboveground biomass at the landscape level. This is due to the high correlation with green-leaf 

density, photosynthesis intensity, net primary production and carbon dioxide fluxes [20,21]. Therefore, 

it is usually applied directly for study of vegetation dynamics. More frequently, the well-known 

maximum value composites of daily NDVI data [22] are used to reduce the influence of atmospheric 

effects on images. Many researchers (e.g., [23-26]) have successfully utilized the AVHRR time-series 

NDVI to study vegetation growth in terms of time and space.  

Typically an NDVI time-series is characterized by patterns like seasonality, trends and localized 

abrupt changes, or discontinuities, resulting from disturbance events [27]. The remote sensing 

techniques based on time-series analysis facilitates the characterization of inter-annual and  

intra-annual variations of the vegetation canopy [28]. The inter-annual changes in vegetation dynamics 

also contain valuable information on the response of vegetation to meteorological effects. However, as 

aforementioned, vegetation change on the global scale features high geographical heterogeneity and is 

non-stationary. Here we focus on those stationary changes and trends between years over the long 

http://dict.youdao.com/search?q=carbon&keyfrom=E2Ctranslation
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time-series, excluding non-stationary processes, since the continuous and stable changes are likely the 

response to the micro global climate change [29].  

The methods for analyzing the NDVI time-series include statistical approaches such as principal 

component analysis [30,31] and curve fitting [32], as well as spectral-frequency techniques such as 

Fourier analysis [33], harmonic analysis [34] and wavelet decomposition [35,36]. In this paper, we use 

the time-series AVHRR-NDVI archives (1982–2006) to investigate global monthly vegetation stability 

change trends, by means of empirical orthogonal function (EOF) analysis. The analysis seeks to prove 

large-scale variation and spatial-temporal heterogeneity of global vegetation vigor, and to answer the 

following questions: (1) where and when did the vegetation vigor change with a stable trend during the 

last two decades; (2) how did the vegetation change in response to global climate change? For such a 

purpose, the time-series NDVI was first smoothed by a Savitzky-Golay (S-G) filter to remove 

deviations from the vegetation cycle. The monthly NDVI anomalies were then calculated and stacked 

as a monthly time-series anomaly layers. Finally, an EOF analysis was conducted against the monthly 

NDVI anomalies to extract the overall change trend across the world in the last two decades. The 

likely vegetation response to the global climate change and limitations of our study are also  

discussed further.  

2. Materials and Methods 

2.1. Data and Processing 

The analyses were based on NDVI data derived from the Advance Very High Resolution 

Radiometer (AVHRR) sensor on board the National Oceanic and Atmospheric Agency (NOAA) 

satellite. The NDVI was calculated as the difference between the reflectance registered by the AVHRR 

sensor in the near-infrared and visible portion of the electromagnetic spectrum divided by the sum of 

both channels. A NDVI dataset compiled by the Global Inventory Modeling and Mapping Studies 

(GIMMS) was adopted. The GIMMS-NDVI data were generated to provide a more than 25-year (July, 

1981–December, 2006) satellite record of monthly changes in terrestrial vegetation, with a spatial 

resolution of 8 km × 8 km and a temporal resolution of 15-Days. The dataset can be obtained from the 

Global Land Cover Facility (GLCF) (ftp://ftp.glcf.umiacs.umd.edu). The geographic coordinates 

version supplied by GLCF as one global mosaic is convenient for researchers to model the globe 

during a single analysis. The GIMMS-NDVI dataset has been used in various models and appears to 

capture general patterns of vegetation well [37,38]. Tests on sites indicate reasonable agreement 

between the inter-annual variation in GIMMS NDVI and other measures of vegetation [38-42]. These 

tests show that the variation in GIMMS NDVI is realistic on specific sites.  

However, in the NDVI time-series, there are always disturbances created by cloud contamination, 

atmospheric variability, bi-directional effects and sensor malfunctions [43,44]. Although Maximum 

Value Composite (MVC) products can partly eliminate some disturbances [22,45], the time-series 

NDVI data still includes many of these deviations (see Figure 1). Thus, prior to the analysis of the time 

series NDVI, the dataset must be pre-processed to remove such disturbances. In this study, the 

Savitzky-Golay (S-G) filter is applied to smoothen the noise in the NDVI time-series. The S-G filter is 

a simplified least-squares-fit convolution for smoothing and computing derivatives of a set of 

consecutive values (a spectrum) [46], and has been successfully used to reconstruct the NDVI  

ftp://ftp.glcf.umiacs.umd.edu/
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time-series data in several recent researches [47,48]. The general equation of the simplified  

least-squares convolution for an NDVI time series smoothing is given as: 

i m
i j i

j

i m

C Y
Y

N






                                                                        (1) 

where Yj+i is the original NDVI value, Yj is the resultant NDVI value, Ci is the coefficient for the i
th

 

NDVI value of the filter (smoothing window). It can be obtained directly from Steinier et al. [49] as a 

corrected version of Savitzky and Golay’s work [46]. N is the number of convoluting integers and is 

equal to the smoothing window size (2m + 1). The smoothing array (filter size) consists of 2m + 1 

points, where m is the half-width of the smoothing window, and is set as 4 for our study. The typical 

filtered NDVI profiles obtained are shown in Figure 1. 

When the NDVI value is comparatively small (close to 0), using it to detect a change can lead to 

relatively large errors [50]. In this study we chose the NDVI pixel values that are greater than 0.1 to 

represent vegetation vigor, and chose the value at the end of each month to represent the monthly 

NDVI data. Because the GIMMS-NDVI can only be acquired partially for 1981 (July–December), the 

dataset was arranged as monthly NDVI across the globe on a 8 km × 8 km regular grid and spans the 

period 1982–2006. The mean annual cycle was calculated by averaging the monthly data over the 

years, and any anomalies were then computed as a departure from the mean annual cycle in order to 

remove long-term variations in multi-temporal NDVI change. An anomaly is considered a deviation 

from an inner trend, which is the indicator for evaluating NDVI inter-annual change.  

Figure 1. The GIMMS-NDVI temporal profiles for several typical vegetation classes in 

the north mid-high latitude area. Noise points, original profiles, and smoothed profiles 

from the S-G filter are shown as examples. 

 

2.2. Extracting the Spatial-Temporal Change by Using an Empirical Orthogonal Function (EOF) 

Method 

This paper focuses primarily on revealing the spatio-temporal patterns of the NDVI stable change 

trend during 1982–2006, which is likely caused by the global durative micro-climate change in the last 

several decades. In a growth season, the change trend between months is also investigated, which can 
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reflect the regional growth season change. Although the monthly NDVI anomaly can indicate 

deviation from the long term cycle, we cannot reliably identify the continuous change trend from a 

single anomaly image. This paper uses an empirical orthogonal function (EOF) analysis to extract 

monthly NDVI change tendencies from the monthly time-series NDVI anomalies, because EOF offers 

a clear advantage in analyzing spatial-temporal changes [51]. EOF analysis uses properties of matrix 

algebra to decompose a dataset into spatially orthogonal Eigen-functions and associated temporal  

coefficients, and is among the most widely used methods in meteorological science [52,53]. With the 

space-time field, EOF analysis finds a set of orthogonal spatial patterns, known as EOFs, along with a 

set of associated uncorrelated time-series or PCs, so that the first few PCs account for as much as 

possible the variation in the original field [54]. This allows for the extraction of the main change trend, 

which explains the maximum amount of variance in the dataset, by combining the first several PCs. 

Therefore, EOF has been used most recently in the NDVI time-series analysis [55-58].  

Mathematically, the purpose of an EOF analysis is to replace p observed variables by a much 

smaller number k of uncorrelated principal components, while retaining as the most possible variation 

in the original p variables. 

For example, let 
n pX R   denote a gridded dataset containing n time samples for monthly NDVI 

anomalies measured by their means at p grid-points. The EOFs can easily be computed by using the 

singular value decomposition (SVD) [59]. Assume that X has rank r with r ≤ min (n,p). Using the 

SVD, X can be decomposed as: 

'

1

'
r

j j j

j

X M U m u


                                                                  (2) 

where 1( ,..., ) n r

rM m m R   and 1( ,..., ) p r

rU u u R   are orthonormal matrices; so that 

' ' rM M U U I  , with rI  as an identity matrix of order r; and 
r rR  is a diagonal matrix with the 

singular values of X, sorted in decreasing order, 1 2 ... 0r      , on its main diagonal. The prime 

notation stands for the transpose operator. The matrix U in Equation (2) is the matrix of the EOFs, and 

M is the matrix of PC scores. The variance of the j th
 PC, 1,...,j r , is 

2 /( 1)j n  , which is equal to 

the j th
 eigenvalue of the sample covariance matrix of X. In practice, the first leading k components, 

with k r , account for a substantial proportion of the total variance in the data (e.g., 60%), and the 

sum in the equation is therefore truncated after the first k terms. Thus, an EOF analysis is dependent 

upon finding a n k real matrix of component scores of the n time samples on the k components, and a 

loading matrix p kU R   containing the EOF coefficients for the p grid points on the k components.  

Figure 2. Overall data flow and processes of EOF analysis. 
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In this study, n is the 25 year period of 1982 to 2006, and p is the monthly global NDVI anomaly 

images, containing 4,950 columns × 2,091 rows pixels. EOF analysis is applied to decompose 25 

NDVI image anomalies for each month. For instance, the NDVI anomalies of January from 1982 to 

2006 were used to operate the EOF analysis to extract the homogeneous change trend in January for 

this period. This NDVI change pattern study is based on the composition of k components. The overall 

method consists of five major steps (Figure 2): GIMMS NDVI S-G filtering processing, calculating 

monthly NDVI anomalies, EOF analysis based on each monthly stack, leading principal components 

compositing, and global NDVI change pattern analysis. Figure 3 shows the result of the monthly 

NDVI anomaly image spectrum, expressed in percent of explained variance of the EOFs, along with 

the standard error computed from 12 monthly EOF analyses (from January to December). The first ten 

EOFs (k = 10), can explain around 65% of the total variance in the global monthly NDVI during the 

last two decades (see Figure 3); therefore, the first 10 PCs were composited to reflect the dominating 

monthly NDVI change on a global scale. On this basis, we can extract regions within a time series 

where similar NDVI dynamic change and spatial patterns appear.  

Figure 3. Spectrum of the covariance matrix of monthly global NDVI anomalies, and the 

accumulated percentage of Eigenvalue. Vertical bars show the standard deviation of the 

percentage Eigenvalue over 12 months (January-December) by EOF analysis. The 

Eigenvalue percentage is the ratio of an individual Eigen-value to the sum of all  

Eigenvalues.  

 

2.3. The Hypotheses of Vegetation Change Analysis  

In order to investigate the dominating response of vegetation activities in different regions to global 

change, as well as its spatial patterns, our analysis is based on the following hypotheses: (1) In regions 

with the highest NDVI rate increase in spring, the vegetation response to global change is primarily 

shown through the early start of the growing season. (2) In regions with the highest NDVI rate increase in 

the summer, the response is primarily shown through greater amplitude or enhanced vegetation vigor in 

the growth season. (3) In regions with the highest NDVI rate increase in autumn, the response shows an 

obvious extension of vegetation growth season. Most of these hypotheses are verified in recent related 

research studies [13]. Furthermore, in the temperate zone the season can be divided into spring, summer, 
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autumn and winter (see Table 1). Normally, the growth season is from spring to autumn, and the specific 

dates vary with the latitude. Summer is the flourishing season and winter is non-flourishing season for 

vegetation growth. Vegetation grows abundantly throughout the entire year within the tropical zone, with 

growth season changes mainly present out of the tropical area. Therefore, the analysis of vegetation 

changes in the tropical zone focus on the amplitude of the vigor variation. 

Table 1. The division of season for North Hemisphere and South Hemisphere according to 

temperate zone. 

Month Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

North 

hemisphere 
Winter Spring Summer Autumn Winter 

South 

hemisphere 
Summer Autumn Winter Spring Summer 

3. Results and Analysis 

The monthly linear compositions of the first 10 principle components according to their eigenvalue 

percentage are listed in Figure 4 to show the dominating change tendency of NDVI anomaly values in 

period 1982–2006. Considering the uncertainties of time-series GIMMS data [41], changes between 

−0.05 and 0.05 are regarded as an unobvious change tendency, which is depicted in the figure by 

black. Otherwise, the change is regarded as obvious change tendency, which is shown in the figure by 

colors. For each month, the 10-PC composition can reflect the stable change trend during  

1982–2006. It can reflect the global spatial distribution for each month. Meanwhile, comparison 

among months can reflect the temporal variation, showing a spatial pattern transfer between months. 

From Figure 4 and the aforementioned hypotheses, the stable monthly change tendency of global 

vegetation growth over the past two decades can be determined. The main profile of these change 

patterns is described as follows: 

(1) The monthly change tendency of global vegetation growth shows obvious spatial heterogeneity.  

The most obvious regions are embodied in the north middle or high latitudes, such as Siberia (see 

Figure 4(E) and (F)), northeastern China (see Figure 4(F)), western Alaska (see Figure 4(E,L)), eastern 

and northeastern Europe (see Figure 4(D,E,F)), as well as regions within or near the Tropic of Cancer 

and Capricorn (see Figure 4(A–L); such as central and northern parts of South America, central Africa, 

southern Africa, southeastern Australia, southern Asia, besides, southern and southwestern China.  

(2) Change tendency between months also shows obvious global temporal heterogeneity over 

continental scale.  

Eurasian Continent: In northeastern Europe (Figure 4(E)), central Siberia (Figure 4(E)), England 

and northwestern Europe (Figure 4(F)) and northeastern China (Figure 4(F)); strong positive phase 

signals appear in May or June, which are accompanied by an obvious rising tendency in vegetation 

activity. This indicates that the vegetation growth season in middle or high latitudes of Eurasian 

Continent feature signs of an earlier arrival with increasing vegetation vigor. In northern Siberia 

(Figure 4(F)), where the open-shrub grows [60], there is a negative phase in June, meaning decreasing 

vegetation vigor. In southern and southwestern China, obvious negative phase signals appear in July 

http://dict.youdao.com/search?q=amplitude&keyfrom=E2Ctranslation
http://dict.youdao.com/search?q=of&keyfrom=E2Ctranslation
http://dict.youdao.com/search?q=variation&keyfrom=E2Ctranslation
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(Figure 4(G))—on the contrary, a positive phase emerges in August (Figure 4(H)). This development 

may have resulted from crop harvest and cycles in southern China during July–August [61]. In 

southeastern Asia, which is close to the Equator, vegetation vigor basically remains in a positive phase 

year round, except in September.  

North America: In Alaska and northeastern Canada where open-shrub grows [60,62], there are 

negative phases in May and June (Figure 4(E) and (F)), revealing a possible delay to the start of the 

growth season. While in the continental United States, no obvious phase is found from the analysis.  

South America: The northwestern areas of South America mainly feature a negative phase from 

September until the following May (Figure 4(A–E) and 4(I–L)) with an occasional positive phase in 

the eastern parts; an obvious positive phase appears from June to August (Figure 4(F–H)). This 

phenomenon shows that vegetation vigor in the northern South America region decreases during 

flourishing seasons. However, in non-flourishing seasons like June to August, vegetation activity 

shows signs of increasing. That is, vegetation vigor increases in winter and decreases during  

growth seasons.  

Africa: the central region of Africa closest to the southern Sahara has a nearly negative phase over 

the course of an entire year (Figure 4), and is mainly characterized by open-shrub land [60]. This 

implies that drought area vegetation vigor has the tendency to decline under the environmental 

conditions of global warming. In the northern regions of Africa and around the Equator area, where 

woods grow [60], the NDVI change shows a positive phase in winter (Figure 4(F–H)), while in other 

seasons the NDVI change is primarily negative. 

Australia: an obvious NDVI change phase is found primarily in the southeastern areas. A positive 

phase appears from January to April (Figure 4(A–D)), with increasing vegetation activity during the 

growth season. A negative phase appears from September to October (Figure 4(I–J)), with a 

decreasing tendency for vegetation activity during the non-flourishing season. No obvious vegetation 

activity tendency is found in other months. 

Figure 4. The spatial patterns of the 10t ten principal components linear composition of 

monthly global NDVI anomaly transformation during 1982–2006 by EOF method, 

showing global vegetation total changing patterns and trends. The obvious change 

tendency is represented by the colors or in black.  

 

(A) January 
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Figure 4. Cont. 

 

(B) February 

 

(C) March 

 

(D) April 

 

(E) May 
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Figure 4. Cont. 

 

(F) June 

 

(G) July 

 

(H) August 

 

(I) September 
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Figure 4. Cont. 

 

(J) October 

 

(K) November 

 

(L) December 

As stated above, vegetation growth vigor shows obvious spatial-temporal heterogeneity on a global 

scale. In the middle and high latitude areas of the north hemisphere, the difference among change 

tendencies is obvious in the time phase. This indicates that vegetation vigor change patterns have 

stronger heterogeneity in terms of tendency and are more complex. However, in central Siberia and 

northeastern China, there is a clear increasing tendency in May and June. In the land around the Arctic 

Ocean, the open-shrubs appear to have a decreasing tendency at the onset of the growth season. In the 

regions of Africa and South America within the Tropic of Cancer and Capricorn, vegetation changes 

almost always feature the same phase, including a shortened flourishing period, possibly attributed to 

certain global factors [11,63]. Meanwhile, in the southern hemisphere, vegetation activity during the 

non-flourishing period shows signs of an increase. 
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4. Discussions 

In recent years, the fact that global warming is currently occurring has largely been accepted within 

the scientific community, and it has had an obvious impact on vegetation growth [64]. Many plants 

have changed their related activities when spring and autumn arrives in order to adapt to longer 

growing seasons created by global warming [15]. Additionally, vegetation activity has shown greater 

amplitude during seasonal changes [4]. However, the global warming trend has also featured clear 

heterogeneity on the global scale [65]. In some regions, the past few decades have shown a declining 

temperature trend, or less clear warming tendency [17,64]. A number of research studies have explored 

the spatial correlation between NDVI and climate variables [56,57,66], but different vegetation types 

show different responses to climate change [67]. Normally, vegetation activity is closely correlated to 

surface temperature [68]. However, the relationship between vegetation growth and temperature in low 

latitudes is relatively complex, where temperature does not inhibit vegetation growth [25]. 

Precipitation and carbon dioxide concentrations also affect vegetation growth [69,70]. There is a time 

lag for vegetation growth in response to precipitation [71]. This lag causes significant variation in 

regional vegetation’s sensitivity to precipitation—thus contributing to heterogeneity and complexity in 

the response of vegetation growth to global change. In addition, the spatio-temporal pattern of global 

vegetation growth is also influenced by large-scale regional climate oscillation [72,73]. For example, 

regions with obvious NDVI dynamic change have been found to have certain spatial connections to 

regions where vegetation is sensitive to the impact of North Atlantic Oscillation [74]. The connection 

between macro-climatic oscillation and regional vegetation activity can extend geographically to a 

global scope under certain laws.  

Beyond climate change, land cover change and land use conversion also likely change the local or 

sub-regional NDVI. For instance, the tropical forest degradation caused by logging and burning leads 

to an obvious decreasing trend in temporal NDVI [75]. The logging in the mature forests of North 

America also caused a NDVI decrease in the 1990s [76]. Globally, the rate of deforestation has 

accelerated from the 1980s to the 1990s, especially in tropical Asia and Latin America [77]. On the 

other hand, forestation and regeneration could facilitate an increasing NDVI trend. For example, the 

―Grain for Green‖ Program launched in 1999 resulted in a significant increase of the forest cover in 

western China by planting trees and sowing grasses on steep slope agricultural cropland [78,79]. 

Partial disturbances such as forest rotation or farmland rotation generally cannot show an obvious 

stable NDVI change trend in the decade’s temporal scale, but the local plant habit change is an 

exception. For example, because improvements in hybrid rice breeding, the farmer’s practice of the 

three-crop per year thorough turned to two or one-crop a year in the past decade in southern China [80], 

which likely change the NDVI trend. However, for such local vegetation changes, only large-scale 

stable changes can be detected in this study by a coarse resolution time-series NDVI. 

Most of results in this study support the conclusions of a variety of different reports of relevant 

regional to global research, while some inconsistencies can be found in local studies. For instance, 

middle and high latitude areas in the northern hemisphere have increased vegetation activity during 

growing seasons. Vegetation activity in low latitudes experiences a tendency for enlarged amplitude. 

However, quite different conclusions were drawn from some regional studies in the past, like on 

vegetation cover change in northwestern China. Ma et al. [81] analyzed 21-year NOAA/AVHRR 

http://dict.youdao.com/search?q=carbon&keyfrom=E2Ctranslation
http://dict.youdao.com/search?q=dioxide&keyfrom=E2Ctranslation
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NDVI images, ranging from 1981 to 2001, by using the EOS Pathfinder database and found that 

vegetation cover in northwestern China over the last 21 years is suffering a general degradation. Piao 

and Fang [82] also found that vegetation degradation primarily appeared in northwestern China and 

Qinghai-Tibet Plateau. However, other studies reported that over the past two decades, vegetation 

activity in the northern hemisphere and China was increasing, especially in the western part  

of China [83]. Most of these studies focused on vegetation changes on regional scales, but the results 

are controversial. Our finding in this paper is that the tendency of vegetation growth and variation in 

the frequent drought conditions of northwestern China and alpine regions is not obvious or it’s hard to 

detect, which is consistent with findings from other research on NDVI records concerning vegetation 

changes in the alpine regions along Yangtze and Yellow Rivers by using Pathfinder  

NOAA-AVHRR/NDVI time-series data [84]. Therefore, in areas with relatively low NDVIs, using 

time-series NDVI to analyze vegetation growth and variation on a regional scale, it still should be 

conducted carefully because of the disturbance from the soil background [85]. For instance,  

McCloy et al. [86] used three temporal NDVI datasets (Pathfinder, GIMMS and Fasir) to conduct a 

trend analysis, and found that the regional differences between the datasets are of such magnitude that 

these datasets cannot be used for regional mapping or monitoring. The other study on alpine grassland 

phenology using AVHRR, VEGETATION and MODIS NDVI also resulted in significant  

differences [87]. Though the AVHRR-NDVI has been used to analyze vegetation changes, including 

phenology, since early 1980s [88], greater numbers of similar studies have recently used finer 

resolution remotely sensed NDVI to conduct such an analysis. 250 m, 500 m and 1 km MODIS and 

VEGETATION NDVI are the most frequently used data to retrieve and monitor the global vegetation 

phenology [89-91]. Research on regional vegetation growth and its variation should consider the 

impact of the data spatial scale. In order to improve accuracy, future studies need to use remotely 

sensed data with a finer spatial resolution, or combine the data with field observations. Moreover, 

studies should take into consideration the impact of NDVI sensitivity on low vegetation cover in bare 

areas. However, though the AVHRR NDVI dataset with 8 km resolution has some limitations as 

described above, it is still applicable in studying global change issues, because of its reliable, extended 

history of more than 20 years. 

5. Conclusions 

GIMMS-NDVI time-series data are applied to analyze global vegetation vigor dynamics in this 

paper. The empirical orthogonal function (EOF) is used to extract the phase changes of the NDVI from 

a long sequence cycle from the 25 year period of 1982–2006, and the monthly NDVI change phase is 

connected to the specific vegetation activities. Spatial-temporal change patterns are summarized.  

Change in global vegetation vigor has a high spatial-temporal heterogeneity. Regions with the most 

obvious monthly change trend are distributed geographically at the middle and high latitude of north 

hemisphere, including northeastern Europe, Siberia, northeastern China, and regions within or near the 

Tropic of Cancer and Capricorn; like southern and southwestern China, northwestern parts of South 

America, central and southern Africa, and southeastern Australia. Over the last two decades, the  

inter-annual spatial and phase transfer of global vegetation growth seasons show obvious laws. In 

middle and high latitude areas of the northern hemisphere, the phases of vegetation activity are more 
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positive in growth seasons, revealing signs that the vegetation growth season is increasing in duration. 

In low latitude areas, vegetation activities decrease in flourishing seasons, while they increase in  

non-flourishing seasons. 

A wealth of research shows that the regional climate change caused by global warming is a leading 

factor influencing vegetation growth and change tendencies on a global scale over the past two 

decades. This tendency can also be influenced by vegetation type and regional climate oscillation on 

macro scales. Our analysis strongly supports a variety of different reports in existing literature, such as 

earlier growing seasons at higher northern latitudes, which is directly linked to increasing surface 

temperatures. However, investigating vegetation activity in those regions like drought and alpine, 

should be fully cautious when using NDVI time-series datasets.  
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