
Earth Observation and Geomatics Engineering 6(1) (2022) 25-41 

25 
 

ABSTRACT 

In this research, the Spatio-temporal variability of vegetation growth was evaluated using Moderate 

Resolution Imaging Spectroradiometer (MODIS) Level 3 Enhanced Vegetation Index (EVI) at 1km 

resolution data products during 2003-2018 over Iran. The total variability, the amplitude of the annual 

phenological cycle, seasonal cycle peak, inter-annual variation, minimum level of variations, the timing 

of maximum vegetation, coefficient of variations, Sen's slope, Mann-Kendall and Hurst exponent indices 

were calculated as independent variables for all pixels. The results indicated that the variations of inter-

annual cycles show a relatively stable trend, and relatively flat trend curves were observed for all types of 

vegetation in Iran. The seasonal phenological cycles were the most sources of intra-annual variations, and 

the maximum and minimum values were observed in mid-summer and early winter, respectively. The EVI 

peaks were observed in spring and summer and spatially have been distributed in 30.2% and 20.6% of the 

total areas. More than 44% of the total area showed stable vegetation coverages, and 1.7% of the total area 

showed a large amplitude of vegetation variations. About 89% of vegetated areas (37.7% of the total area) 

in the north, west, and southwest regions show improved sustainable variations with positive changes. The 

results show that about 5.5% of the vegetation coverage in the northeast and southwest decreased. The 

presented analytical indices in this research are a cost-effective method for managing and predicting future 

environmental trends in developing regions at risk of desertification. 
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1. Introduction 

    Iran has experienced frequent droughts and land 

degradation during the last three decades due to climate 

change and human activities (Emadodin et al., 2012; Madani 

et al., 2016). Several studies attempted to assess and monitor 

the effect of droughts and land degradation on vegetation 
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coverage in some regional parts of Iran (Abdi et al., 2018; 

Ahmadi & Nusrath, 2010; Amiri et al., 2009; Golian et al., 

2015; Kazemzadeh & Malekian, 2016; Sagheb-Talebi et al., 

2014; Zoljoodi & Didevarasl, 2013). However, land 

degradation and land cover change in large areas are serious 

challenges in Iran (Emadodin et al., 2012; Rahimi et al., 

2013). Knowledge about land degradation and land cover 
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changes is needed for sustainable land use management. 

    Studies on vegetation coverage are a key point for 

understanding regional ecosystems. In addition, Decreasing 

the vegetation index is a pre-sign of land degradation and 

desertification (Higginbottom & Symeonakis, 2014; Wessels 

et al., 2012, 2008). The lack of data and robust methods noted 

by several Iranian investigations means that comprehensive 

nationwide studies that consider vegetation trends in Iran are 

scant. As a research example, Eskandari et al. (2021) 

investigated desertification trends in Iran for the period 2001 

to 2015 via a combination of normalized difference 

vegetation index (NDVI), net primary production (NPP), and 

leaf area index (LAI) as vegetation indices and precipitation 

and land surface temperature (LST) as climate indices. They 

combined these indices to analyze and map areas that are 

susceptible to land degradation. 

    To understand the variations of vegetation growth, it is 

required to know the inter-annual and seasonal variations 

(Detsch, Otte, Appelhans, Hemp, et al., 2016; Jiang et al., 

2015). Vegetation Indexes (VI) extracted from Moderate 

Resolution Imaging Spectrometer (MODIS), such as NDVI 

(Beck et al., 2006; Cihlar et al., 1991; Fu et al., 2014; Jiang 

et al., 2015), Enhanced Vegetation Index (EVI) (Moreira et 

al., 2019; Pan et al., 2012; Sims et al., 2006; X. Zhang et al., 

2003), and NPP (Y. Zhang et al., 2009; Zhao et al., 2005) 

have been used widely for vegetation phenology studies. 

NDVI is the most utilized vegetation index to monitor 

vegetation dynamics processes (Fensholt & Proud, 2012; 

Martínez & Gilabert, 2009; Song, F.Q. et al., 2011). EVI also 

has been used to study vegetation phenology and its 

Spatiotemporal dynamics. EVI is more sensitive to the LAI 

and architecture of the canopy in comparison with NDVI 

(Huete et al., 2002; Rocha & Shaver, 2009; Van Leeuwen et 

al., 2013). It is an efficient index for studying vegetation 

phenology in different scales of time and space (Cao et al., 

2015; Tan et al., 2011). In particular, Zhang et al. (2017) 

reanalyzed the MODIS-C5 and MODIS-C6 VI datasets and 

found that due to sensor degradation in MODIS-C5, it is 

recommended to use MODIS-C6 datasets for vegetation 

studies. Also, it has been denoted that there is a strong 

association between climate and vegetation in arid regions 

based on MODIS Terra-C6 EVI datasets (Detsch, Otte, 

Appelhans, & Nauss, 2016; Y. Zhang et al., 2017). 

Therefore, EVI datasets from MODIS Terra-C6 can reflect 

the Spatiotemporal characteristics of land surface vegetation, 

and also could be used as an efficient factor for monitoring 

vegetation variations.  

    VI signals are characterized by inter-annual and intra-

annual variations, and usually indicate non-stationary 

processes (Bradley et al., 2007; Martínez & Gilabert, 2009). 

Spectral frequency techniques that work in the time domain 

are required to extract information from this type of time-

series dataset.  Wavelet Transform (WT) is a well-developed 

methodology for stationary and non-stationary time-series 

data analysis. The non-stationary signals are distributed 

irregularly, and  WT enables us to decompose them to 

different scales of frequency and time (Percival et al., 2004). 

WT approach has been applied to VI time series analysis for 

vegetation dynamics, change detection, and phenology 

studies (Bruce et al., 2006; Carl et al., 2013; Martínez & 

Gilabert, 2009; Moreira et al., 2019; Percival et al., 2004; 

Piao et al., 2012). All of these studies demonstrate the 

potential of WT analysis for vegetation dynamics and 

variations studies. 

    Inter-annual variations of the VI series usually show 

non-linear trends (Peng et al., 2012; Shuang-cheng et al., 

2008). Linear regression analysis often has been used for 

trend analysis in vegetation studies because of its simplicity 

(Fensholt et al., 2009). Further, the regression slope and 

correlation coefficient do not affect linear regression. 

Instead, it is assessed or judged by it.  For the use of linear 

regression, the data distribution should follow the normal 

distribution, which may not be the case always. In such a 

situation, non-parametric trends such as Sen's Slope and 

Mann-Kendall test give rise to better results. Non-parametric 

trends can also accommodate data gaps, short time series, 

and outliers. Therefore, The Sen's Slope and Mann-Kendall 

test could be more efficient for VI inter-annual trend analysis 

(Jiang et al., 2015; Martínez & Gilabert, 2009; Peng et al., 

2012). In addition, the consistency of the VI inter-annual 

series in nature is an important factor that determines the 

stability of the variations trend. The Hurst exponent has been 

used to quantify the sustainability of time series data and has 

been used in many studies for vegetation trend analysis and 

prediction (Hou et al., 2012; Jiang et al., 2015; Peng et al., 

2012). Although the Hurst exponent is an efficient index to 

determine the duration of trends, it could not predict the 

duration of the sustainability of the predicted trends. 

    In this study, the vegetation dynamics and trends of 

variations were analyzed using MODIS Terra EVI during 

2003-2018 in Iran. The wavelet transform technique was 

used to extract intra-annual and inter-annual series 

characteristics, Sen's Slope test to assess the magnitude of 

the trend and Man-Kendall test to assess the presence of any 

trend, and the Hurst exponent was implemented for trend 

analysis and detection of persistence of variations. To 

achieve this, some samples were selected from different 

vegetation classes, and analyses were applied to them to find 

the best key features which represent the VI variability and 

trends. Finally, the approved methodologies and key features 

were implemented on all pixels of the whole image. This 

study aimed to investigate the temporal and spatial 

variations, fluctuations, temporal trends, and sustainability 

of the vegetation coverage changes in Iran, where there is a 

lack of data about vegetation distribution and variation at the 

country level. 
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2. Study Area 

Iran is one of the largest countries in the middle-east with 

an arid to semi-arid climate in general (Modarres & da Silva, 

2007). It borders the Caspian Sea in the north and the Persian 

Gulf and Oman Sea in the south. Iran is a country on the 

central plateau with mountains in the north, north-west, west, 

and south-west. Its area is about 1.6 million square 

kilometers. Elevation ranges from -28 m along the Caspian 

Sea in the north, up to more than 5700m at Damavand 

mountain in central-north. Because of topography, 

geographical location, and distance from the sea, the climate 

regime shows a gradient from warm and dry in the southeast, 

humid and warm in the north, to cold and humid in the 

northwest. Central and eastern parts of Iran are dominated by 

a desert plateau called Dasht-e-Kavir which is one of the 

hottest places on earth. In the south, winters are moderate and 

summers are very hot, with an average daily temperature in 

July ~38°C. Whereas, in the northwest part, winters are cold 

with heavy snowfall and subfreezing temperatures during 

December and January. Annual precipitation varies from less 

than 100 mm in most of the country, and up to 1000 mm 

along the Caspian Sea (Madani et al., 2016) . 

    Based on topography and climate features in Iran, four 

ecological zones (Iran-o-Touranian zones, Zagros, Khalij-o-

Omani, and Hyrcanian) with specific plant richness from the 

highest area to the lowest area were established respectively. 

The lowest plant diversity is in the Khalij-o-Omanian zone 

in the southern part of Iran, which is a flat area. In contrast, 

the Hyrcanian zone is rich in biodiversity with 8000 plant 

species representative of many different life forms (Herb, 

Grass, Shrub, and tree) in the northern part of Iran (Eftekhari, 

T., Ramezani, M., 2004). Climatological and hydrological 

aspects of Iran control the spatial differentiation of 

vegetation types. The most extensive growth area and forest 

are located in the north along the Caspian Sea in a completely 

different climate close to subtropical conditions. About 7% 

of Iran is forested, and 58% of the total area is barren lands. 

The dominant vegetation covering Iran are low-growing 

plants such as grass, shrub, and trees. The distribution and 

richness of vegetation covers are controlled by climate and 

topography, which play important role in the biodiversity of 

this country (Heshmati, 2012). Fig. 1 shows the land cover 

map of Iran from "MODIS Terra and Aqua Combined Land 

Cover". 

 
Figure 1. Land cover map of Iran. Data from NASA LPDAAC, MODIS yearly L3 global 500 m grid (MCD12Q1). Map 

classified based on International 

Geosphere-Biosphere Program (IGBP) classification 

schema. FN: Needleleaf Forest, FB: Broadleaf Forest, FM: 

Mixed Forest, SL: Closed Shrub, WS: Woody Savana, SA: 

Savanna, GL: Glass Land, CL: Crop Land. The lower-right 

graph shows the area of vegetation classes. 

3. Data and Methods 

3.1. Datasets 

    In this study, the MOD13A1 (Didan, K., 2015) V006 

16-days VI composite at 1 km resolution from MODIS-Terra 

Level-3 was used. The MODIS datasets were downloaded 

from NASA Land Processes Distributed Active Archive 

Center (LPDAAC, http://lpdaac.usgs.gov/) for the period 

2003 - 2018. Each of the MODIS datasets contains NDVI, 

EVI, and VI quality details, composite day of the year, and 

pixel reliability. Data were prepared in three steps before 

analysis. a) The snow/Ice, and high aerosol marked pixels 

were filtered using VI quality assessment layer flags. b) 

Cloud removal using 'pixel reliability summary' data layer, 

for all pixels ranked 'cloudy'. Some cloudy pixels are present 

in MODIS-L3 products, which are present mainly at the edge 

of bigger cloud patches. These suspicious pixels were 

identified using the method introduced by Hyndman et al. 

(2018) and were masked if falling inside a 3×3 focal matrix 

applied to each of the rejected pixels (Detsch, Otte, 

Appelhans, Hemp, et al., 2016). c) EVI temporal signals were 

smoothed and gaps refilled utilizing interpolation algorithms 

(Eerens et al., 2014; Swets et al., 1999). Pixels with more 

than 50% gaps in total time-series length were discarded. 

Next, the gaps in the Chl-a signals were filled using the 

DCT-PLS method (Garcia, 2010). This method utilizes 

http://lpdaac.usgs.gov/
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information from both time and space, uses a least square 

regression, and performs cosine transform for the smoothing 

of data in one and higher dimensions. It produces 

uninterrupted Spatio-temporal distributions, and it is not 

sensitive to outliers. It has been successfully used for filling 

the gaps in satellite-derived vegetation indices datasets 

(Bashmachnikov et al., 2013; Wang et al., 2012). 

Furthermore, EVI signals were smoothed in the time domain 

using the Savitzky-Golay filter with the 2nd order 7-point. 

This method preserves the area under the graph and 

effectively reduces high-frequency noises (Ziegel et al., 

1987). 

    Land cover data were obtained from NASA LPDAAC, 

MODIS yearly L3 global 500 m grid (MCD12Q1). In this 

study, the International Geosphere-Biosphere Program 

(IGBP) classification schema of MODIS land cover has been 

used. The IGBP scheme identifies 17 land cover classes, 

which include 11 natural vegetation, and 6 non-vegetated 

classes. This product also provides quality control 

information and QC flags for all pixels (Friedl et al., 2010). 

3.2. Methods 

    The Spatiotemporal variations of vegetation growth 

were evaluated using MODIS EVI at 1km resolution data 

products. The EVI is defined as (Moreira et al., 2019):  

EVI=G
NIR-Red

NIR+C1*Red-C2*Blue+L
                (1) 

where C1 and C2 are the aerosol resistance coefficients, and 

G is a gain factor. L is the canopy background adjustment for 

correcting the nonlinear, and Blue, Red, and NIR are 

atmospheric-corrected surface reflectances. In the MODIS 

EVI algorithm, the coefficients adopted are C1=6, C2=7.5, 

G=2.5, and L=1.  

The trends of vegetation growth were calculated using 

wavelet transform coefficients and statistical approaches. 

The proposed methodology is shown in Fig. 2, and details 

were explained in the following sections.  

 
Figure 2. Flowchart of the research 

 

 

3.2.1. Wavelet analysis 

    The main idea of wavelet analysis is the decomposition 

of the original signal into varying wavelet functions, called 

“mother-wavelet”. This method decomposes a signal at 

different spatial or time scales into a hierarchical structure of 

details and approximations at limited levels. The original 

signal is decomposed into detail coefficients and 

approximation coefficients. (Percival & Walden, 2006). The 

approximation coefficients represent the low-frequency 

components of a signal, whereas the detail coefficients 

represent the high-frequency components. A basic 

characteristic of the wavelet analysis is a new parameter 

called “scale” which displays the frequency. According to 

that, the “time-scale representation” is introduced in wavelet 

analysis. The “scale” is the main parameter of wavelet 

analysis for non-stationary signals. High values of scaling are 

proportional to small values of frequency and vice-versa. In 

wavelet theory, instead of the parameter of time is used the 

parameter of “shift” is used. 

    In this study, the Discrete Wavelet Transform (DWT) 

analysis technique was used to evaluate the Spatiotemporal 

stability and anomaly of the EVI time series. DWT 

components are performed using dilated and shifted versions 

of the mother wavelet to produce a set of wavelet basis 

functions. Several mother wavelets are available for WT 

signal decompositions (e.g. Daubechies wavelet, 'db5', and 

Meyer orthogonal, 'dmey') application in environmental 

studies. In this study, the Meyer WT was used as a mother 

wavelet, because it has demonstrated successful results in 

land-cover changes analysis from MODIS time-series data 

(Echer, 2004; Freitas & Shimabukuro, 2008; Martínez & 

Gilabert, 2009). The Meyer wavelet as a type of continuous 
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wavelet is an orthogonal wavelet proposed by Yves Meyer. 

    Detection of inter-annual and intra-annual components 

of temporal data depends on the corresponding period in 

DWT analysis. The appropriate period is calculated based on 

the scale and frequency of original signals (Meyer, 1993):  

p=aj∆t/υc (2) 

where:  aj is the scale, t is the sampling cycle (t=16 days), 

and c is the central frequency of the wavelet. 

Table 1 shows the corresponding temporal scales for the 

Meyer wavelet with a sampling cycle of 16 days and c = 

0.67213. The DWT components show the differences 

between temporally adjacent averages over the time range at 

different scales (Martínez & Gilabert, 2009).  

 

 

Table 1. Period (p) and semi-period (p/2) of different decomposition levels (1 to 5) of DWT using the Meyer mother wavelet, 

and a sampling cycle of 16 days, c = 0.67213. 

Level 

(j) 

Scale 

(aj) 

Period 

(days) 

Semi-Period 

(days) 

Change Detection 

(days) 
Description 

1 2 48 24 d1 (1-24) sub-monthly 

2 4 95 48 d2 (25-48) monthly 

3 8 190 95 d3 (49-95) seasonal 

4 16 381 191 d4 (96-191) inter-seasonal 

5 32 762 381 d5 (192-381) inter-annual 

 

    Thus, inter-annual and intra-annual components can be 

interpreted as semi-period (half-period time p/2) time scales, 

which represent the differences between years and months, 

respectively. The approximation component for level 5, (j=5,  

a5), allows detection of the changes over time scales of 381 

days and longer, which provide information about the inter-

annual variability or annual changes. In contrast, detail 

components (d1 to d5) with semi-period 24 to 381 days, are 

appropriate to analyze the intra-annual variability or monthly 

changes. Therefore, detail components (d1 to d5) can be used 

to detect changes at scales: d1(1-24 days), d2(25-48 days), 

d3(49-95 days), d4(96-191 days), d5(192-381 days), which 

correspond to sub-monthly, monthly, seasonal, inter-

seasonal and inter-annual changes, respectively. The first 

level of variations represents the changes in less than 1 

month and is considered temporal noise. DWT components 

represent some key features that have been used for 

vegetation dynamic studies (Hawinkel et al., 2015; Martínez 

& Gilabert, 2009; Roerink et al., 2003). The most important 

key features are: 

1) sum of detail components 2-5 is considered as the total 

intra-annual variability (v). The amplitude of the annual 

phenological cycle is in the range of percentile 10% and 90% 

of the total intra-annual variability (EVI). The amplitude of 

the phenological cycle relative to the average EVI (EVI%) 

is more effective than EVI and indicates the level of 

vegetation homogeneity during the desired period. 

2) detail component 3 (with semi-period=95 days) can be 

related to variations of seasonal cycles. 

3) the 5th approximation component describes the inter-

annual stable changes and is considered as the mean EVI 

level of vegetation during the period (EVImean).  

4) Minimum EVI (EVImin) level during the period is defined 

as the percentile 10% of the sum of mean inter-annual and 

intra-annual variability.  

5) The timing of the maximum EVI corresponding to the 

d3 component represents the phenological cycle of each 

vegetation cover type and is expressed as EVImax. 

3.2.2. Trend Analysis 

    Statistical trend tests are more effective tools than linear 

regression methods for trend analysis in long-time series 

datasets (De Beurs & Henebry, 2005). The Mann-Kendall 

test and Sen's Slope trend analysis have been widely used for 

detecting vegetation variation trends from long-time series 

datasets (Fensholt & Proud, 2012; Jiang et al., 2015; Lunetta 

et al., 2006; Martínez & Gilabert, 2009). The Mann–Kendall 

test as the non-parametric statistical test has been often used 

to measure the significance of trends in time series. The 

Mann–Kendall statistical test is calculated as (Eskandari et 

al., 2021):  

S= ∑ ∑ sgn(xj-xi)                                                     (3)

n

j=i+1

n-1

i=1

 

where: xi and xj are the data values in the time series i and j 

( j＞i ), respectively, sgn(xj – xi) is the sign function, and n is 

the number of data points. If n is bigger than 8, statistic S 

approximates to normal distribution. 

sgn(xj-xi)= {

+1       if    xi-xj>0

0       if    xi-xj=0

-1       if    xi-xj<0

   

  (4) 

    In this study, the Mann-Kendall statistical test was 

calculated with a confidence level of 95% using 

MATLAB®. The Tau-b coefficient is a measure of 

associations and ranges from -1 to +1. Values around zero 

show the absence of association, and fluctuations toward +1 

and -1 values correspond to positive and negative 

associations, respectively. The 'h' coefficient and two-sided 

p-value represent the significance (h=1, p-value<0.05) or 

non-significance (h=0) of trends. Besides, the magnitude of 

a time series trend was calculated by a simple non-parametric 
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method proposed by Sen (1968). The Sen’s slope is 

estimated by: 

 

𝛽 = 𝑀𝑒𝑑𝑖𝑎𝑛 (
𝑥𝑖 − 𝑥𝑗

𝑖 − 𝑗
) , 1 ≤  𝑖 < 𝑗                            (5) 

    Where 𝛽 is Sen’s slope estimate.  𝛽 >0   indicates an 

upward trend in a time series. Otherwise, the data series 

presents a downward trend during the period. 

3.2.3. Coefficient of variation 

    The coefficient of variation (CV) represents the relative 

variability and is the ratio of the standard deviation to the 

average of datasets (Tucker et al., 1991). A large value of CV 

indicates that the time series datasets show larger 

fluctuations, and smaller values represent a more stable 

dataset. It is calculated by: 

CV = EVI / Avg(EVI) (6) 

 

where CV refers to the coefficient of variation of the EVI 

values of each pixel during 2003-2018. EVI and Avg(EVI) 

represent the standard deviation and average of the EVI 

series of each pixel, respectively. 

 

3.2.4. Hurst Exponent 

    The Hurst exponent (H) was originally developed in 

hydrological studies of the Nile river (Hurst, 1951). It has 

been used for vegetation variations trend studies in recent 

years (Fan et al., 2012; Hou et al., 2012; Jiang et al., 2015). 

The Hurst exponent (H) referred to as the "index of long-

range dependence" or "index of dependence" is defined in 

terms of the asymptotic behavior of the rescaled range as a 

function of the time range of a time series as follows; 

E [
R(n)

S(n)
] =Cn

H  as    n=1, 2, …,n→∞ (7) 

where: n is the number of data points in a time series, R(n) is 

the range of the first n cumulative deviations from the mean, 

S(n) is the series (sum) of the first n standard deviations, C is 

a constant, E[x] is the expected value, and H is the Hurst 

exponent. 

The value of the Hurst index varies from 0 to 1. It is known 

that: 

 A value of H=0.5 indicates a truly random process 

and a completely uncorrelated series. 

 A Hurst exponent value H, 0.5 <H <1 indicates 

persistent behavior.  

 A Hurst exponent value 0 <H <0.5 indicates anti-

persistent behavior.  

 An H closer to one indicates a high risk of large and 

abrupt changes. 

    It was calculated for all pixels of the whole study area 

using Detrended Fluctuation Analysis (DFA) in MATLAB® 

(Weron, 2011). 

3.2.5. Sampling Method 

    To evaluate the performance of the presented key 

features, EVI samples from seven different land cover 

typologies (Fig. 1) were selected, and DWT analyses were 

applied for each of them.  

    EVI samples were selected randomly using NOAA's 

Biogeography Branch Sampling Design Tool 

(http://ccma.nos.noaa.gov/products/biogeography/sampling/

) for each of the land cover vegetation classes. An irregular 

polygon was buffered around each sampling point, with a 

minimum number of 1500 pixels. The number of pixels for 

each polygon is defined using Efron's bootstrap method 

(Efron, 1979), with a confidence level of 95%. The average 

EVI of each sample of vegetation classes is used for DWT 

signal analysis. Furthermore, the selected key features have 

been applied to whole images by analysis of each pixel time-

series signal to map and quantify the vegetation dynamics. 

  

4. Results 

4.1. Analysis of the Selected Vegetation Classes 

    The DWT decomposition components of EVI from 

2003 to 2018 have been shown in Fig. 3. The stationary level 

of signals is given by the approximation series related to the 

low-frequency components (ai), and noise or abnormal 

signals are given by the detailed series related to the high-

frequency components (di). 

http://ccma.nos.noaa.gov/products/biogeography/sampling/
http://ccma.nos.noaa.gov/products/biogeography/sampling/
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Figure 3. Original series (top) and discrete Wavelet Transform approximation (left) and details (right) components of MODIS 

EVI time series data using the 'dmey' wavelet function. The Y-axis values have shifted. FN: Needleleaf Forest, FB: Broadleaf 

Forest, SL: Closed Shrub, WS: Woody Savana, SA: Savanna, GL: Glass Land, CL: Crop Land. 
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    The total intra-annual/seasonal variation (v) series and 

detail component level-3 have been shown in Fig 4. The d3 

and v curves show similar trends and relatively equal 

amplitudes for all samples that describe the most volatility of 

total intra-annual variation. The maximum and minimum 

intra-annual variations for all vegetation were observed in 

mid-summer and early winter, respectively. The normalized 

wavelet variance was calculated to quantify the overall 

variability of EVI time-series data corresponding to DWT 

detail components (Fig. 4H). From 40% to 65% of the total 

variance of detail, components corresponds with detail 

component 3. The forests and woody savanna classes show 

the highest variability, and shrublands show the lowest in d3 

components. 

 

Figure 4. EVI time series of DWT detail component Level-3 (d3) (dashed line) and intra-annual total variation (v) (solid line) 

for FB: Broadleaf Forest, SL: Closed Shrub, WS: Woody Savana, SA: Savanna, GL: Glass Land, CL: Crop Land. H: Normalized 

variance versus DWT detail level j (j=1 to 5), for an average of vegetation samples. 

 

The top 5 rows of Table 2 show the values of the key 

feature for the selected vegetation classes. High levels of 

vegetation cover are characterized by high values of 

EVImean and EVImin, and homogeneity is characterized by 

low EVI. The maxima of the EVI series reach in July for 

savannas and late spring for the other vegetation classes. 
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Table 2. Statistical parameters were derived from the Mann-Kendall test, with a 5% confidence interval. (h=1: significant 

trend, h=0: non-significant trend. p-value<0.05 indicates a significant trend) 

 Variable FN FB SL WS SA GL CL 

a5  

(inter-annual) 

series 

EVImean 0.3625 0.3428 0.1127 0.3622 0.3050 0.1083 0.1901 

EVImin 0.1541 0.1391 0.0944 0.1832 0.2078 0.04571 0.1151 

EVI 0.4199 0.4196 0.0458 0.3578 0.1953 0.1251 0.1535 

EVI% 115.8 122.4 40.6 98.8 64.0 115.5 80.7 

tmax June June May June July June May 

Tau-b 0.4045 0.5033 0.2072 0.4203 0.2429 0.7898 0.4915 

p-value < 10-5 < 10-5 < 10-5 < 10-5 < 10-5 < 10-5 < 10-5 

h 1 1 1 1 1 1 1 
Sen's slope (*10-5) 9.2±1.1 9.4±1.7 2.1±0.8 8.7±1.7 3.1±1.1 8.8±0.5 3.3±0.4 

SU (%) 18.2 15.7 27.6 16.7 25.3 4.9 10.8 

CV 0.0222 0.0262 0.0265 0.0213 0.0134 0.0507 0.0137 

Hurst index 0.8440 0.9055 0.9950 0.8447 0.8715 1.0535 1.0042 

Original 

EVI series 

Mean 0.3625 0.3428 0.1126 0.3621 0.3050 0.1082 0.1899 

Tau-b 0.0185 0.0264 0.0538 0.0216 0.0123 0.0520 0.0031 

p-value 0.6994 0.5814 0.2609 0.6523 0.7985 0.2767 0.9487 

h 0 0 0 0 0 0 0 
Sen's slope (*10-5) 4.7 7.0 2.0 6.5 2.3 5.7 0.3 

SU (%) 90.4 86.5 72.6 86.2 92.1 73.7 98.4 

CV 0.4385 0.4531 0.1607 0.3673 0.2447 0.4122 0.2925 

Hurst Index 0.3255 0.3420 0.5851 0.3120 0.3210 0.5002 0.4070 

 

4.2. Trend Analysis 

    The approximation a5 component reveals the inter-

annual changes, and therefore, its trend can display the long-

term variation of the EVI series. Table 2 shows the statistical 

parameters of the Mann-Kendall test applied to the a5 

component and original EVI series for the selected vegetation 

classes. The Kendal-Tau-b coefficient is a measure of rank 

correlation and shows the similarity of the orderings of data. 

The 100% negative and positive associations are expressed 

as +1 and -1, respectively (Agresti, 2010). This test was run 

by a confidence interval of 5%, by h coefficient, and, by two-

sided p-values. The p-value is the probability that the data 

are randomly distributed rather than as a statistical trend. 

However, a p-value <0.05 indicates a significant trend (h=1). 

The Tau-b values for the original signals are around zero, 

which indicates a weak association to detect changes. Sen's 

slope has been used to quantify the magnitude of the trend. 

None of the original series display significant trends, and 

uncertainty in trend detection ranges from 74% up to 98%. 

In contrast, the slop uncertainties are considerably small for 

all 'a5' trends (5.0% – 25%), and all trends show 

significant association to detect changes.  

4.3. Spatial Distribution of Vegetation Coverage 

    The top 5 rows of Table 2 presented key features that 

were calculated for all pixels to study vegetation dynamics 

and land cover changes during the period 2003-2018 in Iran. 

Fig. 5 shows EVImean, EVImin, EVI, and tmax images. The 

EVImean map (Fig. 5a) shows that the EVI amounts are high 

in the northern forest, and it is low in the center-north around 

the barren lands. The shrub and grasslands, which have 

occupied a vast area, have a low amount of EVI. The 

statistical classification of the EVImean values during the 

2003-2018 period showed that the area with EVI ≤ 0.1 

accounted for 22.4%, the area with 0.1<EVI≤0.2 accounted 

for 30.1%, the area with EVI > 0.2 accounted for 4.6% of the 

total Iran area. The EVImin (Fig. 5b) shows a similar pattern, 

and EVI≤0.1 has the greatest area. The EVI% (Fig. 5c) 

shows that the north-west area and two patches in the north 

and west display high variations, and are not related to land 

cover types. Most of the whole pixels show a high EVI value 

in June-July (Fig. 5d). EVI peaks in winter, spring, summer, 

and, autumn are accounted for 7.5%, 30.2%, 20.6%, and 

0.3% of the total area of Iran, respectively.  
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Figure 5. EVImean(a), EVImin(b), ΔEVI%(c) and EVImax (d) images derived from WT analysis 

 

4.4. Variation of Vegetation Coverage 

    The coefficient of variation of EVI (CVEVI) was 

calculated for all pixels as an index of the variability of the 

vegetation cover. The CVEVI ranges from zero up to 0.25 for 

the study area pixels. 

    In Fig.6 the image was classified into 5 categories: high 

variable (0.25 ≤ CVEVI), relatively high variable (0.15 ≤ 

CVEVI < 0.25), moderate variable (0.10 ≤ CVEVI < 0.15), 

relatively low variable (0.05 ≤ CVEVI < 0.10), and low 

variable (CVEVI < 0.05). Areas with low and relatively low 

variability are dominant (44%), and areas with relatively 

high and high volatility are distributed in small patches in the 

center and along the Persian Gulf coastlines. 
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Figure 6. Coefficient of variation of the inter-annual EVI in Iran from 2003 to 2018. 

 

    The variation in trends of vegetation coverage is an 

important factor that displays the magnitude of land cover 

changes. Sen's slope is an effective index to characterize the 

magnitude of trends. The Sen's slope and Mann-Kendall test 

were applied to original signals and DWT approximation 

level-5 (a5) for all pixels to reveal the spatial distribution of 

variation in the trend of inter-annual EVI in the study area. 

The significance of trends for each of the pixels was checked. 

The value of h=0 indicates that the slope is not significant, 

and the trend of variations is not valuable (Martínez & 

Gilabert, 2009). The Man-Kendall significance test (h) 

reveals whether the observed slope is significant or not, and 

a value of h=0 shows that there is no trend. As shown in Fig. 

7a, more than 33% of the original series has h=0, while the 

a5 series have only 7.8% of non-significant pixels. 

Therefore, the a5 series per pixel were used to analyze data 

series trends and, pixels with h=0 were masked (Fig. 7c). The 

center and northwest areas show positive trends, and the 

southwest and northeast display negative trends. Jiang et al. 

(2015) have used Sens's slope and Mann-Kendall test Z score 

to classify the trends variation of vegetation in the Yellow 

River Basin. Here, the same methodology was used to 

classify variation of land cover vegetation of the study area 

as degradation, stability, and improvement. The Hurst 

exponent results for DWT 'a5' component were considered 

to describe the sustainability of inter-annual variations. The 

Hurst exponent of all pixels is 0.5 on average. The pixels 

with Hurst exponent <0.5 are sustainable, and those higher 

than 0.5 are unsustainable (Fig. 7b). The sustainable and 

unsustainable regions account for 89.0% and 11.0% of the 

total vegetated area, respectively. However, regions with 

sustainable trend variation were considered for trend analysis 

and the remainings were masked. The Mann-Kendal test was 

run at a confidence level of 0.05, and classes were defined as 

significant variations (Z > 1.9 or Z < -1.9) or insignificant 

variations (-1.9 ≤ Z ≤ 1.9) (Fig. 7d). The improved vegetation 

covers are distributed in the north, north-west, north-east, 

east, and center of Iran, whereas, the slight and, severely 

degraded vegetation areas are located in the north-east and 

south-west. More than 14% of land cover are subject to stable 

vegetation trend, 5.5% is under degradation, and 37.7% 

show improved trends. 
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Figure 7. a) image of non-significant pixels (h=0) from Mann-Kendall test for inter-annual components (DWT a5), and 

original EVI signals. b) sustainability of inter-annual trends from Hurst exponent. Pixels with values larger than 0.5 show 

unsustainable trends. c) Sen's Slope (Magnitude of vegetation change) image over Iran. d) Spatial distribution of the inter-annual 

EVI trends 

 

5. Discussion 

5.1. Variations in Vegetation Index Over Time 

    Seasonal and inter-annual variations of vegetation 

indices characterize the phenological dynamics and in long-

term series lead to understanding the land cover change (Cai 

& Yu, 2009; Fan et al., 2012; Lambin et al., 2003). WT is a 

powerful method for time-series data analysis that 

decomposes an original signal into stationary and non-

stationary components. It has been used widely to understand 

the inter-annual and phenological cycles, change detection, 

and correlation between phenology and meteorological 

factors from vegetation index time series data (Bruce et al., 

2006; Carl et al., 2013; Moreira et al., 2019; Percival et al., 

2004; Piao et al., 2012). The stability and abnormality of the 

EVI series refer to vegetation dynamics at different time 

scales. However, the scale and frequency of WT signals are 

the most important factors to exactly reveal the 

Spatiotemporal variations. The stationary level of the 

original signal is given by the low-frequency components, 

and non-stationary or abnormal elements are related to the 

high-frequency components. The first level of DWT 

components of MODIS 16-day composite L3 products was 

identified as sub-monthly noise, and it was ignored. The 

detail level-3 (d3) refers to seasonal changes and is related to 

vegetation phenology. It was shown that the sum of detail 

components level-2 up to level-5 represents the total intra-

annual variability. The 5th approximation component (a5) is 

linked to the inter-annual variations and shows relatively flat 

curves for all vegetation classes. 

 

5.2. Temporal Trends in Vegetation between 2003 and 

2018 

    The trend of vegetation variations is an important factor 

for understanding the land cover changes. The non-
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parametric Sen's Slope analysis, together with the Man-

Kendall test was applied to analyze the trend of inter-annual 

and intra-annual series. The combination of these two 

methods for trend analysis of vegetation indexes (EVI and 

NDVI) is more advantageous than the other statistical 

methods such as linear regression, and have been tested in 

some different regions (Cai & Yu, 2009; Jiang et al., 2015; 

Martínez & Gilabert, 2009). Therefore, areas that show a 

significant trend of vegetation variations are considered for 

land cover change detection. Furthermore, the Hurst 

exponent was used to characterize the sustainability of the 

trend of vegetation time-series signals. The sustainability of 

trends improves the results of land cover changes, and it 

could be an index for future land cover change prediction. 

5.3. Spatio‑Temporal Patterns 

    The result of the d3 component (semi-period 90 days) 

profile shows the highest and lowest peaks in summer (late 

July-August) and winter (late December-January) 

respectively, which corresponds to the photosynthetic 

activity of vegetation classes (Nasiri et al., 2004; Reykande 

et al., 2013). The d3 components show absolute EVI 

maximum value in late spring and early summer for all of the 

selected vegetation classes, which corresponds to the 

photosynthetic activity of all of the selected vegetation 

classes, and the corresponding dates could be considered as 

the date of maximum EVI (tmax).  

    The average vegetation amount during the reported 

period is characterized by inter-annual curves (a5). The 

forests show the highest, and closed shrublands show the 

lowest average of EVI. All of the inter-annual curves are 

relatively flat, and small peaks were observed in 2004- 2005. 

Also, small troughs were present in 2009-2010 for all 

vegetation classes profile, except croplands and grasslands. 

These results are consistent with the Eskandari et al. (2021) 

research, which states that at a nationwide, annual scale, 

trends in vegetation indices have not changed significantly 

over the 15-year study period. However, no critical 

variations were observed in the EVI inter-annual profiles for 

the selected classes, and relatively flat trends were estimated. 

The closed shrub and savanna land covers show more 

homogenous vegetation, and forests and woody savanna 

show the highest level of vegetation.  

    The seasonal changes appear in d3 components which 

have values greater than eighty percent (EVI% >80%). The 

closed shrub covers are characterized by low EVImean, EVImin, 

and EVI% values, which indicate its phenological cycles 

are not related to seasonal cycles and depend on other 

parameters like precipitation amounts. Whereas, the crop and 

grasslands display low vegetation levels and high value of 

variations.  

    All selected vegetation classes show positive trends 

which are not significant in original signals. The southwest 

part has an arid climate and also shows a low value of EVI. 

The small patches of vegetation with high EVI values were 

observed in croplands (e.g. northwest). The EVI% shows 

that the northwest area and two patches in the north and west 

display high variations, and are not related to land cover 

types. Most of the whole pixels show a high EVI value in 

June-July. The central areas show EVI peaks in late-spring 

early-summer, which corresponds to the photosynthetic 

activity, and spring peaks and winter peaks are present in the 

north and south-west areas, respectively, which corresponds 

to the climatic conditions of the region. 

    The mid-late winter peaks are located on the north and 

along the Persian Gulf coasts, which correspond to 

shrublands and crop areas. Vegetation changes along the 

Persian Gulf coastline undergo usually start sooner during 

the year, and this area is covered by herbs in early winter and 

is cultivated in late winter. Forests reach EVImax during June 

and July. Most of the irrigated areas show maximum EVI in 

August. All forests show low variability of vegetation index. 

It can be concluded that the vegetation coverage is stable in 

the whole study area. Forests mainly show positive trends, 

and small patches of cultivated areas in the southern Caspian 

Sea show negative trends. The areas with negative values are 

subject to losses of vegetation due to land cover changes. 

 

6. Summary and Conclusion 

    In this research, the remote sensing data was applied to 

assess the Spatio-temporal variability of vegetation across 

Iran for the period 2003–2018. The EVI time series data from 

MODIS Terra Level-3 products at a resolution of 1km were 

downloaded. The EVI data sets were sampled from 7 

vegetation typologies based on MODIS land cover yearly 

data. The EVI temporal signals were smoothed, gaps filled, 

and monthly maximum value composites were created. The 

average EVI of each vegetation class sample was used for 

data analysis. DWT, Variation Coefficient, Sens's Slope 

trend analysis, and Hurst exponent were applied to EVI 

samples to investigate the temporal variations, suitable key 

features, and, quantitative indexes for whole image Spatio-

temporal analysis. It was concluded that the DWT reduces 

the dispersion of EVI time-series signals, and therefore the 

temporal analysis of the WT components series could be 

more effective than of the original series. The EVImean, 

EVImin, EVI, EVImax, and trends of variations were 

calculated for whole images based on per pixel. The 

following results were obtained in the study area: 

 Bare lands cover more than 58% of the total area of 

Iran. Vegetation coverage of Iran is distributed in 

the north, north-west, west, south-west, and, north-

east, and no effective trends is observed in EVI 

values. The forests (in the north) show the highest, 

and closed shrublands show the lowest average of 

EVI values. 
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 The inter-annual average of EVI of vegetation 

classes varies from 0.1 to 0.36 during 2003-2018. 

The variations of the inter-annual series did not 

present a significant trend, and a relatively flat 

curve was observed for all vegetation classes. 

However, small troughs and peaks (±0.1 of EVI 

value) appear in 2009-2010 and 2004-2005, 

respectively. The highest degree of intra-annual 

variations is due to seasonal phenological cycles, 

and it is the major source of variations. The 

maximum and minimum values of intra-annual 

variations were observed in mid-summer and early 

winter, respectively. Spatially, the highest degree of 

variations is located in the north and northwest as 

small patches, which are not related to land cover 

types. The area of vegetation coverage of EVI 

maximum is 7.5% in winter, 30.2% in spring, 

20.6% in summer, and 0.3% in autumn. 

 The vegetation coverage was stable at 44% and 

varied with a large amplitude in 1.7% of the total 

area of Iran. About 89% of vegetation coverage is 

under sustainable variations. Although most of the 

regions show positive changes, some areas are 

under negative changes (degradation), i.e. loss of 

vegetation coverage. The regions with improved 

vegetation coverage are located in the north, west, 

and, south-west and account for 37.7% of the total 

area. Vegetation coverages that are under 

degradation are distributed in the north-east and 

south-west, and their area is 5.5% of the total area. 

    In summary, WT and statistical methods were used to 

identify the Spatio-temporal variations and trends of the 

vegetation index of Iran. These methodologies enable us to 

define land cover changes. However, the performance of WT 

and Mann-Kendall tests depends on datasets. Here, more 

than 15 years of data series of EVI were used for vegetation 

variations assessment in Iran. This time range may limit the 

accuracy of results about land cover changes and the trend of 

variations. It is suggested to use longer time-series datasets 

(e.g. 30-years) such as AVHRR EVI/NDVI from Global 

Inventory Modelling and Mapping Studies (GIMMS) in 

combination with MODIS vegetation index. 
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