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Abstract: Vegetation is an important part of terrestrial ecosystems. Although vegetation
dynamics have explicit spatial and temporal dimensions, the study of the temporal process
is in its infancy. Evaluation of temporal scaling behavior could provide a unique perspective
for exploring the temporal nature of vegetation dynamics. In this study, the Global Inventory
Modeling and Mapping Studies (GIMMS) Normalized Difference Vegetation Index (NDVI)
was used to reflect vegetation dynamics, and the temporal scaling behavior of the NDVI in
China was determined via detrended fluctuation analysis (DFA). Our main objectives were
to reveal the temporal scaling behavior of NDVI time series and to understand variation
among vegetation types. First, DFA revealed similar exponents, which ranged from 0.6 to
0.9, for all selected pixels, implying that a long-range correlation was generally present in
the NDVI time series at the individual pixel scale. We then extended the analysis to all of
China and found that 99.30% of the pixel exponents ranged from 0.5 to 1. These results
suggest that the NDVI time series displays strong long-range correlation throughout most of
China; however, the exponents exhibited regional variability. To explain these differences,
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we further analyzed the exponents for 12 vegetation types based on a vegetation map of
China. All of the vegetation types exhibited well-defined long-range correlation, with
exponents ranging from 0.7189 to 0.8436. For all vegetation types, the maximum and
average value and standard deviation of the exponents decreased with increasing annual
maximum NDVI values, suggesting that low vegetation density is much more sensitive to
external factors. These findings may be useful for understanding vegetation dynamics as a
complex, temporally varying phenomenon.

Keywords: detrended fluctuation analysis; GIMMS NDVI time series; temporal scaling

behavior; exponent; long-range correlation; power-law; persistence

1. Introduction

Vegetation is the most important component of the terrestrial ecosystem [1], serving as a medium for
energy transfer, the water cycle, and the biogeochemical cycle [2,3]. Due to natural and/or anthropogenic
causes, vegetation is endlessly changing at a variety of spatial and temporal scales [2,4—6]. Changes in
vegetation play crucial roles in regulating the carbon balance, reducing greenhouse gases and
maintaining climate stability across various spatial and temporal scales [5,7]. Therefore, the detection of
vegetation dynamics has been widely recognized as an interesting topic in global change studies [8,9].
Vegetation change can be efficiently quantified using multi-temporal satellite observations because of
the large coverage area and long time series [2,5,10]. In particular, the Normalized Difference Vegetation
Index (NDVI) [11] is an important and widely applied indicator for representing vegetation dynamics on
a broad scale because its temporal evolution is strongly sensitive to growth [3,5,12]. Various NDVI time
series products, which are captured by the National Oceanic and Atmospheric Administration-Advanced
Very High Resolution Radiometer (NOAA-AVHRR), Systeme Probatoire d’Observation de la
Terre-Vegetation (SPOT-VGT) and Moderate Resolution Imaging Spectroradiometer (MODIS), have
been used to study the variability of vegetation activity and changes in vegetation phenology at global,
regional and local scales [5,6,10,13-20]. It is widely recognized that ND VT fluctuations are significantly
related to climate variables [21] such as temperature [22,23], relative humidity [23] and solar
radiation [24]. According to previous empirical studies, these factors are characterized by various
temporal scaling behaviors [25-27], i.e., a long-range correlation behavior exists for these factors over
time and exhibits diverse geographical distributions. However, few studies have formally identified and
quantified the temporal scaling behaviors of the NDVI time series [28,29]. Telesca et al. found that the
NDVI showed long-range correlation in the Mediterranean ecosystem of southern Italy based on the
SPOT-VGT dataset [28] and also investigated differences in the correlations of the NDVI time series
before and after vegetation burning [29]. An accurate measure of scaling behavior is important for
modeling spatiotemporal processes and for formulating the physical mechanisms related to vegetation
dynamics [30]. Therefore, detecting the temporal scaling behavior of the NDVI time series will enable
us to understand and obtain new insight into the long-range correlation that characterizes complex
vegetation dynamics. Additionally, the temporal patterns of the NDVI time series can be compared to
determine whether vegetation dynamics are heterogeneous in different areas.
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In general, power density spectra and rescaled range (R/S) analysis have been used to characterize
the scaling behaviors of complex phenomena [31] affected by non-stationarity [32]. Unfortunately,
NDVI time series are usually non-stationary due to the presence of different frequency components, such
as seasonal variations and long- and short-term fluctuations [18,33]. Meanwhile, the dynamics of
transients can play an important role in the structure of natural processes. These issues can be addressed
by employing a detrended fluctuation analysis (DFA) [34], which is a suitable method for studying the
scaling behavior of non-stationary time series. The DFA can be performed to explore intrinsic
self-similar properties and avoid the spurious detection of apparent long-range correlations that may be
caused by the non-stationary time series [34]. In addition, this method effectively filters out slow trends [35]
and provides a simple exponent that represents the scaling behavior of a particular time series [36].

China encompasses a wide area and contains diverse vegetation types [37]. According to monitoring
results from remote sensing data, the characteristics of dynamics of various vegetation types showed
diverse trends since the 1980s. Forest and desert NDVI data had the smallest and highest coefficients of
variation during 1982 and 1999, respectively [38]. Furthermore, during the same period, the annual net
primary production increased markedly for all vegetation types except deciduous needleleaf forest, with
the most rapid increase corresponding to cultivated vegetation [37]. Zhao et al. analyzed the vegetation
dynamics in northern China based on the SPOT-VGT dataset and found that the NDVI exhibited a
degradation trend in Xilingol Steppe during 1998 and 2007 [39]. The variation of the NDVI for the
alpine vegetation showed no significant trend in the Tibet Plateau [40].

In this study, the temporal scaling behavior of the Global Inventory Modeling and Mapping Studies
(GIMMS) NDVI time series was explored in China using DFA. The main objectives were to: (1) reveal
the dynamic patterns of the NDVI time series by characterizing the spatial pattern of the temporal scaling
behavior and (2) understand the differences in the temporal scaling behaviors of the NDVI time series
among various vegetation types to explain the vegetation-climate relationship for the terrestrial
ecosystems of China.

2. Data and Method
2.1. GIMMS NDVI Dataset and Pre-Processing

The GIMMS NDVI dataset was used as a proxy for vegetation dynamics in this study. The NDVI
dataset was downloaded from the website of the Environmental and Ecological Science Data Center for
West China, National Natural Science Foundation of China [41], and was acquired by the
NOAA-AVHRR series sensors (NOAA 7, 9, 11, 14, 16, 17, and 18) over a 25-year period from July
1981 to December 2006. The dataset has an 8 x 8 km spatial resolution and is composed of approximately
15-day intervals using the maximum value composite (MVC) method [42]. The GIMMS NDVI has been
corrected for sensor calibration, sensor degradation and contamination, view geometry, and volcanic
aerosols issues [43]. As the dataset did not cover the entire year of 1981, we selected January 1982 as
the beginning time point of the analysis. Therefore, 600 images were utilized in this study. Trends in the
GIMMS NDVI dataset compared favorably with trends derived from Landsat [44] and MODIS
NDVI [45]; moreover, it covers a longer period than other available NDVI datasets. The dataset has been
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widely applied to monitor long-term and large-scale trends in vegetation dynamics in various regions of
the world [3,6,8,13,20,21].

To detect the exact temporal scaling behavior of the NDVI time series, we focused on the departure
of the NDVI from the mean 15-day composition. The seasonal cycle was removed from the original
NDVI; time series before applying the method. The process works as follows:

x; = NDVI; — NDV], (1)

where x; is the deseasonalized time series, i ranges from 1 to 600, WVI] is the average value for each
15-day composition in all years in the record, and j ranges from 1 to 24. Figure 1 shows an example of
the original NDVI; and the deseasonalized time series x; of one arbitrary pixel for the study period. The
deseasonalized time series exhibits irregular behavior that is primarily related to the inter-annual changes
exhibited by climate variables, such as temperature and precipitation.
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Figure 1. Characteristic fluctuation of the original and deseasonalized GIMMS NDVI time
series for one arbitrary pixel from 1982 to 2006.

To better understand the DFA method and temporal scaling behavior, we randomly selected 10 pixels
distributed across China (Figure 2). The selected pixels were used to test the effectiveness of DFA at the
individual pixel scale in China based on the GIMMS NDVI time series.

Additionally, to confirm whether the temporal scaling behavior of the raw time series is indicative of
long-range correlations or a broad probability density function [46,47], we processed a shuftled
deseasonalized time series using a phase randomized method [48] for all of the selected pixels. All of
the shuffled series were randomly rearranged 107 times to ensure that the time series were completely
random. These shuffled series were not affected by any probability distribution functions. Moreover, the
temporal ordering of the raw time series was broken.
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2.2. Vegetation Map of China

The Vegetation Map of China [49], which had a scale of 1:1,000,000, was employed to identify
vegetation types in this study. This map was obtained from the Environment and Ecological Science
Data Center for West China, National Natural Science Foundation of China [41]. It is shown in
Figure 2 and contains numerous polygons that are categorized into 12 types: needleleaf forest, needleleaf
and broadleaf mixed forest, broadleaf forest, scrub, grassland, steppe, meadow, marsh, alpine vegetation,
desert, cultivated vegetation, and no vegetation. The “no vegetation” type describes regions without any
vegetation covering the land surface. This type represents an important biome group in China, and it was
regarded as equal to the other vegetation types in the study. The map was used to analyze differences in
the temporal scaling behavior of the NDVI time series among various vegetation types.
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Figure 2. The vegetation map of China and the locations of selected pixels. The vegetation
types of selected pixels are following: A-Scrub, B-Cultivated vegetation, C-Desert,
D-Needleleaf forest, E-Cultivated vegetation, F-Alpine vegetation, G-Alpine vegetation,
H-Cultivated vegetation, I-Cultivated vegetation, J-Needleleaf forest.

2.3. Detrended Fluctuation Analysis (DFA)

DFA stems from random walk theory and has been effectively used to explore the scaling behavior
of natural process time series in diverse fields, such as weather records [25,35], tree-ring width [50],
intervention time series of forest fires [31,46], groundwater systems [51], and features of
atmosphere [52,53]. DFA provides a simple quantitative parameter to represent the properties of the
scaling behavior of complex systems [54].
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Consider a deseasonalized time series x;, where i = 1, 2, 3, ..., N. N is the length of the series, which
is 600 in this study. We first calculate the average of the deseasonalized series x; as follows:

N

_ 1

R @
i=1

where X is the average value of the series xi. We then integrate the series x::
k
y(k) = ) (5= ) )
i=1

The bounded series x; is thus converted to an unbounded series y(k), which is the profile of the
deseasonalized time series, where £ is the order of the time series.

Next, the integrated series y(k) is divided into non-overlapping windows of equal length /, where there
are a total of N// windows for a particular /.

To represent the local trend in each window, the least squares fitting method is used to fit the linear
trend yi(k), which is the local trend of each window for a particular length /. The integrated series is
detrended by subtracting the local linear trend curve yi(k) in each window. Figure 3 illustrates the local
trend of the deseasonalized series for a single pixel in the study area fitted using the linear least squares
method with a window length of 50 (blue line) and 100 (red line). In Figure 3, the fluctuation takes a
parabola-like shape, which means that the deseasonalized series of anomalies at various times are
cumulated. The local trend changes as a function of the window length, suggesting that the local trend
of each window depends on the window length.
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Figure 3. Application of local linear fitting to the integrated series divided into window
lengths of 50 and 100 at a single pixel.

The root-mean-square fluctuation F(/) of this integrated series is calculated after the detrending
procedure using the following equation:
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Generally, the window length / ranges from 4 to N/4. Therefore, we repeated the calculations outlined
in Equation (4) for different window lengths /, i.e., 4 to 150. We can obtain the variances F(/) as a
function of window length /.

We focus on the relationship between F(/) and the window length / for different window length. If
the series is characterized by long-range correlation, then F(/)~/ has a linear relationship in
log-log plots:

log[F (D] = alog(l) )

where a is an exponent obtained by measuring the slope of the line that relates log[F (/)] to log(/). The
numerical value of o implies that the characteristics of scaling behavior and self-similar process for
fluctuations of a series. Different exponents represent different types of scaling behavior in the original
series. When a is less than 0.5, the time series exhibits short-range correlation or anti-correlation
behavior [25,29,31,46] suggesting that the fluctuation of the series at different times are oppositely
correlated and the opposite correlation is the strongest when a closes to 0; when a is around 0.5, the
series corresponds to white noise (there is no correlation in the series), i.e., it is a random series; if a
long-range correlation exists in the series, o is between 0.5 and 1 [29,31,34,36,46], and the series exhibits
power-law behavior meaning that the fluctuation of the series at different times are positively correlated
and the positive correlation is the strongest when a closes to 1; when a is equal to 1, the series exhibits
characteristics of 1/f noise [31,46], thereby indicating that the series shows a self-organized
criticality [55]; and when a is bigger than 1, long-range correlation exists in the series, although it does
not obey a power-law relationship [31].

3. Results
3.1. Temporal Scaling Behavior of the NDVI Time Series at the Pixel Scale

To understand the detailed characteristics of the root-mean-square series, we first performed DFA to
determine the temporal scaling behavior of the NDVI time series for all of the selected pixels in China.
In Figure 4, a coincident linear feature can be identified in all of the log-log plots. This feature indicates
that temporal scaling behaviors exist in the NDVI time series for the selected pixels, suggesting that the
NDVI values are correlated at different times. Figure 4 shows that the exponent o ranges from 0.6690 to
0.9126 for all of the log-log plots and that all of the coefficients of determination r exceed 0.99, which
is a high value and indicative of statistical significance. The corresponding correlation function suggests
long-range correlation exists in the NDVI time series for all of the selected pixels. As a consequence,
the temporal scaling behavior can be interpreted as the internal self-similarity of the NDVI time series
or as the “memory” within the series at these pixels.
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Figure 4. The root-mean-square series and DFA results of fitting for the NDVI time series
(red) and shuffied series (blue) at the individual pixel scale.

To confirm whether the temporal scaling behavior of the raw NDVI time series is indicative of
long-range correlations or a broad probability density function, DFA was applied to the shuffled NDVI
series based on all of the selected pixels. As expected, the exponents of the shuffled series are
approximately 0.5 for all of the selected pixels (see Figure 4). According to the computed exponents, all
of the shuffled series exhibit approximately random characteristics. Although the raw time series (x:)
and the shuffled series have the same population distributions, the different temporal ordering of the two
series leads to different scaling behavior. This finding confirms that the temporal scaling behavior of the
NDVI time series results from long-range correlation.

3.2. Spatial Patterns of the Temporal Scaling Behavior of the NDVI Time Series

Because the temporal scaling behavior was found to vary at the pixel scale, we were interested in the
regional scale characteristics of the NDVI time series. Therefore, DFA was applied to the entire country
of China. Figure 5 shows the results. The exponents of the NDVI time series range from 0.4843 to 1.2215
for all of China. The spatially averaged exponent is 0.7786 with a standard deviation of 0.0819.
Figure 5 reveals well-defined variability in the spatial patterns of the exponent during the period studied.
These spatial patterns demonstrate that the temporal scaling behavior of the NDVI time series exists over
broad scales in China.

As shown in Figure 5, the exponent exhibits complex and fragmented patterns. Values below 0.8 are
most frequently observed south of the geographical border of the Qinling Mountains-Huaihe River
(0.7283), the southern Qinghai-Tibet Plateau (0.7506), most of northeastern China and the central Tarim
Basin (0.7649). In contrast, the remaining regions in China, i.e., most parts of northwestern China, the
central Songliao Plain (0.8234) and the North China Plain (0.8135), have exponents exceeding 0.8,
which is above the spatial average. The highest exponents, i.e., a > 1, are primarily distributed over the
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middle of the Hexi Corridor, the Hetao Region, and the central Inner Mongolian Plateau. Based on the
above analysis, there is no universal exponent at the regional scale. The temporal scaling behavior of the
NDVI time series exhibits well-defined heterogeneity that corresponds to individual geographical
regions. For a better understanding of the spatial pattern of temporal scaling behavior, we produced a
box-plot of exponents based on latitude (Figure 6). Figure 6 shows that entire pixels of NDVI time series
show power-law long-range correlations in the < 25° latitude zone. The range of standard deviation of
exponents o is extended from the <25° to 40°~45° latitude zone. The exponent o values of higher latitude
zones display more diverse characteristics, especially within the 40°~45° latitude zone.

We analyzed all of the pixels in China over the range of the exponent a values which are as shown in
Figure 7. DFA was performed to process 148,183 pixels in the study. The exponent values were found
to range from 0.5 to 1, which is indicative of power-law behavior and is representative of 99.30% of the
pixels. Therefore, long-range correlation behavior in the NDVI time series is common throughout China.
Additionally, only two pixels have exponent values of below 0.5; these pixels are located in the extreme
north of Xinjiang Uygur Autonomous Region and covered by meadow. The two pixels exhibit
short-range correlation, whereas several other pixels exhibit 1/f noise or non-power-law long-range
correlation (1 to 1.22).
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Figure 5. Spatial patterns of the exponent a for the GIMMS NDVI time series calculated via
DFA for all of China.
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Figure 7. Histogram of the values of the DFA exponent a for China.
3.3. Characteristics of the Temporal Scaling Behavior for Different Vegetation Types

The NDVI can be used to indicate the activity of vegetation because it exhibits a nearly linear
relationship with the fraction of photosynthetically active radiation absorbed by the vegetation canopy
and net primary production [56]. We inferred that the temporal scaling behavior of the NDVI time series
may be affected by the vegetation type. To confirm this hypothesis, the exponent o values were
determined for various vegetation types. The minimum, maximum, and average value, and the standard
deviation of exponent a were calculated based on the vegetation map of China. As shown in Table 1, the
minimum and maximum exponents are found for meadow and desert, respectively. The average
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exponent values for all of the vegetation types range from 0.7189 to 0.8436. All of the vegetation types
exhibit long-range correlation behavior. The steppe, desert, no vegetation, alpine vegetation, and
meadow exponents exceed the spatial average for China (0.7786); the other vegetation types are below
the average. Steppe and needleleaf and broadleaf mixed forest exhibit the highest and lowest average

exponents for the NDVI time series, respectively.

Table 1. The DFA results of the minimum, maximum, and average exponent a values for all
vegetation types.

No. Vegetation Type Minimum Maximum Average = SD
1 Steppe 0.5541 1.1643 0.8436 +0.0779
2 Desert 0.5143 1.2216 0.8321 £0.0790
3 No Vegetation 0.5224 1.1569 0.7918 £ 0.0745
4 Alpine Vegetation 0.5461 1.0924 0.7897 £ 0.0748
5 Meadow 0.4843 1.1722 0.7805 £ 0.0772
6 Cultivated Vegetation 0.5187 1.1269 0.7651 £0.0728
7 Marsh 0.5654 0.9730 0.7436 + 0.0557
8 Needleleaf Forest 0.5143 0.9635 0.7377 £ 0.0583
9 Grassland 0.5208 1.0173 0.7357 £ 0.0549
10 Scrub 0.5065 1.1263 0.7338 £0.0616
11 Broadleaf Forest 0.5253 1.0795 0.7302 £ 0.0577
12 Needleleaf and Broadleaf Mixed Forest 0.5482 0.8891 0.7189 + 0.0502

Exponent a

v T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

Annual maximun NDVI
Figure 8. Scatter plot of exponent a and annual maximum NDVI for all of China.

To further analyze the temporal scaling behaviors for all of China, the annual maximum NDVI was
calculated based on the MVC method for the period 1982 to 2006. Figure 8 shows a scatter plot of the
exponent o and annual maximum NDVI for all of the pixels in China. As shown in the figure, there is a
non-significant trend between annual maximum NDVI and exponent a.

Additionally, the relationships between annual maximum NDVI and the temporal scaling behavior
were explored for each vegetation type. The annual maximum NDVI value approximately indicates the
green leaf density of the land surface. Figure 9 shows the correlations between the average annual
maximum NDVI and the minimum, maximum, and average value, and the standard deviation of the
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computed exponents for each vegetation type. As indicated in Figure 9, the maximum and average value
and standard deviation, but not the minimum value, of the exponent a decrease as the annual maximum
NDVI values increase. The correlation coefficients between the maximum and average value, and
standard deviation of the exponents and the annual maximum NDVI are —0.7650, —0.8825, and —0.8968,
respectively; these correlations are highly significant (p < 0.05).
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Figure 9. Relationships between the minimum, maximum, average value and standard
deviation of the exponent o and the annual maximum NDVI for each vegetation type.

4. Discussion

In the present study, we applied DFA to investigate the temporal scaling behavior of the NDVI time
series. Most pixels, which exhibited exponents from 0.5 to 1, revealed long-range temporal correlation.
This finding indicates that the temporal scaling behavior of the NDVI time series exhibits a ubiquitous
power-law distribution over most of China. The characteristics do not obey the classical Markov random
process (exponential decrease with time), but instead decay slowly as a function of time. Power-law
relationships are simple rules that provide the dynamical foundation of the NDVI time series.
Meanwhile, the NDVI time series showed a persistent feature that indicates that a positive fluctuation at
a particular instant in time is more likely to be followed by a positive fluctuation at the next moment in
time. Telesca ef al. noted that persistence implied that positive temporal feedback mechanisms drive the
dynamics of the NDVI time series [28]. Positive feedback mechanisms tend to destabilize the system
under external forces for most of China; these include phenomena such as climate change, fire, and
human-caused disturbance. The exponents of two pixels are lower than 0.5, which is regarded as
anti-correlation. Thus, the dynamic trends of the NDVI time series in the future will be in direct
opposition to those of the present. The 1/f noise, corresponding to exponent values of approximately 1,
is considered to be indicative of a self-organizing critical status. This status means that the vegetation is
vulnerable; even small changes can produce large variability. Additionally, there are a fraction of pixels
of the NDVI time series that show long-range correlation as well as a non-power-law distribution.
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From the range of exponents, i.e., 0.5~1, we found that the NDVI time series were consistent with
other natural series based on DFA. For example, the exponents of daily mean temperature and relative
humidity series are between 0.52 and 0.82 and between 0.60 and 0.95, respectively, for China [25,27],
and the exponents for fire sequences range from 0.52 to 0.98 [31]. From the spatial patterns, the temporal
scaling behavior of the NDVI time series was found to exhibit common interesting spatial distributions;
namely, the exponent a values are higher in most of northern China than in southern China (Figure 5).
This feature agrees with the long-range correlation observed in weather and climatology, which are
closely related to the dynamics of the NDVI time series. Yuan et al. found that the DFA exponents for
temperature decrease with decreasing latitude in China [27]. Moreover, the DFA exponents for relative
humidity are higher in northern China than in southern China [25]. Comparing these results and
Figure 5, climatology and the NDVI time series have similar geographical patterns. The fundamental
mechanisms governing vegetation and climatology may be similar. In addition, a crossover point has
been identified for the temperature, fire, and groundwater time series [11,13,22]. We are not clear as to
whether such a crossover point exists in the NDVI time series because the bi-weekly NDVI dataset of /,
where F(/) can be calculated, is between two months and five years in length in this study. A longer
NDVI time series dataset may be required to understand the behavior at longer time scales.

Among the 12 different vegetation types analyzed in this study, strong negative relationships were
identified between three types of exponent a values and the annual maximum NDVI (Figure 9). A similar
finding has been reported in Mediterranean ecosystems, where the exponents of shrub-land, transitional
cover, and forest cover were found to be 1.03, 0.87, and 0.73, respectively [28]. In general, the annual
maximum NDVI increases from shrub to forest at the appropriate scales. This characteristic may reflect
the fact that these types that showing higher exponent values tend to be more sensitive to external
factors [28]. It is well known that climatic variables (e.g., temperature and precipitation) play important
roles in NDVI trends [21]. According to the vegetation map of China, the vegetation types with low
NDVI, such as steppe, desert, and alpine vegetation, are mainly distributed in northwestern China where
there are arid areas. These vegetation types showed significant positive correlations between NDVI and
precipitation [57], which suggests that variation in precipitation is the main external factor influencing
NDVI dynamics. All of the forest types showed weaker correlations between the NDVI and temperature
and precipitation than the other types [57], indicating that forests are not sensitive to climatic variables.
However, there was an exception. Typically, the persistence of forest types, i.e., broadleaf forest and
needleleaf and broadleaf mixed forest, is weaker than persistence of other types. The average exponent
a of needleleaf forest is higher than those of grassland and scrub (see Table 1). Telesca and Lasaponara
investigated pre- and post-forest fire temporal scaling behavior based on the SPOT-VGT dataset in
Mediterranean ecosystems [29]. Their analysis showed that the post-fire exponent (o = 1.46 = 0.03) was
larger than the pre-fire exponent (o = 1.04 + 0.06), indicating that fires contribute to increased persistence
in temporal vegetation dynamics. Liu et al. reported that needleleaf forest was frequently disturbed by
lightning and human-caused fire in the northern Greater Khingan Mountains [58], which was dominated
by coniferous species. Therefore, fire is an important factor that causes a relatively strong persistence in
needleleaf forest in China. These results indicate that there are different mechanisms driving the various
vegetation types. The high exponent values of NDVI time series are caused by more unstable factors.

Few studies have quantified the temporal scaling behavior for vegetation dynamics. Previous studies
have been primarily based on spatial power-law relationships. Taylor et al. reported that power-law
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scaling exponents between the variance of populations and their mean abundances are between 1 and 2,
which may explain an underlying fundamental concept in general ecological processes [59]. In another
study, it was estimated that the scaling exponents of tree canopies and cluster size distributions range
from 0.89 to 2.86 based on IKONOS images for six Kalahari vegetation sites [60]. Here, the calculated
exponents based on DFA are between 0.4843 and 1.2215. Because a = (1 + B)/2 [34], where B is the
scaling exponent, the temporal scaling exponents of the NDVI time series are between —0.0314 and
1.4430. Compared with previous studies that focused on the spatial scaling behavior, the temporal
scaling exponents presented herein are markedly lower than general spatial scaling exponents,
suggesting substantial differences in scaling behavior between temporal and spatial ecological processes.

For 1982~2003, the results of Hurst () exponent-based R/S analysis were consistent with the
GIMMS NDVI dynamics trends in most of the Qinghai-Tibet Plateau basin [3]. However, the spatial
pattern of the H exponent was inconsistent with a in the present study for the same area. R/S and DFA
analyses have been used as estimators of long-range correlations. Weron noted that DFA analysis
outperforms R/S analysis for Gaussian white noise [61] because DFA analysis avoids the spurious
correlation of non-stationary series. Moreover, differences in the time period of the NDVI dataset under
study could affect the results.

5. Conclusions

DFA was performed to quantify the temporal scaling behavior of the bi-weekly GIMMS NDVI time
series for a 25-year period at individual pixel and regional scales. We also discussed variation among
vegetation types based on the vegetation map of China. DFA provided a good understanding of the
temporal scaling behavior of the NDVI time series in China. We found that the NDVI time series showed
a long-range correlation in most of China as suggested by the values of the exponents, which were
between 0.5 and 1. However, the DFA exponent was not universal and depended on the geographic
location. All of the vegetation types exhibited similar persistent power-law correlations with exponents
ranging from 0.7189 to 0.8436. Steppe and broadleaf mixed forest had the strongest and weakest
persistence, respectively. Furthermore, there was a general tendency for persistence to increase with
decreasing annual maximum NDVI values for different vegetation types, although there were a
few exceptions.

The power-law behavior in the temporal evolution of the NDVI time series might reflect short- and
long-term vegetation characteristics. Our results suggest that there is a positive temporal feedback in the
NDVI time series in China. A positive circularity leads to a growth-generating phenomenon.
Furthermore, the vegetation in China departs equilibrium and continuously evolves to self-organizing
critical status under this positive temporal feedback.

The results of this study should be relevant to future vegetation and climatic models. However, a more
comprehensive understanding of the temporal scaling behavior must be attained in future studies. This
study was limited by the availability of NDVI time series data. Finer temporal resolutions and longer
temporal spans may lead to a deeper understanding of the processes underlying the temporal scaling
behavior of vegetation in the future.
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