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Abstract. The effects of land-cover change on soil properties have reached regional proportions in

the southwestern Amazon, and can be detected in their patterns at the scale of hundreds of

thousands of square kilometers. Spatial analysis of an extensive soil profile database revealed four

nested spatial scales at which different patterns in soil properties occur: <3, <10, <68, and

>68 km. The shortest scales account for the majority of the spatial variability in the biogeo-

chemically important properties (phosphorus, nitrogen, organic carbon), while the longest scales

explain the most for pedologic properties (pH, aluminum, percent clay and sand). The magnitude

and sign of correlations among soil properties changed with scale, indicating major shifts in dis-

tribution and soil dynamics depending on the scale of observation and analysis. Precipitation,

substrate composition, topography, and biological influences vary over large areas, leading to

variable distribution of soil properties, and complicating the evaluation of the effect of defores-

tation on biogeochemical cycling. We modeled the relationships among scale-specific patterns in

soil properties and the soil forming state factors to tease out the relative impact of changing land

cover. Soil property short-scale variability corresponded with the distribution of land cover and

terrain attributes, medium scale variation with geology and state soil map classifications, and long

scale with geology and precipitation. The strength of these relationships may be partially attrib-

utable to the resolution of the maps used as proxies for the soil forming factors. Land-cover change

has already left a discernable imprint on broad-scale soil nutrient patterns, although it is still not

the dominant process.

Introduction

Deforestation in the Amazon affects regional and global ecosystem services
such as sustainability of agriculture and carbon cycling dynamics (Nepstad
et al. 1999; Houghton et al. 2000; Schneider et al. 2000). Various field inves-
tigations have shown that tropical forest clearing changes physical and
chemical soil properties, but the regional impact of land-cover change is dif-
ficult to assess quantitatively because tropical soils are extremely spatially
heterogeneous (Richter and Babbar 1991; Eswaran et al. 1992). Like soils
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everywhere, tropical soils are formed through the interaction of multiple
environmental factors that produce a complex mosaic of biological and
chemical properties across Earth’s terrestrial surface (Birkeland 1999; Brady
and Weil 1999). The long history of landscape development in the terra firme
(upland) areas of the Amazon basin and dense vegetation have led to complex
spatial distributions of soil properties, now overprinted by recent dramatic
changes in land cover (Holmes et al. 2004). These soil property patterns are not
easy to map and interpret given the sparse soil profile data typically available.

Previous studies have taken a spatial approach to quantify and understand
soil nutrient distributions (e.g. Uehara et al. 1985; Trangmar et al. 1986a, b;
Oline and Grant 2002; Powers and Schlesinger 2002; Rodenburg et al. 2003),
but that research addressed vastly different environmental conditions and
study area extents. Not surprisingly, the results have been contradictory, and
have not answered the fundamental question of what scales are appropriate for
addressing regional research questions, nor which environmental processes are
controlling these distributions and characteristic scales. For example, soil pH
has been reported to display the highest variability among soil properties, with
spatial autocorrelation up to 1 m (Oline and Grant 2002), and the lowest
variability, with correlation up to 750 m (Sun et al. 2003). Likewise, soil
phosphorus, generally considered the most limiting element in tropical, highly
weathered ecosystems (Vitousek 1984; Dias-Filho et al. 2001), has been doc-
umented as spatially autocorrelated up to 639 m (Sun et al. 2003), and to
6300 m (Trangmar et al. 1986b). These results were interpreted as differences in
landscape distribution of soil properties, but the discrepancy between the de-
tected ranges of correlation may be an artifact of differences in sample distri-
bution, sample density, and the extent of the field area (Western and Bloschl
1999). In addition, no robust conclusions were drawn concerning the processes
responsible for that spatial distribution. In this paper, we address these issues
by combining a geostatistical approach for detecting important scales from
relationships among the data themselves, rather than imposing an arbitrary
scale of analysis, and multivariate regression to investigate which processes are
potentially the major forces determining large area soil nutrient distributions.

We used a well-populated regional soil profile database from the southwestern
Amazon basin to address the ongoing debate concerning the effects of tropical
deforestation for agriculture on regional biogeochemical cycling in the humid
tropics, and provide a more robust basis for predicting the potential impacts of
the continuing trend of deforestation. The database is georeferenced and con-
tains a sufficiently large number of non-systematically sampled measurements.
Weapplied geostatistical techniques to (1) quantify themagnitude of soil nutrient
variability and identify the important scales atwhich patterns of nutrients emerge
over a large region in Amazônia; (2) analyze relationships among soil properties
at different spatial scales within the region; and (3) evaluate relationships at
different scales among nutrients and the state factors driving soil formation
(climate, geology, biota, topographic relief, time, and human activities), with a
particular focus on the impact of recent (since the 1970s) forest clearing.
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Data and methods

Field area

The Brazilian state of Rondônia covers an area of approximately 240,000 km2,
and is located in the arc of deforestation in the southwestern Amazon
(Figure 1). Average annual temperature is 24 �C with 80–85% relative
humidity (RADAM 1978). Average annual rainfall decreases from north to
south (2600–1600 mm/year) (Dunne 1999), most of which falls between
December and April. Average elevation increases from less than 100 m above
sea level in the north to more than 500 m in the southeast, and topography
varies, including flat river valleys, rolling hills, inselberg dotted plains, and
rugged NNW–SSE oriented mountains/scarps in the central and eastern parts
of the state. Rondônia is situated on the northwest edge of the Brazilian Shield,
where lithology is dominated by granitoids and meta-supracrustal basement
rocks, overlain in places by alluvium. Humans in Rondônia and the Amazon
region as a whole have modified the landscape for thousands of years (Cleary
2001; Lima et al. 2002), but the most dramatic, widespread impacts have oc-
curred since resource extraction booms in the 1970–1980s and government
settlement projects attracted agrarian settlers who typically clear-cut the
tropical forest to cultivate crops, most often cattle pasture (Fearnside 1993;
Schneider et al. 2000). Deforestation rates in Rondônia from the 1970s to the
present have fluctuated in response to regulatory policies and national eco-
nomics (Walker and Homma 1996; Roberts et al. 2002), with annual averages
ranging from 0.5 to 2.5% per year (Roberts et al. 2002). The mosaic of envi-
ronmental conditions including variations in annual rainfall, topography,
substrate composition, and land-use history suggests processes controlling soil
formation occur at multiple spatial and temporal scales, the products of which
jointly determine local soil properties in Rondônia.

Statistical methods

Geostatistical methods were originally developed to take advantage of the
strong spatial correlations among field sampled data, which often confound the
assumptions of sample independence in classical statistical techniques, to better
model environmental variables and to optimally predict values in unsampled
locations in the landscape. Geostatistics provide the tools to quantitatively
determine the particular spatial scales at which distinctive patterns in soil
properties emerge. Rather than producing a single, complex map for each soil
property, we divide original laboratory measurements into maps of soil
property estimates at multiple scales, which add together to produce the ori-
ginal complex map achieved by using standard spatial interpolation tech-
niques. All measurement values are preserved at their original locations in the
output maps.
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The analysis consisted of the following generalized steps: (1) the spatial
scales were chosen by modeling spatial dependence of each property (auto-
semivariograms), then every possible combination of properties (cross-
semivariograms), and deriving the common scales (correlation ranges) at which
detectable changes in spatial dependence (e.g. different patterns) occur for 11
soil properties; (2) the soil properties were estimated at every scale using a
spatial filtering method (multivariate cokriging) both at the sample locations to
be used in step (3), and on a 1-km · 1-km grid for visualization purposes; and
(3) the relative power of the different soil forming factors for predicting soil
property levels at each spatial scale (calculated using stepwise multiple
regression) was ranked to evaluate potential environmental controls on
quantitative soil properties at particular spatial scales. The geostatistical

Figure 1. Location map for the study area, showing the extent of 5 Landsat TM scenes classified

as forest and non-forest used as the land-cover map for our analysis. The major highway and large

towns are included for reference. The lower left-hand corner of the box marking the study area is

the coordinate system origin for all figures, which are measured in kilometers east and north of this

point. The origin coordinates (UTM Zone 20), South American 1969 are (345935.5m, 8488501m).
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methods have been described in detail in the soil science and geostatistical
literature (see Goovaerts 1992, 1994, 1997; Dobermann et al. 1995), and the
major steps are outlined in the following sections.

Defining critical scales
Measured soil properties at different locations may be similar, such as soil
samples taken in particular geologic units, or samples taken at similar positions
in different watersheds, indicating predictable spatial patterns. A semivariogram
quantifies the dissimilarity between pairs of measurements separated by distance
h, and is calculated as the average squared semi-difference between every pos-
sible pair of measurements separated by that distance (Goovaerts 1997):

cðhÞ ¼ 1

2NðhÞ
XNðhÞ

a¼1
½zðuaÞ � zðua þ hÞ�2; ð1Þ

whereN(h) is the number of pairs at distance h, and z is the value of interest at a
location with coordinates ua. Fitting a model to the variogram is analogous to
modeling spatial correlation at multiple scales (Myers 1997).

The type of variogram model and the model parameters elucidate the overall
variability, size, orientation, and intensity of patterns in soil properties at each
scale. Because we were interested in the interactions among soil variables, all
properties were modeled with the same number and type of nested variograms
and ranges. This entails that only one parameter was adjusted at each scale: the
variance, or sill. The sill is the plateau in variance that is reached at each scale,
where the slope of the variogram changes. The sum of the partial sills for a
given variogram is the same as the total variance of the soil property. There-
fore, a comparison of the scale-specific sills reveals the proportion of variance
accounted for at each scale, which is an important clue toward understanding
the optimal scale at which to study or sample a particular nutrient, and which
soil forming factors dominate its distribution: for instance, those acting over
very large scales cause large-scale patterns in soils such as regional climate, or
highly localized forces such as land management or termite activity cause
highly localized patterns.

The variance for each nested scale is formally expressed as (Goulard and
Voltz 1992):

cðhÞ ¼
XNs

l¼1
blglðhÞ; ð2Þ

where Ns is the number of common variogram structures g(h), b is the sill, and l
indicates a particular spatial scale (Dobermann et al. 1995; Goovaerts 1997).
The same equation in matrix terms is

CðhÞ ¼
XNs

l¼1
BlglðhÞ; ð3Þ
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where C(h) is the variogram matrix (all auto and cross-variograms) and Bl is a
matrix of sills, called the coregionalization matrix (Goovaerts 1992). Each
matrix of sill terms describes the relationships among the soil properties at
spatial scale l, as defined by the variogram function gl(h).

A traditional correlation coefficient measures the global correlation between
variables, but it can be adapted to measure scale-specific correlations to further
our understanding of how soil property relationships change with scale. This is
a unitless measure of correlation (qlij) between two variables (i and j) at scale l,
filtering out variation at other scales (Dobermann et al. 1995):

ql
ij ¼

blijffiffiffiffiffiffiffiffiffiffiffiffiffi
blii � b

l
jj

q : ð4Þ

If the relationships among soil properties change with spatial scale, then
depending on the distance between sampling sites, different correlations will
result, indicating that the global correlation coefficient is a poor predictor of
relationships measured in the field; rather, the data are best analyzed by using
the scale-specific correlations. An analysis of scale is wholly dependent on
variogram models and the coregionalization matrix, and therefore contains
certain assumptions, namely that the observed patterns result from a linear
combination of independent processes (nested variograms) which act on dis-
tinct spatial scales. The assumption of independence is invoked due to lack of
scale-specific measurements, but can be relaxed if inter-scale dependencies can
be obtained through, say, physical models of soil formation/evolution.

Partitioning soil properties into multiple scales
Once the critical spatial scales are identified through variogram modeling, we
decompose or filter the soil properties and map estimates of the soil properties
for each spatial scale using cokriging; see Appendix A, and Wackernagel (1998)
and Goovaerts (1997) for a more complete discussion. Cokriging estimates
were computed at the sample locations for regression modeling and on a
regularly spaced 1-km · 1-km grid for visualization purposes. Geostatistical
exploratory analyses were performed using the public-domain ‘GSLIB’ geo-
statistical software library package (Deutsch and Journel 1998), and multi-
variate dual cokriging was performed in Matlab (The MathWorks, Inc.,
2001,Version 6.1).

Regression analysis
Once the important scales for soil patterns were determined, and the soil
property measurements were decomposed into their scale-specific contribu-
tions, we evaluated the relative importance of the soil forming factors at every
scale. This was done using stepwise multiple regression and several specifica-
tion tests to analyze the relationships between the spatial components at the
sample locations and the environmental gradients theoretically controlling long
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Figure 2. Map of sample locations and surface pH values (a), original histogram (b) and trans-

formed histogram (c). Map units measured in kilometers from origin marked in Figure 1.
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term soil development and soil nutrient availability. Regression modeling
allowed simultaneous use of categorical and continuous scale explanatory
variables, and tests of interaction effects. The predictor variables in the best
models were ranked to evaluate the relative importance of the soil forming
factors as controls on soil chemistry.

The best regression models were determined through a stepwise selection
process, and reassessed at every step to identify the best model in terms of fit
(explained variation) and parsimony. Specifically, independent variables were
evaluated using either t-tests (continuous scale variables) or F-tests (groups of
categorical variables) (Maddala 1992), and those with a p-value greater than
0.15 were omitted from the model. The 0.15 cutoff was chosen to mitigate Type
II effects balanced against Type I effects. Once the best model was constructed,
the relative contribution of each of the independent variables was determined
and ranked based on the p-values from four specification tests (F-test, Like-
lihood Ratio, Wald Score Test, and the Lagrange Multiplier), by comparing a
restricted model to an unrestricted model. Only the F-test is reported here for
simplicity. S-plus was used for all regression calculations (MathSoft Inc., 2000
Professional Version 3).

Soil profile data

The soil data which made this study possible were collected between Septem-
ber, 1996, and November, 1997, for agricultural zoning (2a ZEE-RO: Segunda
Aproximação do Zoneamento Sócio-Econômico Ecológico do Estado de
Rondônia) (Cochrane 1998). The full data set includes samples from approx-
imately 3000 soil profiles, 2236 of which fell within the study area
(�195,000 km2) (see sample locations, Figure 2a). The average distance be-
tween samples was approximately 4 km, but many were separated from
neighboring samples by much shorter distances. We assembled data for the soil
surface and subsurface horizons, respectively defined as horizons with an upper
boundary between 0 and 5 cm, and the deepest horizon sampled within each
profile with an upper boundary deeper than 25 cm (Table 1).

We focused on measurements of key plant nutrients and soil nutrient sup-
plying capacity: pH, exchangeable calcium (Ca), potassium (K), magnesium
(Mg), aluminum (Al), available phosphorus (P), total nitrogen (N), organic
carbon (OC), effective cation exchange capacity (ECEC), and particle size (clay
and sand %) (Table 1). Few bulk density measurements were made, so we
chose to work with soil nutrients as concentrations rather than calculate
nutrient stocks, because the latter would increase measurement error. For
general reference, the average bulk density for the surface and subsurface
horizons was 1.26 ± 0.16 and 1.30 ± 0.17 g/cm3, respectively. Land use, such
as pasture for cattle, agroforestry, tree plantations, or urban, was noted at the
sample locations by the surveyors, and for this analysis was simplified into
forest and non-forest classes. Management practices such as degree of logging,
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Figure 3. Environmental variables in the study area used as predictors for soil nutrient distri-

butions: (a) soil types, (b) geologic domain, (c) land cover (forest/non-forest), (d) slope in degrees,

(e) terrain roughness, (f) average annual precipitation. Map units measured from the origin marked

in Figure 1. Geologic domain units listed in the legend are Rondonia Basin, Nova Brasilandia,

Parecis Basin, Roosevelt, Central Rondonia, Ariquemes/PortoVelho, and Surficial Sediments.

Please see the text for further explanation.
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pasture fertilization, crop/animal rotation, and fire frequency were not
recorded (Cochrane 1998).

Environmental drivers

Existing maps were used as proxies for the soil forming factors in Rondônia
(Figure 3). A gridded map of average annual precipitation (Dunne 1999) was
used to approximate the climate gradient, assuming temperature differences
across the state to be negligible.

Slope, terrain ‘roughness’, and a soil wetness index were calculated from a
digital elevation model (Moore et al. 1993; SEDAM 1999; Holmes et al. 2000)
to assess the influence of landforms and water flow pathways on soil nutrient
distributions. Roughness was measured as the standard deviation in elevation
calculated on each pixel in the DEM within a 5-km radius circle. The soil
wetness index (compound topographic index, CTI) was calculated from the
DEM using the following equation (Moore et al. 1993):

CTI ¼ lnðAs= tan bÞ ð7Þ

where As is the specific catchment area, or square meters per unit width
orthogonal to the flow direction, and b is the slope angle in degrees.

As a proxy for parent material nutrient-supplying capacity we used the state
geology map aggregated into stratigraphic-tectonic domains as defined by the
state geological surveyors based on integrated petrologic, petrographic, geo-
chronologic, geophysical, and structural data (Figure 3B) (Scandolara 1999).
While these units are fairly coarse, they capture the differences in lithology from
the highly weathered sediments around Porto Velho (Surficial sediments);
intermediate composition granitoids in central Rondônia (Ariquemes/Porto
Velho domain, Central Rondônia domain); and mixed granites and intrusive
basic rocks in the south central/southeastern part of the state (Nova Brasilândia
domain, Parecis Basin domain). The remaining domains are heterogeneous,
consisting of a mixture of extrusive and intrusive rocks (Roosevelt domain), and
basins receiving sediments from a variety of sources (Rondônia Basin).

We included the existing state soil map as a potential explanatory factor for
soil chemistry in this analysis (EMBRAPA 1983), under the assumption that
the map well summarizes local combinations of soil forming factors. When
incorporating categorical variables into regression modeling, a large number of
categories typically have only one or two samples, and can create matrix sin-
gularities. This leads to problems implementing and interpreting the model
outputs. To avoid this problem, the state soil map was simplified into five
categories which reflect major trends in tropical soil properties, namely clay
type and drainage (Figure 3A): high activity clays (HAC), low activity clays in
latossolos (LAC-lat), low activity clays on non-latossolos (LAC-non), sandy,
and wet (e.g. IPCC/UNEP/OECD/IEA 1997; Bernoux et al. 2002). Soils with
low activity clays are extremely common, so to better partition the samples, the
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low activity clay category was divided into two groups: those belonging to the
Brazilian soil order ‘Latossolos’, which cover approximately 45% of Rondônia
(Cerri et al. 2000), and other soils. Latossolos are characterized as having
highly weathered subsurface mineral horizons in which the clay fraction con-
sists predominately of iron oxides, aluminum oxide, and kaolinite, virtually no
primary minerals remaining, and rapid drainage (de Oliveira et al. 1992). They
correspond with Oxisols and Ferralsols in the US and FAO-Unesco soil
classification systems.

Based on a non-spatial analysis of all the available soil measurements for the
area, the major distinction in regional soil biogeochemistry in this landscape is
between natural forest and human-altered areas (Holmes et al. 2004). Our intent
here is to assess whether this relationship holds true at all sampling or analysis
scales, and which state factors exert the strongest influence on soil property
distributions at different scales. To determine land cover at every location across
the majority of the field area, we used a mosaic of five Landsat Thematic
Mapper (TM) images from 1996 classified as forest or non-forest using spectral
mixture decomposition (Roberts et al. 2002). The mosaic provided information
for 66% of the sample locations, but regrettably full coverage for Rondônia of
sufficient quality for accurate classification was not available. We coarsened the
resolution of the images from 30-m to 90-m pixels to improve the agreement

Table 2. Correlation coefficients among soil properties within the surface and subsurface samples.

Variable pH P N OC ECEC Ca Mg K Al Sand Clay

(a) Surface horizons

pH 1.00

Phosphorus 0.30 1.00

Nitrogen 0.04 0.20 1.00

Org. carbon 0.04 0.20 0.91 1.00

ECEC 0.53 0.35 0.33 0.32 1.00

Calcium 0.64 0.37 0.26 0.25 0.97 1.00

Magnesium 0.38 0.12 0.20 0.21 0.57 0.47 1.00

Potassium 0.48 0.19 0.22 0.25 0.43 0.40 0.39 1.00

Aluminum �0.74 �0.14 0.14 0.15 �0.18 �0.36 �0.21 �0.25 1.00

Sand % 0.02 0.04 �0.33 �0.33 �0.24 �0.15 �0.19 �0.24 �0.23 1.00

Clay % �0.11 �0.07 0.31 0.29 0.15 0.07 0.11 0.14 0.26 �0.96 1.00

(b) Subsurface horizons

pH 1.00

Phosphorus 0.14 1.00

Nitrogen �0.03 0.01 1.00

Org. carbon �0.07 0.04 0.07 1.00

ECEC 0.10 0.07 �0.03 �0.05 1.00

Calcium 0.58 0.17 �0.03 �0.02 0.63 1.00

Magnesium 0.19 0.01 �0.02 �0.03 0.74 0.42 1.00

Potassium 0.34 0.05 �0.04 �0.09 0.46 0.38 0.33 1.00

Aluminum �0.54 �0.06 �0.01 �0.02 0.52 �0.18 0.10 0.08 1.00

Sand % �0.06 0.04 0.12 �0.18 �0.23 �0.19 �0.13 �0.15 �0.11 1.00

Clay % 0.04 �0.05 �0.11 0.21 0.13 0.14 0.05 0.06 0.04 �0.98 1.00
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between the remotely sensed land-cover classification and survey reported land
cover. Each cell in the new grid was assigned the percent of forest found in the
nine co-located original 30-m cells. There was 89% agreement between soil-
surveyor land cover and classified land cover at sample locations, with all mixed
pixels classified as forest. We infer that soil samples labeled as forest were
collected in forest margins, which is likely due to logistical difficulties for sample
collection in the often thick tropical vegetation. Samples collected near
boundaries have a higher likelihood of misclassification due to georeferencing
error when combining the soil pit locations with the classified images. For
consistency in the analysis of soil forming factors, only those soil samples were
included for which Landsat TM classified land cover was available, reducing
sample size by 30% (see extent of Landsat coverage, Figure 1).

Results and discussion

Non-spatial soil property variability

Each soil property had a relatively wide range of values and a corresponding
large standard deviation (Table 1). The single exception was nitrogen in the
subsurface, where it was practically absent. None of the soil properties fit a
Gaussian distribution so prior to analysis each was transformed using normal
scores, a non-linear, rank preserving transform that remaps any distribution to
a normal distribution, with zero mean and a standard deviation of one
(Figure 2B, C) (Goovaerts 1997).

There were strong positive correlations among several surface horizon
properties (r > 0.5: pH and K, Ca; OC and N; ECEC and Ca, Mg), strong
negative correlations were found among others (r <� 0.7: pH and Al; sand
and clay), and some properties generally showed weak correlations with the
other variables (P, N, OC, with the exception of OC:N) (Table 2). The strong
correlation between pH and some of the other properties is due to the role of
pH in regulating soil chemical reactions. Soil pH is considered a master vari-
able, and is commonly measured and used for a quick practical assessment of
soil conditions. Much of our discussion of patterns in soil properties is focused
on pH for efficiency.

In general, the correlations in the subsurface were weaker than at the sur-
face, except for those among ECEC and Ca, Mg, K, and Al, which were
stronger. The pool of exchangeable base cations in the surface horizons was
dominated by Ca, while at depth, K and Mg were more abundant, as was Al,
indicating an increased likelihood of Al-toxicity for plants. Average values for
most variables (pH, P, N, OC, ECEC, Ca, Mg, K, sand) decreased with depth
reflecting the importance of organic contributions to the surface soil properties,
with the exception of exchangeable aluminum and percent clay, which are more
prominent at depth for pedological reasons (Table 1). Soil property correla-
tions between the surface and subsurface were typically higher than 0.5
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(Figure 4). Nitrogen, OC, and Mg had low surface-to-subsurface correlations,
whereas Ca, Sand, and Clay had high correlations. The lack of correlation
between N and OC in the surface and subsurface reflects shallow rooting and
tight nutrient cycling by plants and/or recent changes in land management
practices (Neill and Davidson 2000).

Nested spatial scales

Several scales of soil property spatial variability were visually identifiable from
the auto-variogram (comparing how one property changes over increasing
distances) and the cross-variogram (comparing the correlation between two
properties over increasing distances) analysis, and were quantifiable using co-
regionalization modeling (Figure 5). In theory, the scales of soil property
variation are determined by the combined action of environmental processes.
The scale, in a geostatistical context, refers to the distance (x-axis of variogram
plot) at which changes in the slope (sill) of the variogram occur. We jointly
modeled the 11 auto- and 55 cross-variograms for the 11 soil properties using
an automated iterative weighted least squares fitting program (Goulard and
Voltz 1992). The final models consisted of four nested spatial scales: a nugget
(<3 km), short (<10 km), medium (<68 km), and long (>68 km) scales
(Table 3).

Figure 4. Correlation coefficients calculated between soil properties in the surface horizons versus

the subsurface horizons.
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Figure 5. The first two columns show the variograms (points) and models (lines) for all soil

properties in the surface and subsurface horizons. Cross-variograms between pH and 5 other

properties are presented in the right-hand column. The nugget, sill, and range are illustrated for the

surface horizon pH variogram.
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The nugget of the variogram (c value at extremely small distance) accounts
for both micro-scale variability in soil properties (e.g. localized disturbances
such as tree fall) and laboratory and other procedural errors. A variable with
no spatial dependence would have a variogram that is pure nugget (a hori-
zontal line), in which case, a comparison of measurements separated by any
distance returns the global variance, i.e., the spatial distribution is completely
random, and the geostatistical approach yields the same results as those
obtained through classical statistical analysis. Any errors associated with lab-
oratory measurements or georeferencing are likely to be independent and
cancel each other out, so the nugget in the cross-variogram better represents
the true micro-scale variability (Goovaerts 1994). For these data, the cross-
variogram nugget values were low and the auto-variogram nugget values were
high, suggesting there is some inherent short distance variability, but there is
also a large amount of uncertainty in the soil property measurements. The
extremely large nugget for several of the properties suggested that the sample
density was too low to adequately analyze local patterns (N, OC, P). Only a
subset of the 55 crossvariograms could be shown due to space limitations so
crossvariograms including pH were selected to supply examples of how well-
studied correlations between soil properties change with increasing distance in
this environment (Figure 5).

The sill of the variogram, in combination with the distance (range) at which
that sill is reached, represents the scale threshold between different relation-
ships in the data. The nugget, equivalent to the first sill of the variogram,
explained a larger percentage of variance in the surface horizons than the other
scales for N, OC, P, ECEC, Mg, and K (Table 4). The longest scale was
dominant for pH, Al, sand, and clay. Only Ca was best described by the
medium scale, and the short scale explained the least variability for any of the
soil properties with the exception of N, OC, and ECEC. The long-scale vari-
ation reflects changes in climate and parent material that most strongly influ-
ence basic pedological properties such as clay and sand. The short-scale
variability is controlled by plant distribution and biocycling of carbon and
nutrients. In these low activity soils, ECEC is imparted by organic matter and
therefore correlates with OC and N. The fact that Ca scale dependence is at
medium scale may well relate to the fact that it combines a pedological com-
ponent (long scale) with a biocycling component (short scale).

Table 3. Types of nested variogram functions and their ranges used in coregionalization modeling

for surface and subsurface horizons, inferred over all directions for 30 5-km lags, tolerance set to

3 km.

Scales Range (km) Model type

Micro (nugget) <3 Nugget

Short (structure 1) <10 Exponential

Medium (structure 2) <68 Spherical

Long (structure 3) >68 Spherical
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Crossvariograms for all possible combinations of soil properties showed
significant spatial dependence (e.g. pH vs. selected properties, right-hand
column Figure 5). The correlation between pH in the surface and subsurface
is high (r = 0.7), therefore the changing relationships between pH and other
properties with depth is dominated by changes in the measured amounts of
other properties. Aluminum and pH were strongly negatively correlated at
the surface and at depth. Although pH and ECEC were reasonably well
correlated at the surface, at depth they showed virtually no correlation.
Organic matter supplies a large percentage of cation exchange sites in the
surface, but is far less important in the subsurface with a consequent
reduction in the pH–ECEC correlation (Table 2). Similarly, the pH–OC
cross-variogram, although virtually zero, changes sign between the surface
and subsurface. The variance between pH and Ca increased with distance,
and had a long distance trend similar to that of the pH variogram, although
it was less pronounced in the subsurface, a pattern that reflects the shift from
biological control of Ca at short distance to lithological control at long
distances. Finally, pH and Sand showed low negative correlation over most
of the range, and low positive correlation at distances close to 150 km for
both the surface and subsurface. Sand does not contribute positively or
negatively to the pH dynamics in soil.

Variograms of the soil forming factors were also computed for a qualita-
tive comparison with the soil property variograms discussed above (Fig-
ure 6A and B). Variograms for the categorical datasets, geology, soil class,
and land cover, could not be constructed using the same methods as for
continuous data. Instead, the indicator variogram was calculated, which
shows the likelihood that points separated by a given distance belong to a

Table 4. Percent of total variance accounted for by each scale of analysis in the surface horizons,

determined through coregionalization modeling.

Surface Subsurface

Nugget

<3 km,

%

Str. 1

<10 km,

%

Str. 2

<68 km,

%

Str. 3

>68 km,

%

Nugget

<3 km,

%

Str. 1

<10 km,

%

Str. 2

<68 km,

%

Str. 3

>68 km,

%

Al 23 9 10 58 38 12 14 36

pH 20 8 14 58 26 11 6 57

Clay 26 12 17 45 30 7 30 34

Sand 30 11 20 40 34 6 33 28

OC 57 9 6 27 37 15 7 41

P 49 13 13 25 70 8 3 18

N 62 9 4 24 87 6 0 7

Ca 33 8 36 22 45 5 45 5

K 43 7 30 19 26 19 24 31

Mg 43 9 37 11 44 14 36 6

ECEC 45 15 35 6 37 22 35 6
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different unit or class (Goovaerts 1994). The shape and ranges of the
resulting indicator variograms can be compared in a qualitative way with
variograms of the soil forming factors measured on continuous scales and the
individual soil properties.

A comparison of the soil forming factor variograms with those of the soil
properties suggests that soil nutrients with high variability at short distances
(<10 km) may be most closely tied to changes in land cover, slope, CTI, and

Figure 6. Variograms of the environmental variables included in the study. (a) The continuous

variable variograms (precipitation, slope, CTI (wetness index), roughness) were standardized to 1.

(b) The categorical variable variograms (geologic domain, soil order, and land cover) were cal-

culated as indicator variograms, and then summed to represent the percent likelihood of any two

samples falling within the same category when sampled a given distance apart.
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Roughness. Roughness had a longer range than the other terrain variables, but
was still highly variable compared to the other soil forming factors considered
(Figure 6B). The soil type and geology variograms had more gentle slopes,
reaching a sill between 50 and 70 km which corresponds well with the sills
identified at <68 km in the soil chemistry samples. Both soil type and geologic
domain continued to increase with increasing distance, as did precipitation
which roughly followed a parabolic trend. The increasing variability with
distance of both substrate characteristics and precipitation are likely causes of
the long distance trend (>68 km) identified in the variograms of pH, Al, and
sand and clay.

Scale-specific correlations among soil variables

The linear correlation coefficient can be used to determine relationships among
soil properties at the different spatial scales by analyzing the variogram partial
sills. The scale-specific correlation coefficients for pH vs. the other 10 properties
illustrate changing correlation with spatial scale (Table 5); discussion of the
other variables is omitted because they do not provide added insight into scale
dependent properties.

All variables showed stronger correlations at one or more discrete scales
than was revealed by the traditional, global correlation analysis (see Results
and discussion: Non-spatial soil property variability, and Table 5, column 1).
The sign of correlations between pH and some variables remained constant
regardless of spatial scale (pH with ECEC, Ca, Mg, K, and Al), while others
switched sign with change of scale (pH with P, N, OC, sand, clay). Variables
with a constant relationship to pH are those that are directly responsible for

Table 5. Structural correlation coefficients for pH and all other soil properties in the surface and

subsurface horizons.

Surface Subsurface

Global Nugget

<3 km

Short

<10 km

Medium

<68 km

Long

>68 km

Global Nugget

<3 km

Short

<10 km

Medium

<68 km

Long

>68 km

P pH 0.3 0.4 �0.1 0.1 0.8 0.1 0.2 �0.1 0.0 0.9

N pH 0.0 0.1 0.0 0.6 �0.6 0.0 0.1 �0.1 0.5 �0.2
OC pH 0.0 0.1 0.2 0.6 �0.7 �0.1 �0.1 0.4 0.4 �0.8
ECEC pH 0.5 0.3 0.6 0.9 0.0 0.1 �0.2 0.0 0.4 �0.4
Ca pH 0.6 0.7 0.6 0.9 1.0 0.6 0.5 0.4 0.7 1.0

Mg pH 0.4 0.4 0.5 0.9 1.0 0.2 0.3 0.1 0.7 0.8

K pH 0.5 0.2 0.4 0.9 0.8 0.3 0.1 0.0 0.6 0.9

Al pH �0.7 �0.6 �0.8 �1.0 �0.9 �0.5 �0.8 �0.6 �1.0 �1.0
Sand pH 0.0 0.0 �0.1 �1.0 0.9 �0.1 0.1 �0.5 �1.0 0.9

Clay pH �0.1 0.0 0.0 1.0 �0.9 0.0 �0.1 0.6 1.0 �0.9

191



determining pH whereas those with changing scale relationships to pH are ones
that have little or no direct effect on pH. The dramatic change in sign and
magnitude of correlation between pH and clay at the longest scale could result
from two possible scenarios. For areas with high activity clays, we would
expect high clay content to correspond with high pH (positive correlation), and
for areas with low activity clays, we would expect high clay content with low
pH (negative correlation). The correlations measured for pH and clay are
negative at short and long distances. The positive correlation between pH and
clay at medium distances suggests either: (1) there is a characteristic spacing
between geologic or geomorphic units dominated by high activity clays, and
this is expressed in the variogram, which is a possibility because major river
valleys with large amounts of low activity clays are found at the northern and
southern boundaries of the study area; or (2) the central study area has
experienced extensive deforestation, and the short-term influx of cations from
burned vegetation to the soil has significantly increased soil pH, thus affecting
the medium scale correlations.

The subsurface horizons showed similar patterns of correlation with scale.
Stronger correlations between pH and Ca, Mg, Al, and texture at the medium
and long scale suggested vertical translocation of solutes and clay. The global
correlations were generally lower at depth than at the surface, but this is
misleading because strong correlations were found at specific scales, and those
with opposite signs cancelled out in the calculation of the global correlations.

Partitioning and mapping soil property measurements by spatial scale

Maps of the soil properties at each scale were produced from multivariate
factorial kriging based on the nugget, sill, and range parameters determined
through variogram modeling (Figures 7 and 8). The study area was divided
into smaller blocks for processing due to computational demands, and slight
differences in block means caused the checkerboard effect seen in the long-
scale maps. The maps are presented in transformed and standardized units
(mean = 0, standard deviation = 1) to enhance comparisons among prop-
erties with different measurement units or ranges. The sum of the maps
across scales (from left to right in Figures 7 and 8) is equivalent to a map
produced from the original data by standard spatial interpolation (ordinary
kriging).

The patterns of nutrients at short scales are highly localized, corresponding
to small areas around data points or small groups of points. The patches begin
to merge at the medium scale, showing strong variability both north to south
and east to west. At the long scale, the simplified pattern shows a strong north–
south trend. The subsurface horizon maps are more homogeneous than those
for the surface horizons. Soil pH and P have opposite trends in the surface and
subsurface: pH appears lower on average in the subsurface than in the surface,
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while P values increase with depth. The overall smoothing effect in the sub-
surface makes sense from a physical standpoint: the surface layer is directly
affected by localized processes such as tree fall, termite mounds, or

Figure 7. Spatial components of surface and subsurface pH and P, calculated using the coregi-

onalization models and multivariate factorial kriging. All variables are presented in normal score

transformed units to permit visual comparison of variables with different units and ranges of

values. Map units measured in kilometers from origin marked in Figure 1.
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accumulation of ash or organic matter, which alter surface soil chemistry
levels. However, it may take many years of decomposition and translocation of
materials for these surface changes to affect the subsurface horizons.

Figure 8. Spatial components of surface horizon OC, Ca, K, and Clay, calculated using the

coregionalization models and multivariate factorial kriging. All variables are presented in normal

score transformed units to permit visual comparison of variables with different units and ranges of

values. Map units measured in kilometers from origin marked in Figure 1.
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Environmental factors driving soil variability

We used multiple linear regression to identify relationships among the scale-
specific soil property estimates and environmental drivers. We were specifically
interested in the effects of land-cover change relative to the rest of the soil
forming factors, so we included the interactions of land-cover change and the
other predictors in regression modeling.

The regression model fit for the surface horizon improved with increasing
scale (Tables 6 (panel a) and 7 (panel a)). The nugget and short-scale were
modeled both individually and combined. We used the combined value as
representative of short-scale behavior because the models were very similar, no
supplemental information was available for interpreting the nugget, and short-
scale variation explained little of the overall property variance (Table 4). The
surface horizon regression models for medium- and long-scales explained
respectively 20–42% and 34–75% of the sample variance. The regression model
fits for the subsurface horizon are also best for the long scale (Tables 6 (panel
b) and 7 (panel b)). As expected from the variogram inspection, we found that
terrain variables and land cover were the best predictors in the surface horizon
at short scales, followed by geologic domain at medium scales, and precipi-
tation at the longest scale. Calcium and pH were best predicted by land cover
at short scales, while terrain Roughness was the best predictor of K at every
scale.

Soil pH, which is representative of general soil solution conditions and
potential Al-toxicity, exhibits strong, regional patterns, and is less variable
than most other soil property measurements. Phosphorus, on the other hand,
is highly variable at short distances (nugget = 45%) with a long-range
component (long scale = 25%) in the surface horizons, but in the subsurface
is dominated by micro scale variability (nugget = 70%). Phosphorus is
minimally soluble and likely the pattern reflects areas of concentration around
specific plants as it is biocycled and concentrated. Most variability in soil OC
is documented in the nugget (57%), but there is a longer scale component
(27% at >68 km) which is probably conditioned by the effect of rainfall on
forest type and rates of carbon cycling. Our analysis has shown that K is
more variable at short scales than Ca, and that it is more highly concentrated
in the surface soil (Figure 4). The Ca and K models are very similar at short
scales, and Ca follows the general trend of geologic domain and precipitation
as dominant predictors at medium and long scales. However, K is dominated
by local variations in topography (roughness) at every scale. Potassium is a
highly mobile ion, and its distribution reflects local transport pathways as well
as biocycling. Clay concentration could not be modeled at short scales, sug-
gesting that the maps of lithology and geomorphic units we used were not
adequate to represent realistic short scale variation in the study area.
Lithology in Rondônia is extremely heterogeneous, and the state geology map
depicts bedrock lithology as necessary for mineral exploration, which is not
typically the parent material for soils. This is a common occurrence, due to
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differences between the scale at which the geology is mapped, the lack of
distinction made between geomorphic surfaces, and the practical necessity of
sampling soil profiles at points in the landscape. At the medium scale, some

Table 6. Ranked importance of environmental predictors (1 is highest) used in the best models for

each spatial component of the soil properties (pH, P, OC) in the (panel a) surface and (panel b)

subsurface horizons.

pH Phosphorous Organic carbon

Nug/Sh. Med Long Nug/Sh. Med Long Nug/Sh. Med Long

Panel a: Surface

Precipitation 4 1 4 1 6 3 1

Geol. domain 3 1 2 1 2 7 1 2

Soils 5 2 4 5 2 5 2 3

Roughness 5 8 3 6

CTI 2 8 1 9

Slope 4 1 5 8

Land cover (LC) 1 3 3 4 3 4 3 5 4

LC: precipitation 7 5 7 4

LC: geol. domain 2 6 6 6 4 5

LC: soils 5 7 3 6 7

LC: roughness 7

LC: CTI 2

LC: slope

Resid SE 0.60 0.24 0.31 0.79 0.25 0.21 0.79 0.13 0.14

DF 1435 1429 1429 1443 1433 1432 1443 1432 1433

R-squared 0.08 0.38 0.66 0.02 0.21 0.35 0.02 0.24 0.68

Adj. R-sq. 0.06 0.37 0.66 0.01 0.20 0.34 0.01 0.23 0.68

F-test 6.21 34.47 112.28 2.22 18.24 35.32 2.22 20.43 148.26

Pr(F) 0.00 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00

Panel b: Subsurface

Precipitation 8 3 1 2 4 1 3 1

Geol. domain 7 1 2 1 2 1 2

Soils 2 3 2 5 2 5

Roughness 9 4 5 9

CTI 1 5 5 6 6 1 10

Slope 3 4 9 2 6

Land cover (LC) 2 4 5 3 3 3 4 3

LC: precipitation 4 1 7 7 8

LC: geol. domain 6 5 4 4

LC: soils 8

LC: roughness 6 7 6

LC: CTI 6 7

LC: slope 5 8

Resid SE 0.67 0.14 0.31 0.82 0.10 0.18 0.74 0.14 0.26

DF 986 1002 1002 1027 996 990 1030 1000 993

R-squared 0.08 0.31 0.59 0.02 0.19 0.47 0.01 0.12 0.52

Adj. R-sq. 0.05 0.30 0.59 0.02 0.17 0.45 0.01 0.11 0.51

F-test 2.79 29.59 96.86 4.58 10.99 32.22 6.54 8.23 45.39

Pr(F) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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variance in clay % was explained by the regression model (adjusted
R2 = 0.22). The longest scale explained about 75% of the clay variance, rep-
resenting broad changes in climate and parent material across the study area.

Table 7. Ranked importance of environmental predictors (1 is highest) used in the best models for

each spatial component of the soil properties (Ca, K, Clay) in the (panel a) surface and (panel b)

subsurface horizons.

Calcium Potassium Clay

Nug/Sh. Med Long Nug/Sh. Med Long Nug/Sh. Med Long

Panel a: Surface

Precipitation 7 1 6 6 5 1

Geol. domain 1 2 3 3 1 2

Soils 3 4 2 2 2 3

Roughness 2 4 6 1 1 1 6

CTI 7 7

Slope

Land cover (LC) 1 2 3 2 4 4 3 4

LC: precipitation 8 9 9

LC: geol. domain 6 5 8 8 4 5

LC: soils 5 7 5 5 7

LC: roughness 3

LC: CTI

LC: slope

Resid SE 0.57 0.34 0.16 0.66 0.28 0.15 NA 0.25 0.20

DF 1472 1428 1429 1473 1427 1427 1435 1429

R-squared 0.03 0.43 0.66 0.01 0.42 0.52 0.23 0.76

Adj. R-sq. 0.03 0.42 0.66 0.01 0.40 0.51 0.22 0.75

F-test 15.33 41.17 112.48 8.48 37.61 56.51 22.12 179.94

Pr(F) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Panel b: Subsurface

Precipitation 6 1 1 1

Geol. domain 2 2 3 2 1 2

Soils 1 3 1 3 2 3

Roughness 1 3 6 1 2 5 5

CTI 2 9

Slope

Land cover (LC) 2 4 4 3 4 4 3 4

LC: precipitation 9

LC: geol. domain 7 6 4 7

LC: soils 6

LC: roughness 5 5 7 8

LC: CTI 8

LC: slope

Resid SE 0.60 0.45 0.06 0.63 0.27 0.19 NA 0.3098 0.1469

DF 1030 1002 996 1029 1004 994 999 990

R-squared 0.01 0.32 0.75 0.02 0.39 0.62 0.36 0.81

Adj. R-sq. 0.01 0.31 0.74 0.01 0.38 0.61 0.35 0.81

F-test 7.45 31.94 141.72 5.26 49.15 70.33 31.89 158.72

Pr(F) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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The regression modeling makes the scale dependence of soil forming factors
explicit. There is however the possibility that the scale dependence is prejudiced
by the resolution of the predictor variables: if we had high resolution maps of
precipitation and parent material, we might resolve short-scale correlation
among soil properties and these components. Scale matching is a critical
problem in environmental modeling, particularly in remote regions with few
data collection stations.

Conclusions

In this study, we utilized a large database that enabled the decomposition of
large area soil nutrient distributions into their scale-specific patterns. Large
database analysis is growing in importance for biogeochemical research be-
cause of the need to address the implications of regional perturbations at the
appropriate scale. The analysis of large areas requires spatial treatment to
avoid developing global results that overly smooth important environmental
variability. Using geostatistical techniques on this extensive soil database we
have determined the critical spatial scales that allow us to evaluate differing
patterns of soil and ecosystem properties. It is evident that across Rondônia
soil properties that are most strongly influenced by plant growth and vegeta-
tion decay show strong variation over very short spatial scales (scales that were
not well captured by the regional database), whereas soil properties that are
more strongly related to climate and substrate vary over broader spatial scales.
The analysis provides a quantitative view of the patterns of short-scale varia-
tion in nutrient cycling overlaid on a more slowly changing background.
Ultimately, these scales combine to determine the soil properties measured at
individual field sites, and our approach allows disaggregation of the measured
signal. The properties associated with biocycling of nutrients vary over short
distances and they are the ones that are most strongly perturbed by land-use
change. However, those nutrients with extremely high microscale variability
are as well characterized by global statistics as using a spatial approach, and
the additional effort required for taking a geostatistical approach is probably
not justified.

Two major sources of error are evident in the work. The first is that large
databases are seldom collected with a specific analytical intent and their gen-
erality often ensures that the wrong things have been measured. The second is
that spatial interpretation of the database requires correlation with other
geographical databases to link information on the distribution of climate,
geology, etc. These data may be severely limited in spatial resolution and thus
act to degrade the analytical power of spatial statistical techniques. On the
other hand, if such high resolution data are available, the analytical power of
the spatial approach could be dramatically improved. Still, an understanding
of the scale-dependence of biogeochemical properties is critical to evaluating
regional response to land clearing and other types of changes in land use.
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Appendix

Estimates of scale-specific soil properties were computed using an optimal
linear unbiased estimator (kriging):

zðuÞ ¼
XL

l¼1
zlðuÞ þm: ðA:1Þ

The spatial components zl(u) represent the value of variable z(u) at the spatial
scales l defined by the ranges determined through coregionalization modeling.
Each spatial component is estimated as a linear combination of the observa-
tions and the stationary mean m:

zl�ðuÞ ¼
Xn

a¼1
daC

lðua � uÞ þm; ðA:2Þ

where da(u) is the dual weight associated with the scale l specific covariance
Cl(ua � u), estimated through a system of n linear equations to ensure unbiased
estimation and minimum error variance (Goovaerts 1994). We used dual
multivariate cokriging with a stationary mean because it reduced the compu-
tational costs for the large number of data and estimates (Goovaerts 1997;
Wackernagel 1998). The global mean m was added to the longest range com-
ponent zl*(u) (Jaquet 1989).

Dual simple kriging

This discussion closely follows Goovaerts (1997). Dual kriging is an alternative
(but equivalent) kriging expression in which the estimates are determined as
linear combinations of covariance functions rather than data values (Goovaerts
1997). The standard simple kriging algorithm is as follows:

z�ðuÞ ¼
XnðuÞ

a¼1
kaðuÞ½zðuaÞ �m� þm; ðA:3Þ

where z*(u) is the estimate at location u, estimated from neighboring data z
measured at locations ua, and a known global meanm. The kriging weights k are
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calculated from the covariances among known data values by solving the system
of n-linear equations:

Xn

b¼1
kbðuÞCðua � ubÞ ¼ Cðua � uÞ; a ¼ 1; . . . ; n: ðA:4Þ

Based on this relationship, the simple kriging estimate can be represented
as a linear combination of these covariance values plus the stationary mean
m:

z�ðuÞ ¼
Xn

a¼1
daCðua � uÞ þm; ðA:5Þ

where da is the dual weight associated with the covariance C(ua � u). This is
the ‘dual’ form of the traditional simple kriging estimate. The dual kriging
system does not result from minimizing error variance, as does the traditional
simple kriging estimate, but rather it is derived from the exactitude property
of the kriging estimate. The dual weights da(u) are determined per solution of
the following system of equations:

z�ðuaÞ ¼
Xn

b¼1
dbCðub � uaÞ þm ¼ zðuaÞ; a ¼ 1; . . . ; n: ðA:6Þ

Dual factorial kriging

Standard kriging techniques are used to estimate the point or block value of
a continuous variable, such as soil pH at given locations. Soil pH can be
affected by very localized processes, such as fertilizer applications, and by
much broader scale processes, such as regional patterns of precipitation. If
the scales at which the factors influence pH are very different from one
another, they should result in different structures in the pH variogram. In the
case presented in this paper, common ranges or scales were determined
jointly from 11 soil chemical and physical properties: a nugget effect, short
(<10 km), medium (<68 km), and long (>68 km) range structures, which
can be related to reasonable physical controlling factors, such as micro-scale
disturbances and measurement error, land management practices, lithology,
and a regional precipitation gradient. Factorial kriging consists of parti-
tioning the variance of the random variable of interest into several zero
mean, independent spatial components (l), or factors, based on the variogram
model.

The dual form for the lth spatial component is as follows:

zl�ðuÞ ¼
Xn

a¼1
d l

aC
lðua � uÞ þm; ðA:7Þ
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where Cl(ua � u) is the covariance function of the spatial component zl(u). The
dual weights are determined by

z�ðuaÞ ¼
Xn

b¼1
d l

bCðub � uaÞ þm ¼ zðuaÞ; a ¼ 1; . . . ; n: ðA:8Þ

The dual weights only have to be solved for once, because they do not
depend on the spatial component being estimated. Therefore, the dual factorial
kriging estimate can be rewritten as:

zl�ðuÞ ¼
Xn

a¼1
d l

aC
lðua � uÞ þm; l ¼ 0; . . . ;L: ðA:9Þ

In the case of traditional simple factorial kriging, the weights k and kriging
system would have to be solved L + 1 times at each location u.

In the case that the distance between data (ua � u) is larger than the range of
correlation of a specific covariance component Cl(h), then all covariance terms
in the above expression disappear, and the estimated value of the corre-
sponding spatial component is zero, as expected.
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