
ABSTRACT 

KIM, TAEK JOO. Characterization of Spatial Structures and Autocorrelations in Forest 

Stands: Loblolly Pine Plantations in the Southeast US, Low Dipterocarp Natural Forests in 

Indonesia, and Eucalyptus Plantations in Brazil. (Under the direction of Dr. Bronson P. 

Bullock). 

 

Development of a forest is influenced by various factors often resulting in spatially 

autocorrelated patterns. Depending on the underlying spatial process in a forest, a forest will 

exhibit aggregated patterns of similarities or dissimilarities among spatial attributes close in 

proximity. Understanding spatial structures and autocorrelations of forests provides key 

information on underlying processes determining spatial patterns of forests. 

This dissertation is comprised of three chapters analyzing and characterizing spatial 

structures and autocorrelations in forest stands. The first study deals with characterization of 

spatial autocorrelations of detrended diameters of loblolly pine stands at age five in the 

southeast US. Loblolly pine stands of four different levels of genetic homogeneity including 

clones, full-sib families, half-sib families, and a seed orchard mix randomized into two 

spacings (3.0 x 6.1 m; 538 trees per hectare, and 1.5 x 6.1 m; 1077 trees per hectare) were 

analyzed. The results showed that 12.5% of the plots were positively autocorrelated and 5.0% 

of the plots were negatively autocorrelated at an alpha level of 0.10. It was found that spacing 

had an effect on both significant positive and negative spatial autocorrelations. A majority of 

positively and negatively autocorrelated plots were located in the wider spacing and closer 

spacing, respectively. No particular trend in terms of different levels of genetic homogeneity 

was noted except for in one specific clone when planted at a wider spacing. 

The second study deals with applying geostatistical approach to quantify above-

ground biomass (AGB) of Labanan Concession Forest in East Kalimantan, Indonesia. 



Diameters collected with transect sampling were converted to AGB data. Two approaches of 

estimating the spatial distributions, global and stratified, were compared for AGB mapping. 

The global approach does not take local varying structures into account, whereas the 

stratified approach accounts for the heterogeneity of land cover types. Thus, AGBs estimated 

from each land cover type were pooled for the stratified approach. Ordinary kriging was 

performed to predict AGB at unsampled locations. The total estimates of AGB and RMSEs 

for the global and stratified methods were 13,512,392.2 tons (161.92 ton/ha) and 

13,607,205.5 tons (163.05 ton/ha), respectively, which the estimate of stratified method was 

larger than the global estimate by 94,813.3 tons, and 81.0 ton/ha and 81.2 ton/ha, 

respectively, suggesting the degree of accuracy for the two methods was similar.   

The last study deals with change in spatial autocorrelations of diameters, heights, and 

biomass of clonal and seed-origin Eucalyptus plantations in Brazil according to different 

silvicultural treatments over the rotation. Spatial autocorrelations of conventional vs. 

enhanced levels of fertilization, non-irrigated vs. irrigated, and uniform vs. heterogeneous 

stand structures were evaluated and compared, and two distance-based neighborhood 

structures were applied to look at changes in the degree of spatial autocorrelations when 

different numbers of trees were accounted as neighbors. The results suggested that spatial 

autocorrelations of diameters, heights, and biomass of Eucalyptus plantations were mostly 

insignificant at an alpha level of 0.10 over the rotation, however values of spatial 

autocorrelations were maintained below zero in most plots after the middle of rotation 

indicating occurrence of size differences among neighboring trees. In particular for diameters 

and biomass, general declining patterns from positive to negative spatial autocorrelations, 

except for plots with heterogeneous stand structures, were noted at plots treated with 



enhanced levels of fertilization, suggesting the influence of fertilization on the realizations of 

microsite effects in the early stage of stand development. No particular effect was detected 

for the two neighborhood structures except for the increased frequencies of significances in 

spatial autocorrelations for diameters, heights, and biomass. 
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CHAPTER 1 

Introduction 

 

 

 

 

Investigating spatial patterns is important to understand underlying processes determining 

particular spatial phenomena. Various processes influence outcomes of spatial patterns. For 

example, biotic (i.e. reproduction, interaction, competition) and abiotic (i.e. disturbances, 

ecological functions) environmental factors contribute to ecological spatial variation. Spatial 

patterns in ecology are mixed outcomes of relative effects of such factors (Borcard et al., 

1992). Spatial patterns are characterized by the arrangements of each spatial attribute over a 

region. Generally, similar spatial attributes tend to aggregate, whereas dissimilar spatial 

attributes tend to disaggregate as distance between spatial objects increases. In other words, 

spatial attributes which are close together in distance tend to have more chances of similarity 

than spatial attributes further apart (Schabenberger and Gotway, 2005). This spatial 

phenomenon is the essence of spatial analysis and defined as spatial autocorrelation, more 

specifically it is referred to as positive spatial autocorrelation. The spatial pattern opposite to 

positive spatial autocorrelation is negative spatial autocorrelation where a spatial attribute is 

neighbored by dissimilar values (Ullah and Giles, 1998).  
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Spatial autocorrelation can originate from four spatial processes, which are spurious, 

interpolative, true, and induced. Spatial autocorrelation can occur by a non-detectable 

spurious process although spatial attributes are uncorrelated. Spatial autocorrelation from an 

interpolative process is a result of regenerated and reproductive characteristics of spatial 

attributes showing a successional developing spatial pattern with time. Spatial 

autocorrelation by a true process is a response from the interactive process of spatial 

attributes of neighboring observations. Lastly, spatial autocorrelation can be generated by an 

induced process from which a spatial attribute is affected by dependent external factors 

(Dale, 1999; El-Shaarawi and Piegorsch, 2002). Induced spatial autocorrelation is often 

referred to as spatial dependence. The term spatial dependence is usually used in a much 

broader sense to account for the combined effect of both true and induced spatial 

autocorrelation (Fortin and Dale, 2005). 

In conventional statistical tests and inferences such as ANOVA and ordinary least 

squares (OLS) regression, the existence of spatial autocorrelation in data is a nuisance 

violating the assumption that random variables are independent and identically distributed. 

Spatially autocorrelated data appears to have the effect of containing more information than 

is actually present. The standard error of estimate can be seriously biased due to spatial 

autocorrelation. As a result, test statistics are inflated and the inferred p-value becomes too 

small (Lichstein et al., 2002; Schabenberger and Pierce, 2002; Fox et al., 2001; Bullock and 

Burkhart, 2005). The risk of type I error is likely to occur, in other words, test statistics will 

have a higher frequency of obtaining significant conclusions than would be. This is 

problematic since the explanation of spatial phenomenon can be severely flawed. Several 
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methods are suggested to overcome problems stemming from spatially autocorrelated data. 

These methods include subsampling, controlling the type I error rate, controlling the 

adequate sample size, incorporating spatial autocorrelation into a model, and the method of 

randomization. The first method, subsampling, is extracting and analyzing a set of data 

regarded to be independent from a large dataset. The second method is simply controlling 

type I error rate, α, to a stricter level. The third method is based on estimating the number of 

uncorrelated data which would have the same effect as the autocorrelated data sampled. The 

fourth method is using a model, such as an autoregressive models to capture the spatial 

autocorrelation. Finally, a randomization-based method is evaluating the difference between 

the test statistics computed from the actual data and the distribution of the test statistics 

computed from the data generated by randomized approach such as Monte Carlo (Dale and 

Fortin, 2002; Fortin and Dale, 2005; Miller et al., 2007). 

Spatial autocorrelation, however, is more of a usefulness than a nuisance depending 

on the objectives of spatial analysis. In analyzing spatial patterns, spatial autocorrelation 

offers an important basis of inferring underlying spatial process responsible for the 

realization of spatial phenomenon. In addition, spatial autocorrelation enables making 

predictions at unsampled locations in a spatial domain. The existence of spatial 

autocorrelation opens a wide range of opportunities to explain spatial aspects of 

biogeographical phenomenon (Dormann et al., 2007).  

 The first step to analyze spatial autocorrelation is to understand the structure and the 

types of spatial data. Spatial data is typically comprised of a location and its associated 

attribute, usually represented as quantified value. Location provides the positional 



 

4 

information, for example coordinates, and the attribute is the collected observation, or 

measurement at each location at a certain time. To borrow the expressions from Bivand et al. 

(2008), spatial data should contain information on providing answers to the following 

questions, “where is it?” and “what is where?”. There are three types of spatial data: 

geostatistical data, lattice data, and spatial point patterns. Types differ according to the 

characteristics of spatial domain. The domains of geostatistical and lattice data are fixed but 

continuous and discrete, respectively. The domain of spatial point patterns is random, which 

means a set of point data is randomly collected (Schabenberger and Pierce, 2002). Examples 

of geostatistical data include soil organic carbon, soil zinc content, and land surface 

temperature (Hengl, 2009). A classic example of lattice data is the number of sudden infant 

deaths (SIDs) by county in North Carolina (Cressie and Chan, 1989). Examples of spatial 

point patterns are distributions such as plants, seeds, and animals. Geostatistical data is 

usually applied to create maps by using existing data. Lattice data can be modeled using 

autoregressive models. Spatial point patterns deal with analyzing whether the distribution of 

point data is random or not. However, geostatistical data, lattice data, and spatial point 

patterns have one thing in common that they are generated from a spatial random field which 

is based on stochastic properties (Schabenberger and Pierce, 2002). Other properties of 

spatial data include stationarity and isotropy, of which stationarity relates to the stochastic 

property of spatial data. Stationarity is a property that the probabilistic relationship of spatial 

data is defined by the distance separated between two data. Isotropy is a spatial process 

where variation of spatial data is the same independent of direction (Isaaks and Srivastava, 

1989). 
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Spatial autocorrelation is identified and quantified from a set of statistics developed to 

calculate inter-relationships between spatial data. In these statistics, positional reference of 

each spatial data point plays an important role to establish the relationship between any two 

data based on the separation distance. These statistics characterize variation and continuity of 

spatial autocorrelation of spatial data according to the separation distances (Schabenberger 

and Pierce, 2002; Fortin and Dale, 2005; Bivand et al., 2008).  

For geostatistical data, spatial autocorrelation is modeled with variograms. A 

variogram plots mean squared difference between each spatial data against the separation 

distances. Typically, the variogram increases as the separation distance increases and then 

reaches a plateau. The separation distance where the asymptote is reached is the point which 

spatial autocorrelation starts to disappear. Variograms provide the basis of making 

predictions at unsampled points, which is called kriging (Goovaerts, 1997), or variogram 

itself is used to describe varying spatial patterns (Cohen and Spies, 1990). Spatial 

autocorrelation of lattice data can be evaluated by join-count statistics, Moran‟s I, Geary‟s C, 

and spatial correlograms. These statistics measure the strength of spatial autocorrelation in a 

given area. These statistics also can be applied to spatial point data. One notable 

characteristic of these statistics is the spatial contiguity matrix. The spatial contiguity matrix 

defines the inter-connectivity between each data, 1 if a single point is connected to nearby 

data called neighbors, or otherwise 0. The spatial contiguity matrix can be allowed to control 

the degree of inter-relationship of neighbors. For instance, the decaying effect of distance of 

neighbors to a single point can be taken into account. Higher values are assigned to the 

neighbors close in distance and lower values to the neighbors far apart in the spatial 
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contiguity matrix. Join-count statistics, Moran‟s I, and Geary‟s C are expressed as a single 

value whereas spatial correlograms are plots or tables showing change in spatial 

autocorrelation in relation to distances using join-count statistics, Moran‟s I, or Geary‟s C. 

Lattice model can be modeled by autoregressive models if spatial autocorrelation is present 

in the dataset. Spatial contiguity matrix also plays an important role defining dependence 

among the dataset and accounting for spatial autocorrelation in the autoregressive models 

(Upton and Fingleton, 1985). The main interest of spatial point data lies in analyzing patterns 

of distribution (Haase, 1995). Commonly used statistics are nearest neighbors methods and 

Ripley‟s K. These statistics are designed to evaluate whether the data are clumped or 

regularly spaced against randomness, which implies no evidence of a particular spatial 

pattern (Dale, 1999; Fortin and Dale, 2005). Nearest neighbors methods and Ripley‟s K are 

referred to as first- and second-order statistics, respectively. Nearest neighbors methods 

evaluate randomness based on mean distances, whereas Ripley‟s K is concerned with 

variances of distances (Haase, 1995; Anselin and Rey, 2010). More examples of statistics 

applied to evaluate and characterize spatial autocorrelation for the three data types are 

provided in Table A.1 in Appendix A (Perry et al., 2002). 

Forests have long been viewed from a spatial perspective. In the past, information on 

forest productivity connected to sustainability has been dealt spatially to provide the status of 

forests. One of the examples would be timber yield which has been expressed in terms of per 

unit area basis (Jansen et al., 2002). In forestry research, spatial information related to the 

structures of forests has been sought to understand how elements characterizing forests are 

spatially autocorrelated across the region. In particular, spatial structure in forests is essential 
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to understand environmental factors affecting ecology of forests such as growth, 

reproduction, disturbances, and competition (Miller et al., 2002). Understanding the spatial 

structures of forests is also a crucial step to forest ecosystem management. Spatial structures 

of forests are results of interaction among living and non-living organisms, and in addition, 

human beings. Exact information on how these elements relate to the spatial structures of 

forests would provide better insights into managing forest ecosystem (Pommerening, 2006). 

To analyze and understand the spatial structure of forests, statistics developed to 

evaluate spatial autocorrelation have been widely applied. For example, Reed and Burkhart 

(1985) used join-count statistics to analyze spatial autocorrelation of product class, defect, 

and species composition (pine or non-pine) in loblolly pine stand. These data were converted 

into binary format to calculate join-count statistics. No significant autocorrelation was 

detected except for species composition. Gilbert and Lowell (1997) investigated spatial 

autocorrelation of stems per ha, basal area (m
2
/ha), and volume (m

3
/ha) of balsam fir-white 

birch (Abies balsamea L. Betula papyrifera Marsh.) dominated forests in Québec, Canada 

using Moran‟s I and Geary‟s C. Three different varying sampling intensities were applied 

within the study region. They found that the three characteristics were significantly spatially 

autocorrelated with the two highest sampling intensities. A study by Cohen and Spies (1990) 

applied semivariograms to analyze canopy structure of Douglas-fir (Pseudotsuga menziesii 

Mirbel) forest stands in the Pacific Northwest region. Aerial photo pixel sizes of 1 m, 10 m, 

and 30 m were investigated and the 1 m pixel reflected the graphical characteristics of 

semivariogram better than the other two in explaining the spatial autocorrelation of mean tree 

canopy sizes. Bullock and Burkhart (2005) utilized a simultaneous autoregressive (SAR) 
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model to evaluate spatial autocorrelation of detrended stem diameters of young loblolly pine 

plantations with different stand densities. It was demonstrated that 23.2% of plot had 

significant spatial autocorrelation and the number of plots with significant spatial 

autocorrelation increased as planting density increased. This trend peaked and then 

decreased. Chen and Bradshaw (1999) applied Ripley‟s K function to detect spatial 

heterogeneity within a pattern of spruce dominated forest in Changbaishan Natural Reserve 

(CNR), PR China. Point patterns of canopy of spruces were analyzed. Although a pattern of 

randomness was observed for each size class of height, the distribution of the entire height 

data was aggregated.  

While the previous examples are mainly concerned with exploratory analysis of forest 

spatial structures, the following examples are more oriented to utilizing the estimated spatial 

autocorrelation to predict distribution of variables of interest. Spatial autocorrelation is 

estimated by variograms and a prediction at non-inventoried areas is conducted through 

kriging based on the structure of variogram. Variables of interests include forest traits such as 

biomass (Freeman and Moisen, 2007; Castillo-Santiago et al., 2013; Zhang et al., 2013), 

volume (Wallerman et al., 2002; Tiryana, 2005), basal area (Meng et al., 2009), height (Räty 

et al., 2011), etc., or ecological variables associated with forests such as soils (Goovaerts, 

1998), and temperature (Hudson and Wackernagel, 1994). Kriging of these variables provide 

overall maps of the region. 

The focus of this dissertation is to describe and characterize various types of forests in 

terms of a spatial context. This dissertation is organized into three chapters. Two chapters 
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investigate spatial autocorrelation of plantation forests in the southeastern United States and 

Brazil, and the other chapter maps the distribution of forest biomass of an Indonesian forest. 

The first study deals with the spatial characterization of loblolly pine plantations, one 

of the most important tree species planted in the southeastern United States. This study 

investigates the effect of different levels of genetic control (clones, full-sib families, half-sib 

families, and a seed orchard mix) and planting density on spatial autocorrelation. We 

hypothesized that the combined effect of clones and increased planting density will exhibit 

relatively strong positive autocorrelation on the basis that the same genetic information of 

clones may lead to similar growth patterns and decreased planting density may provide less 

competitive environment for resources. Spatial autocorrelation has been evaluated to describe 

inter-tree relationship of loblolly pine plantation at varying planting densities in relation to 

time (Liu and Burkhart, 1994; Bullock and Burkhart, 2005), however no studies have looked 

at how different levels of genetic homogeneity and planting density impact the spatial 

structure of loblolly pine plantations. A general trend of decreasing spatial autocorrelation 

with increase in planting densities and age was noted in Liu and Burkhart (1994), but spatial 

autocorrelation increased with an increase in planting densities but peaked and declined in 

Bullock and Burkhart (2005). For this study, a similar approach to Bullock and Burkhart 

(2005) was used. Simultaneous autoregressive (SAR) model of diameter as a function of total 

tree height was constructed for each combination of genetic controls and spacings plot, and 

the detrended diameter was tested with the spatial autocorrelation parameter contained in 

SAR model. 
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 The second study deals with the estimation of the spatial distribution of above-ground 

biomass (AGB) of Labanan concession forest in East Kalimantan, Indonesia applying 

geostatistical approaches. Stem diameter was collected using transect sampling and AGB was 

obtained from an allometric equation as a function of stem diameter (Samalca, 2007; Wijaya 

et al., 2010a). Spatial variation of AGB was estimated from variograms and kriging was 

applied to estimate unsampled areas of the Labanan concession forest based on the structure 

of estimated variogram. A number of studies have applied geostatistical approaches to 

estimate the spatial distribution of AGB, of which a lot of works can be found in the remote 

sensing applications. In these studies, geostatistical approaches are applied to compare the 

estimate of AGB with non-geostatistical methods (Freeman and Moisen, 2007; Castillo-

Santiago et al., 2013; Zhang et al., 2013; Galeana-Pizaña et al., 2014) or between different 

geostatistical techniques (Tsui et al., 2013), or solely used to obtain the overall estimate of 

AGB (De Jong, 2003; Lamsal et al., 2012) over an area. In this study, global and pooled 

estimates of AGB were obtained. The global estimate takes into account only one spatial 

structure over the entire area, whereas pooled estimate assumes different spatial structures 

depending on the different land cover types, of which the data is available along with stem 

diameter at each transect sampling plot. Thus, for the pooled AGB estimate, AGB estimates 

of each land cover type were added to obtain the overall estimate of AGB over the entire 

area.     

Lastly, the third study deals with effects of different silvicultural treatments on 

temporal changes of spatial autocorrelations of clonal and seed-origin of Eucalyptus 

plantations in Brazil. Different levels of fertilization and irrigation combined with different 
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stand structures were applied, and spatial autocorrelations of diameters, heights, and biomass 

were investigated during the full-rotation years. A lot of studies have looked at change in 

spatial autocorrelations of tree growth over time, however they differ in tree species, 

analyzed time frame, and site preparations or conditions (Reed and Burkhart, 1985; Liu and 

Burkhart, 1994; Hühn and Langner, 1995; Kenkel et al., 1997; Bullock and Burkhart, 2005; 

Fox et al., 2007), and none of these studies have investigated temporal variations of spatial 

autocorrelations when a tree species is treated with a combination of several different 

silvicultural treatments. In these studies, a general trend from positive to negative spatial 

autocorrelations was found over time. In the early stage of stand development, positive 

spatial autocorrelations would be expected when growth of a tree is assumed to be affected 

by microsite environment or genetic similarities in a forest, however negative spatial 

autocorrelations would be exhibited as individual tree starts to compete with nearby trees 

resulting in size differences in neighboring trees (Magnussen, 1994; Fox et al., 2007). In this 

study, Moran‟s I statistics was used to assess spatial autocorrelation. In addition, two 

different distance-based neighborhood structures were analyzed to look at degree of change 

in spatial autocorrelations according to different numbers of neighborhoods accounted. 
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CHAPTER 2 

Spatial Autocorrelation among Different 

Levels of Genetic Homogeneity and 

Spacings in Loblolly Pine 

 

 

 

 

2.1.   Introduction 

Tree growth is spatially structured. In other words, growth of an individual tree is dependent 

upon its neighboring trees which often results in spatially autocorrelated structure. Based on 

the factors influencing tree growth, growth of an individual tree would exhibit positive or 

negative spatial autocorrelation among neighboring trees (Fox et al., 2007). Positive spatial 

autocorrelation is a phenomenon where spatial attributes in proximity are more alike relative 

to those that are more distant apart (Fortin and Dale, 2005), whereas negative spatial 

autocorrelation has dissimilar features aggregated (Griffith and Arbia, 2010). Tree growth is 

a consequence of response to internal and external factors (Burkhart and Tomé, 2012), and 

among these factors, microenvironment and genetic characteristics would result in positive 

spatial autocorrelation: competition would generate negative spatial autocorrelation 

(Magnussen, 1994; Fox et al., 2007; Suzuki et al., 2008; Cheng et al., 2014). Analyzing 
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spatial autocorrelation would provide insights into the factors predominant in regulating tree 

growth. 

Loblolly pine (Pinus taeda L.) is the most commercially important and widely 

planted tree species in the southern United States (Schultz, 1999). To understand and 

characterize stand dynamics of loblolly pine stands, studies have been conducted to look at 

how spatial autocorrelation changes according to different site conditions and stand ages 

(Reed and Burkhart, 1985; Liu and Burkhart, 1994; Bullock and Burkhart, 2005). Reed and 

Burkhart (1985) examined spatial autocorrelation of species occurrence, timber qualities such 

as product and defect classes, and basal area of loblolly pine stands, and found that 

occurrence of loblolly pines and basal area were spatially autocorrelated. In particular, they 

observed the pattern of spatial autocorrelation from positive to negative and then positive 

again for basal area over time, and the magnitude of spatial autocorrelation was correlated 

with crown competition. In the studies by Liu and Burkhart (1994) and Bullock and Burkhart 

(2005), spatial autocorrelation in spacing trials of loblolly pine was sought. Liu and Burkhart 

(1994) evaluated spatial autocorrelations of diameter and total height detrended from site 

variation. They found a general trend of decreasing spatial autocorrelation from positive to 

negative for detrended diameter over time and detected significant negative spatial 

autocorrelation in plots with high planting densities. However, spatial autocorrelation of 

detrended total height was mostly positively significant in most plots with lower planting 

densities over time. Bullock and Burkhart (2005) assessed spatial autocorrelation of diameter 

detrended from tree height and showed that about 23% of plots were significantly 

autocorrelated with large portion of them negatively autocorrelated. There was an overall 
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increasing trend of spatial autocorrelation as planting densities increased, but the proportion 

of significant plots remained mostly consistent in relation to stand age. 

This study aims to analyze the influence of different levels of genetic homogeneity 

and genetic entries while controlling the effects of initial spacings on spatial autocorrelation 

of young loblolly pine plantations. Four levels of genetic homogeneity, which are clonal, 

full-sib, half-sib, and seed orchard mix, were selected and assigned to two different spacings. 

While previous studies have evaluated effects of different spacings on spatial autocorrelation 

in loblolly pine plantations (Liu and Burkhart, 1994; Bullock and Burkhart, 2005), there is 

still a lack of information on stand level characteristics of spatial autocorrelation when an 

individual tree is surrounded by large numbers of genetically identical trees or trees that are 

close relatives.  

The investigated tree characteristic was stem diameter, since stem diameter is the tree 

characteristic showing a dynamic pattern of spatial autocorrelation in relation to differing 

spacings (Liu and Burkhart, 1994; Bullock and Burkhart, 2005). In addition, in studies 

evaluating effects of spacing and genetic background in loblolly pine plantations, stem 

diameter is of particular interest, since it is largely affected by those factors. Many studies 

have shown that mean stem diameter growth is dependent upon different spacings, and in 

general, mean stem diameter decreases as stand density increases (Zhang et al., 1996; Harms 

et al., 2000; Sharma et al., 2002; Land et al., 2004; Will et al., 2005). Sharma et al. (2002) 

points out that stem diameter growth was the most noteworthy among tree characteristics 

affected by differing spacings. Genetic background is also a major factor regulating stem 
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diameter growth for loblolly pine. Stem diameter growth is significantly affected by the 

genetic background of loblolly pine planted (Land et al., 2004). 

In this paper, five-year-old stem diameter was evaluated, and the following 

hypotheses were tested: (1) significant positive spatial autocorrelation would be more 

exhibited in clonal plots; genetic similarity would result in positive spatial autocorrelation 

before the onset of competition among neighboring trees at the early stage of stand 

development; and (2) significant negative spatial autocorrelation would be exhibited more in 

plots with higher density plantings; competition among neighboring trees would be expected 

to be less in plots with wider spacings.    

 

2.2.   Materials 

2.2.1.   Study Site 

The data were collected from the Hofmann Forest located in Onslow County, North 

Carolina (Figure 2.1). The Hofmann Forest research site was established in January 2006 by 

the Cooperative Tree Improvement Program at North Carolina State University to evaluate 

the impact of different levels of genetic homogeneity and spacings on the growth and inter-

tree competition of loblolly pine at the stand level. Mean annual temperature was 16.6°C and 

average total precipitation was 1243.3 mm from 2006 to 2011 (NOAA, 2014). Geographical 

conditions were uniform across the study site. The terrain was flat and even with little 

variation in elevation. The soils were typically wet (Aspinwall et al., 2011).  
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Figure 2.1. Map of the study location, Hofmann Forest (34°49.4ʹN, 77°18.2ʹW). Each 

spacing, 3.0 x 6.1 m and 1.5 x 6.1 m, has 6 replicates. The two 3.0 x 6.1 m spacing blocks at 

the far right are counted as one. On the bottom left is an example of the randomized 

experimental design for each spacing block. 
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2.2.2.   Experimental Design 

Two spacings, 3.0 x 6.1 m and 1.5 x 6.1 m (within-column x between-column), were 

installed and four different levels of genetic homogeneity of loblolly pine, clones (C), full-sib 

families (FS), open-pollinated or half-sib families (HS), and a seed orchard mix (SOM), were 

selected and planted. Two spacings were designed to accommodate 538 trees per hectare 

(TPH) for 3.0 x 6.1 m spacing and 1077 TPH for 1.5 x 6.1 m spacing. The four levels of 

genetic homogeneity include three different somatic embryogenesis clones (C1, C2, C3), 

full-sib families (FS1, FS2, FS3), and half-sib families (HS1, HS2, HS3), and one type of 

seed orchard mix (SOM). These ten genetic entries have been routinely planted for 

production and research in the southeast United States. 

In each spacing, six replications were established for each genetic entry, and the ten 

genetic entries were randomized within each spacing (refer to Figure 2.1). In total, 120 

block-plots of similar genetic material were established. The total numbers of trees planted in 

each block-plot were either 68 (17 rows x 4 columns), 70 (14 x 5), 108 (18 x 6), or 110 (22 x 

5) depending on the available space for planting, but the same number of trees was planted 

for each block-plot within each replicate. Buffer zones of approximately 16.7 m in width 

encompassed each replication block (Figure 2.1). Volunteer trees were removed regularly, 

and understory competition was drum chopped to reduce the impact from extraneous 

competing factors. 
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2.2.3.   Data 

After the fifth growing season, stem diameter (cm) measured at breast height (1.37 m) 

and total tree height (m) were analyzed. The data were measured and collected annually in 

the dormant season from late December to early January. Diameter tapes and hypsometers 

were used to measure stem diameter and total tree height. Descriptive statistics of mean 

diameter and total tree height by genetic entries and spacing is provided in Table 2.1. 

 

 

Table 2.1. Mean diameter at breast height (D) and total tree height (H) at age 5 by genetic 

entries and spacing. Standard error in parenthesis. 

 

 3.0 x 6.1 m  1.5 x 6.1 m 

Genetic 

entries 

Mean 

D (cm) 

Mean 

H (m) 

 Mean 

D (cm) 

Mean 

H (m) 

C1   9.02 (2.64) 4.96 (1.23)    7.75 (2.67) 4.77 (1.29) 

C2 11.12 (2.83) 6.43 (1.26)  10.04 (2.52) 6.63 (1.22) 

C3 11.59 (3.02) 7.14 (1.51)    9.92 (2.58) 7.26 (1.46) 

FS1 12.69 (2.12) 7.05 (0.97)  11.44 (2.03) 7.35 (1.00) 

FS2 13.90 (2.09) 7.14 (0.84)  12.16 (2.16) 7.46 (0.86) 

FS3 13.03 (2.11) 7.02 (0.86)  10.67 (2.86) 6.85 (1.26) 

HS1 12.58 (2.53) 7.11 (1.04)  11.08 (2.47) 7.40 (1.06) 

HS2 12.93 (2.08) 6.97 (0.85)  11.11 (2.32) 7.07 (0.97) 

HS3 13.02 (2.13) 6.73 (0.89)  11.48 (2.14) 6.89 (0.88) 

SOM 12.48 (2.23) 6.91 (0.92)  10.80 (1.07) 7.03 (1.07) 

 

 



 

19 

2.3.   Methods 

2.3.1.   Regression Model 

The following simple linear regression model of stem diameter and tree height was 

applied to account for the large-scale trend stemming from the effect of tree height 

 

D = a1 + a2 ∙ H + ε                                   (1) 

  

where D is stem diameter at breast height, H is total tree height, ε is the error term assumed 

as ε ~ N(0, σ
2
) and a1 and a2 are the parameters to be estimated. In 38 plots out of total 120 

plots, total tree height was natural log transformed. Based on the linear trend between stem 

diameter and tree height, this simple linear regression model (Equation 1) was selected and 

deemed adequate to account for the large scale trend in diameter. Spatial data are a 

compound of large scale trends (deterministic mean structure), small scale trends (local 

structure), and random noise (measurement error). In trees, a large part of the variation in 

stem diameter is described by tree height (Zeide and Vanderschaaf, 2002). The residuals are 

the small-scale trend of stem diameter and were investigated for spatial autocorrelation. After 

the effect of the large-scale trend of tree height was accounted for in the simple linear 

regression model, the residuals then only reflect the local trend of stem diameter. 
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2.3.2.   Neighborhood Structure 

In this research trees in the experimental plots were arranged regularly. The 

randomized plots of genetic entries in each replication resemble the structure of a rectangular 

grid. Rectangular grids can be considered as lattice data, a polygon surrounded by borders 

with related observed values. Each tree represents a centroid of cells which constitute a grid 

and measurements of stem diameter and tree height are related observed values. To quantify 

spatial autocorrelation for lattice data, a neighborhood structure must be defined. Spatial 

neighbors and associated weights constitute the neighborhood structure (Schabenberger and 

Pierce, 2002). 

The neighborhood describes how each lattice data point is interrelated or linked to 

nearby observations. Typical structures of neighborhoods are rook, bishop, and queen 

patterns (similar to chess moves). They are defined as the nearest neighbors contacting the 

borders or points of a subject data point. The other common way to define neighbors is based 

on distance. Observations within the range of a pre-defined distance are considered to be 

neighbors (Schabenberger and Pierce, 2002; Bivand et al., 2008). As a neighborhood 

structure, distance-based neighbors were selected. The maximum distance to include 

between-column neighborhood trees from a subject tree was set to 8.9 m and 6.9 m for 3.0 x 

6.1 m and 1.5 x 6.1 m spacings, respectively. For within-column neighborhood trees, the 

maximum distance was confined to 6.1 m and 3.1 m for 3.0 x 6.1 m and 1.5 x 6.1 m 

spacings, respectively. Under this restriction, three different types of neighborhood structures 

were investigated. Thus, the total numbers of selected neighborhood trees for each 

neighborhood structure were 14, 10, and 6, respectively (Figure 2.2). The three varying 



 

21 

neighborhood structures were considered to comprehensively look at and include the effects 

of above-ground and below-ground relationships (competition) among neighboring trees. 

Dead trees were not represented as neighbors; the mortality rate of each block-plot was less 

than 5%. Only a few block-plots, less than five, had a mortality rate of approximately 10%.  

 

 

 

Figure 2.2. Neighborhood structures considered in this research. Bold circle represents the 

subject tree. The number of trees considered as neighbors were 14 (A), 10 (B), or 6 (C). 

 

 

For spatial weights, an inverse distance weight was selected. Weights define how a 

spatial element is influentially connected to each neighbor. The inverse distance weight 

accounts for the diminishing effect of a neighborhood tree as the distance to the subject tree 

increases. A neighborhood tree located farther from a subject tree will have less influence on 

a subject tree than a closer neighborhood tree. Although the selection of weight depends 

highly on a researcher‟s judgment, considering that similar ecological elements tend to 

cluster (Koenig, 1999), the inverse distance weight may well be a reasonable choice. The 
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inverse distance weight has also been applied in other forestry research projects (see Bullock 

and Burkhart, 2005). In mathematical terms, the inverse distance weight matrix     can be 

expressed as 

 

    {
(
 

   
)

 

                           

                                            

 

 

where     is the distance (m) between two neighborhood trees i and j, and α = 2 where α was 

set to 2 to reflect geometrical trend in decaying effect by distance. In general, the quantity of 

nutrients and resources which are related proportionately to the amount of leaves and roots 

decrease geometrically from a subject tree (Muir, 2005). No weight is assigned to the subject 

tree itself and if tree i and j are not considered neighbors in the weight matrix    . 

 

2.3.3.   Edge Effects 

When assessing spatial autocorrelation, edge or boundary effects occur, if the objects 

outside the borders are the neighbors of spatial data near the boundary. If those neighbors are 

not properly accounted for in the assessment, the parameter estimates will be biased (Griffith, 

1983). Several ways to control for edge effects include creating buffer zones, allocating the 

replicated plot of itself around itself (called the toroidal method), and assigning adjusted 

weights between the two spatial objects in calculating the indices for spatial analysis (Haase, 

1995). 
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The edge correction in this study followed the same approach as the buffer zone 

method. There are two ways to create buffer zones, by collecting more samples around the 

original plot boundary, or by establishing a buffer area inside the plot boundary. One benefit 

of the buffer zone method is that it uses real data. However, the disadvantages are that the 

former method requires more time and effort to collect data, and the latter method can lead to 

data loss as the data within the buffer zone are accounted for only in the neighborhood 

structure and not used as subject trees (Haase, 1995; Fortin and Dale, 2005).  

Two tree rows and one tree column adjacent to the borderlines were considered as 

buffers. Based on the neighborhood structures (Figure 2.2), the two tree rows and one tree 

column along the side of the borderlines were regarded as buffers. Therefore, for both 

spacings, two trees rows (total four tree rows) and one tree column (total two tree columns) 

abutting each borderline of a block-plot were assumed as a buffer zone. They only act as 

neighbors, and zero weights were assigned to the neighbors of each tree in the buffer zone. 

Consequently, they were not used in the actual estimation of spatial autocorrelation. One 

thing to be noted is that one should not be confused with the term buffer zone used in the 

experimental design with the one related to the edge effect. The buffer zone used in the 

experimental design was created with the purpose of preventing study trees from being 

influenced by trees outside the research plots planted at different densities and with unknown 

genetics. 

 

 

 



 

24 

2.3.4.   Simultaneous Autoregressive (SAR) Model 

A common way to model lattice data is through a Simultaneous Autoregressive 

(SAR) model. This model incorporates the spatial autocorrelation structure by regressing the 

data itself and combining the defined neighborhood structure (Schabenberger and Gotway, 

2005). Evaluation of spatial autocorrelation in the loblolly pine block-plots was conducted 

using the SAR model. The spatial autocorrelation parameter contained in the model assesses 

the level of spatial autocorrelation. In matrix notation, the SAR model can be simply written 

as follows. 

 

Y = Xβ + e                                   (2) 

e = B(Y – Xβ) + ε      (3) 

 

where Xβ specifies the linear regression model from Equation 1 (Equation 2), e is the small 

scale trends evaluated for spatial autocorrelation (Equation 3), and ε is assumed to be 

independent and identically distributed as 𝜀 ~ 𝑁(0, 𝜎2
I). With regard to this assumption, the 

lattice data Y is distributed as Y ~ N(Xβ, 𝜎2
(I – B)

-1
(I – B

T
)
-1

). The matrix B defines the spatial 

autocorrelation structure, and this matrix can be decomposed as B = ρW where ρ is spatial 

autocorrelation parameter, and W is spatial weight matrix. Usually the parameter ρ is 

estimated by maximum likelihood. The null hypothesis of no spatial autocorrelation ρ = 0 is 

tested against the alternative hypothesis of significant spatial autocorrelation, ρ ≠ 0 (Bivand 

et al., 2008). Values larger than zero (ρ > 0) indicate positive spatial autocorrelation. 

Negative spatial autocorrelation is represented by values less than zero (ρ < 0). 
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Although the parameter ρ tests the presence of spatial autocorrelation, interpreting the 

parameter requires caution. The parameter ρ cannot be directly translated as a measurement 

for the strength of correlation. High values of this parameter estimate do not necessarily 

coincide with strong correlation (Schabenberger and Pierce, 2002). As shown by Wall 

(2004), correlation between the nearest neighbors changed in an unexpected way regardless 

of the value of the parameter ρ.  

In addition to the SAR model, Moran‟s I index was calculated to complement the 

analysis of spatial autocorrelation parameter ρ. Moran‟s I measures the strength of spatial 

autocorrelation and Moran‟s I statistic for residuals Ir, in matrix notation, is defined as 

 

    ̂
   ̂  ̂  ̂                                   (4)    

 

where  ̂      ̂ and W is the same spatial weight matrix defined in the SAR model 

(Equation 4). The values of Ir ranges from -1 to 1, and positive and negative values indicate 

positive and negative spatial autocorrelation, respectively. The strength of spatial 

autocorrelation increases as Ir approaches -1 and 1. Spatial data is independent if Ir = 0, in 

other words, no spatial autocorrelation is present in the data (Upton and Fingleton, 1985).   

The simple linear regression model and SAR model were fit to each genetic entry 

plot. Thus, a total of 120 spatial autocorrelation parameters were derived and evaluated. 

Normality of stem diameter for each plot was examined using a Shapiro-Wilk test, and non-

normal data were modified to normality by using a Box-Cox transformation (Ribeiro and 

Diggle, 2001). Heteroskedasticity was checked using a Breusch-Pagan test (Zeileis and 
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Hothorn, 2002). The statistical analysis of SAR model and Moran‟s I statistic for residuals 

were conducted with the spdep package (Bivand et al. 2014) of the R statistical software 

v.3.0.2 (R Core Team 2013). 

 

2.4.   Results 

Over all 120 plots, 21 plots had significant spatial autocorrelation as measured by 

either the SAR or Moran‟s I statistic; the rest of the plots showed no indications of spatial 

autocorrelation. Significant positive spatial autocorrelation was noted on 15 plots at an alpha 

level of 0.10 as measured by the SAR model and supplementary test of Moran‟s I statistic for 

residuals after removing the large scale trend. This represents 12.5% of the total number of 

plots (Table 2.2). There were 6 plots demonstrating significant negative spatial 

autocorrelation at an alpha level of 0.10, which is 5.0% of the total number of plots (Table 

2.3).  

 

2.4.1.   Positive Spatial Autocorrelation 

Among the ten genetic entries, C2 and HS1 had the highest numbers of plots with 

significant positive spatial autocorrelation followed by FS1. In C2 and HS1, 33.3% of the 

plots showed significant positive spatial autocorrelation. In FS1, 25.0% of the plots showed 

significant positive spatial autocorrelation. Four genetic entries, C1, C3, HS2, and HS3, had 

only one plot with significant positive spatial autocorrelation. No particular trend was 

detected in terms of the different levels of genetic homogeneity (Table 2.2). 
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In regards to the spacing effect (Table 2.2), the 3.0 x 6.1 m spacing had twice the 

number of plots with significant positive spatial autocorrelation compared to the 1.5 x 6.1 m 

spacing. There were 10 plots with significant positive spatial autocorrelation in the 3.0 x 6.1 

m spacing and 5 plots in the 1.5 x 6.1 m spacing. The wider spacing accounted for 66.7% of 

the plots with significant positive autocorrelation. In particular, there was a noticeable effect 

of spacing on clone C2. Plots with significant positive spatial autocorrelation accounted for 

66.7% of the plots with wider spacing in clone C2. However, no significant positive spatial 

autocorrelation was detected in the closer spacing in clone C2. 

   

2.4.2.   Negative Spatial Autocorrelation 

The 1.5 x 6.1 m spacing had higher numbers of plots with significant negative spatial 

autocorrelation than the 3.0 x 6.1 m spacing. There were a total of 5 plots with significant 

negative spatial autocorrelation in the closer spacing, whereas only one plot was found to be 

significant in the wider spacing. No distinctive trend was detected in terms of the four 

different levels of genetic homogeneity for negative spatial autocorrelations (Table 2.3). 
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Table 2.2. Significant positive spatial autocorrelation by genetic entry and spacing evaluated 

using three neighborhood structures (A, B, C). Notes: SAR rho, spatial autocorrelation 

parameter ρ; SMI, standardized Moran‟s I statistic for residuals; A, B, C represent the 

neighborhood structures in Figure 2. Asterisk indicates significant at alpha level of 0.10. 

Otherwise, significant at alpha level of 0.05 (The detailed results including estimations using 

inverse distance weight are provided in Appendix B).  

  

 3.0 x 6.1 m  1.5 x 6.1 m  

 Neighborhood structures  Neighborhood structures  

 A B C  A B C  

Genetic 

entries 

SAR 

rho SMI 

SAR 

rho SMI 

SAR 

rho SMI  

SAR 

rho SMI 

SAR 

rho SMI 

SAR 

rho SMI Total 

C1        3.0* 2.0 3.0* 1.9* 2.9* 1.8* 1 

C2 15.0 3.6 16.1 3.7 17.6 3.7         

 19.1 3.3 19.6 3.2 21.2 3.1         

 17.8 4.0 18.3 4.0 19.6 3.8         

     17.7* 1.9*        4 

C3        3.7* 1.8* 3.6* 1.8* 3.6* 1.8* 1 

FS1   9.3* 2.0 9.8* 1.9*         

        6.4 4.2 6.4 4.2 6.4 4.1  

        3.5 2.5 3.4 2.5 3.4 2.6 3 

FS2              0 

FS3              0 

HS1 17.0 3.3 18.1 3.5 19.8 3.8         

 19.6 3.4 20.2 3.2 21.6 3.0         

 15.7 2.7 17.7 2.9 20.3 2.9         

        3.0* 2.0 3.1* 2.1 3.0* 2.1 4 

HS2 16.0 2.4 16.9 2.5 20.8 3.1        1 

HS3 11.8* 2.1 14.4 2.6 16.2 2.8        1 

SOM              0 

Total 10  5 15 

 

 

 

 

 

 



 

29 

Table 2.3. Significant negative spatial autocorrelation by genetic entry and spacing evaluated 

using three neighborhood structures (A, B, C). Notes: SAR rho, spatial autocorrelation 

parameter ρ; SMI, standardized Moran‟s I statistic for residuals; A, B, C represent the 

neighborhood structures in Figure 2. Asterisk indicates significant at alpha level of 0.10. 

Otherwise, significant at alpha level of 0.05 (The detailed results including estimations using 

inverse distance weight are provided in Appendix B).  

 

 3.0 x 6.1 m  1.5 x 6.1 m  

 Neighborhood structures  Neighborhood structures  

 A B C  A B C  

Genetic 

entries 

SAR 

rho SMI 

SAR 

rho SMI 

SAR 

rho SMI  

SAR 

rho SMI 

SAR 

rho SMI 

SAR 

rho SMI Total 

C1        -4.5 -2.0 -4.5 -2.0 -4.5 -2.0 1 

C2              0 

C3              0 

FS1   -19.0 -1.7*           

        -3.7 -1.7* -3.6* -1.6* -3.8 -1.7* 2 

FS2        -5.7 -1.7*   -5.7 -1.7* 1 

FS3              0 

HS1              0 

HS2        -4.3 -1.9* -4.3 -2.0 -4.2 -1.9* 1 

HS3        -1.3 -1.9* -6.7 -2.1 -6.5 -2.0 1 

SOM              0 

Total 1  5 6 

 

 

 

2.5.   Discussions 

 The results suggest that the spatial structure of detrended stem diameter in most plots 

was random with no strong indications of significant positive or negative spatial 

autocorrelations. The results are consistent with other similarly related studies which 

analyzed temporal changes of spatial autocorrelation of detrended diameter in even-aged 

loblolly pine plantations with different planting densities (Liu and Burkhart, 1994; Bullock 

and Burkhart 2005). At stand age five, which is the age evaluated in this current study, 
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Bullock and Burkhart (2005) showed that 22.9% of the total number of plots had significant 

spatial autocorrelation and 37.5% of the plots represented significant spatial autocorrelation 

in Liu and Burkhart (1994). In Liu and Burkhart (1994), a large portion of the significant 

spatial autocorrelations was found at earlier ages of stand development, which were mostly 

positive. In our study, 17.5% of the total number of plots exhibited significant spatial 

autocorrelation, a slightly lower percentage than Bullock and Burkhart (2005). A similar 

trend has been also detected in Eucalyptus plantations (Fox et al., 2007) with different 

thinning applications. Most of the plots did not have significant spatial autocorrelation at age 

five in Eucalyptus plantations. In the studies of temporal variations of spatial autocorrelation 

in stem diameter of different tree species including loblolly pine (Liu and Burkhart, 1994; 

Bullock and Burkhart, 2005), jack pine (Kenkel et al., 1997), Eucalyptus (Fox et al., 2007), 

and larch (Hühn and Langner, 1995), a general trend of declining from positive to negative 

spatial autocorrelation from early to later ages was found, although significance of spatial 

autocorrelation was not exhibited throughout every year for each plot. Trees at age five may 

be in an interim stage between positive and negative spatial autocorrelation, before the onset 

of intensive competition which would generate negative spatial autocorrelation. More plots 

with significant negative spatial autocorrelation would be expected as age increases as shown 

by Bullock and Burkhart (2005). 

 In the plots with significant spatial autocorrelation, it was shown that spacing had an 

effect on both positive and negative spatial autocorrelations on the detrended diameter. Most 

of the plots with significant positive spatial autocorrelation were observed in the wider 

spacing whereas most of the plots with significant negative spatial autocorrelation were 
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detected in the closer spacing. This result is consistent with what we hypothesized about the 

spacing effect on spatial autocorrelation. Individual trees compete for light, water, nutrients, 

and physical growing space (Daniels et al., 1986). Spacing is an exogenous factor (Waxler 

and Van Buijtenen, 1981; Land et al., 2004) affecting the growth of loblolly pine, and the 

wider spacing may have created a less competitive environment for acquiring other 

resources, resulting in positive spatial autocorrelation. The presumably more competitive 

environment in the closer spacing may have generated an increase in the negative spatial 

autocorrelation where large trees are surrounded by small trees or vice versa. Closer spacing 

creates a „density stress‟ for trees resulting in contrasting size hierarchy in their growth (Ford, 

1975). Admittedly, the two spacings considered in this research (538 and 1077 TPH) are not, 

by many standards, considered “close” spacings. For loblolly pine planted on very productive 

sites in the lower coastal plain of the southeast United States, these spacings are more 

appropriate. 

 Growth of loblolly pine is known to be affected by genetic differences from early 

ages (Waxler and Van Buijtenen, 1981; Land et al., 2004), however there were no particular 

effects of differing levels of genetic homogeneity on significant spatial autocorrelations. It 

was expected that positive spatial autocorrelation would be detected in clonal plots with a 

high frequency, given the homogeneity of the clonal genetic material. The only clone with a 

large number of plots with significant positive spatial autocorrelation was clone C2, and the 

significant plots were only found in the wider spacing, indicating an influence of spacing on 

the positive spatial autocorrelation for a particular clone. In the plots for the other two clonal 

entries, only one plot was found to be significant at the closer spacing.  
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2.6.   Conclusions 

This study evaluated the effects of different levels of genetic homogeneity and initial 

spacings on spatial autocorrelations of loblolly pine stands at age five. It was demonstrated 

that spacing had an effect on the increased frequency of significant spatial autocorrelations. 

No strong trends in spatial autocorrelation were noted across the different levels of genetic 

homogeneity; clones, full-sib families, open-pollinated families, and the seed orchard mix all 

were similar as far as the occurrence of autocorrelations. Further research should be focused 

on the temporal variation of spatial autocorrelation to better understand how genetic entries 

and spacing affect stand dynamics of loblolly pine in the long-term. The current research 

enables growth modelers to better characterize and understand the dynamics of loblolly pine 

stands from different genetic backgrounds at two spacings. 
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CHAPTER 3 

Spatial Distribution of Above-Ground 

Biomass in Labanan Concession Forest in 

East Kalimantan, Indonesia  

 

 

 

 

3.1.   Introduction 

Evaluation of forest biomass is essential to assess forest growth and productivity. 

Quantification of forest biomass is also important to estimate carbon stored in a forest 

because carbon comprises about half of the biomass (Brown, 1997). Due to the significant 

role of forests involved in the global carbon cycle (Pan et al., 2011), precise measurements of 

forest biomass is currently one of the most critical issues in the research of global climate 

change and carbon flux and sequestration in forests (Tanase et al., 2014), and quantifying 

forest biomass has gained a fair amount of interest over the past few decades (Usuga et al., 

2010). Since field data of below-ground biomass cannot be collected easily, above-ground 

biomass (AGB) has usually been estimated and quantified (Lu, 2006). 

So far, the estimation of AGB has been derived from techniques based on field 

measurements, remote sensing, and Geographic Information System (GIS) (Lu, 2006; Wijaya 
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et al., 2010a). Field measurements are obtained directly by felling trees and cutting them into 

sections, and then the parts are oven dried and weighed to derive estimate of AGB (Brown, 

1997). This method is known to be the most accurate way for estimating AGB by far (Djomo 

et al., 2010). Indirect tree measurements of AGB such as stem diameter or total height are 

often correlated to develop allometric equations for AGB estimation (Pearson et al., 2007; 

Basuki et al., 2009; Djomo et al., 2010; Blujdea et al., 2012; Rutishauser et al., 2013) that can 

then be used in subsequent estimations. In estimating AGB over a large region, a remote 

sensing method is useful, and is especially effective in assessing AGB in inaccessible areas 

where data collection is difficult (Lu, 2006). Airborne small-footprint Light Detection and 

Ranging (LiDAR) is currently being evaluated as the most promising tool for estimating 

spatial distributions of AGB over large areas (Laurin et al., 2014). Environmental 

measurements such as tree height, Normalized Difference Vegetation Index (NDVI), and 

Leaf Area Index (LAI) obtained from remote sensing data are correlated with ground 

measurements of AGB since direct measurements of AGB are not available through remote 

sensing techniques (Saatchi et al., 2007; Basuki et al., 2009; Tsui et al., 2013). GIS approach 

to estimate AGB is based on superimposing maps of supplementary information, such as 

elevation, slope, soil, precipitation, and land cover into the GIS software (Lu, 2006; Wijaya 

et al., 2010a) and then using this information to aid in AGB estimation. 

In this work, a geostatistical approach was applied to estimate the spatial distribution 

of AGB over a forest region. Unlike the approaches aforementioned, geostatistics treats the 

observed data in the context of their locations by looking at the relationship in terms of 

distance between each point. Geostatistics takes stochastic assumptions on the observed 
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dataset. The stochastic approach has the advantage of estimating the errors for the prediction. 

Spatial variation is assessed through variograms. Variograms model spatial dependency 

among the data as a function of distance. Based on the model of the variogram, predictions 

are made. The prediction is referred to as kriging in geostatistics (Webster and Oliver, 2007).  

Geostatistical methods have been widely used in the research of forestry to analyze 

spatial distribution and mapping of AGB over large areas. Two different approaches to derive 

spatial structures of AGB were applied according to the availability of secondary 

information, of which a lot of work using secondary information can be found in remote 

sensing applications. With available ground based AGB data, the deterministic part of AGB 

was modeled using remote sensing data (i.e., LiDAR, spectral bands, vegetation indices, 

satellite images, etc.), often combined with environmental variables (i.e. soils, vegetation 

type, elevation, etc.), and then the spatial structure of residuals is assessed for kriging after 

removing the deterministic part from AGB. Different kriging techniques were applied in this 

research including ordinary kriging, regression kriging, co-kriging, and universal kriging (De 

Jong, 2003; Freeman and Moisen, 2007; Sales et al., 2007; Castillo-Santiago et al., 2013; 

Lamsal et al., 2012; Tsui et al., 2013; Zhang et al., 2013; Galeana-Pizaña et al., 2014). On the 

contrary, in cases without secondary information, some research directly explored spatially 

varying structures of AGB. Kriging estimates of AGB were derived from the model of spatial 

dependency of AGB (Hero et al., 2013).  

The objective of this study was to explore the structure of spatial continuity of AGB 

collected by systematic transect sampling and estimate the spatial distribution of biomass in 

an Indonesian forest applying a geostatistical approach. Systematic transect sampling is 
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known to efficiently reflect varying structures of land cover types (Tiryana, 2005), which 

makes useful for capturing spatial structures of collected data. Two estimates of AGB, global 

and pooled, were assessed. The global estimate uses the entire dataset for prediction without 

considering the varying local structures. The pooled estimate accounts for the different local 

structures and the AGB assessment of each separate stratum is added to calculate the total 

AGB. Finally, cross validation was performed to check the accuracy of kriging estimates. 

 

3.2.   Theoretical Background of Geostatistical Prediction 

3.2.1.   Spatial Stochastic Process 

 Let us define Z(s) as a realized value from a spatial stochastic process Z(•), where s is 

the location of variable Z(s) in domain D of R
2
. Stochastic process is generally defined by the 

first two moments, mean and covariance. In the spatial domain, stochastic process is viewed 

in the perspective of the stationary assumption. Stationarity is a property that the random 

process Z(•) is the same over the domain D. If the mean E[Z(s)] = u is constant and the 

covariance function is dependent only on the distance separated by h between the two spatial 

points, C(h) = E[(Z(s) – u)(Z(s + h) – u)], the spatial stochastic process is said to be second-

order stationary (Kitanidis, 1997; Schabenberger and Pierce, 2002; Montes and Ledo, 2010). 

However, there are often cases where the second-order stationary assumption cannot be met. 

The mean tends to vary locally across a domain and the variance likely to increase as the 

domain becomes larger. The useful solution to tackle this situation is making a weaker 

assumption, which the mean and variances of the differences Z(s) – Z(s + h) are considered. 
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This form of stationarity is called intrinsic stationarity. The assumption lies in the idea that 

the mean would be constant for the short distances of |h| at the minimum (Webster and 

Oliver, 2007). In mathematical expressions, E[Z(s) – Z(s + h)] = 0 and 

 

Var[Z(s) – Z(s + h)] = 2γ(h)                                   (1) 

 

and these two definitions constitute intrinsic stationarity and the process of Z(s) is referred as 

intrinsic stationary. The equation γ(h) is termed as the variogram (Equation 1). The 

relationship between γ(h) and C(h) can be simply written as γ(h) = C(0) – C(h), and if the 

variogram only depends on the distance |h| independent of directions, γ(h) is an isotropic 

process (Schabenberger and Pierce, 2002). In contrast, anisotropy is a process when a spatial 

trend shows a pattern towards a certain direction. The variogram is not only dependent on the 

length of |h| but also orientation in this case (Kitanidis, 1997). 

 

3.2.2.   Characterizing Spatial Variation 

The variation and continuity of realized single values from a spatial stochastic process 

Z(s) is characterized through experimental variogram. Experimental variogram  ̂( ) 

estimates spatial dependence and is quantified by the average difference between the pairs of 

sampled values according to their lag distance (Equation 2). 

  

 ̂(  )  
 

   
∑( (    )   (  ))

                                    ( )
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where nk is the numbers of pairs of samples separated apart by the length of vector h (h  

  ), and si is the location where variable Z(si) is sampled. A typical plot of experimental 

variogram has an increasing trend and reaches an asymptote as the length of vector h 

increases (Wackernagel, 2003). The maximum value of the asymptote is called the sill and 

the range is the lag distance at which sill is reached. The discontinuity behavior at microscale 

near the origin, where h = 0, is called the nugget effect. The discontinuity indicates drastic 

changes of sample values at very short lag distances. Although the estimated value of 

experimental variogram must be 0 at h = 0, dissimilarity of sampled values at very short lag 

distances results in discontinuity at h = 0, in other words, non-zero positive value at h = 0 

(Isaaks and Srivastava, 1989). After the experimental variogram is estimated, the theoretical 

variogram is fitted. The theoretical variogram ensures that the covariance of the kriged 

estimate, which is a linear weighted sum of sample values, is non-negative. (Schabenberger 

and Pierce, 2002; Wackernagel, 2003). 

 

3.2.3.   Ordinary Kriging 

If spatial dependency of sample values can be verified by an appropriate variogram 

model, prediction of attribute values at unsampled locations can be made based on the 

variogram model. The most broadly used geostatistical interpolation technique is ordinary 

kriging (Webster and Oliver, 2007). Ordinary kriging is applied when the spatial processes 

are second-order or intrinsic stationary (Schabenberger and Pierce, 2002). 
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Consider estimating a value of Z0 = Z(s0) from the observations at locations s1, s2, …, 

sn. In kriging, Z(s0) is estimated by weighted linear average of sample values observed from 

other locations where λi are kriging weights such that (Equation 3), 

 

 ̂  ∑   
 
    (  )                                   (3)  

  

In ordinary kriging, we need to obtain λis that satisfy the following two conditions: 

(1) unbiasedness and (2) minimum variance. The estimation error is given by (Equation 4), 

 

 ̂   (  )  ∑    (  )   (  )
 
                                      (4) 

 

and it should be that ∑     
 
    so that the expectation of estimation error is zero and 

unbiasedness is guaranteed (Equation 5). The restriction that the summation of the kriging 

weights is one excludes the effect of unknown parameter μ.  

 

 , ̂   (  )-  ∑       (∑     
 
   )    

                                      (5) 

 

To satisfy the condition of minimum variance of the error, the mean square error must 

be minimized. The mean square error is given as follows where h = ||si – sj|| and hi0 = ||si – 

s0||, and γ(h) is the theoretical variogram (Equation 6). 
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                                     (6) 

 

Kriging weights are derived by using Lagrange multipliers. Due to the two conditions 

imposed, obtaining the kriging weights becomes solving a problem of constrained 

optimization. Introducing Lagrange multipliers can simplify the resolution by converting this 

problem to an unconstrained one (Equation 7). 

 

 ∑    (‖   ‖)
 
        (‖   ‖)                                   (7) 

 

where i = 1, 2, …, n and ∑     
 
   , and v is a Lagrange multiplier. This is a linear kriging 

system of n + 1 equations with n + 1 unknowns. If we transform this system to Equation 8, 

 

 ∑    (‖   ‖)
 
        (‖   ‖)                                   (8) 

 

and plugging in this equation to the mean square error yields simplified form of the mean 

square error with a Lagrange multiplier (Equation 9). 

 

𝜎 
   [. ̂   (  )/

 

]     ∑    (‖   ‖)
 
                                      (9) 
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Finally kriging weights can be obtained through partial derivative of 𝜎 
  satisfying 

both unbiasedness and minimum variance conditions (Isaaks and Srivastava, 1989; Kitanidis, 

1997). 

 

3.3.   Materials and Methods 

3.3.1.   Study Area 

This study analyzed the data collected from Labanan concession forest, the district of 

Berau, East Kalimantan, Indonesia (Figure 3.1). The Labanan concession forest is located 

near the equator within the geographic coordinates of 1º45' to 2º10' N and 116º55' to 117º20' 

E. The size is approximately 83,000 ha. The Labanan concession forest is situated in the 

interior land of coastal swamps and has diverse geographical and topographical features 

comprising of plains, slopes, steeps, and complex landforms with elevations ranging from 50 

to 650 m. The landscape is characterized by aggregates of high hills and mountains 

sporadically spread across fluctuating plain surfaces. The forest type of the Labanan 

concession forest is a mixed lowland dipterocarp forest and categorized as tropical moist 

forest. The temperature ranges from 23-33 ºC with 26 ºC on average and the mean annual 

rainfall is 2000 mm. The Labanan concession forest is operated by PT Inhutani I, a state 

owned company, and selective logging practices have been prevalent in the area since the 

1970‟s (Wijaya et al., 2010a; Wijaya et al., 2010b). 
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Figure 3.1. Map of Labanan concession forest in East Kalimantan, Indonesia by land cover 

and transects. The abbreviation letters are land cover types and are described in Table 3.1. 
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3.3.2.   Data and Sampling Plot Descriptions 

Diameter at Breast Height (DBH) data of dipterocarp species collected from 1460 

sampling plots distributed across sixteen transects during April 1997 and January 1998 were 

used. A total of 13,050 trees with DBH ranging from 10 to 210 cm were measured (Wijaya et 

al., 2010a). Systematic transect sampling was conducted in the direction of northwest 135° 

(Tiryana, 2005). In each of the sixteen transects, plots were established at a distance between 

60 m and 225 m with most of the plots about 100 m apart. The perpendicular distances 

between transects were approximately 2000 m to 6000 m apart averaging 5000 m. The plot is 

a nested design and comprised of three levels of circular sub-plots, 0.125 ha for DBH > 50 

cm (radius of 19.95 m), 0.04 ha for DBH 20-49 cm (radius of 11.28 m), and 0.0125 for DBH 

10-19 cm (radius of 6.31 m) with coordinates collected in the center of each plot (Figure 3.2). 

The land cover type of each plot was assessed and recorded. In total, 8 land cover types were 

associated with the transect plots. A map of the concession area classified by land cover type 

was also available as shapefile format. There are 4 more land cover types recorded in 

addition to the 8 land cover types associated with the transect plots, thus totaling 12 land 

cover types available as shapefile format. Enhanced images were visually interpreted and 

eight land cover types were detected in sampling plots. The images were obtained from 

Landsat TM and processed for enhancement. The classified information of land cover types 

is described in Table 3.1 (Berau Forest Management Project, 2001). 
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Figure 3.2. Nested plot design in used in sampling at each plot (0.2 ha for DBH > 50 cm 

trees, 0.04 ha for DBH 20-49 cm trees, and 0.0125 ha for DBH 10-19 cm trees). 

 

 

3.3.3.   Derivation of AGB Data 

An allometric equation based on DBH was used to calculate AGB. The equation was 

developed by harvesting and destructively sampling a total of 40 trees from 28 genera with 

DBH varying from 6 to 68.9 cm from tropical lowland dipterocarp forests (Samalca, 2007; 

Wijaya et al., 2010a).  

 

AGB = exp(-1.2495 + 2.3109 × ln(DBH))                                   (10) 

 

where the unit of AGB is ton (Equation 10). Every measured tree in each plot was estimated 

and the unit of AGB was converted from a ton to a ton per hectare (ton/ha) basis to balance 

the scale for each tree. Then every tree in the plot was added up to represent one value for 

each plot. Therefore, the analysis was conducted at the plot level with 1460 observations, 

which is the number of sampling plots.
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Table 3.1. Measurements and descriptions for each land cover type. As noted, the last four land covers (B, LM, LOG, SV) are 

only available as shapefile layers and not used in the analysis (Berau Forest Management Project, 2001). Notes: N/A: not 

available. 

 

    Land 

cover 

Mean DBH 

(cm/ha) 

Mean biomass 

(ton/ha) 

Number 

 of plots 

Description 

Transects    A 17.4 124.2       37 A: agriculture or loading. Traces of developments along 

roads or rivers. 

 LDB 20.3 161.8 238 L: logged over forest, D: dense structure, B: brown 

colors. Logging intensity & period: low & N/A. 

 LDG 20.6 122.7 250 L: logged over forest, D: dense structure, G: green 

colors. Logging intensity & period: medium & recent. 

 LDY 19.6 168.0 451 L: logged over forest, D: dense structure, Y: yellow 

colors. Logging intensity & period: high & recent. 

 LOY 19.1          87.7       21 L: logged over forest, O: open structure, Y: yellow 

colors. Logging intensity & period: very high & N/A. 

Heights of existing vegetation lower than 10 m.  

 LVB 22.0 177.3 270 L: logged over forest, V: very dense structure, B: brown 

colors. Logging intensity & period: low & N/A. 

 LVD 21.6 220.7 173 L: logged over forest, V: very dense structure, D: dark 

brown. No evidence of logging activities. 

 LVG 20.0 345.5       20 L: logged over forest, V: very dense structure, G: green 

colors. Logging intensity & period: medium & recent. 

Layers    B – – – B: Bare soil. Assumed to be agricultural fields. 

    LM – – – L: logged over forest, M: mixed density and colors. 

 LOG – – – L: logged over forest, O: open structure, G: green colors. 

Logging intensity & period: very high & N/A. Heights 

of existing vegetation lower than 15 m. 

    SV – – – S: Swamp forest, V: very dense structure. No evidence 

of logging activities. 
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3.3.4.   Global vs. Stratified Methods 

Two different approaches were applied to estimate the spatial distribution of AGB: 

global and stratified. The global method assumes a single correlation structure throughout the 

whole domain and uses all transect data, whereas the stratified method separately treats the 

data according to their land cover type. The stratified method assumes that each stratified 

domain will have a spatial process particular to each stratum. The total AGB for the stratified 

method should be pooled based on the AGB estimate for each land cover type. However, the 

basic approaches for modeling the variograms and kriging are the same for both methods. 

  

3.3.4.1.   Variogram Modeling 

Experimental variograms were only assessed in the directional angle of 135° since the 

distances among transects (approximately 2000 m to 6000 m apart averaging 5000 m) were 

much larger than the distances between each sampling plot within each transect (ranging 60 ~ 

225 m, about 100 m in average). The original sample values were square root transformed to 

normality using a Box-Cox transformation (Z
λ
 – 1) / λ, where Z is the original measurements 

and λ = 0.5 for a square root transformation, which was later back-transformed to the original 

scale after kriging. An estimate of simple back-transformation is known to be unbiased 

(Berthouex and Brown, 2002). Detecting anisotropy was not possible due to the fact that 

transects were aligned in one direction. Webster and Oliver (2007) suggest three sampling 

directions at minimum to detect anisotropy in transect sampling. The lag interval was set to 

1000 m for the global method and 500 m for the stratified method except for LVG, which 

was set to 205 m and the maximum lag distance of LVG was also confined to 3000 m since 
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the area for estimation was smaller than the others. Lag intervals were determined as such to 

estimate long range predictions although the plots were systematically collected at the 

average distance of 100 m along transects. Otherwise, predictions may not be continuous 

over long ranges if short range correlation is estimated (Goovaerts, 1997). In our case, 

predictions between transect distances, which are approximately 5000 m apart, may not show 

smooth transitions. The theoretical variogram model was fitted using weighted least squares, 

maximum likelihood (ML), and restricted maximum likelihood (REML). The best fitted 

variogram model was selected among the three methods. 

 

3.3.4.2.   Kriging 

Ordinary kriging was performed. Ordinary kriging was selected since there was no 

prior information on the mean. A size of 100 m x 100 m grid was created since the unit was 

based on ton/ha and then the prediction was made. Kriging was conducted using a global 

neighborhood structure, that is the whole transect dataset for the global method and all data 

confined to each land cover type for the stratified method are considered as neighbors. The 

global neighborhood structure was selected to avoid discontinuity of predictions resulting 

from the transect structure of data arrangements. The predicted kriging estimates show multi-

layered structures perpendicular to each transect if the number of neighbors is limited. The 

distances between transects, which are much larger than the distances between each sampling 

plots within transects, strongly affects predictions. After kriging, kriging estimates of AGB 

were clipped to the boundary of the concession area for the global method and each land 
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cover type for the stratified method. The associated standard deviations of kriging estimates 

are also presented. 

 

3.3.5.   Validation 

The two kriging estimates were compared by applying “leaving-one-out cross-

validation”  (Ribeiro and Diggle 2001), a validation method that deletes one sample data in 

sequence from the dataset and then making a prediction at the removed location with n – 1 

remaining sample data. This procedure is conducted until every sample data location is 

estimated (Wackernagel, 2003). We applied the root mean squared cross-validation (RMSE) 

approach for the performance comparison of the two kriging estimates (Equation 11). 

 

      √
∑ [ (  )   ̂(  )]

  
   

 
                                   (  ) 

 

where  ̂(  ) is the estimated value at location si. 

The variogram analysis and kriging was conducted using the geoR package (Ribeiro 

and Diggle, 2001) of the statistical software R (R Core Team, 2013). ArcMap 10.2 was used 

for clipping kriging estimates exported from R and map production (ESRI, 2013).  
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3.4.   Results and Discussions 

3.4.1.   Variogram Models 

Fitted variogram models and how parameters for the models were estimated are 

provided in Table 3.2. Spherical or exponential variogram models, which are mostly applied 

in the ecological studies (Fortin and Dale, 2005), were selected to fit linear trends at short lag 

distances (Isaaks and Srivastava, 1989), and one of the two models was chosen depending on 

the trends after reaching asymptote. Nugget effects are due to fluctuations of different 

adjacent values of biomass along transects. For land cover LDB and LDY, variograms were 

selected depending on the range parameters estimated and the accounted increasing trends at 

short lag distances. Graphs of global and stratified variogram models are presented in Figure 

3.3 and 3.4.   

One thing to note is that the variograms for transect data of land cover A and LOY 

were not analyzed. Land cover A did not have an appropriate variogram model, and in land 

cover LOY, the shape of map of the land cover was not suitable for the transect data to make 

predictions within the land cover (refer to Figure 3.1). In other words, the transect data of 

LOY was not properly arranged within the land cover for kriging. How land cover A and 

LOY were treated is explained in detail in the following. 
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Table 3.2. Theoretical variogram models by global and stratified methods (WLS: weighted 

least squares, REML: restricted maximum likelihood). Notes: sph: spherical model  ( )  

      [
 

 
.
 

 
/  

 

 
.
 

 
/
 

] if 0 < h < a, and  ( )         if h ≥ a, and exp: exponential 

model  ( )        0      .
 

 
/1 , where c0: nugget, c1: sill, and a: range. Refer to 

Appendix C on comparing the graphs of estimated theoretical variograms using WLS, ML 

(Maximum Likelihood), and REML for the global variogram and stratified variograms for 

each land cover type. 

 

 

Land cover Variogram model 

Parameter estimation 

   method 

Global All    35.74 + 13.73 sph (8495.2868 |h|) WLS 

Stratified LDB    30.33 + 13.12 exp (5405.34 |h|) REML 

 LDG    26.81 + 11.35 exp (7568.2739 |h|) WLS 

 LDY    47.01 + 5.022 sph (4324.016 |h|) REML 

 LVB    24.42 + 11.65 sph (3174.1514 |h|) WLS 

 LVD    37.41 + 16.17 exp (4540.57 |h|) REML 

 LVG    21.13 + 10.94 sph (1396.20 |h|) REML 

 

 

Figure 3.3. Global variogram using all land cover types combined. Experimental and 

theoretical variograms are depicted as open dots and full line, respectively. 
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Figure 3.4. Stratified variograms. Experimental and theoretical variograms are depicted as open dots and full line respectively. 

Note the different maximum lag distances fitted to LVB (7500 m), LVD (8000 m), and LVG (3000 m). 
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3.4.2.   Kriging Estimates and Estimation Variances 

The total AGB kriging estimates of the global and stratified methods were 

13,512,392.2 (161.92 ton/ha) and 13,607,205.5 (163.05 ton/ha) tons, respectively. The 

stratified method had a larger estimate, of which the difference between the two estimates is 

94,813.3 tons (0.7% difference in estimates). Stratified method had larger estimates for each 

land cover type except for the land cover LDG. Lower kriging estimates of land cover LDG 

may be the result of the LDG data itself. The smaller mean value of AGB for land cover 

LDG suggests that actual biomass measurements are lower compared to the other land 

covers. The lower global estimate is probably due to the number of weights assigned for 

kriging each grid (recall that global neighborhood is applied and the number of neighbors is 

1460). The weights of nearest transect data to each target grid for kriging may have been 

smoothed out because of the number of neighbors. The nearest weights account for the 

greatest portion of the total weight (Webster and Oliver, 2007). As mentioned previously, 

land cover A and LOY were not individually analyzed. Land cover A and LOY were 

included together within the category others, of which transect data of land cover were not 

available but only the layers of shapefiles (B, LM, LOG, SV). The estimate of category 

others is subtracted value of the other land covers from the total estimate of global method 

(Table 3.3). 

 Figure 3.5 and 3.6 show the maps of total AGB kriging estimates and standard 

deviation of the estimates of global and stratified methods. The kriging estimates ranged 

from 81.3 ton/ha (LVG) to 342.1 ton/ha (LVD) for the global method, and from 80.8 ton/ha 

(LDG) to 360.3 ton/ha (LVG) for the stratified method. The standard deviations of the 
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estimate are small close to transects and becomes larger as the distance increases away from 

the transects. It can be observed that standard deviations are also large at regions where 

kriging estimates are large. This is due to transformation of the original data to root square in 

the analysis, where λ = 0.5 for Box-Cox transformation in our case (Diggle and Ribeiro, 

2007). Note that kriging estimates and standard deviation are discontinuous by each land 

cover type in the map of the stratified method. 

 

Table 3.3. Estimated total biomass from kriging. Notes: Others land cover class include land 

cover A, B, LM, LOG, LOY, and SV. 

 

 Kriging estimates of biomass (ton) 

Land cover Global Stratified Difference: Stratified – Global 

LDB        2,807,097.3        2,889,151.5                    82,054.2 

LDG        1,744,102.7        1,589,901.3                 -154,201.4 

LDY        3,109,625.6        3,137,919.9                     28,294.3 

LVB        3,283,258.6        3,302,659.1                     19,400.5 

LVD        1,563,045.2        1,679,084.0                   116,038.8 

LVG             22,804.7             26,031.6                       3,226.9 

Others           982,458.1           982,458.1 – 

Total      13,512,392.2 

(161.92 ton/ha) 

     13,607,205.5 

(163.05 ton/ha) 

94813.3 
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Figure 3.5. Maps of kriging estimates of AGB (left) and associated standard deviation (right) of the global method. 
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Figure 3.6. Maps of kriging estimates of AGB (left) and associated standard deviation (right) of the stratified method. 
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3.4.3.   Validation 

 Assessing the accuracy of krging estimates through cross-validation had similar 

results for both methods. The RMSEs for global and stratified methods were 81.0 ton/ha and 

81.2 ton/ha each. Land cover class others was excluded in the calculation. By each land 

cover type, land cover LDG and LVG of stratified method had larger RMSE than the global 

method. Refer to Appendix D for comparison of cross-validated kriging estimates between 

the global and stratified methods against observed data for each transect land cover type.  

 

3.5.   Conclusions 

 This study estimated AGB of Labanan concession forest in Indonesian using two 

different kriging approaches: a global method and a stratified method. The stratified method 

had a larger estimate of total biomass over the area by 95,000 ton. By evaluating the accuracy 

of AGB estimates by cross-validation, it is difficult to conclude that the one method has 

advantage over the other method. For better assessment of accuracy, it is desirable to 

compare estimates obtained from other methods such as remote sensing, or more extensive 

collection of data from ground measurements is required for comparison. For example, 

depending on the validation criteria for comparing true and estimated values, non-

geostatistical methods could yield better estimates of AGB. For example, Freeman and 

Moisen (2007) applied a geostatistical approach to improve the initial estimates of AGB 

assessed from nonparametric method by kriging residuals but found no noticeable 

improvement in minimizing MSE. Zhang et al. (2013) showed that a non-geostatistical 



 

57 

multiple regression model (R
2
 = 0.60) had better estimates of AGB than kriging method (R

2
 = 

0.29). The suggested nonparametric and multiple regression models in the two examples 

were estimated using remote sensing data and environmental variables. Therefore, it is 

advisable to apply both geostatistical and non-geostatistical methods especially when AGB 

can be modeled by secondary information.  

However, geostatistical approach may be one of the most useful techniques in the 

aspect of data requirements and cost efficiency to estimate AGB over a large region. 

Required information are ground based AGB data and their associated location data. Despite 

the usefulness, to apply a geostatistical approach, it is important to check if the spatial 

process of the region of interest is homogeneous, and moreover a proper model of spatial 

dependency is needed.  
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CHAPTER 4 

Effects of Silvicultural Treatments on the 

Temporal Variations of Spatial 

Autocorrelation in Eucalyptus Plantations 

in Brazil 

 

 

 

 

4.1.   Introduction 

Analysis of spatial patterns of a particular tree species provides key information to ecological 

characteristics of that species including reproductive and dispersal systems, site conditions 

such as surrounding environment and history, disturbances, and interactive processes, for 

instance competition, aiding in forest management decisions (Miller et al., 2002). Spatial 

patterns of trees are often spatially autocorrelated, exhibiting aggregated patterns of 

similarities or dissimilarities in sizes (Liu and Burkhart, 1985; El-Shaarawi and Piegorsch, 

2002; Bullock and Burkhart, 2005). Growth and development of trees in a forest is complex 

and affected by various factors such as age, size, micro-environment, genetic backgrounds, 

and competition (Burkhart and Tomé, 2012). Among these factors, it is hypothesized that if 
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effects of micro-environment and genetic backgrounds are assumed to be dominant, spatially 

aggregated patterns of similarities would be seen. In other words, positive spatial 

autocorrelation, a phenomenon where adjacent spatial variables are themselves correlated 

exhibiting similarities among variables close in proximity (Fortin and Dale, 2005), would be 

exhibited. On the contrary, if competitive effects among trees in proximity are expected to be 

prevalent, negative spatial autocorrelation, the opposite phenomenon to positive spatial 

autocorrelation, would be seen. A pattern where different sizes of trees are gathered together 

would be observed in a forest (Magnussen, 1994; Fox et al., 2007). 

In an even-aged forest stand, the degree of change in inter-dependence among 

individual trees is expected to vary in relation to the developmental stage of the forest stands. 

A generalization of the temporal change of inter-dependence of the trees is suggested as 

follows. During the early stage of development, tree growth would be largely influenced by 

the local microenvironment (Gray and Spies, 1997; Li and Yang, 2004) and genetic 

characteristics (Waxler and Van Buijtenen, 1981) generating spatially observable patterns 

similar in size and growth capacity before an individual tree starts to compete with 

neighboring trees. Positive spatial autocorrelation would be expected and represented. As a 

forest stand shifts into the stage of competition, dissimilarities in size and growth potential 

among neighboring trees may occur (Hühn and Langner, 1995). Superior trees would 

outcompete neighboring small trees resulting in size differences. Negative spatial 

autocorrelation would be exhibited on the contrary. Inferior trees would die out due to 

intensive competition and dominant and co-dominant trees would remain. As conditions for 

the forest stand stabilize and favorable environments for microsite variability reform, the 
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surviving trees will develop with a constant relative growth rate, which again will give rise to 

positive spatial autocorrelation among neighboring trees in a forest stand (Reed and 

Burkhart, 1985; Magnussen, 1994; Fox et al., 2007; Suzuki et al., 2008). 

There have been many studies conducted to characterize temporal changes of spatial 

autocorrelation in forest stands. Among the investigated species are larch, jack pine, loblolly 

pine, and Eucalyptus. Spatial autocorrelations from middle to later ages were examined for 

jack pine (ages 15-56; Kenkel et al., 1997) and larch (ages 11-50; Hühn and Langner, 1995). 

They both found positive spatial autocorrelation for diameters at earlier ages, however 

positive spatial autocorrelation for jack pine and negative spatial autocorrelation for larch 

were detected at later stages of stand development. Spatial autocorrelation for loblolly pine 

was evaluated at spacing trials and stands predominant in loblolly pine. In the studies related 

to spacing trials, Liu and Burkhart (1994) found that spatial autocorrelation of detrended 

diameters decreased from positive to negative in trials with closer spacings (ages 1-9), and 

Bullock and Burkhart (2005) found an increase in the proportion of plots with significant 

spatial autocorrelation of detrended diameters with planting densities and time (ages 2-11), 

where the trend peaked and then declined. In loblolly pine dominant stands, Reed and 

Burkhart (1985) found a curvilinear trend of spatial autocorrelation of basal area over time. 

Fox et al. (2007) showed change in spatial autocorrelation over nearly thirty years of 

measurements in thinning trials. There was a decreasing trend of positive spatial 

autocorrelation from the early to later ages for diameter with some plots remaining consistent 

or showing a slight increase after the minimum was reached. However, studies related to 

temporal variations of spatial autocorrelation in forest stands differ in tree species, 
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investigated time frame, and site conditions, and information on spatial autocorrelation 

according to the effects of various treatments applied to a forest stand over time in relation to 

specific species is still lacking.   

The objective of this study was to characterize change in spatial autocorrelation of 

even-aged clonal and seed-origin Eucalyptus plantations in Brazil over time according to 

different treatments including fertilization, irrigation, and stand structures over the rotation. 

Two different neighborhood structures differing in numbers of trees were also investigated to 

look at the degree of change in spatial autocorrelation when different numbers of trees were 

accounted for. In addition, tree growth and uniformity in sizes in relation to spatial 

autocorrelation were discussed. 

 

4.2.   Materials 

4.2.1.   Study Site 

 The data used in this study come from the Veracel Celulose (VER; a pulp and paper 

company) site located in Eunapolis, Bahia in Brazil (16°21ʹS, 39°34ʹW), which is part of the 

Brazil Eucalyptus Potential Productivity (BEEP) project sites (Figure 4.1). The BEEP project 

was initiated in 2001 to examine the effects of intensive fertilizer applications and water 

supply on the growth potential of clonal Eucalyptus. The project was installed at eight 

different geographical locations in Brazil, and growth outcomes, such as carbon content and 

productivity (see Stape et al. (2010) for more details about the project). The VER site is 

located at an elevation of 187 m and soils are Ultisols (a depth of 0–40 cm). Mean annual 
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temperature over the study years was 23.0 °C; 21.3 °C in dry and 24.5 °C in wet seasons, 

respectively. Precipitation averaged 1433 mm/yr; 545 mm/yr in dry and 888 mm/yr in wet 

seasons each. The wet season was considered to be from October to March, and the dry 

season was between April and September. The research site was originally grassland. The 

planting date was March 2001, and a clonal sapling selected by the participating company 

was planted. A seed-origin sapling was also planted (Stape et al., 2010). 

 

 

Figure 4.1. Location of study site (adapted from Stape et al., 2010). 
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4.2.2.   Experimental Design 

 Treatments generally prescribed for silvicultural applications were evaluated. 

Treatments applied include fertilization, irrigation, and stand structure adjustments. In clonal 

plots, higher levels of fertilization and irrigation applications were compared with 

conventionally applied levels of these treatments while incorporating two different forms of 

stand structure, in which one is uniform and the other is heterogeneous. The main difference 

between the two structures was planting dates. The uniform stand structure was created by 

planting trees in a single day, whereas trees were planted on three different days; one-third of 

the trees were planted on day 0, day 40, and day 80, respectively, in the heterogeneous stand 

structure. Planting locations were arbitrarily selected within a row at each day of planting. 

Heterogeneous stand structure is also termed as staggered planting due to the three different 

time points of tree planting within a plot. Heterogeneous stand structure was proposed to 

resemble the structure of seed-origin plots, which has wide array of trees with different size 

classes. Note the visible difference between uniform stand structures and staggered plantings 

in Figure 4.2. In seed-origin plots, the same treatments as the heterogeneous stand structure 

were applied. Abbreviations used in this paper for each treatment are presented in Table 4.1.  

 

Table 4.1.  Abbreviations of the treatments applied within a plot in this study (adapted from 

Stape et al., 2010). 

 

 Uniform stand structure (U) Heterogeneous stand structure (H) Seed-origin (S) 

 Traditional  

fertilization (T) 

High  

fertilization (F) 

  Traditional  

fertilization (T) 

 High  

fertilization (F) 

 Traditional 

fertilization (T) 

High  

fertilization (F) 

Not irrigated (N) TNU FNU TNH - TNS - 

Irrigated (I) TIU FIU - FIH - FIS 
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Figure 4.2. Uniform versus heterogeneous stand structure. Plots with large trees sparsely 

located indicate heterogeneous stand structure. Gridlines are borderlines and ditches. The 

photo is excerpted from Stape et al. (2010). 

 

 

 A total of forty plots were established at the VER site. Among them, eight plots were 

established as extra plots for destructive samplings to construct biomass equations. Thus, 

thirty two plots were used in this analysis. Each plot was assigned with combination of 

treatments and four replicates were established for each plot (Figure 4.3). The plot size was 

30 m x 30 m with 36 trees planted (6 rows x 6 columns). Intervals between trees for both 

rows and columns were 3 m (400 trees per hectare). Two buffer rows of trees were 

established around each plot. Weed control was conducted continuously (Stape et al., 2010). 
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Figure 4.3. Plot design. Plots with asterisks are the extra plots used for destructive samplings. 

Roman numerals denote replicates. See Table 1 for definitions of Abbreviations. 

 

 

4.2.3.   Data Description 

 Diameter at 1.3 m height (D), and total tree height (H) were collected and measured 

every three months from 2002 to 2007 where a full-rotation was defined as six years. A total 

of twenty repeated measurements were collected for each tree. Biomass data (B) was 
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obtained by an allometric equation based on D and H (Equation 1). The equation was 

developed by destructively sampling 264 clonal trees.    

B = 0.0270(D
2.221

)(H
0.625

)                                   (1)  

where the unit for B is kg, and cm and m for D and H, respectively (Stape et al., 2010).  

 

4.3.   Methods 

4.3.1.   Moran’s I 

 To evaluate temporal variations in spatial autocorrelation within each plot, Moran‟s I 

statistic was utilized. Moran‟s I statistic calculates the degree of spatial autocorrelation over a 

region and is defined by 

 

  
 

∑ ∑      

∑ ∑    (    ̅)(    ̅)  

∑ (    ̅)  
                                   ( ) 

 

where    is the measured value at location i,   ̅ is the mean of all   , n is the total number of 

locations, and     is the matrix of spatial connectivity (Equation 2). Moran‟s I statistic takes 

values ranging from -1 to 1, where values close to 1 indicate strong positive spatial 

autocorrelation, values close to -1 indicate strong negative spatial autocorrelation, and 0 is a 

representation of randomness. 

 The spatial connectivity matrix consists of neighborhoods and weights associated 

with each neighbor. Neighbors are nearby observations inter-related to a subject observation 

   and the weights define the degree of influence each neighbor has on a subject observation 
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   (Bivand et al., 2008). Two different neighborhood structures were considered in this 

research, one where only trees within 4.3 m of the subject tree and another where only trees 

within 8.5 m distance of the subject tree were selected as neighbors. Consequently, there 

were a total of eight or twenty four trees included as neighbors for 4.3 m or 8.5 m limiting 

distance, respectively (Figure 4.4). The two types of neighborhood structures were analyzed 

to examine the potential change in the degree of spatial autocorrelation depending on the 

number of neighbors included. Dead trees were not considered as neighbors. Among the 

thirty two plots, one plot had a maximum number of sixteen dead trees (44.4 % mortality), 

and eight plots had a maximum number of 6-11 dead trees (16.7 to 30.6% mortality) over all 

measurement periods. There were less than five dead trees in the other plots over all 

measurements. However, a more practical reason for excluding dead trees in the calculation 

is that there was no information available related to the dead trees. For the neighborhood 

weights, an inverse-distance weight was selected. The inverse-distance weight function 

reflects the decaying effect from a subject tree as a function of distance, suggesting that 

neighbors far from a subject tree have less influence over a subject tree.     
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Figure 4.4. Neighborhood structure. Black dot is the subject tree and the small square is the 

neighborhood structure using a 4.3 m limiting distance and the larger square is for the 8.5 m 

limiting distance. 

  

 

The randomization approach was applied to estimate Moran‟s I statistic. Two 

approaches, normality or randomization, can be applied with Moran‟s I statistic. If there is an 

underlying assumption of the observed data to be normal, the normality approach is applied. 

However, if the observed data is assumed to come from an unknown probability distribution, 

the randomization approach should be applied. The randomization approach is based on 

permutation of n observed values so that n! different realizations from the same data at 

observed locations are generated  (Upton and Fingleton, 1985). Since most of plots had non-

normal data in D, H, and B (more than 95% of plots), the randomization approach was 

employed. Under the randomization process, the expectation (Equation 3) and variance 

(Equation 4) of the sampling distribution of Moran‟s I statistic is 
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where n is the total number of locations and     
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 When spatial autocorrelation is derived, observations near the boundary require 

particular attention because neighbors outside the border may not be included in the 

parameter estimation. This is called an edge effect and can seriously distort the estimation of 

the spatial autocorrelation (Griffith, 1983). To control for the edge effect, the translation 

method, which is also termed as the torus or periodic method, was applied (Pommerening 

and Stoyan, 2006). The original plot was replicated to join every border of the original plot 

and only trees within the defining distance of neighborhoods in the eight replicates were 

included in the calculation of Moran‟s I (Figure 4.5). They are only accounted as neighbors 

and zero weights were assigned to the neighbors of those trees (in replicates) so that they are 

not included in the actual calculation of spatial autocorrelation. Since there were no actual 
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measurements available for the two tree rows of buffer zones created, translation method was 

applied.  

  

 

Figure 4.5. Translation method. Each square represents one tree. The smallest square with 

thick line colored in gray is the original plot. The eight squares, four with gray and white 

colors each, are replicated plots of the original plot. Trees between the original plot and the 

second largest square are the neighbors included for the neighborhood structure of 4.3 m. 

Trees between the original plot and the largest square are for the neighborhood structure of 

8.5 m.  

 

 

In addition to the analysis of spatial autocorrelation, coefficient of variation (CV) was 

estimated to look at the relationship between spatial autocorrelation and uniformity for D, H, 
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and B. Coefficient of variation compares variability among different groups or populations 

(Ott and Longnecker, 2010) and is defined as 

  

CV = s / | ̅|                                   (5) 

 

where and  ̅ is the mean and s is standard deviation of all    defined in Equation 2 (Equation 

5). 

 All analyses were carried out with the R statistical software v.3.0.2 (R Core Team, 

2013). The statistical analysis of Moran‟s I statistic was conducted with the spdep package 

(Bivand et al., 2014) of the R statistical software.  

 

4.4.   Results 

4.4.1.   Spatial Autocorrelation in Diameters 

Spatial autocorrelations among diameters in most plots were not significant at an 

alpha level of 0.10 over the rotation except for several plots in the treatments TNH 

(replication; rep 2), and TNS (rep 3, rep 4) at neighborhood distance of 8.5 m and FNU (rep 

4), TIU (rep 3, rep 4), and TNS (rep 3) at neighborhood distance of 4.3 m which were mostly 

significant throughout time. In particular, rep 3 and 4 in the treatment TNS at a neighborhood 

distance of 8.5 m were consistently significant over time (except for month 52 in rep 3). All 

the plots with significant spatial autocorrelations were negatively autocorrelated except for 

rep 3 in the TIU treatment which was positively autocorrelated (Figure 4.6).  
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No particular differences in overall patterns of spatial autocorrelations between 

neighborhood distances of 8.5 m and 4.3 m were detected except for the seven plots which 

were significant. There was a difference in neighborhood distances where these seven plots 

were significant. Significant spatial autocorrelations of neighborhood distance of 8.5 m were 

observed at heterogeneous and seed-origin stand structures whereas significant spatial 

autocorrelations of neighborhood distance of 4.3 m were only detected at uniform stand 

structures (except for rep 3 in TNS). However, weak negative spatial autocorrelation was 

exhibited in rep 3 in TNS when using a neighborhood distance of 4.3 m compared to the 8.5 

m distance, which developed into a random pattern as time passed by (Figure 4.6). 

 

4.4.2.   Spatial Autocorrelations in Heights 

Spatial autocorrelations among heights were not significant at an alpha level of 0.10 

exhibiting random patterns in most plots. Higher portions of significant positive spatial 

autocorrelation were shown only at rep 2 in the treatment TNU for both neighborhood 

distances over time. Moran‟s I statistics using a maximum neighborhood distance of 8.5 m 

were more variable than the 4.3 m limiting distance over time in rep 2 in the treatment TNU 

(Figure 4.7). 

 

4.4.3.   Spatial Autocorrelations in Biomass 

 General patterns of spatial autocorrelations among biomass over time were similar to 

the trends seen in diameters, although less numbers of plots with significant spatial 

autocorrelations were detected with biomass. The significant plots were the same as plots 



 

73 

having significant spatial autocorrelations in diameters except for rep 4 in FNU and rep 3 in 

TNS. Most of the measurements at rep 4 in FNU and rep 3 in TNS at a neighborhood 

distance of 4.3 m were not significantly autocorrelated. Significant positive spatial 

autocorrelations over time were observed only at rep 3 in TIU. As with spatial 

autocorrelations in diameters, heterogeneous and seed-origin stand structures had plots with 

significant spatial autocorrelations only at a neighborhood distance of 8.5 m and uniform 

stand structures had significant plots only at a 4.3 m distance (Figure 4.8).  

 However, there was a difference in intensities of significant spatial autocorrelations in 

biomass compared to significant plots with diameters. Increased intensities in spatial 

autocorrelations at rep 3 in TIU (positive, 4.3 m distance), rep 2 in TNH (negative, 8.5 m 

distance), and rep 4 in TNS (negative, 8.5 m distance) were detected with biomass over time. 

No particular trend of difference in intensities of spatial autocorrelations was detected in rep 

4 in TIU (negative, 4.3 m distance) and rep 3 in TNS (negative, 8.5 m distance) throughout 

the measurements (Figure 4.8). 

 

4.4.4.   Coefficient of Variations 

 A general pattern of u-shaped curves of CV was present in diameters, heights, and 

biomass except for seed-origin plots over the rotation, where the lowest values of CV were 

found between 20 and 30 months. The values of CV for biomass were consistently larger 

than the diameters and heights over the rotation if compared within each treatment. 

Heterogeneous and seed-origin plots had larger values of CV than the clonal plots (Figure 

4.9). 
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Figure 4.6. Standardized Moran‟s I of diameters (D) in relation to time and different 

neighborhood structures using 8.5 m as the maximum distance for neighborhood (A); using 

4.3 m as the maximum distance for neighborhood (B). See Table 1 for definitions of 

Abbreviations for the treatments. Rep denotes replicates. Dotted lines are 90% confidence 

bands. 
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Figure 4.7. Standardized Moran‟s I of heights (H) in relation to time and different 

neighborhood structures using 8.5 m as the maximum distance for neighborhood (A); using 

4.3 m as the maximum distance for neighborhood (B). See Table 1 for definitions of 

Abbreviations for the treatments. Rep denotes replicates. Dotted lines are 90% confidence 

bands. 
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Figure 4.8. Standardized Moran‟s I of biomass (B) in relation to time and different 

neighborhood structures using 8.5 m as the maximum distance for neighborhood (A); using 

4.3 m as the maximum distance for neighborhood (B). See Table 1 for definitions of 

Abbreviations for the treatments. Rep denotes replicates. Dotted lines are 90% confidence 

bands. 
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Figure 4.9. Coefficient of variations (CV) of diameters (D), heights (H), and biomass (B) in 

relation to time. See Table 1 for definitions of Abbreviations for the treatments. Rep denotes 

replicates. 
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4.5.   Discussions 

 It was found that trajectories of spatial autocorrelations over the rotation for diameter, 

height, and biomass in most plots were not significant, indicating that the development of 

Eucalyptus stands for both clonal and seed-origin plots was random without noticeable 

patterns of spatial autocorrelations over the rotation. Similar trend has been also detected in 

the temporal analysis of spatial autocorrelation of diameters in the thinning trials of 

Eucalyptus pilularis (Smith) in Australia; spatial autocorrelations in plots were mostly 

insignificant across all thinning regimes over time (Fox et al., 2007).  

Although the stated significance level of spatial autocorrelation was not achieved in 

most plots in this study, it can be inferred from the negative values of spatial autocorrelations 

that stand structures of diameters, heights, and biomass have developed into different size 

hierarchies among neighboring trees. In most plots, values of spatial autocorrelation were 

consistently maintained below zero after the tenth measurement (42 months). This is also 

supported by coefficient of variation (CV) among the treatments over time that the values of 

CVs were maintained increasing after the tenth measurement. The interpretation of these 

CVs requires caution since the CV does not explicitly take spatial arrangements into account. 

The development into different size hierarchies suggests the existence of strong competition 

among neighboring trees where different size classes of trees are nearby each other. In 

particular, spatial autocorrelations of diameters and biomass in heterogeneous stand structure 

and seed-origin plots were mostly negative from the first measurement. Different planting 

dates to create heterogeneous stand structures resulted in continuous negative spatial 

autocorrelations for the plots with staggered plantings, and the similar trend of seed-origin 
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plots may be due to genetic dissimilarities among trees (Magnussen, 1994; Fox et al., 2007). 

However, compared to diameter and biomass, a higher portion of positive spatial 

autocorrelations in height can be found over the rotation suggesting that height is not strongly 

affected by competition from neighboring trees (Hühn and Langner, 1995). 

The representation of negative spatial autocorrelations in the later part of stand 

development also supports the hypothesized generalization on the temporal change of spatial 

autocorrelation in an even aged forest stand, although the trajectories of spatial 

autocorrelations in most plots do not exactly coincide with the trend suggested in the 

hypothesized generalization. The trend suggested in the hypothesized generalization on the 

temporal change of spatial autocorrelation in an even aged forest stand can be more observed 

in plots with higher levels of fertilizer treatments, especially at the uniform stand structures 

of diameters and biomass. The increase in growth of diameter and height of Eucalyptus in 

response to enhanced fertilizer treatments can be detected from an early age (Mhando et al., 

1993; Cromer et al., 2002; Silva et al., 2013). The higher levels of fertilizer treatments may 

have affected realizations of microsite effects at the early growth of diameters and biomass, 

and leading to the onset of competition and exhibiting negative spatial autocorrelations after 

the initial stage of development. In particular, the significant positive spatial autocorrelations 

at the first measurements (except for diameters in FNU and staggered plantings) may suggest 

the strong influence of microsite effects (Reed and Burkhart, 1985; Magnussen, 1994; Fox et 

al., 2007). However, the similar trend was not detected in height. This may be due to less 

competition in height among neighboring trees over time (Hühn and Langner, 1995). 
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No particular trend was detected with irrigation although significant effect on growth 

has been previously found with enhanced irrigation (Stape et al., 2010). In addition, there 

was no distinctive difference in the pattern between the two neighborhood structures, 

although more portion of positive spatial autocorrelations (not significant) were detected in 

neighborhood distance of 4.3 m. Only the trajectories of spatial autocorrelations between the 

two neighborhood structures were similar (with differences in the values of Moran‟s I 

statistics). The significant spatial autocorrelations in plots with maximum neighborhood 

distances of 8.5 m found at TNH and TNS for diameter and biomass may be due to the 

effects of stand structures. 

 

4.6.   Conclusions  

This study demonstrated that changes in spatial autocorrelations of diameter, height, 

and biomass over time in Eucalyptus clonal and seed-origin trials with combined treatments 

including fertilizer, irrigation, and stand structure were mostly random for both neighborhood 

structures. Significant spatial autocorrelations over time, which were mostly negative, were 

seen only at several plots in relation to stem diameters and tree biomass. Regardless of the 

statistical significance, exhibited trends in diameters and biomass with enhanced fertilizer 

treatment supported the hypothesized generalization on the temporal change of spatial 

autocorrelation in an even aged forest stands. This hypothesized pattern was only visible 

when factors influencing microsite effects are dominant at the early stage of stand 

development where significant positive spatial autocorrelation is present. However, no 

particular differences in the patterns of spatial autocorrelations were noted for diameter, 
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height, and biomass in terms of irrigations and stand structures except for spatial 

autocorrelations in heterogeneous stand structure and seed-origin plots which were mostly 

negative over the rotation. In addition, there were no visible differences in the patterns of 

spatial autocorrelations between the two neighborhood structures but only differing in 

intensities of spatial autocorrelations over the rotation at several plots.  
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CHAPTER 5 

Conclusions 

 

 

 

 

This research characterized spatial structures of loblolly pine plantations in the southeast 

United States, low dipterocarp natural forests in Indonesia, and Eucalyptus plantations in 

Brazil by evaluating spatial structures and autocorrelations. The loblolly pine and Eucalyptus 

studies assessed spatial autocorrelations of attributes related to individual tree growth to 

understand spatial structures based on genetic backgrounds and different treatments applied. 

Assessed tree attributes were detrended diameters for the loblolly pine study, and diameters, 

heights, and biomass for the Eucalyptus study. However, in the dipterocarp study, structures 

of spatial autocorrelations were utilized to make predictions at unobserved areas across a 

very large region. Spatial autocorrelation of above-ground biomass was estimated to map the 

distribution of the biomass in the study region. 

The results found in the loblolly pine and Eucalyptus studies were similar in that most 

plots had random patterns. In other words, spatial autocorrelations were not significant in 

most plots suggesting that the investigated age in the loblolly pine study may be an 

intermediate stage between positive and negative spatial autocorrelations before an individual 

tree starts to compete with trees in close proximity, and spatial autocorrelations in Eucalyptus 
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stands may not be intense over time independent of treatments applied. It is assumed and 

hypothesized that a forest stand would exhibit positive spatial autocorrelation, affected by 

microsite environment or genetic backgrounds, at early ages, which would later develop into 

a stage of competition among neighboring trees showing negative spatial autocorrelation 

over time (Reed and Burkhart, 1985; Magnussen 1994; Fox et al. 2007; Suzuki et al. 2008).  

Although significance in spatial autocorrelations was not detected in most plots, in 

the loblolly pine study, spacing had an effect on both positive and negative spatial 

autocorrelations of detrended diameters among plots with significant spatial autocorrelations. 

Plots with significant positive spatial autocorrelations were mostly found at wider spacings, 

whereas plots with significant negative spatial autocorrelations were mostly detected at 

closer spacings. Genetic background had no impact on spatial autocorrelations, although 

positive spatial autocorrelations were expected in clonal entries given the same genetic 

backgrounds. In the Eucalyptus study, a general declining trend from positive to negative 

spatial autocorrelations of diameters and biomass were found in plots treated with enhanced 

fertilizer applications, suggesting that fertilizer may be a factor influencing microsite 

environment to result in exhibition of positive spatial autocorrelations at early ages, and also 

a driver to neighboring trees to compete leading into negative spatial autocorrelations at later 

stages of stand development. No particular pattern has been detected in heights in the 

Eucalyptus study. 

In the dipterocarp study, two approaches, global and stratified, were applied to 

estimate above-ground biomass of Labanan Concession Forest in East Kalimantan, 

Indonesia. The global method assumes spatial process is uniform over the entire area, 



 

84 

whereas the stratified method assumes different spatial processes by each land cover type. 

Thus, only one structure of spatial autocorrelation was derived for the global method, 

whereas structures of spatial autocorrelations were estimated by individual land cover types 

for the stratified method. The total estimates of the biomass for the global and stratified 

methods were 13512392.2 tons (161.92 ton/ha) and 13607205.5 tons (163.05 ton/ha) 

respectively, 94813.3 ton difference in the two estimates. Depending on the derived RMSEs, 

the level of accuracy for both methods were similar. RMSEs were 81.0 ton/ha and 81.2 

ton/ha for the global and the stratified methods, respectively.  

For further research on spatial autocorrelations in forest stands, a long term research 

on variation in spatial autocorrelations over time is needed to better understand stand 

dynamics of forests. In the loblolly pine study, spatial autocorrelations at a specific age were 

only evaluated. A longer term research study will help understand how growth of a tree is 

inter-dependent on neighboring trees over time.  In addition, analyzing spatial 

autocorrelations of factors influencing tree growth would provide better insights on spatial 

autocorrelations in forest stands. Spatial autocorrelation in tree growth may be related to 

spatial autocorrelations of particular abiotic or biotic factors. For example, a particular soil 

property may vary within a forest stand resulting in spatial autocorrelation in tree growth. In 

the studies of loblolly pine and Eucalyptus, spatial autocorrelation in tree growth was 

assessed, but investigation of spatial autocorrelations of other factors would have provided 

better interpretation of spatial structures of trees.  

Finally, in regards to further improvements for the spatial prediction of above-ground 

biomass study, a better strategy of collecting data would help estimate spatial structures more 
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effectively. In the dipterocarp study, data were measured using transect sampling, and 

distances between transects were too long that spatial autocorrelation had to be assessed in 

the direction of transect sampling only. More allocated plots for measurements between 

transects or different sampling design would help evaluate spatial property such as isotropy, 

thus leading to better estimation of spatial autocorrelation within the study region. 
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Appendix A 

Table A.1. Summary of statistics for spatial analysis (Adapted from Perry et al., 2002). Notes: (1) (x, y): coordinates, (x, y, z): 

coordinates with attribute. (2) Y: yes, N: No. (3) Others in Methodology column are the statistics not popularly found in textbooks 

for spatial analysis. 

 

Methodology 

   Data 

structure 

   Area 

initially 

applied 

  Data 

  generated 

 by model? 

Hypothesis 

 test     

 available? 

Analysis at 

different 

scales? 

Anisotropy 

detectable? 

Local analysis 

 available? Dimensions 

  Regularly  

spaced data  

  required? 

Ripley‟s  

K and L, etc. 

point data, 

(x, y) 

plant 

ecology 

N Y Y Y N 1 & 2 N 

Morans‟s I, 

Geary‟s C, 

correlograms 

point or 

lattice data, 

(x, y, z) 

geography N Y Y Y N 1 & 2 N 

Variograms 

(geostatistics) 

(x, y, z) Earth 

sciences 

N N Y Y N 1 & 2 N 

Kriging  

(geostatistics) 

(x, y, z) Earth 

sciences 

Y Y Y Y N 1 & 2 N 

Nearest neighbor 

methods 

no locational 

info., only 

attribute, (z) 

plant 

ecology, 

forestry 

N Y N N N 1 & 2 N 

Others          

-   Quadrat 

    variance 

    method 

    (TTLQV, etc.) 

point data, 

(x, z) 

plant 

ecology 

N infrequently Y N N 1 Y 

- Block quadrat 

variance 

methods 

(Greig-Smith, 

locations with 

4TLQV, etc.) 

point data, 

(x, y, z) 

plant 

ecology 

N infrequently Y Y N 2 Y 

- Angular 

correlation 

(x, y, z) geography N Y N Y N 2 N 

- Wavelets (x, y, z) statistics N N Y N Y 1 & 2 Y 

- SADIE (x, y, z) insect 

ecology 

N Y N N Y 1 & 2 N 
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Table A.1. Continued. 
- Landscape 

ecology 

metrics (edge 

density, shape 

indices, etc.) 

lattice data,  

(x, y, z) 

landscape 

ecology 

infrequently infrequently N infrequently N 2 N 

- Variance-mean 

methods 

(Morisita, 

Taylor, etc.) 

no locational 

info., only 

attribute, (z) 

applied 

entomology 

N Y N N N 1 & 2 N 
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Appendix B 

Table B.1. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 1 applying neighborhood structure (A). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p- 

value 

C1 

10 x 20 -0.716 0.438 -0.049 -0.460 0.677 4.625 0.657 0.040 0.624 0.266 

10 x 20 0.093 0.868 0.009 0.370 0.356 4.412 0.539 0.043 0.752 0.226 

5 x 20 -0.431 0.450 -0.052 -0.415 0.661 -3.440 0.239 -0.136 -0.911 0.819 

5 x 20 -0.792 0.041 -0.125 -1.702 0.956 -4.502 0.029 -0.222 -2.027 0.979 

C2 

10 x 20 0.390 0.676 0.019 0.540 0.295 8.061 0.419 0.059 0.867 0.193 

10 x 20 0.941 0.008 0.158 3.465 0.000 14.966 0.002 0.223 3.615 0.000 

5 x 20 -0.133 0.822 -0.016 0.034 0.487 0.369 0.902 0.015 0.259 0.398 

5 x 20 0.168 0.591 0.030 0.689 0.245 1.938 0.274 0.095 1.170 0.121 

C3 

10 x 20 1.099 0.138 0.068 1.367 0.086 12.316 0.203 0.099 1.357 0.087 

10 x 20 -0.121 0.802 -0.014 -0.065 0.526 -0.860 0.895 -0.009 0.027 0.489 

5 x 20 -0.871 0.140 -0.103 -1.028 0.848 -4.549 0.111 -0.189 -1.335 0.909 

5 x 20 -0.216 0.600 -0.023 -0.183 0.573 -1.565 0.454 -0.057 -0.486 0.687 

FS1 

10 x 20 -0.029 0.970 -0.002 0.193 0.424 6.293 0.477 0.061 0.886 0.188 

10 x 20 0.626 0.141 0.082 1.969 0.024 8.867 0.110 0.116 2.004 0.023 

5 x 20 0.631 0.148 0.098 1.453 0.073 3.563 0.210 0.126 1.165 0.122 

5 x 20 -0.531 0.085 -0.094 -1.466 0.929 -3.663 0.047 -0.159 -1.692 0.955 

FS2 

10 x 20 -1.334 0.173 -0.069 -0.826 0.796 -9.516 0.374 -0.069 -0.591 0.723 

10 x 20 -0.546 0.288 -0.052 -0.894 0.814 -7.165 0.281 -0.068 -0.911 0.819 

5 x 20 -1.207 0.020 -0.159 -1.818 0.965 -5.748 0.039 -0.226 -1.682 0.954 

5 x 20 0.062 0.846 0.011 0.384 0.351 0.488 0.785 0.023 0.401 0.344 

FS3 

10 x 20 -1.114 0.138 -0.093 -1.235 0.892 -6.216 0.481 -0.063 -0.509 0.695 

10 x 20 0.270 0.574 0.028 0.809 0.209 4.032 0.505 0.045 0.871 0.192 

5 x 20 -0.117 0.775 -0.025 -0.105 0.542 0.108 0.960 0.007 0.206 0.418 

5 x 20 0.262 0.470 0.032 0.759 0.224 1.692 0.359 0.071 0.953 0.170 

HS1 

10 x 20 -0.080 0.923 -0.006 0.156 0.438 4.605 0.622 0.044 0.690 0.245 

10 x 20 0.990 0.031 0.117 2.492 0.006 16.992 0.003 0.217 3.335 0.000 

5 x 20 0.551 0.182 0.123 1.667 0.048 3.510 0.147 0.207 1.691 0.045 

5 x 20 -0.273 0.406 -0.047 -0.603 0.727 -0.553 0.754 -0.028 -0.182 0.572 

HS2 

10 x 20 0.822 0.220 0.070 1.391 0.082 15.957 0.034 0.182 2.359 0.009 

10 x 20 -0.079 0.887 -0.007 0.072 0.471 3.039 0.687 0.023 0.511 0.305 

5 x 20 -0.632 0.325 -0.058 -0.515 0.697 -2.985 0.327 -0.109 -0.718 0.764 

5 x 20 0.514 0.075 0.100 1.902 0.029 2.061 0.291 0.084 1.058 0.145 

HS3 

10 x 20 -0.968 0.283 -0.057 -0.656 0.744 -6.079 0.539 -0.049 -0.365 0.642 

10 x 20 0.566 0.205 0.067 1.610 0.054 8.544 0.142 0.101 1.735 0.041 

5 x 20 -1.357 0.006 -0.183 -2.102 0.982 -1.343 0.009 -0.157 -1.947 0.974 

5 x 20 0.080 0.800 0.014 0.419 0.338 0.061 0.841 0.010 0.385 0.350 

SOM 

10 x 20 1.043 0.180 0.059 1.209 0.113 11.747 0.262 0.075 1.089 0.138 

10 x 20 -0.433 0.462 -0.032 -0.434 0.668 -0.859 0.900 -0.008 0.056 0.478 

5 x 20 -0.608 0.165 -0.114 -1.242 0.893 -3.633 0.141 -0.185 -1.347 0.911 

5 x 20 -0.514 0.142 -0.075 -1.096 0.864 -2.913 0.107 -0.137 -1.407 0.920 
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Table B.2. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 1 applying neighborhood structure (B). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -0.206 0.822 -0.017 0.002 0.499 6.488 0.517 0.069 0.822 0.206 

10 x 20 0.310 0.588 0.035 0.718 0.236 5.586 0.436 0.061 0.897 0.185 

5 x 20 -0.597 0.279 -0.092 -0.756 0.775 -3.618 0.211 -0.156 -0.992 0.839 

5 x 20 -0.763 0.051 -0.143 -1.659 0.951 -4.469 0.030 -0.235 -2.008 0.978 

C2 

10 x 20 0.566 0.505 0.042 0.743 0.229 8.745 0.370 0.076 0.947 0.172 

10 x 20 1.174 0.002 0.206 3.716 0.000 16.144 0.001 0.257 3.681 0.000 

5 x 20 -0.024 0.967 -0.004 0.157 0.438 0.489 0.870 0.022 0.288 0.387 

5 x 20 0.269 0.391 0.057 0.977 0.164 2.043 0.244 0.109 1.238 0.108 

C3 

10 x 20 1.341 0.053 0.127 1.900 0.029 13.587 0.142 0.136 1.565 0.059 

10 x 20 0.056 0.915 0.007 0.292 0.385 0.240 0.971 0.003 0.181 0.428 

5 x 20 -0.935 0.098 -0.144 -1.266 0.897 -4.809 0.094 -0.219 -1.434 0.924 

5 x 20 -0.108 0.791 -0.014 -0.018 0.507 -1.433 0.492 -0.056 -0.444 0.671 

FS1 

10 x 20 0.257 0.730 0.027 0.534 0.297 7.349 0.394 0.085 1.025 0.153 

10 x 20 0.741 0.098 0.110 2.114 0.017 9.325 0.096 0.135 2.041 0.021 

5 x 20 0.722 0.103 0.132 1.582 0.057 3.690 0.193 0.140 1.192 0.117 

5 x 20 -0.535 0.106 -0.099 -1.318 0.906 -3.629 0.051 -0.166 -1.648 0.950 

FS2 

10 x 20 -0.849 0.379 -0.057 -0.502 0.692 -7.434 0.483 -0.062 -0.446 0.672 

10 x 20 -0.705 0.196 -0.074 -1.119 0.869 -7.842 0.244 -0.082 -0.996 0.840 

5 x 20 -1.053 0.042 -0.169 -1.624 0.948 -5.554 0.046 -0.234 -1.627 0.948 

5 x 20 0.062 0.845 0.013 0.365 0.358 0.478 0.787 0.025 0.394 0.347 

FS3 

10 x 20 -0.848 0.263 -0.086 -0.914 0.820 -4.711 0.589 -0.055 -0.366 0.643 

10 x 20 0.185 0.704 0.024 0.595 0.276 3.453 0.564 0.045 0.769 0.221 

5 x 20 0.025 0.950 0.007 0.258 0.398 0.280 0.895 0.021 0.294 0.384 

5 x 20 0.248 0.478 0.040 0.757 0.224 1.648 0.365 0.077 0.949 0.171 

HS1 

10 x 20 -0.211 0.799 -0.019 -0.036 0.514 3.830 0.675 0.043 0.606 0.272 

10 x 20 1.219 0.010 0.170 2.928 0.002 18.068 0.002 0.259 3.492 0.000 

5 x 20 0.574 0.165 0.156 1.722 0.043 3.504 0.145 0.225 1.698 0.045 

5 x 20 -0.373 0.252 -0.077 -0.945 0.828 -0.684 0.698 -0.037 -0.265 0.604 

HS2 

10 x 20 1.019 0.126 0.113 1.709 0.044 16.924 0.026 0.220 2.474 0.007 

10 x 20 -0.184 0.764 -0.016 -0.092 0.537 2.645 0.730 0.022 0.440 0.330 

5 x 20 -0.804 0.176 -0.104 -0.903 0.817 -3.130 0.292 -0.128 -0.811 0.791 

5 x 20 0.524 0.097 0.105 1.681 0.046 1.975 0.316 0.085 0.995 0.160 

HS3 

10 x 20 -0.730 0.391 -0.059 -0.561 0.712 -5.153 0.595 -0.049 -0.319 0.625 

10 x 20 0.614 0.195 0.081 1.590 0.056 8.778 0.140 0.113 1.706 0.044 

5 x 20 -1.426 0.005 -0.220 -2.148 0.984 -6.692 0.012 -0.297 -2.093 0.982 

5 x 20 0.092 0.779 0.018 0.415 0.339 -0.396 0.830 -0.019 -0.089 0.536 

SOM 

10 x 20 1.082 0.194 0.075 1.222 0.111 11.270 0.276 0.086 1.081 0.140 

10 x 20 -0.161 0.781 -0.015 -0.070 0.528 0.434 0.949 0.005 0.219 0.413 

5 x 20 -0.637 0.160 -0.133 -1.237 0.892 -3.646 0.142 -0.196 -1.341 0.910 

5 x 20 -0.497 0.147 -0.090 -1.147 0.874 -2.841 0.112 -0.147 -1.414 0.921 
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Table B.3. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 1 applying neighborhood structure (C). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 0.681 0.433 0.091 0.983 0.163 10.643 0.264 0.157 1.323 0.093 

10 x 20 0.283 0.672 0.034 0.529 0.298 5.258 0.482 0.067 0.785 0.216 

5 x 20 -0.499 0.371 -0.096 -0.627 0.735 -3.504 0.228 -0.163 -0.953 0.830 

5 x 20 -0.848 0.034 -0.197 -1.854 0.968 -4.539 0.028 -0.262 -2.047 0.980 

C2 

10 x 20 1.018 0.239 0.105 1.176 0.120 10.891 0.261 0.123 1.147 0.126 

10 x 20 1.542 0.001 0.294 3.979 0.000 17.623 0.001 0.323 3.718 0.000 

5 x 20 0.132 0.811 0.028 0.372 0.355 0.579 0.846 0.026 0.314 0.377 

5 x 20 0.382 0.223 0.104 1.321 0.093 2.172 0.211 0.129 1.322 0.093 

C3 

10 x 20 1.311 0.104 0.163 1.732 0.042 11.402 0.207 0.159 1.430 0.076 

10 x 20 0.015 0.980 0.002 0.163 0.435 -0.088 0.990 -0.001 0.106 0.458 

5 x 20 -0.717 0.208 -0.139 -0.984 0.837 -4.516 0.116 -0.224 -1.352 0.912 

5 x 20 -0.131 0.733 -0.025 -0.131 0.552 -1.420 0.486 -0.063 -0.473 0.682 

FS1 

10 x 20 0.757 0.330 0.102 1.133 0.129 9.786 0.252 0.146 1.319 0.094 

10 x 20 0.897 0.082 0.145 2.054 0.020 9.771 0.097 0.164 1.953 0.025 

5 x 20 0.608 0.227 0.118 1.154 0.124 3.326 0.248 0.137 1.071 0.142 

5 x 20 -0.675 0.052 -0.146 -1.598 0.945 -3.788 0.043 -0.187 -1.712 0.957 

FS2 

10 x 20 -0.800 0.376 -0.087 -0.656 0.744 -6.870 0.492 -0.082 -0.511 0.695 

10 x 20 -0.669 0.270 -0.082 -0.940 0.826 -7.199 0.302 -0.088 -0.873 0.809 

5 x 20 -1.213 0.015 -0.259 -2.050 0.980 -5.673 0.038 -0.269 -1.729 0.958 

5 x 20 0.192 0.553 0.048 0.719 0.236 0.664 0.708 0.037 0.485 0.314 

FS3 

10 x 20 -0.367 0.629 -0.053 -0.333 0.630 -1.745 0.837 -0.027 -0.052 0.521 

10 x 20 0.500 0.351 0.077 1.135 0.128 5.425 0.385 0.082 1.031 0.151 

5 x 20 0.093 0.810 0.034 0.442 0.329 0.369 0.860 0.031 0.341 0.367 

5 x 20 0.202 0.548 0.045 0.680 0.248 1.555 0.384 0.082 0.923 0.178 

HS1 

10 x 20 1.009 0.228 0.125 1.341 0.090 10.350 0.256 0.145 1.305 0.096 

10 x 20 1.597 0.002 0.287 3.628 0.000 19.782 0.001 0.353 3.782 0.000 

5 x 20 0.644 0.115 0.231 1.952 0.025 3.583 0.133 0.256 1.748 0.040 

5 x 20 -0.251 0.438 -0.066 -0.635 0.737 -0.508 0.771 -0.031 -0.177 0.570 

HS2 

10 x 20 1.729 0.008 0.280 2.938 0.002 20.821 0.006 0.349 3.054 0.001 

10 x 20 0.313 0.649 0.031 0.529 0.298 5.845 0.450 0.059 0.768 0.221 

5 x 20 -0.510 0.380 -0.090 -0.601 0.726 -2.762 0.349 -0.126 -0.726 0.766 

5 x 20 0.406 0.247 0.088 1.155 0.124 1.663 0.401 0.078 0.844 0.199 

HS3 

10 x 20 -0.393 0.636 -0.048 -0.293 0.615 -3.126 0.741 -0.039 -0.168 0.567 

10 x 20 0.549 0.309 0.083 1.218 0.112 8.069 0.193 0.122 1.476 0.070 

5 x 20 -1.297 0.013 -0.245 -1.919 0.973 -6.531 0.015 -0.312 -2.021 0.978 

5 x 20 0.077 0.820 0.018 0.334 0.369 -0.428 0.817 -0.023 -0.113 0.545 

SOM 

10 x 20 0.902 0.341 0.078 0.954 0.170 9.255 0.375 0.090 0.914 0.180 

10 x 20 -0.198 0.739 -0.025 -0.179 0.571 0.270 0.968 0.004 0.171 0.432 

5 x 20 -0.747 0.106 -0.190 -1.457 0.927 -3.792 0.128 -0.220 -1.392 0.918 

5 x 20 -0.265 0.450 -0.059 -0.550 0.709 -2.542 0.157 -0.142 -1.247 0.894 
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Table B.4. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 2 applying neighborhood structure (A). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -1.418 0.180 -0.078 -0.840 0.800 -15.03 0.224 -0.099 -0.823 0.795 

10 x 20 -0.317 0.711 -0.012 -0.022 0.509 -0.180 0.984 -0.001 0.145 0.442 

5 x 20 0.132 0.757 0.025 0.535 0.296 0.935 0.714 0.043 0.500 0.309 

5 x 20 0.483 0.042 0.153 2.707 0.003 3.030 0.068 0.177 2.011 0.022 

C2 

10 x 20 1.342 0.004 0.223 3.576 0.000 19.109 0.005 0.287 3.327 0.000 

10 x 20 1.247 0.001 0.214 4.285 0.000 17.802 0.001 0.270 4.032 0.000 

5 x 20 0.113 0.810 0.017 0.482 0.315 0.536 0.844 0.022 0.365 0.357 

5 x 20 0.357 0.363 0.041 0.863 0.194 1.742 0.388 0.071 0.883 0.189 

C3 

10 x 20 -1.420 0.100 -0.092 -1.256 0.895 -16.47 0.096 -0.131 -1.374 0.915 

10 x 20 -0.882 0.202 -0.051 -0.820 0.794 -6.726 0.387 -0.050 -0.600 0.726 

5 x 20 -0.159 0.734 -0.026 -0.122 0.548 0.573 0.823 0.027 0.364 0.358 

5 x 20 -0.076 0.812 -0.013 -0.069 0.527 -0.516 0.804 -0.018 -0.107 0.543 

FS1 

10 x 20 -1.849 0.051 -0.097 -1.315 0.906 -18.88 0.056 -0.148 -1.553 0.940 

10 x 20 -0.593 0.316 -0.043 -0.684 0.753 -0.340 0.962 -0.003 0.123 0.451 

5 x 20 0.987 0.001 0.327 4.448 0.000 6.397 0.001 0.504 4.198 0.000 

5 x 20 0.637 0.016 0.134 2.506 0.006 3.529 0.023 0.214 2.510 0.006 

FS2 

10 x 20 0.404 0.582 0.034 0.775 0.219 0.699 0.945 0.005 0.237 0.406 

10 x 20 0.050 0.927 0.005 0.298 0.383 2.728 0.691 0.026 0.544 0.293 

5 x 20 0.118 0.826 0.013 0.385 0.350 0.182 0.948 0.006 0.197 0.422 

5 x 20 0.253 0.350 0.060 1.201 0.115 2.297 0.154 0.135 1.621 0.053 

FS3 

10 x 20 0.084 0.915 0.006 0.341 0.367 2.755 0.765 0.025 0.480 0.316 

10 x 20 -0.527 0.355 -0.041 -0.636 0.738 -1.842 0.780 -0.018 -0.119 0.547 

5 x 20 0.148 0.760 0.025 0.516 0.303 0.582 0.801 0.037 0.446 0.328 

5 x 20 -0.385 0.268 -0.067 -0.885 0.812 -1.997 0.286 -0.105 -0.961 0.832 

HS1 

10 x 20 1.339 0.002 0.205 3.602 0.000 19.577 0.002 0.267 3.368 0.000 

10 x 20 0.068 0.922 0.004 0.307 0.379 -3.573 0.652 -0.025 -0.195 0.577 

5 x 20 -0.803 0.108 -0.109 -1.219 0.889 -4.954 0.063 -0.199 -1.518 0.935 

5 x 20 -0.599 0.154 -0.054 -0.739 0.770 -3.951 0.051 -0.141 -1.452 0.927 

HS2 

10 x 20 0.675 0.274 0.078 1.479 0.070 10.892 0.162 0.134 1.741 0.041 

10 x 20 0.487 0.344 0.044 1.110 0.133 4.258 0.518 0.040 0.783 0.217 

5 x 20 0.219 0.595 0.040 0.769 0.221 1.350 0.585 0.060 0.677 0.249 

5 x 20 -0.092 0.796 -0.013 -0.051 0.520 0.486 0.800 0.020 0.336 0.368 

HS3 

10 x 20 -1.032 0.296 -0.054 -0.622 0.733 -2.201 0.841 -0.015 -0.015 0.506 

10 x 20 0.189 0.716 0.018 0.581 0.281 4.043 0.534 0.040 0.790 0.215 

5 x 20 -0.316 0.463 -0.054 -0.538 0.705 -1.805 0.480 -0.076 -0.534 0.703 

5 x 20 -0.480 0.164 -0.071 -1.062 0.856 -2.684 0.167 -0.108 -1.102 0.865 

SOM 

10 x 20 0.503 0.464 0.055 1.073 0.142 5.284 0.550 0.059 0.836 0.202 

10 x 20 -0.363 0.502 -0.031 -0.443 0.671 -2.526 0.694 -0.026 -0.236 0.593 

5 x 20 -0.436 0.375 -0.057 -0.588 0.722 -0.577 0.822 -0.024 -0.091 0.536 

5 x 20 -0.325 0.363 -0.049 -0.638 0.738 -0.326 0.867 -0.015 -0.040 0.516 
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Table B.5. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 2 applying neighborhood structure (B). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -1.411 0.190 -0.092 -0.854 0.803 -14.85 0.232 -0.109 -0.819 0.794 

10 x 20 -0.172 0.816 -0.011 -0.003 0.501 0.099 0.990 0.001 0.154 0.439 

5 x 20 -0.039 0.930 -0.008 0.100 0.460 0.673 0.793 0.033 0.390 0.348 

5 x 20 0.521 0.045 0.166 2.471 0.007 3.026 0.074 0.183 1.939 0.026 

C2 

10 x 20 1.484 0.006 0.249 3.258 0.001 19.582 0.006 0.309 3.151 0.001 

10 x 20 1.423 0.000 0.263 4.358 0.000 18.331 0.001 0.304 4.007 0.000 

5 x 20 -0.001 0.999 0.000 0.223 0.412 0.366 0.893 0.016 0.300 0.382 

5 x 20 0.284 0.472 0.041 0.726 0.234 1.642 0.412 0.073 0.845 0.199 

C3 

10 x 20 -1.704 0.043 -0.141 -1.682 0.954 -17.30 0.073 -0.163 -1.539 0.938 

10 x 20 -1.113 0.107 -0.079 -1.156 0.876 -7.365 0.331 -0.065 -0.733 0.768 

5 x 20 0.095 0.844 0.017 0.363 0.358 0.914 0.722 0.045 0.484 0.314 

5 x 20 -0.194 0.568 -0.035 -0.393 0.653 -0.709 0.734 -0.026 -0.188 0.575 

FS1 

10 x 20 -1.910 0.026 -0.148 -1.748 0.960 -18.98 0.045 -0.182 -1.720 0.957 

10 x 20 -0.115 0.847 -0.010 0.009 0.497 2.133 0.762 0.020 0.430 0.333 

5 x 20 1.057 0.001 0.388 4.362 0.000 6.432 0.001 0.538 4.160 0.000 

5 x 20 0.601 0.030 0.151 2.364 0.009 3.385 0.028 0.225 2.463 0.007 

FS2 

10 x 20 0.114 0.890 0.010 0.324 0.373 -1.302 0.898 -0.011 0.038 0.485 

10 x 20 0.060 0.916 0.006 0.279 0.390 2.768 0.688 0.030 0.533 0.297 

5 x 20 0.200 0.702 0.027 0.488 0.313 0.287 0.917 0.011 0.221 0.412 

5 x 20 0.326 0.235 0.090 1.453 0.073 2.372 0.139 0.151 1.678 0.047 

FS3 

10 x 20 0.242 0.757 0.023 0.498 0.309 3.501 0.702 0.036 0.542 0.294 

10 x 20 -0.414 0.467 -0.040 -0.503 0.692 -1.256 0.847 -0.014 -0.053 0.521 

5 x 20 0.175 0.700 0.040 0.594 0.276 0.613 0.788 0.042 0.464 0.322 

5 x 20 -0.554 0.104 -0.119 -1.457 0.927 -2.211 0.234 -0.126 -1.100 0.864 

HS1 

10 x 20 1.479 0.003 0.233 3.319 0.000 20.162 0.003 0.290 3.207 0.001 

10 x 20 -0.439 0.509 -0.032 -0.344 0.634 -5.626 0.459 -0.048 -0.480 0.684 

5 x 20 -0.996 0.044 -0.161 -1.585 0.944 -5.082 0.053 -0.223 -1.602 0.945 

5 x 20 -0.558 0.191 -0.061 -0.721 0.765 -3.877 0.055 -0.149 -1.443 0.925 

HS2 

10 x 20 0.806 0.208 0.108 1.609 0.054 11.368 0.146 0.158 1.778 0.038 

10 x 20 0.272 0.612 0.029 0.675 0.250 2.905 0.655 0.032 0.581 0.281 

5 x 20 0.261 0.543 0.052 0.794 0.214 1.387 0.575 0.066 0.680 0.248 

5 x 20 -0.049 0.888 -0.008 0.021 0.491 0.526 0.782 0.024 0.354 0.362 

HS3 

10 x 20 -0.764 0.434 -0.050 -0.470 0.681 -1.008 0.924 -0.008 0.055 0.478 

10 x 20 0.446 0.402 0.049 1.019 0.154 5.311 0.414 0.060 0.972 0.165 

5 x 20 -0.330 0.462 -0.062 -0.541 0.706 -1.811 0.482 -0.080 -0.533 0.703 

5 x 20 -0.646 0.064 -0.111 -1.482 0.931 -2.884 0.136 -0.125 -1.203 0.885 

SOM 

10 x 20 0.310 0.670 0.038 0.674 0.250 4.016 0.651 0.051 0.656 0.256 

10 x 20 -0.045 0.936 -0.004 0.098 0.461 -0.937 0.885 -0.011 0.003 0.499 

5 x 20 -0.474 0.328 -0.076 -0.714 0.762 -0.632 0.805 -0.028 -0.121 0.548 

5 x 20 -0.156 0.657 -0.029 -0.262 0.604 -0.109 0.955 -0.005 0.056 0.477 
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Table B.6. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 2 applying neighborhood structure (C). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic  

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -0.905 0.421 -0.078 -0.487 0.687 -11.42 0.361 -0.105 -0.611 0.729 

10 x 20 -0.284 0.682 -0.029 -0.233 0.592 -0.638 0.934 -0.007 0.041 0.484 

5 x 20 -0.077 0.868 -0.019 -0.006 0.503 0.624 0.808 0.033 0.361 0.359 

5 x 20 0.507 0.086 0.163 1.951 0.026 2.917 0.093 0.183 1.785 0.037 

C2 

10 x 20 1.894 0.003 0.353 3.374 0.000 21.196 0.006 0.387 3.125 0.001 

10 x 20 1.784 0.000 0.343 4.246 0.000 19.596 0.001 0.362 3.827 0.000 

5 x 20 0.071 0.889 0.014 0.319 0.375 0.467 0.864 0.022 0.323 0.373 

5 x 20 0.343 0.354 0.072 0.929 0.176 1.706 0.385 0.086 0.893 0.186 

C3 

10 x 20 -1.064 0.236 -0.111 -0.939 0.826 -13.51 0.177 -0.150 -1.120 0.869 

10 x 20 -0.629 0.330 -0.072 -0.784 0.784 -4.688 0.517 -0.057 -0.505 0.693 

5 x 20 0.104 0.825 0.025 0.369 0.356 0.899 0.721 0.051 0.483 0.315 

5 x 20 0.000 0.999 0.000 0.105 0.458 -0.356 0.866 -0.014 -0.053 0.521 

FS1 

10 x 20 -0.882 0.358 -0.080 -0.625 0.734 -13.32 0.177 -0.151 -1.110 0.867 

10 x 20 0.278 0.653 0.032 0.562 0.287 4.388 0.529 0.053 0.719 0.236 

5 x 20 1.107 0.001 0.501 4.370 0.000 6.405 0.001 0.588 4.135 0.000 

5 x 20 0.654 0.016 0.225 2.755 0.003 3.417 0.025 0.256 2.550 0.005 

FS2 

10 x 20 0.228 0.804 0.023 0.366 0.357 -0.887 0.932 -0.009 0.047 0.481 

10 x 20 0.231 0.712 0.028 0.489 0.312 3.807 0.589 0.049 0.637 0.262 

5 x 20 0.290 0.572 0.051 0.613 0.270 0.410 0.881 0.017 0.252 0.401 

5 x 20 0.441 0.119 0.147 1.825 0.034 2.516 0.116 0.175 1.767 0.039 

FS3 

10 x 20 0.109 0.892 0.014 0.294 0.384 2.521 0.778 0.035 0.427 0.335 

10 x 20 0.274 0.639 0.036 0.601 0.274 2.651 0.681 0.038 0.530 0.298 

5 x 20 0.334 0.430 0.108 1.043 0.148 0.839 0.709 0.064 0.578 0.282 

5 x 20 -0.436 0.206 -0.118 -1.141 0.873 -2.039 0.274 -0.126 -1.006 0.843 

HS1 

10 x 20 1.779 0.005 0.291 3.046 0.001 21.581 0.004 0.340 2.986 0.001 

10 x 20 0.077 0.915 0.007 0.247 0.402 -2.805 0.719 -0.029 -0.172 0.568 

5 x 20 -0.733 0.169 -0.134 -1.017 0.845 -4.844 0.074 -0.221 -1.442 0.925 

5 x 20 -0.562 0.164 -0.090 -0.913 0.819 -3.832 0.054 -0.166 -1.489 0.932 

HS2 

10 x 20 1.009 0.138 0.177 1.860 0.031 12.090 0.125 0.212 1.865 0.031 

10 x 20 0.365 0.527 0.048 0.760 0.224 3.319 0.617 0.045 0.604 0.273 

5 x 20 0.337 0.457 0.077 0.865 0.194 1.471 0.554 0.075 0.694 0.244 

5 x 20 0.026 0.939 0.006 0.188 0.425 0.620 0.741 0.031 0.398 0.345 

HS3 

10 x 20 0.576 0.553 0.053 0.639 0.261 5.975 0.567 0.065 0.632 0.264 

10 x 20 0.619 0.301 0.078 1.149 0.125 6.104 0.368 0.081 1.010 0.156 

5 x 20 -0.355 0.461 -0.074 -0.545 0.707 -1.839 0.483 -0.085 -0.530 0.702 

5 x 20 -0.718 0.045 -0.147 -1.614 0.947 -2.956 0.129 -0.138 -1.228 0.890 

SOM 

10 x 20 0.489 0.531 0.076 0.851 0.197 4.940 0.585 0.077 0.728 0.233 

10 x 20 -0.197 0.725 -0.028 -0.222 0.588 -1.748 0.782 -0.026 -0.165 0.565 

5 x 20 -0.125 0.795 -0.026 -0.112 0.545 -0.156 0.951 -0.008 0.041 0.484 

5 x 20 -0.019 0.957 -0.005 0.073 0.471 0.089 0.963 0.005 0.147 0.442 
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Table B.7. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 3 applying neighborhood structure (A). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic  

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -0.509 0.505 -0.041 -0.416 0.661 -4.498 0.612 -0.045 -0.345 0.635 

10 x 20 -0.625 0.380 -0.039 -0.529 0.702 -5.342 0.509 -0.043 -0.453 0.675 

5 x 20 0.083 0.850 0.016 0.420 0.337 -0.060 0.981 -0.003 0.123 0.451 

5 x 20 0.201 0.565 0.036 0.730 0.233 1.331 0.504 0.065 0.764 0.222 

C2 

10 x 20 -0.316 0.948 0.000 0.316 0.376 13.505 0.255 0.076 1.066 0.143 

10 x 20 -0.140 0.802 -0.011 -0.034 0.513 2.398 0.719 0.022 0.499 0.309 

5 x 20 0.282 0.543 0.052 0.845 0.199 2.083 0.367 0.138 1.186 0.118 

5 x 20 -0.264 0.419 -0.046 -0.611 0.729 -1.487 0.425 -0.069 -0.649 0.742 

C3 

10 x 20 0.711 0.137 0.138 2.493 0.006 10.034 0.124 0.176 2.274 0.011 

10 x 20 -1.524 0.035 -0.072 -1.254 0.895 -7.251 0.387 -0.044 -0.515 0.697 

5 x 20 0.242 0.623 0.032 0.629 0.265 1.692 0.522 0.069 0.705 0.240 

5 x 20 0.654 0.037 0.099 1.846 0.032 3.657 0.053 0.152 1.783 0.037 

FS1 

10 x 20 -0.920 0.289 -0.063 -0.684 0.753 -13.96 0.188 -0.104 -0.958 0.831 

10 x 20 -0.738 0.179 -0.061 -1.074 0.859 -5.309 0.446 -0.046 -0.557 0.711 

5 x 20 -0.086 0.852 -0.013 0.042 0.483 -0.571 0.822 -0.026 -0.069 0.528 

5 x 20 0.269 0.334 0.059 1.186 0.118 1.272 0.430 0.073 0.942 0.173 

FS2 

10 x 20 1.005 0.120 0.140 2.208 0.014 12.146 0.188 0.147 1.680 0.046 

10 x 20 -1.110 0.054 -0.084 -1.542 0.938 -10.92 0.102 -0.101 -1.414 0.921 

5 x 20 -0.124 0.772 -0.021 -0.057 0.523 -0.470 0.841 -0.023 -0.046 0.518 

5 x 20 -0.499 0.140 -0.077 -1.165 0.878 -1.431 0.442 -0.063 -0.593 0.723 

FS3 

10 x 20 0.494 0.380 0.070 1.392 0.082 6.569 0.411 0.079 1.116 0.132 

10 x 20 -0.168 0.787 -0.011 -0.039 0.515 0.931 0.902 0.007 0.240 0.405 

5 x 20 0.204 0.575 0.047 0.825 0.205 1.990 0.356 0.114 1.095 0.137 

5 x 20 -0.492 0.159 -0.074 -1.067 0.857 -1.581 0.414 -0.067 -0.610 0.729 

HS1 

10 x 20 0.913 0.081 0.132 2.418 0.008 15.725 0.027 0.208 2.693 0.004 

10 x 20 0.400 0.421 0.045 1.061 0.144 6.606 0.317 0.070 1.169 0.121 

5 x 20 -0.137 0.777 -0.020 -0.042 0.517 -0.033 0.990 -0.001 0.126 0.450 

5 x 20 0.497 0.077 0.100 1.914 0.028 3.006 0.064 0.169 2.012 0.022 

HS2 

10 x 20 -0.300 0.773 -0.013 0.025 0.490 -3.949 0.732 -0.023 -0.097 0.539 

10 x 20 0.320 0.506 0.035 0.906 0.183 6.851 0.249 0.081 1.399 0.081 

5 x 20 0.149 0.734 0.025 0.608 0.271 2.495 0.304 0.118 1.178 0.119 

5 x 20 -0.567 0.137 -0.075 -1.055 0.854 -4.349 0.024 -0.193 -1.958 0.975 

HS3 

10 x 20 -0.586 0.503 -0.041 -0.343 0.634 -1.870 0.857 -0.015 0.043 0.483 

10 x 20 0.550 0.252 0.064 1.437 0.075 11.827 0.056 0.136 2.146 0.016 

5 x 20 -0.350 0.379 -0.069 -0.744 0.771 -2.893 0.189 -0.161 -1.281 0.900 

5 x 20 0.240 0.445 0.041 0.898 0.184 1.534 0.371 0.078 1.004 0.158 

SOM 

10 x 20 0.052 0.943 0.004 0.304 0.380 -0.392 0.966 -0.004 0.132 0.448 

10 x 20 0.236 0.576 0.033 0.897 0.185 3.427 0.537 0.046 0.885 0.188 

5 x 20 0.199 0.671 0.030 0.572 0.284 2.375 0.369 0.096 0.919 0.179 

5 x 20 -0.057 0.867 -0.009 0.024 0.490 1.835 0.344 0.074 0.955 0.170 
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Table B.8. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 3 applying neighborhood structure (B). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -0.716 0.365 -0.067 -0.680 0.752 -5.253 0.554 -0.059 -0.452 0.675 

10 x 20 -0.512 0.464 -0.042 -0.474 0.682 -4.824 0.546 -0.045 -0.422 0.664 

5 x 20 0.041 0.926 0.009 0.292 0.385 -0.120 0.962 -0.006 0.090 0.464 

5 x 20 0.256 0.470 0.053 0.845 0.199 1.388 0.484 0.073 0.789 0.215 

C2 

10 x 20 1.314 0.161 0.072 1.155 0.124 15.701 0.141 0.125 1.410 0.079 

10 x 20 0.057 0.918 0.006 0.265 0.396 3.318 0.613 0.036 0.629 0.265 

5 x 20 0.515 0.240 0.125 1.442 0.075 2.333 0.306 0.170 1.329 0.092 

5 x 20 -0.229 0.486 -0.047 -0.528 0.701 -1.422 0.444 -0.071 -0.626 0.734 

C3 

10 x 20 0.918 0.078 0.185 2.668 0.004 11.238 0.097 0.206 2.319 0.010 

10 x 20 -1.040 0.170 -0.057 -0.798 0.787 -4.673 0.574 -0.033 -0.301 0.618 

5 x 20 0.153 0.761 0.024 0.434 0.332 1.586 0.550 0.069 0.655 0.256 

5 x 20 0.675 0.034 0.126 1.952 0.025 3.574 0.055 0.165 1.801 0.036 

FS1 

10 x 20 -1.246 0.151 -0.104 -1.089 0.862 -15.17 0.145 -0.132 -1.118 0.868 

10 x 20 -0.619 0.290 -0.056 -0.802 0.789 -4.126 0.551 -0.041 -0.425 0.664 

5 x 20 -0.053 0.912 -0.009 0.081 0.468 -0.523 0.837 -0.025 -0.059 0.524 

5 x 20 0.298 0.288 0.077 1.272 0.102 1.299 0.419 0.081 0.959 0.169 

FS2 

10 x 20 1.149 0.106 0.167 2.100 0.018 12.558 0.188 0.162 1.608 0.054 

10 x 20 -0.962 0.088 -0.094 -1.452 0.927 -9.981 0.128 -0.109 -1.355 0.912 

5 x 20 -0.060 0.888 -0.012 0.061 0.476 -0.379 0.871 -0.020 -0.017 0.507 

5 x 20 -0.338 0.314 -0.063 -0.783 0.783 -1.198 0.516 -0.057 -0.492 0.689 

FS3 

10 x 20 0.469 0.455 0.068 1.114 0.133 6.182 0.456 0.078 0.984 0.163 

10 x 20 -0.208 0.740 -0.017 -0.131 0.552 0.735 0.923 0.006 0.201 0.420 

5 x 20 0.254 0.500 0.065 0.895 0.185 2.048 0.343 0.125 1.109 0.134 

5 x 20 -0.493 0.156 -0.089 -1.118 0.868 -1.582 0.413 -0.071 -0.619 0.732 

HS1 

10 x 20 1.261 0.021 0.203 2.941 0.002 17.718 0.002 0.257 2.885 0.002 

10 x 20 0.648 0.223 0.078 1.418 0.078 7.947 0.239 0.092 1.309 0.095 

5 x 20 -0.375 0.437 -0.066 -0.537 0.704 -0.345 0.894 -0.016 0.004 0.498 

5 x 20 0.554 0.048 0.138 2.174 0.015 3.060 0.058 0.187 2.068 0.019 

HS2 

10 x 20 0.125 0.899 0.007 0.290 0.386 -1.920 0.864 -0.014 0.015 0.494 

10 x 20 0.207 0.680 0.026 0.605 0.273 6.209 0.300 0.083 1.260 0.104 

5 x 20 0.349 0.414 0.072 1.046 0.148 2.735 0.254 0.141 1.280 0.100 

5 x 20 -0.571 0.118 -0.099 -1.232 0.891 -4.314 0.023 -0.210 -1.996 0.977 

HS3 

10 x 20 -0.666 0.453 -0.056 -0.470 0.681 -2.142 0.836 -0.020 -0.007 0.503 

10 x 20 1.054 0.028 0.142 2.487 0.006 14.416 0.018 0.188 2.583 0.005 

5 x 20 -0.391 0.326 -0.092 -0.887 0.812 -2.942 0.181 -0.176 -1.312 0.905 

5 x 20 0.293 0.347 0.061 1.059 0.145 1.592 0.350 0.087 1.040 0.149 

SOM 

10 x 20 -0.199 0.791 -0.020 -0.078 0.531 -1.731 0.850 -0.018 -0.035 0.514 

10 x 20 0.308 0.498 0.046 0.976 0.165 3.798 0.505 0.055 0.907 0.182 

5 x 20 0.253 0.585 0.046 0.661 0.254 2.419 0.356 0.107 0.938 0.174 

5 x 20 0.149 0.661 0.027 0.552 0.290 2.092 0.273 0.093 1.087 0.139 
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Table B.9. Estimated spatial autocorrelations using inversed distance and inverse squared 

distance weight for replication 3 applying neighborhood structure (C). Notes: SAR rho, 

spatial autocorrelation parameter ρ; MI, Moran‟s I statistic; SMI, standardized Moran‟s I 

statistic for residuals. 

 
  Inverse distance weight Inverse squared distance weight 

Genetic 

 entry Spacing 

SAR 

Rho 

p-

value MI SMI 

p-

value 

SAR 

Rho 

p-

value MI SMI 

p-

value 

C1 

10 x 20 -0.138 0.863 -0.018 -0.022 0.509 -1.922 0.827 -0.028 -0.099 0.539 

10 x 20 -0.530 0.450 -0.061 -0.585 0.721 -4.674 0.550 -0.058 -0.465 0.679 

5 x 20 0.260 0.562 0.070 0.753 0.226 0.209 0.934 0.012 0.210 0.417 

5 x 20 0.309 0.387 0.081 0.966 0.167 1.439 0.465 0.083 0.815 0.207 

C2 

10 x 20 1.823 0.026 0.221 2.184 0.014 17.702 0.067 0.228 1.900 0.029 

10 x 20 -0.040 0.944 -0.005 0.051 0.480 2.707 0.680 0.037 0.520 0.301 

5 x 20 0.572 0.162 0.206 1.782 0.037 2.382 0.282 0.200 1.409 0.079 

5 x 20 -0.290 0.384 -0.074 -0.733 0.768 -1.496 0.420 -0.082 -0.676 0.751 

C3 

10 x 20 1.018 0.106 0.206 2.187 0.014 11.379 0.123 0.225 2.003 0.023 

10 x 20 -0.707 0.312 -0.067 -0.722 0.765 -2.935 0.696 -0.032 -0.232 0.592 

5 x 20 0.056 0.912 0.011 0.228 0.410 1.423 0.589 0.069 0.597 0.275 

5 x 20 0.720 0.023 0.178 2.158 0.015 3.572 0.052 0.185 1.843 0.033 

FS1 

10 x 20 -1.497 0.103 -0.157 -1.308 0.905 -16.44 0.122 -0.170 -1.200 0.885 

10 x 20 -0.162 0.787 -0.020 -0.134 0.553 -1.139 0.866 -0.015 -0.056 0.522 

5 x 20 -0.058 0.907 -0.012 0.041 0.484 -0.522 0.837 -0.027 -0.070 0.528 

5 x 20 0.358 0.217 0.110 1.419 0.078 1.373 0.395 0.092 0.989 0.161 

FS2 

10 x 20 1.332 0.128 0.191 1.746 0.040 12.555 0.229 0.176 1.366 0.086 

10 x 20 -0.620 0.294 -0.079 -0.897 0.815 -7.604 0.249 -0.104 -1.032 0.849 

5 x 20 -0.052 0.904 -0.013 0.042 0.483 -0.362 0.876 -0.021 -0.022 0.509 

5 x 20 -0.236 0.497 -0.052 -0.496 0.690 -1.034 0.577 -0.053 -0.411 0.659 

FS3 

10 x 20 0.513 0.488 0.077 0.924 0.178 6.098 0.489 0.087 0.858 0.195 

10 x 20 -0.107 0.878 -0.010 -0.025 0.510 1.527 0.840 0.016 0.266 0.395 

5 x 20 0.313 0.410 0.101 1.040 0.149 2.102 0.327 0.142 1.140 0.127 

5 x 20 -0.452 0.200 -0.100 -1.025 0.847 -1.493 0.440 -0.073 -0.587 0.722 

HS1 

10 x 20 1.771 0.007 0.296 3.099 0.001 20.342 0.009 0.327 2.884 0.002 

10 x 20 0.759 0.210 0.103 1.375 0.085 8.265 0.243 0.110 1.247 0.106 

5 x 20 -0.126 0.801 -0.026 -0.082 0.533 0.021 0.993 0.001 0.126 0.450 

5 x 20 0.539 0.053 0.179 2.219 0.013 2.993 0.061 0.205 2.065 0.019 

HS2 

10 x 20 -0.041 0.966 -0.004 0.108 0.457 -2.662 0.804 -0.026 -0.087 0.535 

10 x 20 0.507 0.339 0.082 1.186 0.118 7.854 0.192 0.132 1.552 0.060 

5 x 20 0.437 0.323 0.108 1.151 0.125 2.812 0.240 0.159 1.300 0.097 

5 x 20 -0.444 0.236 -0.094 -0.928 0.823 -4.159 0.030 -0.218 -1.906 0.972 

HS3 

10 x 20 -0.077 0.936 -0.008 0.104 0.459 1.687 0.876 0.018 0.297 0.383 

10 x 20 1.490 0.006 0.233 2.998 0.001 16.188 0.010 0.254 2.779 0.003 

5 x 20 -0.371 0.384 -0.098 -0.753 0.774 -2.926 0.190 -0.185 -1.269 0.898 

5 x 20 0.356 0.247 0.097 1.273 0.101 1.663 0.324 0.101 1.090 0.138 

SOM 

10 x 20 -0.688 0.366 -0.099 -0.820 0.794 -4.674 0.603 -0.064 -0.409 0.659 

10 x 20 0.209 0.675 0.038 0.636 0.262 3.001 0.607 0.052 0.707 0.240 

5 x 20 0.353 0.459 0.077 0.794 0.214 2.549 0.331 0.123 0.968 0.167 

5 x 20 0.258 0.460 0.057 0.791 0.215 2.197 0.244 0.108 1.146 0.126 
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Appendix C 

 

Figure C.1. Graphs of estimated theoretical variograms using three different parameter 

estimation methods for the global variogram: (1) Black: WLS (Weighted Least Squares) (2) 

Red: ML (Maximum Likelihood) (3) Green: REML (Restricted Maximum Likelihood). 
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Figure C.2. Graphs of estimated theoretical variograms using three different parameter estimation methods for the stratified 

variograms for each land cover type: (1) Black: WLS (Weighted Least Squares) (2) Red: ML (Maximum Likelihood) (3) Green: 

REML (Restricted Maximum Likelihood). 
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Appendix D 

 

Figure D.1. Comparison of cross-validated kriging estimates between the global and stratified methods against observed data for 

transect LDB. 
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Figure D.2. Comparison of cross-validated kriging estimates between the global and stratified methods against observed data for 

transect LDG. 
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Figure D.3. Comparison of cross-validated kriging estimates between the global and stratified methods against observed data for 

transect LDY. 
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Figure D.4. Comparison of cross-validated kriging estimates between the global and stratified methods against observed data for 

transect LVB. 
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Figure D.5. Comparison of cross-validated kriging estimates between the global and stratified methods against observed data for 

transect LVD. 
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Figure D.6. Comparison of cross-validated kriging estimates between the global and stratified methods against observed data for 

transect LVG. 

 


