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Abstract:

 Drought events cause changes in ecosystem function and structure by reducing the shrub abundance and expanding the biological soil crusts (biocrusts). This change increases the leakage of nutrient resources and water into the river streams in semi-arid areas. A common management solution for decreasing this loss of resources is to create a runoff-harvesting system (RHS). The objective of the current research is to apply geo-information techniques, including remote sensing and geographic information systems (GIS), on the watershed scale, to monitor and analyze the spatial and temporal changes in response to drought of two source-sink systems, the natural shrubland and the human-made RHSs in the semi-arid area of the northern Negev Desert, Israel. This was done by evaluating the changes in soil, vegetation and landscape cover. The spatial changes were evaluated by three spectral indices: Normalized Difference Vegetation Index (NDVI), Crust Index (CI) and landscape classification change between 2003 and 2010. In addition, we examined the effects of environmental factors on NDVI, CI and their clustering after successive drought years. The results show that vegetation cover indicates a negative ΔNDVI change due to a reduction in the abundance of woody vegetation. On the other hand, the soil cover change data indicate a positive ΔCI change due to the expansion of the biocrusts. These two trends are evidence for degradation processes in terms of resource conservation and bio-production. A considerable part of the changed area (39%) represents transitions between redistribution processes of resources, such as water, sediments, nutrients and seeds, on the watershed scale. In the pre-drought period, resource redistribution mainly occurred on the slope scale, while in the post-drought period, resource redistribution occurred on the whole watershed scale. However, the RHS management is effective in reducing leakage, since these systems are located on the slopes where the magnitude of runoff pulses is low.
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1. Introduction

Shrublands in arid and semi-arid areas, on a small spatial scale, are characterized by a structure of a “two-phase landscape mosaic” of woody vegetated patches and bare or soil-crusted patches [1]. Water, sediments, nutrients and seeds flow across the system, between the components of the landscape mosaic, creating a functional “sink-source” relationship. The crusted soil matrix is the contributory source [2], while the scattered shrub patches act as sinks, capturing the fluxes of the abiotic and biotic elements [3–7]. The spatial variation of the two-phase mosaic in the landscape regulates the water flow and can be considered hydro-ecosystem engineering [8–11].

In the last few decades, a rise in temperature, more frequent drought events and changes in the precipitation regime in arid and semi-arid areas have been observed and reported [12,13]. A number of climate models predict that desertification of many drylands worldwide will occur [14–17]. This focuses the attention of many researchers on the relationships between climate change and desertification in the semi-arid areas that are located in the transition zones between deserts and arable land, due to their high susceptibility to degradation [18]. The change in aridity poses a threat to ecosystems in these areas by altering landscape structure and function. On the one hand, a decrease in precipitation and higher temperatures are drivers of woody vegetation mortality [19–22], and on the other hand, stronger rainfall intensities increase the susceptibility of soil to erosion and flash floods [23]. These changes disturb the function of the present ecosystem source-sink relationship by reducing the shrub cover, which decreases the sink function, resulting in a reduction in resource conservation and an expansion of the biocrust areas that increase the source function of that system, resulting in the leakage of resources [24–26]. In addition to climatic changes, the shrublands in arid and semi-arid areas have been exposed to human activities for thousands of years. Land-use practices, such as livestock grazing and clear cutting, cause a reduction in the abundance of shrub patches and an increase in the biological soil crust cover [27]. Both climate and land-use changes reduce the sink function of the landscape, resulting in the resource leakage of water, organic matter and nutrients and, consequently, in low ecosystem productivity and biodiversity [4,11,25].

On the watershed scale, the relationship between shrub abundance (sink patches) on the slope and river stream flow is based on the spatial configuration of runoff production: crust-covered areas (sources) and runoff-absorbing areas with woody vegetation, plant litter and depressions (sinks) in the watershed slopes [4,7]. While rainfall absorption and runoff production take place at the small scale, due to differences in water infiltration in the sinks and sources [4,25,28], the magnitude and frequency of runoff flow on the slopes and into the river streams depend on the size and location of the source and sink areas, relative to each other. In the arid lands of Israel, where the shrub patches play a major role in the productivity and stability of the ecosystem as fertility islands, the reduction of sink patches makes the entire ecosystem vulnerable to degradation. Degraded arid lands tend to suffer from leakages of resources and water into nearby river streams, due to the system’s inability to retain them by physical or biological means [11,29,30].

A common management solution for decreasing the loss of resources in semi-arid areas is to create human-made arrays of source and sink patches [31]. These arrays have a contoured shape, 10–15 m between the contour dikes, usually following the topographic contour [11,25]. These human-made mosaics are termed “contour line mini-catchments”. Each mini-catchment has three parts. The first is the gently sloped area covered mainly by biocrusts that function as a source of runoff, soil, organic matter and nutrients to the second part. The second is an elongated pit that absorbs and stores these resources, forming resource-enriched patches. The third includes one meter-high soil mounds that prevent the flow of the resources out of the mini-catchment. These contour catchments, termed “runoff-harvesting system” (RHS), spatially integrate natural and human-made arrays in order to harvest runoff water and their associated resources from the natural source area and to concentrate them in the water-enriched zones, where trees are planted and grow together with natural understory vegetation [11]. In Israel, RHSs were constructed along the desert fringe in an attempt to combat desertification and rehabilitate degraded shrubland. Adding human-made sink patches to the system alters the distribution of the abovementioned resources, modifies the landscape connectivity and stability and increases the productivity and diversity of desertified areas [32].

Changes in the configuration of runoff-producing areas (sources) and runoff-absorbing areas and depressions (sinks) in semi-arid regions were found to be essential for the eco-hydrology management of degraded lands [33,34]. Consequently, relatively large areas (about 5000 ha) in the northern Negev Desert have been changed during the last few decades from desertified shrublands to RHSs by the Forest Department of the Jewish National Fund (JNF) [11]. This initiative is called “savannization”, since trees are successfully grown in the sink patches, and the former degraded areas are now characterized by a planted-forest landscape with herbaceous vegetation as the understory, mainly in the human-made pits. The management is based on the idea that the production and diversity in desertified shrublands is not limited by a lack of resources, but by their spatial distribution. It has been proposed that existing water and nutrient resources are not used by biotic elements, because they leak from the landscape before they are concentrated in water-enriched patches and are able to be used by vegetation, animals and humans [35,36].

Recent studies emphasized the importance of changes in vegetation and soil cover as indicators for identifying the changes in the extent, distribution and connectivity of runoff and sediment (e.g., [3,37,38]). These changes determine the movement of abiotic and biotic elements across the landscape and their concentration in resource-enriched patches. The movement and the concentration of the elements among patches from a source area to a sink area are the main drivers of the ecosystem dynamics and are defined as the “source and sink relations” among patches that create resource-deprived and resource-enriched patches on different scales [39]. One of the empirical models to predict runoff yield was developed by Karnieli, et al. [40]. This model assumes a linear relationship between annual rainfalls for a given watershed, taking into account the reduction in runoff efficiency with the increase in catchment area. The model uses the statistical parameters of the rain in order to calculate the recurrence interval of runoff yields and, therefore, can be used to design and construct small catchments for runoff harvesting. Following the source-sink concept as a main controlling mechanism of system dynamics, the objective of the current research is to apply geo-information techniques, including remote sensing and geographic information systems (GIS), on a watershed scale, to monitor and analyze the spatial and temporal changes in response to drought of two source-sink systems, the natural shrubland and the human-made RHSs in the semi-arid environment of the northern Negev Desert. The strength of remote sensing data is providing temporally and spatially continuous information over a large scale on the effect of desertification processes on drylands [41].

The changes in the landscape cover (structure) and the relationships between biocrusts and woody vegetation in unmanaged and managed areas can indicate changes in the runoff-producing areas (sources) and runoff-absorbing areas (sinks) on the watershed scale. In addition to structural changes in land cover function, changes in productivity can indicate the ecosystem responses of the natural source-sink system to drought. From the structural changes, we can also infer functional changes, such as resource conservation and leakage on various scales and energy flow and nutrient fluxes. Changes in RHS function, in terms of productivity in relation to drought, can elucidate the functioning of the human-made source-sink ecosystem under extreme climatic conditions. To identify and assess structural and functional drought-induced changes in natural and human-made landscape mosaics, composed of resource-deprived and enriched patches, we generated three different spectral indices using high-resolution spaceborne images: (1) the Normalized Difference Vegetation Index (NDVI) [42] to evaluate changes in the woody vegetation state; (2) the Crust Index (CI) [43] to evaluate changes in the biocrust state; and (3) a landscape changes index to evaluate changes in the landscape classification cover. In addition, in order to explore spatial changes, environmental factors, such as slope, aspect, distance from the river stream and landscape change effects, were examined in conjunction with vegetation and soil cover after the drought years.

In the present paper, we tested the comprehensive hypothesis that NDVI, CI and the landscape changes index (change detection methods) will provide suitable tools to assess temporal changes in the hydro-ecological dynamics of the desertified shrubland systems and the RHSs with respect to drought years. We specifically hypothesize about the following drought-induced changes in the hydro-ecology: (1) in desertified shrubland systems, drought will (i) decrease resource conservation and increase resource leakage and (ii) increase the scale connectivity of resource flow from the slope scale to the watershed scale; and (2) in RHSs, due to their high sink function, the effect of drought on their resource leakage of water, organic matter and nutrients will be small. However, the effect on the whole ecosystem will be extensive and significant in the context of the distribution and connectivity of runoff and sediment from the slop to the river stream. Therefore, the system can be considered as a drought-resistant system. In addition, we assume that the spatial data obtained and analyzed in this study, coupled with GIS methods and previous knowledge on the structure and function of source-sink systems, will provide a better understanding of the drought-induced environmental changes in unmanaged and managed drylands on the watershed scale.



2. Methods


2.1. Study Area

The study site is located within the Shaked Park near Beer-Sheva in the northern Negev Desert of Israel (31°17′N, 34°37′E, 190–200 m a.m.s.l.), which is a long-term ecological research (LTER) site (Figure 1). Climatically, the park lies in a transition zone between an arid climate zone and the Mediterranean climate (Figure 1). Average annual rainfall is approximately 150 mm (±48.8 mm standard deviation) (Figure 2), most of which occurs between November and March. The soil in general is loessial, about 1 m thick, and consists of 14% clay, 27% silt and 59% sand (USA classification: loess soil with sandy loam texture) on an Eocene chalky bedrock. The natural landscape is composed of a series of discontinuous shrub mounds within a matrix of biocrusts. The small patches of shrubs include mainly Noaea mucronata, Atractylis serratuloides and Thymelaea hirsuta. The biocrusts, which cover about 75% of the soil surface, consist of cyanobacteria, bacteria, algae and lichens [4,44]. The surface of the soil crust is flat and solid, because of the soil particle adhesion caused by polysaccharides, excreted mainly by cyanobacteria and soil algae [45]. The total area of the study system is 445 ha and includes different management regimes: (1) desertified shrubland with no grazing in the LTER (30 ha); (2) desertified shrubland with grazing; (3) managed RHS of 150 ha that was developed in 1985–1987 and consists of contour catchments on hill-slope and mini-catchments as management practices to create sink patches; (4) unmanaged RHS; and (5) a managed river stream area. In the Shaked Park, a series of drought events occurred in September 2008, and October 2009, with 80.0 and 100.0 mm of rain, respectively (Figure 2). Note that the rainfall amounts in these years were below 1 standard deviation from the long-term annual mean. These consecutive two drought years caused large shrub mortality, along with severe reduction in the vegetation cover on the hill slopes and along the river streams. This unique phenomenon was the driver for the current research.

Figure 1. (A) A Landsat-8 OLI image of 2 June 2013, covering the center of Israel and including the location of Shaked Park; (B) general view of the Shaked Park runoff harvesting system (RHS) and the desertified shrubland.
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Figure 2. Long-term record of annual rainfall in Shaked Park. The solid horizontal line indicates the long-term average (at 150 mm), while the dashed lines the ±1 standard deviation from the mean. Note that the 2010 image was taken after two consecutive severe drought years.
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2.2. Vegetation Cover

The vegetation cover provides a comprehensive evaluation of the ecosystem state and services, including measures of changes in ecosystem function [46–50]. In the present study, the woody vegetation cover at the end of the dry season (in the years 2003 and 2010) was evaluated, by calculating the commonly used NDVI, using remote sensing data [42,51]:
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(1)




where ρx is the reflectance at the given wavelength (Equation (1)). The NDVI is based on the contrast between the maximum radiation absorption of red (R, 600–700 nm), due to chlorophyll pigments, and the maximum reflectance in the near infrared (NIR, 700–1200 nm), caused by leaf cellular structure and the fact that soil spectra, lacking these mechanisms, typically do not show such a dramatic spectral difference. The satellite sensor data-based NDVI is often used as an indicator of vegetation activity, as it exhibits a nearly linear relationship with the fraction of photosynthetically-active radiation absorbed by the vegetation canopy [52] and also with net primary production (NPP) [53]. In addition, the NDVI is a powerful monitoring tool for identifying changes of vegetation state in response to drought and climatic change [54]. Using spectral wavebands, this index is quantified by the abovementioned equation (Equation (1)). The NDVI values range between −1 and +1. A value of zero means no vegetation, while values close to +1 (0.8–0.9) indicate the highest vegetation index (green leaves).


2.3. Biocrust Cover

Several indices were used to identify and map cyanobacteria-dominated biocrusts [43] and lichen-dominated biocrusts using multispectral remote sensing [55] and hyperspectral imaging [56]. Other studies use different band combinations in different spectral regions for assessing the development of biocrusts [57,58]. In the current study, the evaluation of the biocrusts was calculated by the CI, using remote sensing data. This index aims to differentiate between crusted and uncrusted areas and to identify areas with different fine and organic matter contents [43]:
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(2)




where ρR and ρB are the reflectance in the red (R, 600–700 nm) and in the blue (B, 400–500 nm) spectral bands, respectively (Equation (2)). The CI takes advantage of a unique spectral feature of soil biocrusts containing cyanobacteria. It has been shown that the special phycobilin pigment in cyanobacteria contributes in producing a relatively higher reflectance in the blue spectral region than the same type of substrate without a biocrust. As a mapping tool, the CI image was found to be much more sensitive to the ground features than the original images. The absence, existence and distribution of soil crust are important information for desertification and climate change studies. CI values range between 0 and +2, but are typically between 0 and +1 [43,59]. The addition of 1 to the result is for obtaining the normalized difference and is recommended in order to create higher values for soils with high fine and organic matter contents. To avoid vegetation effects (photosynthetically-active radiation), all of the woody vegetation had been masked, based on the landscape cover classification, before processing the CI image.


2.4. Landscape Cover Classification

The landscape cover classification was carried out using a support vector machine (SVM) classification [60]. ENVI software was used for creating six classes, namely: trees and woody vegetation, white matrix (representing roads, bare soil and exposed rocks), light matrix (mainly representing light biocrusts), dark matrix (mainly representing pit and sink areas with soil organic matter and plant litter), very dark matrix (mainly representing high soil organic matter, plant litter and depressions) and shadow. The classification model was developed from 1500 calibration points in each class. This technique was followed by an accuracy assessment procedure using a high resolution orthophoto (2-m spatial resolution) with 500 validation points in each class. In addition, field measurements were performed to validate the accuracy assessment. The classification accuracy assessment and evaluation were quantified by the kappa coefficient, and the overall accuracy that was calculated from an error (confusion) matrix [61,62].



2.5. Data Analysis: Input to the Model

The study evaluated the effect of temporal and spatial changes in the desertified shrublands and in the RHS. The purpose of the temporal analysis process was to gain a better understanding regarding the effect of drought events on vegetation, biocrust and landscape cover changes in these systems. Three main indices were calculated: NDVI for vegetation cover, CI for biocrust cover and landscape cover for landscape classification. The purpose of the spatial analysis process was to gain a better understanding regarding the environmental factors that spatially affect the NDVI and CI after drought events. The temporal analyses included several inputs and preprocessing methods. Two images with a high spatial resolution (2.5 m) and four multispectral bands were selected. The first was a QuickBird image from 17 September 2003, and the second was a WorldView-2 image from 28 October 2010 (Figure 3). The differences between the spectral bands of the two sensors were evaluated, and no significant differences were found. The images were selected from the end of the dry season (after a long dry spell). This enabled the evaluation of the specific effects of the woody vegetation, avoiding the effects of wet soil, annuals and wet biocrusts.

Figure 3. (A) QuickBird image from 17 September 2003; and (B) WorldView-2 image from 28 October 2010, of Shaked Park. Both are in false color composite; thus, the red color represents vegetation. In addition, the selected polygons of different management regimes and ephemeral river streams overlay the 2010 image. The polygons represent: (1) desertified shrubland with no grazing in a long-term ecological research station (LTER); (2) managed runoff harvesting system; (3) unmanaged runoff harvesting system; (4) desertified shrubland with grazing; and (5) a managed river stream. Note that the polygons were selected for the same river stream order.
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The research flowchart of the preprocessing stages of the temporal and spatial analysis approach is presented in Figure 4. The preprocessing of the images included radiometric, atmospheric, topographic and geometric corrections. The geometric correction was conducted with respect to orthophoto images with a spatial resolution of 2 m. For the topographic correction, a digital elevation model with a spatial resolution of 2 m was used. The root mean square error (RMSE) of the geometric rectification in the 2003 image was 0.98 (with a standard deviation (SD) of 0.46 per pixel), and for the 2010 image, the RMS was 1.75 (with SD 0.75 per pixel). The radiometric correction (including the atmospheric correction) and the topographic correction were performed with ATCOR3 software. We used the NDVI, CI and the landscape classification changes by two change detection models. The spatial analyses (environmental variables) included solar radiation (representing the aspect of the detected area) and slope layers extracted from the digital elevation model (DEM, 2-m resolution). The Archydro tool in ArcGIS was used to create the river stream layer. These inputs were used to identify the spatial and temporal changes in the system, by analyzing the whole study system and polygons with respect to the different management regimes (Figure 3B). All selected polygons were within a similar area of 16 ha. In addition, all selected polygons had the same second river stream order.

Figure 4. Flowchart of the preprocessing stages of the temporal and spatial analyses.



[image: Remotesensing 06 08134f4 1024]







2.6. Spatial and Temporal Analyses


2.6.1. Change Detection Model

Change detection is the process of identifying differences in the state of an object or phenomenon by observing it in different periods. It involves the ability to quantify temporal effects using multitemporal datasets. The most commonly used is pixel-by-pixel comparison based on the original spectral information. In this case, the accuracy of the radiometric information between the images, the sensors inputs and the weather conditions between the dates are needed to avoid irrelevant changes [63]. Change detection has become one of the major applications of remote sensing data, because of the repetitive coverage in different time intervals and consistent image quality [64]. There are several methods for detecting land cover changes [65–67]. In the present study, two change detection approaches were used for assessing the main changes in the NDVI, CI and landscape cover, between 2003 and 2010. The first approach was to evaluate the changes within a given land cover type (NDVI and CI). The second approach was to convert between several land cover types (classes) by using a change matrix classification. The first approach was used to evaluate changes in NDVI and CI images (ΔCD) [65]:
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(3)




where the subscripts, 1 and 2, represent Dates 1 and 2, respectively, in either the NDVI or the CI images. The results of this operation correspond to an increase or decrease in vegetation or soil cover. A common way to assess changes is based on determining thresholds in terms of standard deviation levels from the mean of ΔCD [68,69]. In this manner, one can distinguish between changed and unchanged pixels, as well as between negative and positive changes [69,70]. In the case of negative changes, the threshold is determined as the maximal value (≈0), and in the case of positive changes, the threshold is determined as the minimal value (≈0), not in adjacency to the mean, in order not to lose meaningful information [66,71]. In the case of the ΔNDVI, changes were analyzed with steps of a half standard deviation, while in the ΔCI case, steps were set to one standard deviation. The selection of the threshold steps in units of standard deviation is based on the dynamic range of the resulting difference data sets.
In order to evaluate the changes in the landscape classification, the second approach of a “change classification matrix” between 2003 and 2010 was used (Figure 4). For each class, the numbers of changed and unchanged pixels were calculated. Furthermore, the total numbers of pixels for each of the six classes were compared between the two images (2003 versus 2010) in order to analyze shifts between classes. Then, the two classification images were overlaid, and a change map was extracted. The output “change classification image” included pixels that were transformed into a different class and unchanged pixels. This was done to evaluate the total change in the classification map. In addition, different changes between classes were converted into a transition matrix and normalized to the total study area. As before, the kappa coefficient and the overall accuracy values were selected for accuracy assessment.



2.6.2. Geostatistics Analysis Models

To evaluate the main environmental effects on NDVI and CI after years of drought, a geostatistics spatial analysis was used. The NDVI and CI prediction values were considered as the dependent variables. Four explanatory variables were examined as predictors in the different years: (1) landscape classification, represented by the landscape cover classification map; (2) aspect [72]; (3) slope; and (4) distances from a river stream. The spatial analysis model requires an input of point features. The images included almost 2 million pixels; therefore, in order to determine the optimal sample size, estimation was applied in which a confidence level of 95% was considered. This resulted in a sample size of about 10,000 points. The 10,000 random points were generated across the different layers, followed by extracting the raster values of each variable layer in associated random points. The two geostatistics analysis models that were used are the geographically weighted regression (GWR) and the hot-spot analysis.

The GWR was designed to consider the location of points, so that spatially varying relationships could be explored [68,73,74]. The model outputs indicate the relations between the NDVI or CI and the four explanatory variables in the different years. The model enables us to understand what effects the explanatory variables have on the variability of NDVI or CI values in the study system. The GWR results include patterns of residuals, residual squares, R2 and adjusted and spatial autocorrelation. The model with the highest R2 for each explanatory variable or combination of variables has the strongest effect on the NDVI or CI.

The second model, the hot-spot analysis, carried out using the Getis-Ord Gi statistic, was used to define the clustered regions and obtain a z-score output for every point [75]. The z-scores are measures of standard deviation that reflect the significance of the clustering. Extreme z-scores mean maximum clustering. In addition, the hot-spot analysis method indicates whether the cluster has high values (hot spot) or low values (cold spot). The final output displays where high and low values are clustered and whether the clustering is significant.




2.7. Statistical Analysis

Analyses of variances for the change in NDVI and CI between the different polygons were tested using an analysis of variance (ANOVA) for repeated measurement and a one-way ANOVA for the average sample for each polygon. The separation of means was subjected to a Tukey test to detect significant differences. The differences between the change in NDVI and CI values were tested for their level of significance at p = 0.05 between different management regime polygons.




3. Results


3.1. Classification

Figure 5A,B presents the vegetation cover, in terms of NDVI, calculated for the years 2003 and 2010. Figure 5C,D presents the biocrust cover, in terms of CI, calculated for the years 2003 and 2010. Figure 5E,F presents the landscape cover classification, classified into six classes, calculated for the years 2003 and 2010. These input results were used to identify the spatial and temporal changes in the system, by analyzing the whole study system and polygons with respect to the different management regimes.

Figure 5. (A,B) NDVI images; (C,D) CI images; and (E,F) landscape classification from 2003 and 2010.
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3.2. Identified Changes in Land Cover

The degradation processes and the mortality of the shrubs in the Shaked Park have been observed as white patches caused by the accumulation of hundreds of shells on the ground. In 2003, before the consecutive drought years, these snails used to feed on and hide in the shrubs (Figure 6A–C). We calculated the land cove features of the desertified shrubland by classifying an airborne image taken in year 2009. The evaluation of the landscape cover included: 39.8% biocrust cover; 29.6% organic matter cover, 25.6% snail shell accumulation; and only 5% woody vegetation cover (shrubs) (Figure 6D–E). This phenomenon of shrub mortality may evidence the degradation processes and the collapse of this shrubland system.

Figure 6. (A) Shaked Park in 2003 with sparse shrub cover; (B) Shaked Park in 2009 covered by white patches of snail shells; (C) accumulation of dying snail shells under a died shrub; (D) airborne true color photograph of Shaked Park in 2009; and (E) classification of the airborne photograph with the percent cover of the ground features.
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3.3. Change Detection Models

Table 1 summarizes the mean and standard deviation (SD) of the two change detection models. Positive means indicate improvement in CI or in NDVI, while negative means indicate degradation. The threshold value was based on SD from the mean change in cases where the mean was between 0.1 and +0.1. When the mean was either smaller than −0.1 or greater than +0.1, the changes were set to zero as the reference point and were not related to the mean. In this study, since NDVI had mainly negative changes, the categories start from zero by adding half an SD towards the negative changes (Figure 7A,C). On the other hand, since CI had mainly positive changes, categories start from zero by adding one SD towards the positive changes (Figure 7B,D). Table 2 represents the results of the ΔNDVI and ΔCI for the different polygons. Significant differences were found in the NDVI between the managed RHS and the managed river stream and the other unmanaged regimes, with a considerably higher ΔNDVI. The ΔCI showed positive changes in most of the areas where no significant differences were found between the management regimes.

Figure 7. Products of image change detection in NDVI and in CI, along with the respective frequency histograms of the change categories; (A) image differencing of NDVI between 2003 and 2010; (B) image differencing of CI between 2003 and 2010; (C) change frequency histogram for NDVI; (D) change frequency histogram for CI.
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Table 1. . Tables 1.Change detection analysis between images, along with the change statistics, mean and SD, for the NDVI and the CI.



	
Image 1

	
Image 2

	
ΔNDVI

	
ΔCI




	






	
Mean

	
SD

	
Mean

	
SD






	
17 September 2003

	
28 October 2010

	
−0.83

	
0.041

	
0.131

	
0.03










Table 2. Image differencing results for the NDVI and the CI products for selected images along with the change statistics, mean and SD in different polygons that represent management regimes. The polygons that were significantly different between management regimes are marked in bold.



	
Polygons for Management Regime

	
ΔNDVI

	
ΔCI




	






	
Mean

	
SD

	
Mean

	
SD






	
Desertified shrubland with no grazing (LTERs)

	
−0.086 a

	
0.021

	
0.149 a

	
0.031




	
Desertified shrubland with grazing

	
−0.098 a

	
0.025

	
0.135 a

	
0.025




	
Unmanaged RHS

	
−0.094 a

	
0.028

	
0.133 a

	
0.032




	
Managed RHS

	
−0.061 b

	
0.027

	
0.137 a

	
0.034




	
Managed river stream

	
−0.061 b

	
0.025

	
0.141 a

	
0.034






Small letters represent significant differences between management regimes.




In addition, change detection products were used in order to analyze category changes in the landscape cover classification. The input to the change classification model included two classification maps. The results of the kappa coefficient and overall accuracy that were calculated from the confusion matrix for the 2003 and 2010 classifications are presented in Table 3. The change classification matrix is presented in Table 4, showing the shifts between classes. Pixels that have changed from one class to another are presented in Figure 8. This map emphasizes the areas that are undergoing changes in landscape cover. Extensive changes are apparent, mainly in the pit patches of the RHSs that appear as contour lines. Thirty-nine percent of the total study area changed in classification from 2003 to 2010. Among all of the classes, the dark and light matrix classes went through the largest change (16%) of the combined areas of both classes. Table 5 presents the changes in the categories of the landscape cover classification from 2003 to 2010. The results show large changes in the number of pixels of the white and dark matrices: an increase in the white matrix, representing an expansion in light biocrusts and bare soil, and a reduction in the dark matrix, representing a decrease in the pit and sink areas and in soil organic matter.

Figure 8. Change detection product for the landscape classification between 2003 and 2010.
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Table 3. Kappa coefficient and the overall accuracy for the landscape cover classification input images.


	Classification Images
	Kappa Coefficient
	Overall Accuracy





	17 September 2003
	93.61%
	0.92



	28 October 2010
	92.26%
	0.91








Table 4. Changes in the landscape cover classification from 2003 to 2010 by class categories. The unchanged pixels are marked in bold along the diagonal.











	Classes
	Trees and Woody Vegetation
	White Matrix
	Light Matrix
	Dark Matrix
	Shadow
	Very Dark Matrix





	Trees and woody vegetation
	10,445
	119
	459
	6741
	3497
	1836



	White matrix
	247
	140,605
	79,989
	10,239
	67
	587



	Light matrix
	1701
	138,631
	590,013
	221,439
	672
	6380



	Dark matrix
	13,835
	25,539
	259,654
	587,707
	8155
	57,152



	Shadow
	2741
	98
	188
	3461
	2684
	1760



	Very dark matrix
	1342
	720
	1967
	27,961
	1773
	17,667



	Unchanged pixels
	
	
	
	
	
	1,349,121



	Changed pixels
	
	
	
	
	
	878,950








Table 5. Number of pixels in each class in the years 2003 and 2010 and the total change in the number of pixels.


	Class
	Number of Pixels in 2003
	Number of Pixels in 2010
	Change in the Number of Pixels from 2003 to 2010





	Trees and woody vegetation
	23,097
	30,311
	7214



	White matrix
	231,734
	305,712
	73,978



	Light matrix
	958,836
	932,270
	−26,566



	Dark matrix
	952,042
	857,548
	−94,494



	Shadow
	10,932
	16,848
	5916



	Very dark matrix
	51,430
	85,382
	33,952










3.4. GWR Statistical Tests

The effect of environmental variables (landscape classification, slope, solar radiation and distance from river stream) on NDVI and CI was studied for each of the two years (2003 and 2010). The spatial analysis results for the GWR statistical tests are shown in Table 6 for the NDVI in both years, with the statistical models that were performed, R2 and adjusted R2 values. The results indicate that in the year 2003, the landscape classification is the best explanatory variable for the NDVI (R2 = 0.58 and R2adjusted = 0.52). Nevertheless, the group of all explanatory variables that gave the best explanation of NDVI in the year 2003 was the combination of all four environmental variables (R2 = 0.82 and R2adjusted = 0.74). However, the GWR results indicate that in the year 2010, the best explanatory variable for the NDVI was distance from river stream (R2 = 0.69 and R2adjusted = 0.62). In both the 2003 and the 2010 results, joined explanatory environmental variables gave higher correlation results for the NDVI. The combination of the variables of distance from river stream, solar radiation and slope showed a higher spatial correlation to the NDVI (R2 = 0.95 and R2adjusted = 0.93). The changes between the years in the environmental explanatory variables of the NDVI can be explained due to the extreme landscape changes in this system.

Table 6. GWR results for the NDVI extracted from the images in the years 2003 and 2010, as the dependent variable, versus the explanatory environmental variables. The bold values are the highest R2 results for each year.


	Dependent Field and Explanatory Field
	R2 (2003)
	R2Adjusted (2003)
	R2 (2010)
	R2Adjusted (2010)





	NDVI versus landscape classification
	0.58
	0.52
	0.65
	0.60



	NDVI versus distance from river stream
	0.47
	0.37
	0.69
	0.62



	NDVI versus slope
	0.48
	0.35
	0.68
	0.59



	NDVI versus solar radiation
	0.44
	0.33
	0.62
	0.52



	NDVI versus landscape classification and slope
	0.706
	0.60
	0.76
	0.68



	NDVI versus landscape classification and solar radiation
	0.73
	0.64
	0.77
	0.76



	NDVI versus solar radiation and slope
	0.49
	0.33
	0.88
	0.82



	NDVI versus landscape classification, distance from river stream and solar radiation
	0.711
	0.604
	0.83
	0.76



	NDVI versus distance from river stream and solar radiation
	0.52
	0.43
	0.95
	0.93



	NDVI versus landscape classification, solar radiation, slope and distance from river stream
	0.82
	0.74
	0.77
	0.71








The results of the GWR statistical tests for the CI in both years are shown in Table 7, with the statistical models that were performed, R2 and adjusted R2 values. The results showed a similar pattern in both years. They indicate that the solar radiation was the best explanatory variable for the CI in both years (R2 = 0.63 and R2adjusted = 0.55 in 2003, and R2 = 0.47 and R2adjusted = 0.36 in 2010). Furthermore, as in the NDVI results, joined explanatory environmental variables gave higher spatial correlation results for the CI. The best combination of the explanatory environmental variables was the combination of all four environmental variables, showing a higher spatial correlation to the CI than any sole variable in both years (R2 = 0.79 and R2adjusted = 0.70 in 2003, and R2 = 0.81 and R2adjusted = 0.72 in 2010).

Table 7. GWR results for the CI extracted from the images in the years 2003 and 2010, as the dependent variable, versus the explanatory environmental variables. The bold values are the highest R2 results for each year.


	Dependent Field and Explanatory Field
	R2 (2003)
	R2Adjusted (2003)
	R2 (2010)
	R2Adjusted (2010)





	CI versus landscape classification
	0.46
	0.39
	0.38
	0.27



	CI versus distance from river stream
	0.47
	0.37
	0.28
	0.17



	CI versus slope
	0.34
	0.28
	0.25
	0.144



	CI versus solar radiation
	0.63
	0.55
	0.47
	0.36



	CI versus landscape classification and slope
	0.61
	0.46
	0.52
	0.35



	CI versus landscape classification and solar radiation
	0.70
	0.60
	0.62
	0.47



	CI versus solar radiation and slop
	0.59
	0.46
	0.49
	0.30



	CI versus landscape classification, distance from river stream and solar radiation
	0.75
	0.64
	0.76
	0.69



	CI versus distance from river stream, solar radiation and slope
	0.78
	0.71
	0.77
	0.71



	CI versus landscape classification, distance from river stream, solar radiation and slope
	0.79
	0.70
	0.81
	0.72










3.5. Hotspot Analysis: Spatial Clustering

The results of the hotspot analyses for the NDVI with high and low clustering values in 2003 and in 2010 are shown in Figure 9A,B, respectively.

Figure 9. Hotspot analysis spatial clustering for the NDVI extracted from the 2003 and 2010 images: (A) hotspot analysis spatial clustering from the 2003 NDVI image; and (B) hotspot analysis spatial clustering from the 2010 NDVI image.
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The pattern analysis enables us to observe changes in the spatial cover, created by random processes. Changes in NDVI with significantly high p-values indicate clear clustering, while low p-values mean that the observed spatial pattern is the result of a random process. Statistically, the higher the positive z-score values, the more intense the clustering of high values (hot spot), whereas the more negative the z-score values, the more intense the clustering of low values (cold spot). The results of the hotspot analysis from 2003 show a clear clustering of high values (hot spot) in the large river stream (third stream order) with a high positive z-score. This clustering is intensified in the results from the 2010 hotspot analysis. The results are in accordance with the positive changes in the NDVI, mainly in the large river stream. However, the negative z-scores mainly represent areas with biocrust expansion. In this case, the clustering of cold spots decreased in 2010. These results are also complementary with the CI change model that showed a positive development in the CI, but with no significant differences between the polygons in the different management regimes.




4. Discussion

A drier climate affects ecosystem functions through changes in the landscape structure that, in turn, affect the functional source-sink relations of abiotic and biotic flows through a reduction of the sink patches and an expansion of the source patches [76]. The changes in landscape mosaic determine the spatial distribution of water, transported solutes, sediments, diversity and productivity in dryland systems [5,38,77,78]. In these systems, the eco-hydrological functioning of watersheds on a small scale (within slope flows) and a larger scale (slope-river stream flows) is based on the spatial configuration of runoff-producing source areas (biocrusts) and runoff-absorbing sink areas (shrubs or human-made pits) in the watershed.

Redistribution of water and overland runoff collection by human-made sinks, such as contour catchments, in order to improve productivity, diversity and ecosystem services, are widely used throughout the world (e.g., [33,79–81]). Previous studies have shown that RHSs enhance ecosystem function by increasing soil organic matter accumulation in the pits [4,25,77], increasing active carbon rates and nutrient accumulation, reducing the leakage of resources by accumulating runoff water and nutrients and preventing soil erosion [4,25]. In the current study, we used the knowledge gained about the relationships between the structure and function of natural and human-made, two-phase mosaics on a small scale to interpret them with regard to large-scale changes. We evaluated changes in vegetation, soil and landscape cover on the watershed scale, due to drought events and the effect of human-made RHSs on landscape structure.


4.1. Spatial and Temporal Changes in Vegetation Cover

The negative change in the NDVI shows that the whole system is in a degradation process in relation to energy flow. Drought years seriously affect the amount of water available for the woody vegetation, significantly reducing vegetation production as a result of water shortage. This effect is well demonstrated by the significant decrease in NDVI values in the unmanaged areas between the years 2003 and 2010. However, our results show significantly higher NDVI in the RHS and in the managed river stream. The effect of the RHS redoes the rate of resource leakage on various scales and on energy flow and nutrient fluxes in the ecosystem. However, the reduction in NDVI change values occurs also in the managed RHS and indicates that the whole ecosystem (managed and unmanaged) is under degradation processes. These results can explain the different dynamics of the redistribution of water and nutrients in managed and unmanaged systems on various scales. The significantly higher NDVI values in the managed RHS are due to a reduction in resource leakage through reduced overland runoff-producing, an increase in rainfall absorption and the prevention of soil erosion in the human-made sink patches. The RHS reduces the degradation rate in the system by adding artificial sink patches that overcome the reduction of the natural shrub sink patches as a consequence of drought [4,25,36]. The significantly high NDVI values in the third order river stream can indicate the higher contribution of water, soil, nutrients and organic matter from the crusted slope to the river that has a positive effect on the natural and planted woody vegetation in the river stream. We are, therefore, suggesting that the drought changes the scale of the source-sink relationships; at present, the whole slope, due to a high biocrust cover, is a source of abiotic and biotic flows, and the river is the sink. However, more studies from multiple sites over long-term periods are needed. In addition, additional observation and experimental studies that focus on links and feedbacks between hydrological, pedological and ecological processes at the watershed scale are needed.

The changes that were observed in the GWR model between the years 2003 and 2010 in the environmental variables can explain the spatial variance by the high changes (39%) in the source-sink relationship. These changes are mainly due to the redistribution process of water and sediment. The hotspot analyses showed clear clustering in the third stream order that intensified from 2003 to 2010. The hotspot analysis, showing the processes of resources flowing from the slope into the river streams, suggests that redistribution influences the spatial clustering, not only of soil, vegetation and ecosystem properties [38], but also of hydrological and erosion sedimentation [82], in this degraded ecosystem. However, more hydrological studies are needed.



4.2. Spatial and Temporal Changes of Biocrust Cover

The development of biocrusts in arid lands contributes positively to the soil’s build up, stability, fertility and runoff generation. Additionally, they are of high importance regarding the landscape’s two-phase mosaic structure that drives soil and vegetation patterns and the redistribution of overland runoff in arid areas [4,7,11,83]. However, there is a tipping point where the functioning of the biocrusts changes the state of the system from a resource-conserving ecosystem into a resource-leaking ecosystem. This state change occurs when the crust cover is high in relation to the shrub cover, and this state is a typical desertification state. Therefore, the state of soil crusts within the landscape mosaic is important for desertification determination and for studies of climate change effects on desertification [44,59]. The present study shows the ability to detect and to map biocrust development, in semi-arid areas after drought years and the utility of applying spectral CI as an indicator of desertification processes. The results show positive changes in the CI with the expansion of the biocrusts in the ecosystem. The reduction in the woody vegetation patches and the biocrust expansion increased resource leakage in the ecosystem on the small, as we already indicated [7,11,83], and the large scale. Several studies have shown that on a sandy substrate, biocrusts stabilize shifting dunes [84]. However, on a loess substrate, as in our case, biocrusts increase resource and nutrient loss with runoff [28,44,85] and reduce the ability of plants to germinate [86]. The decreased production resulting from crust patch expansion indicates desertification processes in our study area as a result of high frequency drought events [87]. Therefore, we suggest that CI could be an effective indicator for detecting large-scale desertification processes due to climate change and as a tool for studying biocrust dynamics [84].

CI is an effective indicator due to the signals driven by the external morphology of the biocrusts, whose development and species composition are highly affected by climate (radiation, temperature, soil structure and moisture). Changes in signals are driven by changes in the morphology of the soil crust by biocrust development that is determined by low moisture (drought) and high radiation. This explains why solar radiation was the best explanatory variable for the CI in both years. Other studies have shown that the species composition of biocrusts in the interslope is dependent on radiation [88]. Detecting changes in the morphology of the biocrusts by CI is important for understanding how materials, such as dust, water and seeds, move across the soil surface covering vast regions in drylands worldwide [57]. Therefore, CI could serve as a universal index for determining the function of a two-phase landscape mosaic in relation to its hydro-geological and biological components. CI indicates the potential of the system to retain or lose water, soil and nutrients and to utilize these resources to produce biomass and to conserve biodiversity.



4.3. Spatial Patterns of Landscape Cover’s Structure and Function

This study demonstrates the importance of identifying the combined climate and human-driven landscape cover changes in landscape structure as an indicator for changes in its hydro-ecological functions. In semi-arid areas, the function is dependent on two types of structures: (1) structures that enhance the movement of abiotic and biotic elements across the landscape; and (2) structures that intercept the movement of these elements and conserve them in resource-enriched patches. The first structures are either formed naturally by cyanobacteria, lichens and mosses as ecosystem engineers and are known as biocrusts or by humans using mechanical means and are known as physical crusts (e.g., [4,28,44]). The second structures are either formed naturally by plants and animals or intentionally by humans in the form of pits and mounds. The two types of structures are linked in their functionality; the crust contributes biotic and abiotic elements to the pits and the mounds that make them resource-enriched patches. These processes create a landscape mosaic made of resource-enriched and resource-deprived patches. The number, size and configuration of the two patch types control resource conservation and leakage on the patch, slope, river stream and the watershed scales.

Soil and nutrient conservation and leakage in drylands occur in pulses driven by rainfall duration and intensity [89]. The frequency and magnitude of resource conservation or leakage are controlled by pulse intensity and landscape mosaic, and therefore, they are spatial-scale dependent. Studies have shown that on a slope scale, the magnitude of water leakage increases with the spatial scale [7]. On a watershed scale, studies have found that the frequency of runoff generation in the river streams is negatively related to watershed size [40], whereas the magnitude is positively related to watershed size [40,90]. The scale-dependent principles, in relation to resource conservation and leakage, were demonstrated in this study. Before the drought, due to the high abundance of shrubs on the slope and the river stream, most of the resources were conserved on the slope and in the first order watershed. After the drought, with the increase of CI, water, soil and nutrients leaked from the slope and from the first and second stream order and accumulated in the large river stream (third stream order). The drought-induced changes, on the scale of resource transportation, are the main causes of desertification on the small watershed scales and of the increase of plant productivity in the large river stream.

Our study shows that mapped changes in NDVI and CI across the landscape demonstrate that human intervention, by constructing RHSs, can mitigate the effect of drought and function as a hydro-ecological ecosystem. RHS mimics the function of the shrub patches through the construction of large pits that increase the sink function in the landscape. In addition, the sink function increases by changing the spatial configuration of the pits. While the shrubs form a spot pattern, the contour catchment system creates a bended pattern that prevents resource leakage. In the RHS, water and materials flow from the natural matrix dominated by soil crust to the human-made catchment as an integrated system that forms highly resource-enriched patches.

Our results show that the RHS is an effective system for reducing the rate and counteracting the negative effects of drought. However, more studies from multiple sites over greater time periods are needed. In addition, more observations and experimental studies that are focused on links and feedbacks among hydrological, pedological and ecological processes at the watershed scale are required to validate this conclusion. RHSs prevent leakage, because they are located on the slope where the magnitude of runoff pulses is low [11]. RHS is an adaptive system, functioning as a source-sink system that can be controlled by adjusting: (1) the distances between the banded catchments; (2) the number of banded contour catchments along the slopes; and (3) the proportional size of the contour catchment area in the RHS and the natural source matrix area [4,25]. However, there are constraints on the number of contour catchments, since there is a trade-off between the distribution of runoff to the slope and to the large river stream. Too many contour catchments limit the movement of water to the large river stream and reduce its productivity. This demonstrates the complexity of landscape management through adding sink functions as a means for combating desertification and mitigating climate change.




5. Summary and Conclusions

This study evaluated the changes in soil, vegetation, and landscape cover due to a series of drought years in a managed and unmanaged desertified shrubland in the northern Negev, Israel. This was done using two spectral indices (i.e., NDVI, CI) combined with landscape classification. In addition, the study examined the environmental effects on the indices behavior and their statistical clustering after a drought period. Our main conclusions are as follows:


	Two opposite trends indicate ecosystem degradation (39% of total area). The NDVI shows negative change (mean change = −0.83; SD = 0.041 indicating vegetation reduction) while the CI shows positive change (mean change = 0.131; SD = 0.03 indicating expansion of biocrusts). The measured changes represent redistribution processes of water, sediments, and seeds in a watershed scale.


	The study utilizes a novel combination of a spectral, spatial, and temporal analysis approach based on the use of remote sensing and geographic information systems. With this in mind, short-term landscape changes following a period of successive drought years are identified by the integrated framework.


	More specifically, for the first time spectral CI is applied as a change detection indicator in conjunction with NDVI. This indicator is used to quantify landscape degradation processes in a watershed scale, especially in arid environment where high vegetation is scarce.


	Future studies should test the success of this framework in different sites and different degradation states. In addition, spaceborne remote sensing (multispectral and hyperspectral) can assist in upscaling the hydrological, pedological, and ecological processes to a regional scale.
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