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1.3.1 Sampling and analysis for an assessment of spatial pattern  

We performed our sampling along transects 300 to 1334 m in length, divided into 

contiguous 1x1 m quadrats; the response variables used are explained in Chapters 2, 3 and 4. 

The transects encompassed different plant communities, e.g. forest and savanna, as well as 

anthropogenic linear disturbance, mostly firebreaks. This sampling is analogous to regularly 

sampled time series, with the difference that, whereas time series are directional, our data 

were not. Notwithstanding this difference, the explanation below may be applied to time 

series analysis, as the signal, here represented by a spatial transect, may also be represented 

by a time series. The use of either contiguous or regularly spaced quadrats permits the 

detection of patterns that exist at different scales, thus enabling a thorough assessment of the 

spatial variation in the response variables (Dale 1999). However, regularly spaced quadrats or 

other sampling schemes may give misleading results because the spacing of the quadrats may 

interfere with the detection of the underlying spatial pattern and because small-scale patterns 

may only be detected with contiguous quadrats (Dale 1999). We thus chose to use contiguous 

quadrats, which, among other advantages, permit the detection of patterns at all scales greater 

than the quadrat size. However, for the same sampling effort, regularly spaced quadrats 

permit to have longer transects. Thus, the choice to use contiguous or spaced quadrats must 

consider the tradeoff between sampling effort, transect length, and resolution. As edge 

influence often extends for distances of less than ten meters (Harper et al. 2005), the capacity 

to detect small-scale patterns was a requirement for our sampling design, and we chose to 

maximize resolution instead of transect length or number of transects.  

Spatial pattern analysis assesses the pattern of alternating areas with high (patch) and 

low (gap) values of a response variable, for example the cover of a species (Dale 1999). We 

used wavelet analysis (Burrus et al. 1998, Dale and Mah 1998, Percival and Walden 2000), a 

form of spatial pattern and time series analysis that permits an assessment of both the scales 

and the locations of the observed patterns, whereas analyses such as the three-term local 
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quadrat variance (3TLQV) and Fourier analysis only permit the detection of the scales of 

variation (Dale and Mah 1998, Keitt and Urban 2005, Dong et al. 2008). Wavelet analysis is 

therefore appropriate to analyze signals with multiple scales of variation, such as the one in 

Figure 1.1 a and b. Specifically we used scaleogram plots (a way of  showing the patterns that 

occur at different scales, Figure 1.1 c) in Chapter 3, wavelet scale variance (Figure 1.1 d) in 

Chapters 3 and 4, univariate and bivariate wavelet position variance (Figure 1.1 e; Hudgins 

and Huang, 1996, Dale and Mah 1998, Rosenberg and Anderson, 2011) in Chapter 2, 

multiresolution analysis (an analysis that shows the patterns that exist at different discrete 

scales without the lower-scale patterns or noise, Figure 1.2 Percival and Walden 2000) in 

Chapter 4, and a wavelet-based measure of similarity in spatial pattern (Rouyer et al. 2008) in 

Chapter 4. We provide a brief general explanation of wavelets and the related analyses below. 

1.3.2 General overview of wavelet analysis 

Wavelet analysis has been used for pattern detection and analysis in spatial and 

temporal data in plant ecology, animal behavior, marine biology and other fields (Bradshaw 

and Spies 1992, Rouyer et al. 2008, James et al. 2010, Leise et al. 2013). This analysis may 

be used for data such as a time series or a spatial transect, with a response variable measured 

preferentially at regular (or contiguous) intervals. Response variables may be, for example, 

the cover of a plant species or a measure of species diversity in a quadrat for spatial data, or 

the activity level of an animal for temporal data. The data is usually unidimensional, but 

bidimensional wavelets for spatial data also exist (James et al. 2011). 

A central concept in wavelet analysis is the wavelet template, a function with the 

shape of a small, localized wave (therefore the term “wavelet”) (figure 1.3). One 

characteristic of all wavelet templates is that they integrate to zero, meaning that the result of 

the multiplication will be equal to zero when there is no variation in the data. Thus, wavelet 

transforms measure the variation that exists in the response variable; however, the detected 

patterns depend on the wavelet template. Common templates include the Haar wavelet (a step 

function equal to zero throughout most of the transect that changes to 1 and then to -1 before 

becoming again equal to zero; Figure 1.3 a), which shows abrupt changes in the response 

variable, and the Mexican hat wavelet (a second-order derivative of the Gaussian distribution; 

Figure 1.3 b), which is symmetric and shows areas with large values (peaks) surrounded by 

areas with small values, and may thus be used to show the location of patches at different 

scales (Dale and Mah 1998). 
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One form of wavelet analysis is the continuous wavelet transform (CWT), a highly 

redundant transformation of the data that shows the adjustment of the data to a wavelet 

template at contiguous scales of 1, 2... j m, where j is the maximum scale of variation in the 

response variable examined. This is done by multiplying the signal by the wavelet template 

centered at the first quadrat, then at the second quadrat, and so on until the last quadrat. This 

shows how similar is the signal to the shape of the wavelet template at each position along 

the transect. The wavelet template is then expanded and this analysis is repeated for a larger 

scale. When all scales have been analyzed, the result shows how well the data adjust to the 

wavelet template at each position along the transect for different scales, thus permitting the 

assessment of different scales of pattern in the response variables.  The redundancy comes 

from the fact that the transform for a given scale is not uncorrelated (i.e. not orthogonal) to 

the previous and next scales (Percival and Walden 2000). 

The result of wavelet analysis – the wavelet transform – is a set of coefficients 

representing the correspondence between the data and the wavelet template at different 

positions along the data series (Burrus et al. 1998, Percival and Walden 2000). The wavelet 

transform can be arranged as a j x k matrix, with j as the number of different scales and k as 

the number of quadrats or positions along the data series (Burrus et al. 1998). The finest scale 

is the one that represents differences between adjacent quadrats. The maximum scale 

examined depends on the length of the data series, as at high scales the wavelet template will 

always extend beyond the borders of the data series, thus precluding a valid interpretation of 

the results; the maximum scale that may be used for the Mexican hat wavelet is 25% of the 

data series length (Rosenberg and Anderson 2011b). (Parts of the wavelet transform for 

which the wavelet template extended beyond the limits of the signal, and therefore are not 

easily interpretable, are often removed from the result. The result is a semicircular or 

triangular shape of the scaleogram, as in Figure 1.1 c). 

In the wavelet transform, each finer scale provides details that are absent at a coarser 

scale. Thus, if the Mexican hat wavelet is used, a coarse scale may show areas with overall 

large or small cover of a given species, whereas a fine scale may show irregularities in the 

cover of this species within these areas. Alternatively, with the Haar wavelet, a large scale 

would show where an extensive stretch with a large cover encounters an extensive stretch 

with a small cover. This set of coefficients may be shown graphically as a scaleogram (figure 

1.1c), which shows the scales on the Y axis, the positions along the data series on the X axis, 
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and the value of the wavelet transform at each scale and each position as a color or grayscale 

map (Dale and Mah 1999, Rouyer et al. 2008). 

1.3.3 Position and scale variance and covariance 

The CWT may undergo further transformations, for example by calculating the 

variance across scales or across positions along the data series (Dale and Mah 1998). As all 

wavelet templates integrate to zero, the values of the CWT are a measure of the variation at a 

given scale in a given position. These values may be summarized as either scale or position 

variance (Figure 1.1 d, e). Wavelet scale variance (Figure 1.1 d) is calculated as the average 

of the squared CWT coefficients for each scale across all positions; the coefficients are 

squared because the wavelet transform coefficients may assume both positive and negative 

values, whereas variance is necessarily positive. The result is interpreted in the same way as a 

3TLQV and a Fourier analysis, with peaks in variance indicating the predominant scales of 

spatial pattern or to cycles of periodicity in the case of temporal data (Dale 1999). 

Alternatively, instead of looking for peaks, the scale variance at all scales may be compared 

to 95% confidence intervals resulting from null models (see below), with the scales above the 

confidence intervals being considered as significant.  

In turn, wavelet position variance (Figure 1.1 e) is a measure of the amount of 

variation at each position across all scales are considered. It is calculated by summing the 

squared CWT across the scales for each position and dividing them by the number of scales 

(Dale and Mah 1998). This analysis may be used to detect parts of the data series with abrupt 

changes or a large amount of variation in the spatial pattern, especially when considered 

alongside the original data (Figure 1.1 e). 

An extension of wavelet variance that may be used to assess the relationship between 

two response variables is wavelet covariance (Hudgins and Huang 1996). Wavelet scale 

covariance is calculated by multiplying the wavelet coefficients of two response variables  

and calculating the average of this product across all positions for each scale (Rosenberg and 

Anderson 2011a), and it shows the scales at which the two response variables are positively 

or negatively correlated. As such, it is similar to the three-term local quadrat covariance 

(3TLQC; Dale 1999). Similarly, wavelet position covariance is calculated by multiplying the 

wavelet coefficients of two response variables  and calculating their product’s average across 

all scales for each location along the data series (Rosenberg and Anderson 2011a). Parts of 

the data series where both variables vary in the same direction (either both increasing or both 
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decreasing) will therefore have positive wavelet position covariance, and parts of the data 

series in which one variable increases while the other decreases will have negative position 

covariance. Wavelet position covariance will be close to zero in more homogenous areas in 

which there is little variation in at least one of the response variables.  

1.3.4 Discrete wavelet transform and multiresolution analysis 

Another form of wavelet analysis is the discrete wavelet transform (DWT), which 

may also be used to perform a multi-resolution analysis and assess the spatial patterns of the 

response variables at different scales (Keitt and Urban 2005). Unlike the continuous wavelet 

transform, which is performed on continuous scales, i.e. 1, 2. … 329, 330 m (if a maximum 

scale of 330 m is used), the discrete wavelet transform is performed only dyadic scales, equal 

to powers of 2, e.g. 2, 4, 8… 256 m (Percival and Walden 2000). As few scales are analyzed, 

the DWT is much more computationally efficient than the CWT. In addition,  the coefficients 

calculated from each scale are uncorrelated, thus removing the redundancy that exists in the 

CWT (Percival and Walden 2000). On the other hand, the fewer scales analyzed mean that 

the DWT is somewhat less informative than the CWT. 

The DWT proceeds by dividing the original signal into a detail component, 

representing the variation between adjacent values, and a smooth component, representing 

the average value of the signal. The detail component is obtained by multiplying the signal by 

a wavelet function, which is the same as the wavelet template or wavelet function used in the 

CWT. In turn, the smooth component is calculated by multiplying the signal by a scaling 

function, which does not integrate to zero and is not used in the CWT (figure 1.3 c, d; Burrus 

et al. 1998, Percival and Walden 2000). The smooth component is then analyzed in the same 

way, resulting in a detail and a smooth component for the second scale of analysis. This 

procedure is repeated until the final scale the variation at which is analyzed, and the last 

coefficient, known as scaling coefficient, represents the mean values at the next larger scale 

(Percival and Walden 2000, Keitt and Urban 2005; figure 1.2). 

Multiresolution analysis permits to perform the backward process, i.e. reconstruct the 

smooth signal at each scale, thus exploring the patterns at larger scales without the smaller-

scale variation (Percival and Walden 2000, Keitt and Urban 2005). The smooth signal is, 

therefore, the reconstructed signal at each scale, without the lower-scale patterns or noise. 

Several wavelet templates are available for this analysis; we used Daubechie’s least-
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asymmetrical S16 wavelet template because it is similar in shape to the Mexican hat wavelet, 

but is more appropriate for a discrete wavelet transform (Percival and Walden 2000).  

1.3.5 Wavelet-based similarity analysis 

Rouyer et al. (2008) introduced a similarity analysis based on wavelets. This analysis 

proceeds by first calculating wavelet transforms for each of a set of response variables and 

covariance matrices between pairs of wavelet transforms. These covariance matrices are then 

subjected to a multivariate analysis (singular value decomposition), which extracts singular 

vectors associated to common patterns of decreasing importance between the two wavelet 

transforms. By projecting each wavelet spectrum onto its corresponding singular vector, a 

measure showing how the frequency patterns changes in space (or in time), the leading 

pattern, is obtained. A measure of dissimilarity is then obtained by comparing the singular 

vectors and the leading patterns; identical, or parallel, vectors and patterns give a 

dissimilarity of zero. The dissimilarity measure recommended by Rouyer et a. (2008) is 

calculated by calculating the angle between each pair of corresponding segments of the two 

singular vectors and leading patterns. One characteristic of this analysis is that similarity is 

influenced by areas with greater variability, whereas areas where the response variable, e.g. 

the cover of a species, is homogeneous (which often represents species absence), will have 

little influence on the result (Rouyer et al. 2008). The dissimilarity coefficients may then be 

treated with analyses based on distance matrices, such as ordinations (metric and non-metric 

multidimensional scaling), cluster analysis, and analyses to determine the effect of external 

factors (e.g. lifeform) on the pattern of the wavelet transform (such as the multivariate 

permutational analysis of variance – PERMANOVA; Anderson 2001). 

1.3.6 Null models and assessments of significance 

The significance of the wavelet transform and related analyses (wavelet variance, 

multi-resolution analysis etc.) may be assessed by randomization or Monte Carlo tests. The 

simplest randomization test involves complete spatial randomness, in which the quadrats are 

randomly redistributed along the data series (Manly 2007). This, however, is not an 

ecologically meaningful model as it does not consider the autocorrelation structure of the 

response variables (Rouyer et al. 2008, James et al. 2010). We therefore assessed the 

significance of the wavelet analysis by comparing them with patterns expected under 
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different null models that consider different aspects of the data (Table 1.1), and based our 

interpretation on the null models which seamed most ecologically meaningful. 

We based our models on complete spatial randomness (CSR), a first-order Markov 

chain process (MC1), or a second-order autoregressive process (AR2). The models used may 

either treat the data series as homogeneous, i.e. with no differences in the spatial pattern 

between parts of the transect, or as composed of different sections (different plant 

communities in our case) with different spatial patterns. The null models were: 1) 

homogeneous complete spatial randomness, which assumes a stationary spatial pattern and 

does not consider different plant communities along the data series (CSRh); 2) complete 

spatial randomness that accounts for differences between different plant communities (e.g. 

grassland, forest, firebreaks) (CSRs); 3) a first-order Markov chain process that is also 

stationary along the entire data series (MC1h); 4) a first-order Markov chain process that 

includes linear disturbances (i.e. firebreaks and a railroad) (MC1d); 5) a first-order Markov 

chain process that accounts for differences between plant community types (MC1s); and 6) a 

second-order autoregressive process that also accounts for differences between plant 

community types (AR2s). We differentiate between plant communities, corresponding to 

continuous parts of the data series occupied by the same vegetation, and plant community 

types, corresponding to all areas occupied by the same type of vegetation even if they are not 

continuous. For example, the ecotone areas on both sides of a forest patch correspond to two 

plant communities but one single plant community type.  

Models were generated in the following manner (pseudocodes in Supplementary 

Material 1.1, except for model 6): 

1) CSRh: Data were reshuffled without replacement. 

2) CSRs: Data were reshuffled as in CSRh but only within each plant community.  

3) MC1h: We generated a transition matrix for the cover of a quadrat based on the 

cover of the immediately adjacent quadrats. We then assigned the value of a random quadrat 

to a random position along the data series and randomly assigned cover to the adjacent 

quadrats according to probabilities in the transition matrix corresponding to the first quadrat. 

This step was then repeated for each new quadrat until reaching the end of the data series in 

both directions using the transition matrix that corresponds to the previously assigned 

quadrat. 

4) MC1d: This null model is similar to MC1, but the position of the firebreaks and the 

response variable’s pattern associated with them is included in the model. The data were 



Tables 8 

simulated as in MC1, but firebreaks were omitted from the transition matrix. Distances along 

the data series corresponding to the firebreaks were then replaced by random reshuffling of 

values only from within the corresponding firebreak.  

5) MC1s: Transition matrices were generated as in MC1 but separately for each 

section. After simulating data for one section, a random start was chosen for the next section 

and the process was repeated until reaching the end of the data series. 

6) AR2s: Similar to MC1s, but using autoregressive functions (predicting the value of 

a quadrat from the two previous quadrats) calculated separately for each section. One 

difficulty in using this model is that autoregressive models are directional (James et al. 2010), 

whereas our data were not. We therefore calculated AR2 models both ways (towards the end 

and towards the beginning of the data series), and used the average of the two models to 

create a combined AR2 model. As it was not possible to calculate AR2 functions for the 

narrow disturbances, data from the disturbances were randomized as in CSRs. 

For each variable, we simulated 4999 datasets (Chapter 2) or 999 datasets (Chapters 3 

and 4) under a subset of the null models and performed wavelet analysis on each of these 

datasets. We then determined wavelet position variance and covariance for the simulated 

datasets in the same way as for the original data. In the case of bivariate wavelets, we 

calculated wavelet covariance from the simulated datasets of the two variables. We used the 

randomized datasets to establish one-tailed 95% confidence intervals for wavelet variance 

and two-tailed 95% confidence intervals for wavelet covariance, scaleograms and MRA 

analyses; assessment of significance was computationally unfeasible for the wavelet-based 

similarity analysis. For the bivariate position covariance we used two-tailed confidence 

intervals corresponding to the 0.025 and 0.975 quantiles. Thus, for each response variable (or 

combination of response variables in the case of bivariate wavelets) along each data series we 

had five confidence intervals corresponding to the five models, each calculated from 5000 or 

1000 datasets. 

The results of the six null models on a simulated dataset are shown in Figures 1.4, 1.5 

and 1.6. Based on these results and on theoretical considerations, we assumed that peaks in 

wavelet position variance that were not significant in relation to any null model can be 

accounted for by a random distribution of the response variable, whereas peaks significant 

when compared to a CSR model but not to the corresponding MC1 or AR2 model may be 

accounted for by small-scale autocorrelation. In the same way, patterns that were not 

significant in relation to the CSRs, MC1s or AR2s models were assumed to be caused by 



Tables 9 

differences between adjacent sections and are not related to edges. Thus, we assumed that 

significant patterns located close to edges represent edge influence. Figures 1.4 and 1.5 also 

show that the confidence intervals may be somewhat conservative, i.e. fail to detect known 

edge-related patterns, which gives us more confidence that the patterns detected indeed 

represent ecological processes. Throughout the study, we based our conclusions on only one 

model in each chapter (MC1s in Chapter 2, CSRs and Chapter 3 and AR2s in Chapter 3). The 

results of all models except for AR2s on real datasets are shown in Supplementary Material 

2.3 and 2.4. The performance of the different null models on a real dataset is also discussed in 

Chapter 2. 

1.3.6 Software used 

All analyses were performed in R 2.15.3 software (R Core Team 2013), except for the 

wavelet analyses in Chapter 2, which were performed on each randomized dataset in Passage 

2.0 (Rosenberg & Anderson 2011b) by creating a batch file to save the output as text files. 

The codes used for the null models and wavelet analyses are available in Supplementary 

Material 2.2, 3.1 and 4.1. All wavelet analyses in R were performed with the wmtsa library 

(Constantine and Percival 2012), with the functions wavCWT, wavDWT, wavMRD and 

reconstruct. Code for the wavelet similarity analysis was kindly provided by T. Rouyer 

(Rouyer et al. 2008).  
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Tables 

Table 1.1. Comparison among the five different null models used in this study, two of which 

were based on complete spatial randomness (CSR) and three on a first-order Markov chain 

process (MC1). In the model names, h stands for homogeneous (no differences among plant 

communities), s stands for sections (considers the different plant communities or sections of 

the data series), and d stand for disturbance (assumes the data series is homogeneous except 

for firebreaks and other anthropogenic disturbances). 

Assumptions CSRh CSRs MC1h MC1d MC1s AR2s 

No autocorrelation Yes Yes No No No No 

No effect of disturbances Yes No Yes No No No 

No differences between plant 

communities 
Yes No Yes Yes No No 
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Figures 

 

Figure 1.1 Example of two stationary and one none-stationary signals (a) composing an 

artificial signal (b) and results of the wavelet analysis performed on it: scaleoram (c), wavelet 

scale variance (d) and wavelet position variance (e). The signal was generated in R as the 

sum of the signals sin(x), sin(x/3) and sin(x/m) where m is a arithmetic progression from 0.5 
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to 4.0.
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Figure 1.2 Example of a multi-resolution analysis on the same signal as in figure 1.1. 

The left side shows the discrete wavelet transform coefficients at each scale and the right side 

shows the reconstructed signal for a given scale, i.e. without the lower-scale patterns. The 

coefficients D1-D6 are called detail coefficients, whereas the coefficient S6 is the smooth 

coefficient. 
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Figure 1.3 Wavelet templates (also known as wavelet functions or filters) for the a) 

Haar and b) Mexican Hat, and the c) wavelet and d) scaling filters for Daubechie’s least 

asymmetrical S16 wavelet, created with the wmtsa package (Constantine and Percival 2012) 

in R. All wavelet. The wavelet transform shows the correspondence between the signal and 

the chosen template at each scale analyzed.
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Figure 1.4 Example of an artificial signal composed by periodic variation, random variation 

and a non-stationary trend with the addition of a disturbance, edge influence and differences 

between two parts of the signal and the same signal transformed into discrete classes. The 

homogeneous model includes all sources of variation except for edge influence and 

difference between sections. White and light gray background represent parts of the signal 

with different mean values, medium gray represents an area subjected to edge influence, and 

dark gray represents a disturbance (“firebreak”) with zero values. Periodic variation was 

simulated as sin(x/5)*10-5; random variation was simulated as a uniform random variable 

ranging from 0 to 10; and the non-stationary trend was simulated as sin(x/m), where m is an 

arithmetic progression from 2 to 0.5. The different areas were simulated by multiplying all 

the values in one of them by 1.5, and edge influence was simulated by multiplying the values 

by 1.5 once more.
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Figure 1.5. Results of the Mexican Hat wavelet analysis on the final signal of figure 1.3, with 

position (left) and scale (right) variance and confidence intervals for complete spatial 

randomness (CSR), first-order Markov chain (MC1) and second-order autoregressive (AR2) 

null models, for scales from 1 to 75 m. See figure 1.3 for a description of the signal and the 

colors. The black line represents the original wavelet position and scale variance. The gray 

lines represent the confidence intervals for the different null models: CSR (solid line), MC1 

(dashed line) and AR2 (dotted line). The top plot shows homogeneous confidence intervals 

(CSRh, MC1h and AR2h models), the middle ones account for the presence of the firebreak 

(MC1d), and the bottom ones account for differences among the sections of the data series 

(CSRs, MC1s and AR2s models). Notice how peaks in position variance occur some distance 

from the borders between the sections (different-colored areas).
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Figure 1.6.  Results of wavelet analysis with the Haar wavelet on the final signal of 

figure 1.3, with position (left) and scale (right) variance and confidence intervals for 

complete spatial randomness (CSR), first-order Markov chain (MC1) and second-order 

autoregressive (AR2) null models, for scales from 1 to 75 m. See figures 1.3 and 1.4 for 

explanation of the colors and the confidence intervals. Notice how peaks in position variance 

are located at the transitions between sections (different-colored regions). Notice also that the 

confidence intervals for the Haar wavelet appear to be more conservative than for the 

Mexican hat wavelet. 

 


