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Desertification of Iran in the early 21th century assessed via climate and vegetation indices
ABSTRACT
Remote sensing of specific climatic and biogeographical factors is an effective means of evaluating the desertification status of dryland regions affected by negative human impacts. Here, we identify and analyse land desertification trends in Iran via a combination of three indices of vegetation (NPP—net primary production, NDVI—normalized difference vegetation index, and LAI—leaf area index); and two climate indices (LST—land surface temperature, and P—precipitation) during the period 2001–2015. The Mann-Kendall non-parametric test, the Theil–Sen estimator, and a simple linear regression method were then applied to identify trends and to map regions of Iran that are susceptible to desertification. Our results show that an area of 680,000 km2 (~ 56 %) of Iran is classified with a very high level, indicating that a large fraction of Iran is susceptible to land desertification. We suggest that spatial and temporal trends in the three vegetation indices (NPP, NDVI, and LAI) and the two climate indices (LST and P) are a cost-effective choice for the prediction and management of future environmental trends in the world’s developing regions, and are a step towards achieving land-use sustainability by helping to locate the most degraded areas. 
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1. INTRODUCTION
 Desertification is defined as “land degradation in arid, semi-arid and dry sub-humid areas resulting from climate changes and human activities (UNEP, 1992). Desertification is emerging as one of the most globally catastrophic issues in the context of contemporary climate change and non-controlled anthropogenic activities (Jie et al. 2002; Smith 2018). And yet, there is not a clear consensus among scientists regarding how to define desertification and land degradation, and the main factors underlying these phenomena also remain debated (Griggs et al. 2013; Zhou et al., 2015; Bouma et al. 2019). In the last century, approximately, 70 % of drylands (i.e., semi-arid, arid, and hyperarid lands) showed signs of desertification and among different land-use categories, croplands experience the highest risk, with ~ 70 % of the area degraded (Dregne, 1991). More than 250 million people worldwide suffer directly from desertification today, while about one billion people in over 100 countries are currently at risk )Reynolds et al., 2007; Wessels et al., 2007(. The majority of the regions at risk are located in arid and semi-arid regions (Bao et al., 2017; Brown and Nickling, 2003; Chasek et al., 2015). 
According to the UNCCD (2008), climate change and anthropogenic activities in arid, semi-arid, and semi-humid regions are the two main drivers of desertification. Land desertification can be considered as involving a clear reduction or total loss of land productivity imposed via some combination of soil erosion, deterioration of soil properties, and long-term loss of natural vegetation (Cerdà and Lavee, 1999; Montgomery, 2007). The extremely large-scale nature of the problem means that over recent decades, remote-sensing techniques have been applied widely as tools for evaluating spatial and temporal trends in land degradation and desertification (Hill et al. 1995; Kaiser et al. 2014; Ayele et al. 2018). 
A diverse range of variables and indices extracted from different sensors or satellites, such as AVHRR (Advanced Very-High-Resolution Radiometer), AVHRR-GIMMS (Global Inventory Monitoring and Modeling System), MODIS (Moderate Resolution Imaging Spectroradiometer), NOAA (National Oceanic and Atmospheric Administration) AVHRR or LANDSAT, among others, have been employed for assessing land degradation and desertification (Wessels et al., 2007, 2012; Mbow et al., 2015; Eckert et al., 2015; Stellmes et al., 2010). From these sources, large databases have been developed that relate to a plethora of vegetation and climate properties, such as extraction of vegetation greenness and climate variables (Lamchin et al., 2017; Fensholt et al., 2012), normalized difference vegetation index (NDVI) (Schucknecht et al., 2017; Jacquin et al., 2010; Hellden and Tottrup, 2008; Higginbottom and Symeonakis, 2014; Fensholt and Proud, 2012),  land cover changes (Zoungrana et al., 2018), leaf area index (LAI) (Bobee et al., 2012), land surface temperature (LST) (Khorchani et al., 2018), multidisciplinary indices comprising LAI, albedo and evapotranspiration (ET) (Mariano et al., 2018), water use efficiency (WUE) and net primary production (NPP) (Fernandes et al., 2018), enhanced vegetation index (EVI) (De Beurs et al.,2015), and rainfall and vegetation datasets (Burrell, et al., 2015). 
Vegetation indices extracted from the remote sensing data have been very useful for monitoring changes in vegetation cover over time. Recent studies have reported the high efficiency of vegetation indices such as NDVI, NPP, LAI and EVI for evaluating the spatial and temporal changes of the vegetation at the different scales (Prince et al., 2009; Yu et al., 2018). These variables are commonly correlated with other climate parameters such as rainfall, temperature and or evapotranspiration, which are useful for assessing potential land degradation in areas remotely )Fensholt et al., 2012; Fensholt & Proud, 2012; Gao et al., 2012; Piao, Fang, & He, 2006; Herrmann., 2005(. Time-series trends in climate and vegetation indices and the relationships between them have been investigated by many authors (e.g. Gao et al., 2012; Fensholt et al., 2012; Piao et al., 2006). For example, Herrmann, (2005) examined vegetation trends and their correspondence with rainfall, using the images of the Tropical Rainfall Measuring Mission (TRMM) sensor. Another example is Muro (2018), who studied the relationships between land-use changes and land surface temperature (LST). Overall, studying relationships between vegetation dynamics and climate parameters is a powerful and efficient means to determine whether imminent climate change and out-of-control human activities in rapidly-developing countries are driving land desertification (Fensholt et al., 2012; Fensholt & Proud, 2012, Lamchin et al., 2017). In this way, Iran represents one of the clearest examples of a country deeply affected by land degradation processes such as soil erosion (Gholami et al. 2013; Sadeghi et al. 2013), soil quality (Rahmanipour et al. 2014; Khaledian et al. 2017; Yazdanbakhsh et al., 2020), water quality (Kavian et al. 2018). Recent studies have shown via modelling that major changes in the agricultural and forestry industries present key problems to be solved in the short-medium scale future (Zeraatpisheh et al. 2017; Ayoubi et al. 2018). However, the lack of data noted by several Iranian investigations (e.g., Sheykhi and Moore 2012; Valizadeh and Hakimian 2018; Kharazmi et al. 2018; Rodrigo-Comino et al., 2019) means that comprehensive nation-wide studies that consider recent climate and vegetation trends are scarce. Here, we address this gap with our main aim being to identify and map susceptibility to desertification across all of Iran, using satellite-based climatic and vegetation indexes during the period 2001-2015.
2. MATERIALS AND METHODS
2.1 Study area ​
Located in southwest Asia, Iran spans an area of strong topographic gradients, including elevations of > 5000 m in the Alborz and Zagros mountains, together with coastal areas along the Caspian Sea that are below sea level (Fig. 1). More than 85 % of the total 1.6 million km2 area of the country is dryland and steppe (Beck et al. 2018; Christensen & Hewitson 2007; Karandish & Mousavi, 2018; Modarres & da Silva, 2007). Regarding rainfall and temperature, Iran spans significant climatic variability. Rainfall averages ~ 2000 mm/yr in the northern and westerns parts, and ~ 120 mm/yr in the central and eastern parts. Extreme temperatures range from –20 °C to 50 °C in the southwest and along the northern coast of the Persian Gulf, respectively (Abbaspour et al., 2009). These seasonal variations have generated a large range of biomes including several endemic vegetation communities (Ghasemifar et al., 2017; Modarres & da Silva, 2007). However, high climate variability also makes Iran prone to desertification and land degradation (Jafari & Hasheminasab, 2017). According to Jafari and Hasheminasab (2017), about 70% of the human population lives in 17 provinces of which 20 % is highly affected by desertification.

< Figure 1 >

2.2 Database  
Five different indices and parameters, extracted with ENVI 5.3 software, were used to conduct a trend analysis of vegetation and climate over the period 2001-2015: 1) net primary production (NPP), 2) normalized difference vegetation index (NDVI), 3) leaf area index (LAI), 4) land surface temperature (LST), and 5) precipitation (P). All data are summarised in Table 1 and the raw data are available at https://neo.sci.gsfc.nasa.gov. We applied simple data pre-processing, such as georeferencing, atmospheric corrections, and projection to WGS-1984 coordinates. Average values of all five indices were calculated for 2001-2015 on a pixel-by-pixel basis. Monthly time series of the three vegetation-specific indices (NPP, NDVI and LAI) were used for trend analysis of vegetation changes. The climate indices (LST and P) time series of monthly data were adjusted to different resolution from the MODIS and TRMM images, respectively (Du, et al., 2013; Daham, et al., 2018; Di Vittorio et al., 2018). For the trend analysis (2001-2015), first, the values of the five indices were analyzed on monthly, seasonal (spring, summer, winter, autumn) and annual scales. Second, correlations between vegetation indices (NDVI, LAI and NPP) and climatic indices (P and LST) were investigated via pixel analysis in time series. All five indices were then combined into a map format using ArcGis 10.5 software (ESRI, 2016). We give a brief description of each of the five indices, as follows.

2.2.1 Net primary production (NPP)
 The total amount of carbon dioxide produced by plants is commonly termed NPP, defined as the difference between gross primary production and respiration, which is also called net ecosystem production(Table 1)  (Sala & Austin, 2000). NPP has been used previously to study land desertification linked to climate change (Eskandari et al., 2016). Here, we use MODIS monthly NPP data (2001-2015) following the procedure outlined by De Leeuw et al. (2019).

2.2.2 Normalized difference vegetation index (NDVI)
 MODIS-TERRA monthly NDVI data were examined to quantify variations in vegetation cover at the ground surface (Table 1); this data is commonly used for large spatial scales (Fensholt et al., 2012; Fensholt and Proud, 2012; Lamchin et al., 2017). Average NDVI values for each season (spring, summer, winter, and autumn) were calculated; pixels with NDVI > 0 indicate areas with vegetation, pixels with NDVI < 0 show areas without vegetation (due to hyperaridity, human impacts, etc). Such pixels were excluded from further analysis to decrease the effects of snow cover and water.

2.2.3 Leaf area index (LAI)
The LAI indicates the activity level of vegetation (Morse et al., 2016; Gitelson, 2019). MODIS-Terra and -Aqua monthly LAI data were used to derive the parameters (Table 1). The LAI has great potential for modelling global ecosystems, such as simulation of ecological responses to climate change and chemical compounds in the atmosphere (Tharammal, et al., 2019; Luo., et al., 2018). Overall, the LAI indicates the vegetation canopy (%) and the number of leaf layers per unit area (Myneni, et al., 2015; Yu, et al., 2018). The MOD15A2 LAI product used here is a monthly composite tool provided at 0.1 km2 spatial resolution. MODIS LAI data was first projected onto an integrated integerized sinusoidal grid, which was extracted and re-projected onto the WGS-84 coordinate system and reported in ArcGIS 10.5. The theoretical basis of the MODIS LAI product algorithm is characterized by different implementations based on biome-speciﬁc algorithms, involving several constants. The quality of the data presented in each image dataset is monitored by ascribing ‘low’, ‘marginal’ or ‘good’ quality per pixel.

2.2.4 Land surface temperature (LST) index
 LST is a suitable index for studying energy exchanges involved in ground-surface processes at different scales (Kotikot, et al.2018; Aguilar-Lome, et al., 2019). Here, we use MOD11C1-TERRA monthly LST data (Table 1). For estimating land surface temperature in these images, a split-window algorithm was applied to optimize the water vapour column and the temperature of lower air layers in the atmosphere (Wan and Hulley, 2015). Data pre-processing involved eliminating pixels that have less LST in the case study than in the retrieval errors resulting from surface emissivity uncertainties. Also, cloud-contaminated pixels were eliminated, occurring at the cloud edges to ensure that only clear sky conditions are assessed, since our focus is on radiative frost. 

2.2.5 Precipitation (P)
We used the Tropical Rainfall Measuring Mission (TRMM) monthly rainfall data (Kummerow et al., 1998; Sun et al., 2018) at a spatial resolution of 0.25° and with a monthly temporal resolution (Table 1). This index is generated by merging observations acquired at microwave and infrared radiation wavelengths (Anderson et al., 2016). Here, monthly TRMM data was used to estimate seasonal and annual precipitation.
< Table 1 >

2.3 Trend analysis of indices, 2001-2015  
  We applied the Mann-Kendall non-parametric test and the Theil–Sen estimator to detect temporal variations in all five indices, and the Pearson linear regression coefficient to investigate the correlation between indices. The Mann-Kendall non-parametric test describes the rate of a decreasing or increasing trend between –1 and +1, whereby values of +1, 0 and –1 denote increase, constant, and decrease, respectively (Lamchin et al., 2018). We also used the z-score whereby an increasing or decreasing trend at 5% significance level is denoted by z ≥ 1.96 and z ≤ –1.96, respectively (Kaspersen et al. 2011; Li et al., 2013). Autocorrelation effects in the trend analysis were removed following the approach of Hamed and Rao (1998). This method evaluates trends H0 (negative) and H1 (positive) in the data series with a 5% significance level and one-way p-value (the probability of random distribution of data). A significant trend is indicated when p-value < 0.1. The Mann-Kendall method calculates the S statistic (Asfaw et al., 2018), which indicates the sum of the diﬀerence between data points, as

                                                                                                                                 (1)
where xi is the observed value at time j, xk is the observed value at time k, j is the time after time k, and n is the length of the dataset. The sign of the value is deﬁned as


                                                                                                  (2).
When the number of observations is ≥ 10, the statistic S is normally distributed with the mean becomes 0 (Kendall, 1975). Therefore, the variance is given as

                                                                                   (3)
where N is the number of observations and ti is the number of sequences of the sample time series. The statistical signiﬁcance of S is checked using a test statistic or z-score. Test Z is expressed as:

                                                                                                                                   (4)
where Z indicates a normal distribution, Z >0 and Z< 0 show an upward and downward trend, respectively. A useful indicator of the Mann-Kendall test is the Theil–Sen estimator, β, which is the slope of a monotonic trend in the data series. Positive or negative β ​​indicate increasing and decreasing trends, respectively (Sen, 1968; Thiel, 1950). Following Sen (1968), the magnitude of the trend over time is estimated by determining the slope between all possible data pairs and then ﬁnding the median value as
                                                                                                                   (5)
where i = 1,2 … N and xi is data measurement at the time i, xj is data measurement at time j, i > j. For n values of the time series of x results, N = n(n − 1)/2 values of i  (Sen, 1968; Thiel, 1950). The Pearson correlation coefficient (r) indicates a positive correlation (+1), negative correlation (–1), or the absence of correlation (0) between our indices (Schultz & Halpert, 1993; Verbyla, 2008).
A linear regression method (Lamchin et al., 2018) is applied to analyse temporal trends in the NPP, NDVI, LAI, LST and P observations. To obtain the linear regressions, we modelled the series of annual NPP, NDVI, LAI, LST and P values per pixel using the Earth Trends Modeler of the TerrSet software (Lamchin, et al., 2018).

where  indicates correlation coefficient,  and is the dependent and independent variables, respectively. 

2.4 Spatial patterns of land desertification  
The five indices (NPP, NDVI, LAI, LST, and P) were used to identify spatial patterns in land desertification potential. Although each index is useful to describe an aspect of desertification, it is more useful to integrate multiple indices (Symeonakis and Drake, 2004). Using a Boolean classifying method and a re-classification technique, each of the five indices was subdivided into five classes, indicating very low, low, moderate, high, and very high potential for land desertification (Table 2). For example, the Boolean approach combines 20% of pixels with lowest NDVI, 20% of pixels with lowest NPP, 20 % of pixels with lowest LAI, 20% pixels with lowest P, and 20% pixels with highest LST values, the area with greatest desertification potential can be classified as very high (Table 2) These five classes were then mapped using ArcGIS 10.5 (Eskandari, et al., 2016; Symeonakis & Drake, 2004). 

< Table 2 >

3. RESULTS
3.1 Variations in vegetation and climate indices over time
Seasonal variations in NDVI, NPP, LAI, LST, and P indices are shown in Figs. 2, 3 and 4. Positive and increasing trends were observed in NDVI, NPP and LAI in winter, spring and autumn, according to the Mann-Kendall tau statistic, the Mann-Kendall z statistic, and the β statistic of the Theil–Sen estimator. Only NDVI showed a positive and significant trend in autumn, but not in other seasons. Other parameters (LST and P) showed no significant trends in any season; the seasonal variation of LST was not significant, and according to the statistical indices the trend of these indices was decreasing in all seasons. The P index showed a decreasing trend in spring and winter, but an increasing trend in summer and autumn; this index showed a significant and increasing trend in autumn, but not at other times.
In terms of annual variation, no significant trends emerged during the period 2001-2015 (Fig. 5). However, according to the Mann-Kendall tau statistic, the Mann-Kendall z statistic, and the β statistic of the Theil–Sen estimator, the trend was positive and increasing for NDVI, NPP, LAI and P indices, while the trend direction for LST was negative and decreasing.

< Figure 2 >
< Figure 3 >
< Figure 4 >
< Figure 5 >

3.2 Correlation between vegetation and climate indices
Correlations between NDVI, NPP, LAI, LST, and P indices were estimated based on the Pearson correlation coefficient; the results are summarised for the seasonal time series in Table 3, and for the annual time series in Table 4.

< Table 3 >
< Table 4 >



3.3 Spatial patterns of vegetation and climate indices
Figure 6 shows the spatial distribution of NDVI, NPP, LAI, LST, and P for the period 2001-2015. Results of classifying NDVI, P, LST, LAI and NPP showed that about 66, 54, 41, 96 and 95 % of the study area shows very high sensitivity to land desertification (Table 5). 

< Table 5 >
< Figure 6 >

3.4 Linear regression trend analysis of NDVI, NPP, LAI, LST, and P
Figure 7 shows the r-values obtained from linear regressions (Fig. 5) applied to annual observations of NPP, NDVI, LAI, LST, and P for the period 2001-2015. Trends in NPP, NDVI and LAI, show a significant decrease in about, 11, 30 and 31 % total area, respectively. On the other hand, the values of NPP, NDVI and LAI showed an increase of about 65, 69, and 47 % total area, respectively. Based on the NPP, NDVI and LAI, an insignificant trend in these indices observed in about 24, 1.2 and 23%, respectively. The values of LST decreased by 70% of the total area, whereas its value showed an increase and insignificant trends in 30 and 0.41% of the study area, respectively. Based on the results, the decreasing, increasing, and insignificant trends for the value of P index were observed in 60, 39 and 0.6 % of the total area, respectively.

< Figure 7>
3.5 Areas susceptible to land desertification
The land susceptibility to desertification classes of areas across Iran is derived from the five vegetation and climate indices as represented in Figure 8. Susceptibility classes to desertification are estimated as very high (56%), high (35%), medium (7.4%), low (1.7%), and very low (0.3%) (Table 6). 
< Figure 8 >
< Table 6 >

4. Discussion 
Arid and semi-arid regions are most susceptible to degradation and desertification, and numerous examples illustrate the effects of long-term vegetation loss over time (Lavee et al. 1998; Cantón et al. 2011). Remote sensing data and GIS are essential tools for the evaluation of large-scale land desertification, for identifying degradation factors of soils, vegetation and human activities, and for the preparation desertification maps (Akinyemi et al., 2019; Angulo-Martínez et al., 2009; Rodrigo-Comino et al., 2018). A key advantage is the capability to utilize and combine various remote sensing data at different resolutions and likewise, analyses can be conducted at different spatial scales. We have evaluated the degradation and potential drivers of desertification in Iran during the period 2001-2015 by examining seasonal and annual trends of NPP, NDVI, LST, LAI and P indices. We have identified seasonal and yearly trends of NDVI using the Mann-Kendall and Theil–Sen estimator as an index of susceptibility to land degradation and desertification (Li et al., 2013; Fensholt et al., 2012a, 2012b; Netti et al., 2011). And also, we have produced a final representation of our findings in an intuitive map. We strongly advocate these mapping techniques as key tools for transferring results to government policymakers and the scientific community to frame future environmental goals (d’Oleire-Oltmanns et al. 2012; Dittrich et al. 2017).  
The seasonal trend analysis of vegetation indices, including NDVI, NPP and LAI, showed a positive trend for these indices in all seasons. This indicates an increase in vegetation during the studied period. NDVI showed a significant positive trend in autumn, but other indices did not show a significant trend in other seasons. The seasonal analysis showed that the related indices increased from 2001 to 2008, followed by a decreasing trend over 2008-2010 and 2011-2012, and again an increasing trend over 2011-2015. These results presumably relate to environmental factors that cause fluctuations in vegetation growth—a key one of these being the occurrence and duration of drought. Trends in NDVI observed in Iran show good agreement with Pan et al. (2018) who investigated NDVI trends globally and report an increasing trend from 1982 to 2013, with some deviations due to drought. Similarities also occur when compared also to Wang et al (2017) regarding NDVI and NPP indices in South Asia, and Mao et al (2016) regarding LAI data. Strategic plans aimed at achieving sustainability must, therefore, consider potential effects of local patterns of imminent climate change and the variations in responses of the biogeochemical cycles. Investigating the seasonal trend of changes in climatic indices (Fig. 2) also demonstrated that the LST index registered a decreasing trend in winter, summer, and spring between 2001 to 2004 with temperature reductions of 2.7, 4.4, and 1.3°C, respectively. From 2004 to 2015, temperatures increases in winter, autumn and spring were 0.6, 0.7 and 1.9 °C, respectively. Decreasing temperatures from 2009 to 2008 are consistent with the results presented by Soltani et al. (2015), who evaluated temperature and precipitation during the period 1987-2010 in Iran. In general, no significant trend was observed in any of these seasons, although extreme rainfall intensity events and the duration of drought were highlighted. Another factor to be considered is the height. In Iran, in the Hamadan province, Sadeghi et al., (2017) studied using rainfall average data from 35 synoptic stations and 30-years rain measurements, the impacts of height and rainfall distribution. They stated that interpretations of rainfall data in territories such as Iran, total rainfall values and variations are affected by the elevation. Such factors are among the main concerns of potential climate change effects—as others have mentioned in the context of soil erosion linked to extreme weather events in Mediterranean areas (Rodrigo-Comino et al. 2019; Peña-Angulo et al. 2019). Similar outcomes emerge in our results from Iran where the seasonal variation of P index showed increases of 13 and 42 mm in autumn 2001 and spring 2004, respectively. However, from 2004 to 2015, a rainfall reduction, 19.4, 1.5 and 4.88 mm, were observed in winter, autumn and spring, respectively, confirming the results of Soltani et al. (2012, 2015), and Modarres and Sarhadi (2008). Over this period, there was a significant drop in precipitation in all seasons between 2008 to 2009. 
We observed that the correlation between vegetation and climatic indices showed a negative relationship between NDVI, NPP and LAI with P in winter, and a positive one with temperature. This seems to indicate that in winter temperature rather than rainfall is the limiting factor for vegetation growth. Also, NDVI and NPP indices show a negative relationship with temperature in autumn, summer and spring. We suggest that future studies should focus on the detection of specific factors that directly affect temperatures, such as urban-industrial areas, topography, and wind (Davidson and Janssens 2006; Krüger et al. 2018). Considering the annual trends, the correlation between vegetation indices and rainfall was positive for NDVI and LAI with temperature, even for NPP. Based on the results of our pixel-based analysis of vegetation indices of NDVI, NPP and LAI, more than 70 % of Iran is characterized by low vegetation development mostly in central, eastern, southern, southwestern and to some extent northwestern regions of the country. In terms of climate factors of LST and P, these areas are characterized by the highest temperature and the lowest rainfall. As Tabari (2014) reported, more than 80 % of the area of Iran occurs in arid and semi-arid regions, in which the vegetation is limited by high temperatures and low rainfall. In terms of climate, they show that only ~ 2 % of the area of Iran is rich in vegetation where, naturally, the climate is favourable. Characterized by a Mediterranean-type humid to very humid climates, these regions mostly occur in northern areas of the Alborz Mountain range, the areas near the Caspian coast and western areas limited to the Zagros Mountains (Tabari, 2014). 
We have shown that large-scale assessments of potential degradation and desertification areas can be efficiently analysed via remote-sensing and such activities yield important primary data for policymakers. For instance, Du et al. (2013) in an 11-year survey using vegetation, temperature and rainfall data, showed that using indices derived from remote sensing data, enables monitoring and evaluation of the factors limiting vegetation growth as well as estimating degradation and desertification driven by drought. Potential land degradation and desertification processes related to climate change and biogeographical patterns can be obtained by estimating indices of time series analysis of satellite data at different spatial and temporal resolution (Roy et al, 2015; Eckert, 2015; Zewdie, 2017). 
Based on our land desertification map of Iran in these 15 years, we interpret a very high level of desertification from 2001 to 2015. More than 90% of Iran is classified as belonging to a high and very high level. Also, the analysis and classification of climate data including LST and P showed that more than 40% and 53% of the area is experiencing a very high level of desertification, respectively. Analysis of vegetation indices of NDVI, NPP and LAI indicate that more than 66, 95 and 95% of the total area of Iran shows a very high level of desertification, respectively. In this way, Mesgran (2017) studied the suitability of lands for agriculture using high-resolution data in Iran and show that more than 80 % of the country is unsuitable for agriculture mainly due to rainfall deficiency. They concluded that about 50 % of lands under agriculture use is not of adequate quality. Jafari and Bakhshandemer (2013) in a study in the central regions of Iran stated that only 9.4% of the study area showed a low level of desertification, meanwhile, more than 90% was affected by moderate to very high desertification. Recently, Jafari and Hasheminasab (2017) in a 27-year study of the Zayandehrud basin reported that variations in temperature and rainfall are significantly impacting on land-use changes as well as changes in land surface temperature. They also confirmed that not only land-use changes but also spatial and temporal variations of LST contribute to land degradation and desertification in arid and semi-arid areas.

5. Conclusion
In this research, a range of remote sensing indices including vegetation indices such as NDVI, LAI and NPP as well as climatic indices consisting the LST and P were applied to assess the potential land degradation and desertification process of Iran for the period 2001-2015. The results indicate an increasing trend for desertification during the studied period. Based on the results, the indices we used demonstrate that Iran is characterized by sparse and poor vegetation cover, which predisposes it to degradation and desertification. The combination of these indices shows that more than 90 % of Iran is characterized by high and very high land desertification potential with increasing trends over different years, showing the sensitivity of these areas to land desertification. We confirm the value of this tool for developing land degradation sustainability plans by policymakers and for implementing better management in different parts of the country. 
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Table 1: Summary of the datasets used in this research.
	Data
	Data name
	Product
	Temporal
resolution
	Spatial
resolution
	Data range

	NPP
	Net primary production
	Mod17a3
	Monthly
	0.1 degree
	0 – 6 g/m2 year

	NDVI
	Normalized difference vegetation index
	MOD13C1
	Monthly
	0.5 degree
	–1 – 1

	LAI
	Leaf area index
	MOD15A2
	Monthly
	0.1 degree
	0 – 7 m2

	LST
	Land surface temperature
	MOD11C1   
	Monthly
	0.1 degree
	25 – 45 °C

	TRMM
	Tropical rainfall measuring mission
	TRMM
	Monthly
	0.25 degree
	1 – 2000 mm






Table 2: Land desertification classes based on the Boolean classifying method. 
	Class no
	NDVI (%)
	NPP (%)
	LAI (%)
	LST (%)
	P (%)
	Land desertification class

	1
	80-100
	80-100
	80-100
	0-20
	80-100
	Very low

	2
	60-80
	60-80
	60-80
	20-40
	60-80
	Low

	3
	40-60
	40-60
	40-60
	40-60
	40-60
	Moderate

	4
	20-40
	20-40
	20-40
	60-80
	20-40
	High

	5
	0-20
	0-20
	0-20
	80-100
	0-20
	Very high








Table 3. Correlation analysis between vegetation and climatic indices over the seasonal time series.
	Winter

	Variables
	NDVI
	NPP
	LAI
	LST
	P

	NDVI
	1
	
	
	
	

	NPP
	0.564
	
	
	
	

	LAI
	0.759
	0.732
	1
	
	

	LST
	0.637
	0.315
	0.307
	1
	

	P
	-0.304
	-0.581
	-0.338
	-0.251
	1

	Autumn

	NDVI
	1
	
	
	
	

	NPP
	0.423
	1
	
	
	

	LAI
	0.711
	0.087
	1
	
	

	LST
	-0.054
	-0.178
	0.266
	1
	

	P
	0.168
	0.318
	-0.199
	-0.908
	1

	Summer

	NDVI
	1
	
	
	
	

	NPP
	0.260
	1
	
	
	

	LAI
	0.898
	0.270
	1
	
	

	LST
	-0.651
	-0.087
	-0.458
	1
	

	P
	0.663
	-0.036
	0.556
	-0.725
	1

	Spring

	NDVI
	1
	
	
	
	

	NPP
	0.532
	1
	
	
	

	LAI
	0.915
	0.458
	1
	
	

	LST
	-0.526
	-0.179
	-0.285
	1
	

	P
	0.563
	0.301
	0.333
	-0.844
	1

	Values in bold are different from 0 with a significance level alpha>0.05.









Table 4. Correlation analysis between vegetation and climatic indices over the annual time series.
	Variables
	NDVI
	NPP
	LAI
	LST
	P

	NDVI
	1
	
	
	
	 

	NPP
	0.514
	1
	
	
	

	LAI
	0.927
	0.487
	1
	
	

	LST
	-0.226
	0.041
	-0.111
	1
	

	P
	0.183
	0.001
	0.151
	-0.609
	1

	Values in bold are different from 0 with a significance level alpha>0.05.






Table 5. Results of classifying NDVI%, P%, LST%, LAI% and NPP%   over the period 2001-2015.
	No
	desertification class
	NDVI (%)
	P (%)
	LST (%)
	LAI (%)
	NPP (%)

	1
	Very Low
	1
	1.2
	0.1
	0.5
	0.7

	2
	Low
	1.2
	0.2 
	2
	0.8
	0.3 

	3
	Medium
	2.1
	10 
	17.7
	0.7
	1

	4
	High
	29.5 
	34.8
	39.7 
	2.3
	2.8

	5
	Very High
	66.2 
	53.8
	40.5 
	95.7
	95.2 

	Total
	
	100
	100
	100
	100
	100







[bookmark: _GoBack]Table 6. Land desertification classes for Iran over the period 2001-2015. 
	No
	Class
	Pixel count
	Area (million km2)
	Area (%)

	1
	Very low
	5
	0.003
	0.26

	2
	Low
	33
	0.02
	1.69

	3
	Medium
	144
	0.09
	7.35

	4
	High
	684
	0.43
	34.93

	5
	Very high
	1092
	0.68
	55.77.21

	
	Total
	1958
	1.224
	100




37

image1.wmf
å

å

-

=

+

=

-

=

1

1

1

)

sgn(

N

i

N

i

j

i

j

x

x

S


oleObject1.bin

image2.wmf
ï

î

ï

í

ì

<

-

-

=

-

>

-

+

=

-

0

)

(

,

1

0

)

(

,

0

0

)

(

,

1

)

sgn(

i

j

i

j

i

j

i

j

x

x

x

x

x

x

x

x


oleObject2.bin

image3.wmf

oleObject3.bin

image4.wmf
ú

û

ù

ê

ë

é

+

-

-

+

-

=

å

=

m

i

i

i

s

t

t

t

N

N

N

1

2

)

5

2

)(

1

(

)

5

2

)(

1

(

18

1

s


oleObject4.bin

image5.wmf
ï

î

ï

í

ì

<

+

=

>

-

=

0

,

/

)

1

(

0

,

0

0

,

/

)

1

(

ifs

s

ifs

ifs

s

z

s

s

s

s


oleObject5.bin

