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Appendix 1. Classification of patch sizes from aerial images 
Although the use of satellite images and aerial photographs has limitations in environments with dense 

vegetation and when trying to estimate tri-dimensional spatial structures (Lefsky et al. 2002), the 

sparsely distributed plant cover at our study sites allowed us to use Google EarthTM and VirtualEarthTM 

to achieve the objectives of our study (see also Quets et al. 2013, Xu et al. 2015). Both Google EarthTM 

and VirtualEarthTM  data come from various sources such as satellite images and aerial photos, which 

present a range of different baseline spatial resolutions, varying from 0.1 m/pixel to 15 m/pixel (e.g., 

~0.6 m/pixel of QuickBird imagery, ~0.4 m/pixel of GeoEye imagery, ~0.4-0.5 m/pixel of WorldView 

imagery, ~0.2 m/pixel of aerial photos, or ~0.3 m/pixel of DigitalGlobe imagery). In our study, we 

gathered only those images that provided a sufficient resolution to visually identify plant patches 

(resolution ≤ 0.3 m/pixel; with no clouds and homogeneous landscape around; see raw data in figshare: 

Berdugo et al. 2016 for the resolution of the images used at each site). 

In most cases, the 30 m x 30 m sites surveyed in the field did not contain enough plant patches to 

obtain a reliable estimation of patch size distributions (White et al. 2008). To overcome this problem, 

we selected three 50 m x 50 m subplots close to each study site on the satellite images, such that one of 

them was placed exactly at the location of the original 30 m x 30 m site surveyed in the field. We used 

the Image processing toolbox in Matlab to perform image classification (MATLAB 2007), which 

allows image classification using the k-means method (Subbiah and Christopher 2012). This method 

partitions the pixels of the picture in clusters according to their luminance intensity (using a 

monochromatic version of the image). We used 30 clusters, ordering them from 1 (darkest pixels only) 

to 30 (the entire image). We classified the images by selecting the luminance threshold (from 1 to 30) 

able to detect all the vegetation pixels of the image by using the graythresh and im2bw functions from 

Matlab. The graythresh function uses the method of (Otsu 1979) for identifying a threshold in the 

luminance of a gray scale image that minimizes intra-class variance of the black and white pixels. We 

used this threshold as a first approximation for automatic classification of the image. Then, we 

classified the image using 30 different thresholds obtained by the k-mean classification analysis 

(Solomon and Breckon 2011). After the automatic classification, we visually checked the images to 

ensure that the classification was satisfactory. In 17.4% of the plots, the threshold selected by Otsu’s 

methodology differed in more than 5 k-mean partitions from the one proposed by expert knowledge 

(which supposed deviations in estimated cover about 5-10%). In such cases we adjusted the luminance 

threshold to the one proposed by expert knowledge. Lastly, we validated the classifications by 

comparing the estimated cover of the images with the cover measured in the field. We related field 



measured cover with that extracted from the first subplot of the images (the one centered in the 

coordinates of the field survey), and only conserved those of which estimated cover was highly 

correlated with the one measured in the field (Pearson’s r ≈ 0.7 a threshold commonly used for 

assuming strong correlation between variables Moore 2010). This reduced the total number of sites to 

115 for further analyses.  

 

Appendix 2. Regular patterns identification 
Regular and irregular patterns identify two types of spatial arrangements that are fundamentally 

different in their formation and consequences (Klausmeier 1999, Rietkerk et al. 2002, Rietkerk and de 

Koppel 2008, von Hardenberg et al. 2010). Whereas regular patterns emerge when facilitation and 

competition processes occur at fundamentally different scales (Lefever and Lejeune 1997, Barbier et al. 

2008), in irregular patterns facilitative interactions merge patches of vegetation generating very large 

clumps and producing patch size distributions fitting power laws (Kéfi et al. 2007, Scanlon et al. 2007). 

Regular patterns are identified by the repetition of a fundamental structure along the space. That is why 

the way of identifying them relies on mathematical analyses using sinusoid fitting functions (sine or 

cosine) which is fitted to the image and, in case regular patterns emerged, will absorb a significant 

proportion of image variability only by sinusoid oscillations (periodic signal or repetitions of a 

particular structure will be identified by the sinusoid function, (Ripley 1981, Mugglestone and 

Renshaw 1998, Couteron and Lejeune 2001)). This analysis is technically called fourier analysis or 

fourier transformation and is used to identify periodic signals hidden in noisy temporal series. When 

applied in space (2D), the resulting of this analysis has two components (x and y) and is averaged 

radially to render final results: r-spectrum. 

Radial spectrum identifies periodicity by peaking at intermediate wavenumbers. Wavenumbers may be 

understood as the number of repetitions within the image (Couteron and Lejeune 2001). When r-

spectrum peaks at intermediate wavenumbers, there is a particular structure in the image that repeats 

itself n (wavenumber) times. On the contrary, if there is not particular structure exhibiting periodic 

patterns, the r-spectrum seems to decay potentially, which would mean that only one structure (the 

entire picture) is repeated once. Therefore, the way of identifying regularity (defined as the periodic 

repetition of vegetation spatial arrangement along the image) if finding peaks at intermediate 

wavenumbers. Indeed we have some clear examples of regular (Fig. A1a) and irregular patterns (Fig. 

A1b). Since no automatic classification has been implemented to date on real pictures, periodic 

patterns are usually identified visually. 



 
Figure A1. Example of clear images following regular (a) and irregular (b) patterns. R-spectrums of images are 

displayed at the bottom. 

 

However, sometimes the distinction is not as simple. This happens, particularly, in the situation in 

which peaks are not easily identified in the r-spectrum, which may happen because three main reasons. 

The first reason is that peaks may not be easily distinguishable from noise. Second, there could be a 

regular trend obscured by the existence of larger scale trends within the image. This may happen 

because heterogeneous images are selected or anisotropic patterns exhibit a change along a slope. 

Third, the signal may be blurred by the existence of contrasting scales in the systems, one of which is 

regular, but is mixed with other that is not. In both cases 2 and 3, false peaks may exist because trend 

in larger scales is masking regularity at smaller scales, therefore contrasting apparently clear peaks is 

necessary.  
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Figure A2. Examples of challenging pictures, including problems associated with noise (a), the existence of trends within 

the picture (b) or the existence of contrasting scales (c). 

 

Indeed, in all these situations peaks need to be contrasted with several methods. For instance, 

sometimes it is enough just to smooth the trend of the r-spectrum using a moving average to 

distinguish real peaks from noise (Fig. A3). Also windowing the image and finding peaks in some 

windows that are consistent with the unclear peak at the subplot level (e.g., when dividing a picture in 

four windows a peak that is apparent in wavenumber = n would appear clear in the r-spectrum of the 

windows at wavenumber = n/2) would further evidence its existence (Fig. A3-6). Finally, the number 

of interpatches found in random transects of the picture should match wavenumbers, since the structure 

that is expected to repeat n times is the patch-interpatch succession (Fig. A4-6). Other method of 

contrasting the peaks are to find consistency between subplots, as those are supposed to be replicates of 

the same pattern. 
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Figure A3. Example of classification rationale 1. This image (a) shows noisy r-spectrum (b). The smoothed version (c) 

clarifies that a peak may occur in wavenumber around 11-12 (blue line). This is validated in, at least, one of the windows 

(d), were the clear peak matches that of the smoothed trend (note that peak in the window r-spectrum should occur at 

wavenumber = 11-12 divided by two). 

 

 
Figure A4. Example of classification rationale 2. This picture (a) shows noisy peaks in the r-spectrum (b), further 

evidenced in the smoothed version (c). Both peaks match the number of interpatches found in 40 random transects of the 

picture (e), and match as well those found in the windows (d), which also evidence that two structures are present in the 

picture. 
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Figure A5. Examples of classification rationale 3. The picture (a) shows contrasting scales and r-spectrums and smoothed 

version do not suggest regularity, or suggest it is mild around wavenumbers of 15 (blue lines). However, windowing the 

image shows emergence of peaks around 7, which do match with number of interpatches and meets this small peak in the 

subplot level r-spectrums. Therefore is classified as regular. 
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Figure A6. Example of classification rationale 4. False positive peak in the image (a). Although r-spectrum (b) and its 

smoothed version (c) indicate regularity, the wavenumber identified (around 4-5, blue lines) do not match the number of 

patch-interpatch structures, which, according to the number of interpatches found in 40 random transects (e) seems to be 

more around 8-9. Since windowing the image do not prodce r-spectrums (d) matching those of the subplots or the number 

of interpatches, this picture is classified as irregular.  

 

To classify definitively the sites in this manuscript we followed these hints to classify images of 

subplots (three per site). We focused on identifying significant peaks (contrasted as highlighted above). 

Sites were classified as regular if at least two subplots were so considered. Because this classifications 

might be subjective two of us did so in parallel and then we did a consensus. The results did not differ 

among the three classifications, therefore seem consistent. In figshare, it can be found the power point 

with all classified images and the explanation of the reasoning leading to that classification.  

 



 

Appendix 3. Additional rationale on the drivers of Spatial patterns 
 

We chose three spatial pattern attributes in this study as response variables. Those aim at describing 

major characteristics of spatial patterns. First, regularity, understood as the evidence of regularity 

emergence of any type (spotted patterns, labirynthine patterns, gapped patterns, etc. See ) was extracted 

by examining the r-spectrum of images to meassure spatial distribution of patches. This method is well 

accepted to estimate spatial distribution (Couteron 2002), and is highly relevant as regular/irregular 

patterns are associated to constrasting mechanisms of formation (dominance across scales of 

competition cf facilitation Lefever and Lejeune 1997, Couteron and Lejeune 2001, Peter and Elke 2005, 

Kéfi et al. 2007, Scanlon et al. 2007). As for the size distribution parameters we chose median of 

patch-sizes and shape of PSD as described in full in the methods of the manuscript. We observed that, 

in general, distributions seem straight (PL-like) with varying levels of curvature, sometimes preceded 

by a plateau (Figure S5). That’s why we decided to use the shape of PSD using a quadratic regression 

(as explained in the text). Appart from the shape, as with any probabilistic distribution, any PSD may 

be characterised by their moments (mean, variance, skewness and kurtosis). However, power law 

functions have no moments, and its description may be accomplished with only one parameter 

(Newman 2005). As PSDs diverge from power laws, more moments seem to be relevant for their 

description, however we found that many of the moments actually seemed summarize by the curvature 

of PSD. Indeed, variance and curvature of PSD were negatively related (r=0.54) as well as skewness 

and curvature (r=0.39). Median and curvature were only slightly related (r=0.15). The advantage is that 

the median can be easily interpreted, as it denotes the grain size of the sites and do not require any 

fitting to a known distribution. Interestingly, the median of patch sizes was very related to the first 

decay observed in the plateau mentioned above. As can be seen in the figure S5, the higher the median 

the flatter this decay. This occurs because when the median of patch sizes is high, less small patches 

are usually found. 

 

The drivers that we wanted to evaluate for the spatial patterns were: sand content, rainfall seasonality, 

aridity, plant cover, height of the dominant species, percentage of facilitated species and soil 

ammelioration. Overall, we selected these variables because they have been related with spatial 

patterns of vegetation or have been formalised as plausible mechanisms of their formation. In the 

introduction of the manuscript, we detail the rationale for choosing both types of plant-plant 



interactions (soil ammelioration and percentage of facilitated species) and habitat type as predictors of 

spatial patterns. Here, we present the rationale on why we selected the rest of spatial patterns drivers. 

Sandy soils are known to exhibit high evaporation and percolation rates, thus exhibiting low 

capacity of retention for water (Potts et al. 2006). Thus, the amelioration effect (e.g., by increasing 

water beneath their cover Pugnaire et al. 1996, Maestre et al. 2003, Berdugo et al. 2014) of nurses in 

sandy habitats is likely especially important for increasing differences between conditions beneath 

nurses and bare soil (Ochoa-Hueso et al. 2018). Indeed, it has been seen in models that pattern 

formation in sandy soils is importantly affected because of the increase in the importance of resource-

concentration mechanisms by plants (von Hardenberg et al. 2010). The second abiotic driver chosen 

was precipitation seasonality. Rainfall seasonality represents an important driver in arid ecosystems, as 

it strongly influences the rainfall efficiency. Indeed, the interplay between root distribution, 

precipitation seasonality and soil texture determine arid ecosystems functioning in a highly relevant 

way (Sala et al. 1997, Le Bagousse-Pinguet et al. 2017). Drylands exhibit a high variability of 

precipitation seasonality and, in particular, rainfall in the warmest period of the year is of paramount 

importance for vegetation growth and ecosystem functioning (Reynolds et al. 1999, Schwinning et al. 

2004). Therefore, although, its inclussion in vegetation patterns has been seldom studied, it would 

make sense that the interplay between seasonality and habitat types would influence the pattern 

formation, so we decided to study the percentage of rainfall falling in the warmest quarter of the year. 

The last abiotic driver studied was aridity. Aridity has been found to be linked to shift PSDs from 

power law to lognormal in modelling (Kéfi et al. 2007) and empirical (Berdugo et al. 2017) studies. As 

found with abiotic drivers, total cover is strongly linked to the formation of PSDs as high cover 

communities tend to clump easily, forming large patch sizes (Abades et al. 2014, Xu et al. 2015). 

Finally, the height of the dominant species may influence patch formation in two ways. First, tall plants 

can have stronger soil amelioration and facilitation effects than small ones (Pugnaire et al. 1996, 

Soliveres et al. 2014). Second, the size of the dominant species may influence the size of isolated 

patches, affecting median patch-size (Borthagaray et al. 2012, Xu et al. 2015). 
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Appendix 5 

 
Figure A1. Validation of image classification analysis. Relationship between the cover extracted from the satellite images 

after visual classification (Target plot cover) and that measured directly in the field (Field plot cover). The red line is the 1:1 

line; the black line is the fitted linear regression. R2 value and the resulting equation are displayed in the graph. 
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Figure A2. Examples of spatial patterns observed. Within each combination of spatial pattern 

features: Examples of images classified (top, black indicates vegetation), patch-size distribution 

(bottom left, plot of inversed cummulative distribution; probability of patch sizes being larger than 

certain patch-size, in cm2) and r-spectrum (bottom right, plot confronting r-spectrum values with 

increasing wavenumber). 
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Fig A3. Main results on regularity using the three classifications proposed. Standardized effect 

sizes of the predictors of regularity evaluated by expert 1 (left column), expert 2 (middle column), and 

as a result of a consensus among both experts (right column) for all habitat types (N= 70), grasslands 

(N = 37) and shrublands (N = 33) after model averaging of the best models in multimodel inference 

analysis (ΔAIC respect from the best model <2). Abiotic (red) and biotic (blue) drivers, and the  

interactions between them (dark red) are displayed in the y-axis. Bars represent 95% confidence 

intervals of effect sizes. deltaOC: Soil amelioration; Facil: percentage of facilitated species; PercRWC: 

percentage of annual rainfall in the warmest quarter of the year; SAC_b: sand content; TCT: total cover. 
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Figure A4. Drivers of patch-size distribution in the models that do not include the percentage of 

facilitated species as a predictor. Standardized effect sizes of the predictors of median plant patch-

size (left column), curvature of PSD (-1*a parameter, middle column) and regularity (right column) for 

all habitat types (bottom pannels, N= 70), grasslands (top pannels, N = 37) and shrublands (second row 

pannels, N = 33) after model averaging of the best models in multimodel inference analysis (ΔAIC 

respect from the best model <2). Abiotic (red) and biotic (blue) drivers, and the  interactions between 

them (dark red) are displayed in the y-axis. Bars represent 95% confidence intervals of effect sizes. 

deltaOC: Soil amelioration; PercRWC: percentage of annual rainfall in the warmest quarter of the year; 

SAC_b: sand content; TCT: total cover. 

 



 

 
Figure A5. Association between PSD and median patch-size. Inversed PSDs found in this study 

(one line per site) colored according to median patch-size (scaled 0-100). Note that increasing median 

produce curved PSDs with a characteristic plateau in the smallest patch-sizes. 



 

Figure A6. Regional trends of the patch-size distributions metrics. Curvature and Median patch-

size (in m2) of different regions of the world represented as violin plots with the points surveyed 

displayed. The standardized effect sizes and P value (in brackets) of latitude and longitude in a linear 

model are shown in the upper left part of the graph. 
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Figure A7. Exploring the generation of spanning clusters. Regression tree applied on the 

classification of spanning clusters. Width of lines is proportional to the number of sites satisfying 

conditions in the node (if left brach lower than, if right brach higher than), which is also indicated in 

the branch. The percentage of sites classified as spanning clusters within the ones indicated in each 

branch is highlighted in green. Spanning clusters were identified in the pictures in which one only 

patch expanded from one side of the latice to the other. Predictors used were the same as described in 

the manuscript. TCT: total cover; deltaOC: soil ammelioration. 
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Figure A8. Distribution of habitat types respect to aridity. Histogram of aridity values in the 

grasslands and shrublands surveyed.



 

Table A1. Effects of the height of the nurse species and the number of beneficiary species on 

maximum patch-size and shape of PSD. 

Standardized effect sizes of height of the nurse and number of beneficiaries on the curvature of PSD 

and on the logarithm of the largest patch size for grassland and shrubland sites. Standard deviation of 

effect sizes is displayed. Data are means ± STD 

Type of vegetation Response 
variable 

Height of 
nurse 

Number of 
beneficiaries 

Grasslans 
Curvature -0.32 ± 0.16 

(n.s.) -0.47 ± 0.16 (**) 

Log(Xmax) 0.32 ± 0.09 
(**) 0.26 ± 0.09 (*) 

Shrublands 
Curvature -0.05 ± 0.17 

(n.s.) 0.37 ± 0.17 (*) 

Log(Xmax) 0.09 ± 0.08 
(n.s.) -0.26 ± 0.08 (**) 

signif. Codes: *, < 0.05; **, <0.01; n.s., not 
significant 

   

 

 



 

 


