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Measurement of unsaturated hydraulic properties of soil is a time-consuming endeavor which limits the scale of
studies. A stratified sampling scheme could enable more efficient use of samples but some information about the
strata is needed a priori. The aim of this study is to define zones of soil hydraulic properties using remotely sensed
and soil physical inputs. Samples were collected from 50 locations at 4 depth intervals in a 20.8 ha field located
along the margin of the Venice Lagoon, Italy, and characterized by paleo-channel structures and highly heterogeneous soils. Water retention curves (WRC) and unsaturated hydraulic conductivity curves (UHC) were
determined via inversion of measurements taken in the lab using the Wind method. Factorial kriging analysis
(FKA) was applied separately to hydraulic parameters and soil physical properties and the 4 depths treated as
independent samples. The mapped principal components (PCs) were used in a fuzzy-c means algorithm to define
zones of like properties. To examine the physical significance of these zones, curve parameters and hydraulic
curves were investigated. Zonation was able to distinguish between s (saturated water content), n (shape
parameter) and (inverse of air entry), while r (residual water content) and Ks (saturated conductivity) were
not statistically different between the groups. For curve comparisons, WRCs were found to be significantly
different between zones at all tensions while effective saturation curves (Se) differ for the majority of tensions
(except at 28 cm), and UHCs did not differ. The spatial relevance of the zones was examined by overlaying
hydraulic zones with zones defined using the FKA and fuzzy-c means approach from soil physical properties such
as texture and bulk density. The hydraulic zones overlaid the physical property zones with an areal accuracy
ranging from 46.66% to 92.41%. The similarity between these zone sets suggests that there is a potential to
predict hydraulic zones from zones defined from soil physical properties. This work illustrates the potential to
incorporate geospatial statistics in a stratified sampling scheme for hydraulic properties.

1. Introduction
The vadose zone and in particular unsaturated hydraulic hydrology
are of critical importance in improving understanding of the environment and agriculture as the vadose zone is the interface between
groundwater, terrestrial vegetation, and atmosphere. However, measurement of unsaturated hydraulic traits in soil is a challenging prospect. Variables such as sample size can have drastic effects on results
and the time required to make measurements limits the number of

samples which can be practically analyzed. Stratified sampling is an
effective way to reduce the number of samples required without substantial loss of information. However, to implement a stratified sampling scheme, similar and dissimilar units must be defined a priori.
Pedotransfer functions (PTFs) have been developed as a tool to use
easily measured properties like bulk density and texture to make predictions about hydraulic properties (Vereecken et al., 2010). These
PTFs rely on statistical modeling of physical relationships between easily measured variables and hydraulic properties (Vereecken et al.,

Abbreviations: BD, bulk density; ECa, apparent electrical conductivity; FKA, factorial kriging analysis; Ks, saturated conductivity; n, shape parameter; NDVI,
Normalized Difference Vegetation Index; NFI, Non Fuzziness Index; PCA, principal component analysis; PTF, pedotransfer function; Se, effective saturation curve;
UHC, unsaturated hydraulic conductivity curve; WRC, water content curve; α, inverse of air entry; θr, residual water content; θs, saturated water content
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2010). In this study, we focus on the spatial extent of relatedness rather
than the physical extent thus changing the problem. Rather than asking
how variables are related we ask where.
The most commonly used models to describe the water retention
curve (WRC) and the unsaturated hydraulic conductivity curve (UHC)
are the van Genuchten (1980) and Mualem (1976) models, respectively.
Sometimes a normalized version of the WRC where the upper and lower
bounds are scaled to 1 and 0 respectively is also of interest. This curve is
known as the effective saturation curve (Se). Many PTFs attempt to
predict the parameters used in these models from soil physical properties such as texture, bulk density, chemical properties like soil organic
matter, and others. Once the parameters are known, values of the water
content or hydraulic conductivity can be calculated for any given tension. Doussan and Ruy (2009) developed a PTF to use directly measured
electrical conductivity (EC) as input to predict UHC. Directly measuring
EC could prove difficult, especially for large scale studies. However,
remotely sensed apparent EC (ECa) is currently used on large sites.
Moreover, ECa has been used extensively in spatial studies of soil
(Corwin and Lesch, 2005; Scudiero et al., 2013).
Studies have reported on the spatial relationships and scale dependence between hydraulic parameters and soil physical properties
(Biswas and Si, 2009; Ciollaro and Romano 1995; Mallants et al.,
1997a; Hammel et al., 1999; Russo and Jury, 1987; Deurer et al., 2000;
Botros et al., 2009; Bevington et al., 2016). Though geospatial statistics
have been used in PTF scaling, there are few, if any, attempts to
leverage spatial relationships to develop PTF (Vereecken et al., 2010).
This study presents an approach which can predict spatial zones of similar hydraulic properties derived from non-hydraulic input data.
While not an explicit PTF, it lays the groundwork for incorporating
spatial data into future PTF.
Factorial kriging analysis (FKA) is a multivariate geospatial analysis
that is useful for identifying underlying processes which cause or affect
variability in the variable space. This is accomplished in much the same
way that principal component analysis (PCA) reduces a variable space
into a few factors which explain the majority of information. FKA is
essentially a spatial PCA but it also separates relationships based on
scale (Goovaerts, 1998). By using FKA, studies have identified sources
of variation and chemical leaching in soil (Dobermann et al., 1995),
distinguished between anthropogenic and natural sources of trace elements in soil (Sollitto et al., 2010; Nanos and Martin, 2012), identified
the spatial effects of an earthquake on aquifer properties (Lin et al.,
2004), among many other uses. With regards to hydraulic properties,
Bocchi et al. (2000) used FKA to study relationships between water
content at three tensions and some soil physical properties. They also
identified manure spreading as a source of variability. Biswas and Si
(2009) first applied FKA to study relationships between van Genuchten
hydraulic parameters and soil properties. They found spatial structures
of 20 and 120 m, strong, spatially dependent relationships between
saturated hydraulic conductivity, and texture and between van Genuchten shape and scaling parameters with soil physical properties.
Bevington et al. (2016) expanded the application of FKA to hydraulic
parameters to larger scales. They found spatial structures at 105 and
235 m and spatially dependent relationships between several hydraulic
parameters and soil properties. In particular, the structure at 105 m was
found to be closely related to bulk density and the structure at 235 m
was found to be related to texture.
Following the results of Bevington et al. (2016), the goal of this
study is to develop and test a methodology to predict zones of similar
hydraulic curves and properties from soil physical properties using FKA
coupled with cluster analysis. The hypothesis is that zones derived via
spatial analysis of physical properties will provide a meaningful delineation of hydraulic parameters because the hydraulic parameters are
assumed to be a result of the same set of underlying causal processes
(latent vectors). These zones could then be used to guide field sampling
and reduce the spatial density of samples.

2. Methods
2.1. Study site description
The study site is located at the southern margin of the Venice
Lagoon in the Po River delta. This is a farmland lying between 1 and
3.3 m below mean sea level that was reclaimed at the beginning of the
20th century for agricultural purposes (Scudiero et al., 2014). Reclaiming of land from the lagoon required construction of embankments
and drainage of water to maintain the water table at 0.5–1.8 m below
the land surface. Water drainage is achieved through a system of open
ditches which route the surplus water to a pumping station where it is
removed.
The soil is highly variable in terms of texture and bulk density.
There are two well preserved paleo-channels with high sand content
crossing the field that is otherwise dominated by other materials. Some
portions of the field are very peaty. On the northern edge of the 20.8 ha
field (Fig. 1), there are three constructed river canals including the
Morto Canal. When the Morto Canal was constructed, mineral soil of
alpine origin was spread over the soil of lagoon origin on the northern
portion of the investigated farmland. Soil on the northern edge is
classified as fine-silty mixed, calcareous, mesic while Fluvaquentic
Endoaquepts on the southern edge are classified as euic, mesic Typic
Sulfisaprists by the USDA (1998) system. The field is currently used for
agricultural purposes including annual tillage to a depth of approximately 30 cm and cultivation of herbaceous crops (e.g. Zea mays L.).
2.2. Secondary variables
Four sets of exhaustive data were collected at the study site to be
used as secondary variables for the geospatial analysis. The use of
secondary variables can improve prediction results of primary variables
(Wackernagel, 2003). The 4 sets are apparent electrical conductivity
(ECa) at 0–0.75 m (ECa075), ECa at 0–1.5 m (ECa150), elevation, and
bare soil reflectance as measured with the Normalized Difference Vegetation Index (NDVI).
ECa was measured separately for each depth using a CMD-1 frequency-domain electric induction sensor (GF Instruments, Brno, Czech
Republic) in different configurations for the two depths. The CMD-1
collects 2 measurements per location while moving and more if the
instrument is stopped. The multiple measurements for each location
were averaged together to a single representative point. There were
18,053 collected measurements at 9017 locations for ECa075 and
20,471 measurements at 10,221 locations for ECa150. Elevation measurements were made at 1564 locations using a Trimble FM 1000 CNH
GPS receiver with real time kinematic (RTK) differential correction
(Trimble Navigation Ltd., Sunnyvale, CA, USA). Georeferenced measurements of bare soil reflectance at 590 nm (VIS) and 880 nm (NIR)
wavelengths were made using an APS1-CropCircle (Holland Scientific,
Lincoln, NE, USA) at 10,214 locations at the study site and then converted to NDVI using the formula NDVI = (NIR VIS )/(NIR + VIS )
(Rouse et al., 1973).
Using ISATIS v13.01 (Geovariances and Ecole des Mines de Paris,
Avon Cedex, France), each dataset was independently interpolated to a
1-m resolution grid of 750 by 550 nodes. The interpolation was done by
transforming the raw data by Hermitian transformation to a normal
distribution of mean 0 and standard deviation of 1, de-trending by
fitting a first or second order polynomial, and then interpolating the
residuals by ordinary kriging as described in the spatial statistics
methods below (Wackernagel 2003). PCA on grid node values was used
to reduce the 4 variables into one single variable which could be used in
subsequent analysis. The first component (F1) explained 80.1% of the
total variance and was used as a secondary variable in FKA.
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Fig. 1. Map depicting the 20.8 ha study area in red, 3 river canals, Venetian Lagoon, and paleo-channels marked in blue. The site is located at the southern edge of the
Venice Lagoon where paleo-channels are known to exist. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)

2.3. Soil sampling

is commonly used for 1D transport modeling in unsaturated soil. Before
inversion, measured hydraulic data were reduced by binning on a log2
time scale. A log2 scale leaves points unmodified in the early part of the
experiment where the evaporation rate is high and reduces the number
of datapoints later in the experiment where the evaporation rate is
much slower. Within each bin, data points were averaged to create a
representative point for the bin. This representative point is what is
used as input to the inversion scheme. Stopping criteria of the inversion
scheme were 0.001% for water content tolerance and 1 cm head for
pressure head tolerance was used.

Scudiero et al. (2011) described the sampling location selection
process which utilized a simulated annealing technique from an ECa
survey to capture the maximum variance while maintaining appropriate spatial coverage. Disturbed soil samples were taken at 123 locations at depths of 0–0.15 m, 0.15–0.45 m, and 0.45–0.80 m. At 50 of
these locations, undisturbed samples of 7.2 cm diameter and 6 cm
length were also taken at depths of 0.05–0.11 m, 0.25–0.31 m,
0.45–0.51 m, and 0.65–0.71 m. Texture was measured on disturbed
samples with a Mastersizer 2000 (Malvern Instruments Ltd, Great
Malvern, UK). Organic matter, CaCO3, and other binding agents were
not destroyed. Samples were sieved for large components prior to texture analysis using a 2 mm sieve but the gravel content was 0%. The
undisturbed samples were used to measure bulk density using the Core
method (Grossman, R. and T. Reinsch, 2002) and hydraulic measurements. Saturated hydraulic conductivity (Ks) was measured using a
laboratory permeameter with ascendant water flow (Eijkelkamp, Giesbeek, The Netherlands) while unsaturated hydraulic measurements
were made using the Wind method (Dane and Topp, 1994) with a Ku-pF
Apparatus DT 04-01 (Umwelt-Gerӓte-Technik GmbH, Müncheberg,
Germany). The Apparatus uses tensiometers with a working range of
0–90 kPa and resolution of 0.01 kPa placed at 1.5 and 4.5 cm from the
top surface. The mass is simultaneously weighed on a scale with resolution of 0.01 g. Fans were used to establish a mostly stable gradient
at the beginning of the experiment and measurements were taken every
10 min. Evaporation was stopped when sensor limits were reached, or
when measurements were unreliable (e.g. bottom value higher than the
top one). Finally, the gravimetric water content was determined after
12 h in an oven at 105 °C.
Van Genuchten (1980) and Mualem (1976) parameters were fitted
to the saturated and unsaturated hydraulic data using an inverse
method in HYDRUS 1D v4.12 (Simunek et al., 2008), a program which

2.4. Overall workflow
As with any model development, a priori knowledge of the result
(dependent variables) is required as a validation that the model is indeed predictive. Two groupings of variables are defined, those used to
make predictions (prediction variables aka soil physical) and those used
to validate predictions (predicted variables aka hydraulic parameters)
(Table 1.). These groups were run through the workflow described
Table 1
Variable groupings.
Prediction variables

Predicted variables

Secondary variables

Sand Content

saturated conductivity
(Ks)
inverse of air entry (α)
shape parameter (n)

Elevation

Clay Content
Bulk Density
Secondary Variables
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residual water content (θr)
saturated water content
(θs)
Secondary Variables

Bare Soil Reflectance (NDVI)
Apparent Electrical
conductivity
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Fig. 2. Workflow applied in the study. The two variable groups, those used to make predictions and those used to test predictions (Table 1) were treated separately
through the workflow and compared at the end. The workflow generally consists of measuring soil properties and hydraulic parameters, applying factorial kriging
analysis (FKA), and clustering the PCs from FKA to define management zones.

below as independent variable groups (Fig. 2). In the model presented
here, many of the traditional validation methods are not applicable.
The comparisons made are in the “spatial domain” and thus transformation of the known result into a commiserate form are required.

field of soil science but a subset of researchers apply it frequently. Thus,
for a reader not familiar with FKA, the methods may be difficult to
follow and some additional reading may be necessary. Data within each
depth interval were processed independently, thus excluding vertical
relationships. Highly skewed distributions can produce poor results in
kriging though there is no assumption of normality (Alary and
Demougeot-Renard, 2010). Hydraulic parameters have been found by
many to have extreme, very non-normal distributions (Mallants et al.,

2.5. Spatial statistics
The spatial analysis used in this study is not widely known in the
429
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Table 2
Hydraulic and physical model ranges (spherical models).
Depth (Nom.)

Hydraulic
1

8
28
48
68
1

Table 6
Loadings of the various variables, eigenvalues, and percentage of explained
variability of the Physical Model Regionalized PCs.

Predictive

Short (m)

Long (m)

Short1 (m)

Long1 (m)

102.0

207.8
200.5
234.5
227.3

96.6

256.6
232.9
193.0
242.2

77.0
82.1

1

74.1
109.5

PredPC1S8
PredPC1L8
PredPC1L28
PredPC2L28
PredPC1S48
PredPC1L48
PredPC1S68
PredPC1L68

Short and Long are the short and long scale ranges for the spatial models.

Ks
α
n
θr
θs

BD
Clay
Sand

28hydr

48hydr

68hydr

0.082
0.369
0.181
0.351
0.635

0.281
0.352
0.402
0.119
0.545

0.282
0.304
0.400
−0.065
0.551

0.338
0.595
0.597
0.026
0.742

8Pred

28Pred

48Pred

68Pred

0.623
0.355
0.415

0.567
0.274
0.251

0.488
0.482
0.478

0.614
0.474
0.492

Ks
α
n
θr
θs

BD
Clay
Sand

28hydr

48hydr

68hydr

0.542
0.628
0.685
0.719
0.733

0.668
0.733
0.750
0.773
0.693

0.661
0.79
0.640
0.680
0.745

0.666
0.871
0.709
0.641
0.839

8Pred

28Pred

48Pred

68Pred

0.686
0.857
0.870

0.576
0.914
0.913

0.498
0.908
0.905

0.600
0.906
0.906

Clay

Sand

EXH

Eigen

% Var

8
8
28
28
48
48
68
68

0.843
0.334
0.542
−0.107
0.891
−0.175
0.638
0.313

−0.308
0.652
−0.189
0.606
−0.104
0.561
−0.269
−0.556

0.417
−0.68
0.153
−0.348
0.176
−0.596
0.447
0.531

0.142
−0.002
−0.805
−0.707
−0.406
0.547
−0.567
−0.558

0.707
0.654
2.213
0.534
1.09
2.127
0.946
2.681

90.2
63.3
80.4
19.4
94.4
83.2
99.9
78.8

2.6. Variography
Experimental variograms and cross-variograms were computed for
hydraulic parameters (i.e. Ks, α, n, θr, and θs) and physical predictors
(i.e. bulk density, clay and sand) variables as separate groups. The
secondary variable for 8 cm was elevation and F1 was used as the
secondary variable for 28, 48, 68 cm. Variogram models were fitted to
experimental data with a gradient method optimization algorithm in
ISATIS (ISTATIS Help File, Geovariances and Ecole des Mines de Paris,
2013). Sum of squared residuals, Akaike criterion and Bayesian
Information criterion were used to determine the fit quality of the
models. All models were constrained by the linear model of coregionalization (LMC) which requires all variograms and cross-variograms in a model to be fit with the same set of ranges (Wackernagel,
2003). For each model, up to three structures were considered, nugget
plus two more. Leave-one-out cross validation was performed under
two conditions. The first condition ignored all other variables in the
LMC except the collocated variable and most closely represents the
kriging case. The second condition ignored only the variable being
predicted which captures the correlations between all variables in the
LMC.

Table 4
Leave-one-out cross validation of variogram models (LMC) with all other
known variable.
8hydr

BD

EXH is the exhaustive, secondary variable which is F1 for depths of 28, 48, and
68 cm and Elevation for 8 cm.

Table 3
Leave-one-out cross validation of variogram models (LMC) with only secondary
variable.
8hydr

Depth

2.7. Factorial kriging analysis
FKA has been described in detail (Goovaerts, 1992; Castrignanò
et al., 2000; Chilés and Delfiner, 2012; and Wackernagel, 2003), but a
summary is provided here. FKA consists of decomposing the set of
original second-order random stationary variables
into a set of reciprocally orthogonal regionalised factors
where NS is the number of spatial
scales, through transformation coefficients aivu , combining the spatial
with the multivariate decomposition:

1997b; Mallants et al., 1996; Botros et al., 2009). Therefore a Hermitian
transformation algorithm was applied to all variables such that they
had a mean of 0 and standard deviation of 1 (Wackernagel, 2003). A
first or second order polynomial was fit to each transformed variable to
remove global trends and quality of fit was evaluated by calculating the
standard deviation of the residuals. The model that produced the least
variance in the residuals was selected. Spatial analysis was conducted
on the transformed, de-trended residuals.

NS

n

Zi (x) =

aivu Yvu (x)

(1)

u=1 v =1

FKA requires three steps (Castrignanò et al., 2000):

Table 5
Loadings of the various variables, eigenvalues, and percentage of explained variability of the Hydraulic Model Regionalized PCs.

HydrPC1S8
HydrPC1L8
HydrPC1L28
HydrPC2L28
HydrPC1S48
HydrPC1L48
HydrPC1S68
HydrPC1L68

Depth

Ks

α

n

θr

θs

EXH

Eigen

% Var

8
8
28
28
48
48
68
68

−0.199
0.048
0.254
0.569
−0.549
−0.026
0.009
0.201

0.798
−0.044
0.328
0.168
−0.52
0.212
0.328
0.505

−0.168
−0.177
−0.262
−0.552
−0.092
−0.569
0.153
−0.509

0.251
0.501
0.18
−0.306
−0.461
−0.025
0.925
0.055

0.461
0.737
0.508
0.094
−0.379
0.25
−0.02
0.469

−0.145
−0.413
0.685
−0.492
−0.2536
0.7539
0.112
0.471

0.731
0.703
2.623
0.542
2.022
2.142
0.854
2.838

85.2
85.2
81.5
16.8
80
82.3
58.9
70.5

EXH is the exhaustive, secondary variable which is F1 for depths of 28, 48, and 68 cm and Elevation for 8 cm.
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Fig. 3. (A and B) Maps of short range (PC1S) and Long range (PC1L) retained PCs from the hydraulic model. (C and D) Maps of retained PCs from the soil physical
models. (E) Bulk density. (F) Well preserved paleo-channels (outlines) and elevation.

(1) developing semivariograms and cross-semivariograms for a set of
variables which are constrained by the LMC (Wackernagel, 2003);
(2) analyzing the correlation structure between the variables at the
different spatial scales by applying principal component analysis;
(3) mapping the principal components using cokriging.

specific spatial scale u. Regionalized PCA involves decomposing each
coregionalization matrix Bu for each spatial scale u into two matrices:
the matrix of eigenvectors Qu and the matrix of eigenvaluesΛu by
(Goovaerts, 1992):

The LMC, implies that the observed variables result from the same
set of underlying, independent processes which act at different spatial
scales u. Each of the N(N + 1)/2 simple and cross-semivariograms resulting from N variables are modeled by a nested structure of NS ranges.
Each sill is standardized to unit sill, gu(h). The LMC can be written in
matrix notation as:
NS

(h) =
u=1

Bug u (h)

(3)

Bu = Qu uQu T = AuAu T
Further, the matrix Au transforms Y vu (x) into Ziu (x ) by:

Y u (X) = Zu (X)Qu ( u)

(4)

1/2

auij,

u

The coefficients,
of A , are interpreted as the loading of the
original variables onto the PCs.
The behavior and relationships among variables at different spatial
scales can be displayed by interpolating the regionalized factors Y vu (x)
using cokriging to produce maps which show the spatial distribution
and aid in visually identifying the underlying processes. This was done
using a multi-collocated cokriging scheme (Wackernagel, 2003) on a
grid size of 1 m resolution and confined to the region within the study
site.
ISATIS v13.01 (Geovariances and Ecole des Mines de Paris, 2013)

(2)

where Γ(h) = [γij(h)] is a symmetric matrix of order N × N, whose
diagonal and non-diagonal elements represent simple and cross-semivariograms, respectively for lag h. Bu = [buij] is a symmetric positive
semi-definite matrix of the order N × N with real elements buij at a
431
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was used for spatial statistics. Some graphical and data processing tools
from ArcMap 10.1 (ESRI, Redlands, CA, USA) and Matlab R2013a
(MathWorks, Natick, MA) were used for PCA of secondary variables.

For this method, the number of clusters is given at the beginning.
However, the appropriate number of clusters is not known at the beginning. As suggested by Roubens (1982), clustering was calculated for
2–6 clusters then performance was evaluated by the Non Fuzziness
U 2/ n) 1)/(c 1) and Entrolpy function
Index (NFI) NFI = (c (
H=1 (
U loga U /n) where c is the number of clusters, U is the
fuzziness membership function, and n is the number of data points
(Roubens, 1982). For both indices, a value of 1 indicates perfect clusters
and 0 indicates no clusters. These indices were summed and the number
of clusters which produced the maximum sum was selected.

2.8. Clustering
Clusters were created independently for each depth and variable
group, i.e. the prediction group, soil physical properties, separately
from the predicted group, hydraulic parameters. Additionally, the four
exhaustive datasets were clustered as a control. The mapped regionalized factors (grid node values) were investigated by cluster analysis. The first factor for each structure or the first two factors if there
was only one structure (excluding nugget) were used as input data. A
fuzzy c-means algorithm was used to determine clusters (Bezdek 1981).
A value of 1.3 was used for the fuzziness partition weighting exponent
and convergence criteria of 1e−5 or 200 iterations. These values were
chosen based on work by Odeh et al. (1992) and Fridgen et al. (2004).

2.9. Prediction evaluation
To analyze the spatial similarities between the predicted zones and
those derived directly from the hydraulic data, corresponding predicted
and hydraulic zones were determined by the configuration which led to
the maximum overlay correspondence. Prediction was evaluated in two

Fig. 4. (A, C, E, G) Maps of zones for hydraulic parameters. (B, D, F, H) Maps of zones for soil physical variables. (I) Map of zones predicted by 4 secondary variables.
Axes are UTM coordinates.
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Fig. 4. (continued)

Table 8
Comparison of hydraulic parameters between predicted groups.

Table 7
Summary of cluster analysis using all prediction data.

8 cm
28 cm
48 cm
68 cm
1

Hydraulic
Clusters

Physical
Clusters

% Prediction1

% inc. over
random2

3
2
3
3

3
2
3
3

52.16
92.41
84.14
46.66

56.50
84.82
152.45
39.81

% Prediction is the portion of grid nodes that were accurately predicted.

ways. First, the zones from the prediction data were laid over the zones
for the hydraulic data. The number of nodes whose membership was
correctly predicted was counted and expressed as a percentage (number
of nodes correctly predicted/total number of nodes). Further, the prediction performance was compared to a random baseline by a chi2
analysis where expected values are the number of points divided by the
number of zones.
To determine if the zones were meaningful, the hydraulic data were
compared between zones. First, comparisons were made on the van
Genuchten/Mualem parameters (derived from inversion). However,
yielding different parameters does not necessarily mean that the curves
they represent are different. Thus, comparisons on the hydraulic curves
calculated from these van Genuchten/Mualem parameters were also
made. A one-way ANOVA of the transformed hydraulic parameters was
calculated followed by Tukey's honestly significant difference (HSD)
criterion to determine significant difference at a probability of 0.05.
Residuals were checked for autocorrelation by checking the likelihood
of Morans’I. Differences in WRCs, UHCs, and Se curves were calculated
from the known hydraulic parameters at 1000 tension values ranging
from 0 kPa to 800 kPa on a log2 scale. Then, calculated curves were
compared at each of the 1000 tension values. The distribution of each

Depth

P > F1

Ks
α
n
θr
θs

8
8
8
8
8

0.0101
0.002
0.0044
0.4663
5.36E−05

Ks
α
n
θr
θs

28
28
28
28
28

0.0883
0.0068
0.022
0.6259
0.0006

Ks
α
n
θr
θs

48
48
48
48
48

0.0343
0.0111
0.0015
0.0038
0.0003

Ks
α
n
θr
θs

68
68
68
68
68

0.3043
0.0792
0.0042
0.0441
0.0002

1 × 22

X

X
X
X
X
X
X
X

1 × 32
X

2 × 32
X

X

X

NA
NA
NA
NA
NA

NA
NA
NA
NA
NA

X

X

X

X
X

X

1

P > F is the probability of accepting the null hypothesis of the F-test of
ANOVA. Bold font denotes a rejected null hypothesis at P = 0.05.
2
The columns to the right represent ad hoc comparisons between each
group. An X denotes a significant difference at P = 0.05.

cluster was checked for normality using a one-sample KolmogorovSmirnov test at P = 0.05 and a Levene's test was used to check for
homoscedasticity at P = 0.01. Then, a one-way ANOVA and Tukey’s
HSD criterion were used to determine statistical significance at
P = 0.05.
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texture at long scale. These trends follow previous findings (Bevington
et al., 2016).

Table 9
Comparison of Se, WRC, and UHC curves at 1000 matric potential values.
Depth

% Normal1
(P = 0.05)

% Equal Var2
(P = 0.01)

% Different3
(P = 0.05)

Se
WRC
UHC

8
8
8

100
100
100

50
100
99.8

86.8
100
27.2

Se
WRC
UHC

28
28
28

100
100
100

100
100
100

1.2
100
19.1

Se
WRC
UHC

48
48
48

100
100
100

99.7
100
100

99.5
100
0.6

Se
WRC
UHC

68
68
68

100
100
100

100
100
100

94.2
100
5.9

3.1.3. Spatial distribution of PCs
As an example, hydraulic and physical maps for 8 cm are presented
in Fig. 3A–F. Overall, both maps of the hydraulic and physical PCs resembled bulk density maps at short scale and the paleo-channels at long
scale. However, the physical maps have a more defined spatial distribution and have obviously benefited from the higher density of
sampling locations. Nevertheless, the similar distributions are a further
indication that these variables are related through the same underlying
processes.
3.2. Zone predictions
3.2.1. Zone definition and spatial evaluation
For each depth, the number of clusters was the same for the hydraulic model and the physical model. The optimal number of clusters
for all depths was 3 with the exception of the 28 cm whose optimal
number was 2 (Fig. 4). All zones are significantly different from randomness at P = 0.001. The highest correspondences between hydraulic
and physical maps of the nodes whose membership was correctly predicted were obtained at 28 cm and 48 cm, with 92% and 84%, respectively. This can reflect the larger influence of the secondary variable on
HydrPC2L28/ PredPC2L28 and HydrPC1L48/ PredPC1L48. In addition,
at 28 cm the correspondence is likely increased by the use of only 2
zones. Regardless, the lowest prediction, 47% (68 cm depth) was still a
40% larger than the random prediction (Table 7).
In an attempt to understand the influence of the secondary variables
in the above predictions, a similar analysis was conducted using only
the exhaustive data. All 4 variables, ECa075, ECa150, Elevation, and
NDVI were clustered using the fuzzy-c means algorithm and laid over
the hydraulic zones. The cluster number was set to the same number of
clusters as the hydraulic and physical models. At 8 cm, 28 cm, 48 cm,
and 68 cm the number of nodes accurately predicted was 52.84%,
93.35%, 59.36%, and 46.22%, respectively. The predictive performance of the physical models is roughly the same as the EXH control
model except for 48 cm which preformed 41.7% better.

1

% Normal represents the portion of points that accepted the null hypothesis
of normality.
2
% Equal Var is the portion of points that accepted the null hypothesis of
equivalent variances.
3
% Difference is the portion of points that had at least one significantly
different group.

3. Results
3.1. Factorial kriging analysis
3.1.1. Variography
Two sets of variograms were derived for each depth: one for the
hydraulic variables and the other for the soil physical properties
(Table 2 and Supplementary material). Concerning the hydraulic data,
s exhibited strong spatial structure as highlighted by its low nugget
value, while , n, r , and Ks, had moderate nugget. Concerning the soil
physical variables, the spatial structure was strong to moderate and
more stable, as the physical variables were measured in a larger number
of locations and higher spatial density. All depths except 28 cm had two
spherical structures. Short and long scale ranges were around 87 m and
218 m for the hydraulic parameters, and 93 m and 231 m for the physical properties, respectively. Cross validation in the collocated case
performed moderately well considering the rather large number of
variograms to fit with the LMC (Table 3). Some variables like s were
predicted surprisingly well while others like r were very poor for the
hydraulic models. For the predictive models the variables performed
equivalently as well as the best three variables ( s , , and n) from the
hydraulic models (Table 3). Under the case where information from the
other collocated variables is included at the prediction location
(Table 4), the cross validation is much higher. This signifies that the
models do in fact represent relationships between the variables.

3.2.2. Evaluation of attribute significance
The above analysis illustrates some important points, but, it does
not allow for strong conclusions to be drawn – mostly because the same
secondary variables were included in both the predictor and predicted
data groups. An additional analysis to verify the hydraulic clustering
results was accomplished by investigating the hydraulic properties directly. Hydraulic parameters and hydraulic curves were sorted into
groupings predicted by the physical property zones, and then compared
to the other groups. For all hydraulic parameters at all depths, Moran’s I
was not significant (P = 0.05) thus ANOVA residuals were not spatially
autocorrelated (Schabenberger and Pierce, 2001). ANOVA and post hoc
HSD results for the hydraulic parameter and hydraulic curve comparison are provided in Tables 8 and 9, respectively. Plots of these curves
are shown in Fig. 5.
Overall, the hydraulic parameters were significantly different between predicted groupings. Specifically, s , and n were significantly
different (P = 0.05) for all depths. Ks and r on the other hand were
significantly different at half of the depths. This indicates that the
groupings derived from soil physical properties were able to define
meaningful zones for three of the five hydraulic parameters at all four
depths and half of the time for the remaining two parameters.
At all 1000 tension points on the three hydraulic curves, each group
was tested for normality using the Kolmogorov-Smirnov test (P = 0.05)
and equivalent variances using Levene's test (P = 0.01). At all depths,
curves, and points the null hypothesis of normality was accepted. For
the most part, the null hypothesis of homoscedasticity was also accepted; the major exclusion being the bottom half of the Se curve at

3.1.2. Regionalized PCA
Results of the regionalized PCA are presented in Tables 5 and 6.
Many of the principal components (PCs) had eigenvalues less than one.
Typically, these would be dropped from analysis because they hold less
information that a single variable would (Jolliffe, 2002). However, in
this case, some PCs with eigenvalues less than one were retained because they do hold information about the spatial relationship between
variables. It should also be noted that even though the eigenvalues are
low, these PCs still account for a significant portion of the variance at
their particular scales. The loadings of the hydraulic parameters on PCs
is larger than that of the secondary variables with the exception of the
second PC at long range at 28 cm (HydrPC2L28) and HydrPC1L48 at
48 cm. Specifically, Hydraulic PCs are characterized by loadings of s at
short scale and n at long scale. The predictive, soil physical property
models are dominated by loadings of bulk density at short scale and
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8 cm. A one-way ANOVA followed by a multiple comparison test was
conducted on the three hydraulic curves, i.e. Se = Se(h), WRC = θ(h),
UHC = K(h), at each of the 1000 tension values. The number of points
where at least one group was significantly different from another group
was counted (Table 9). It is important to note that this comparison did
not consider the parameter confidence limits for each point. At all
depths the WRC had at least one significantly different group at all
tension points as shown in Fig. 5; the WRC for each group are very
different mostly by translation from differences in s . The Se curves,
except at 28 cm, also had many tension points with a significantly
different group. For the Se curves, it is impossible to have all 1000
points be significantly different because the curves are fixed to the same
values at the lower and upper boundaries at 100% saturation and 0%
respectively. While the groups were good at distinguishing WRC and Se,

they performed poorly at distinguishing UHC curves. The best UHC
separation occurred at 8 cm with only 27.2% of the tension points
having a significantly different group. Fig. 5 illustrate this behavior, as
the UHC are almost identical with the only separation occurring around
the air entry point.
4. Discussion and conclusion
The concept and potential of using spatial statistics as a tool to make
predictions about soil hydraulic properties has been demonstrated in
this work. The procedure proposed in this publication is as follows.
First, measure secondary variables and soil physical properties in the
study area. Then, apply FKA to map underlying causal processes identified from soil physical properties and exhaustive data. Once

Fig. 5. Hydraulic curves grouped by zones predicted by soil physical models. Colors represent correspond to zones shown in Fig. 3. Black lines represent the averaged
curve for each zone. Each colored line is a unique lab measured sample. (For interpretation of the references to colour in this figure legend, the reader is referred to
the web version of this article.)
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Fig. 5. (continued)

underlying processes are mapped, use fuzzy-c means to define zones of
differing hydraulic properties. With the defined zones, implement a
second sampling campaign or if available use samples from the first
round to measure hydraulic curves. Using the zones as reference, a
reduced sampling campaign can be implemented as curves from the
same zone should be similar. In theory, one set of curves could suffice to
represent the hydraulic properties of a specific zone. However, if a more
detailed description is needed, the variability of the hydraulic properties within each zone could be defined using any hydraulic scaling
method such as functional normalization, Miller-Miller, and Leverett
(Vereecken et al., 2007). This option adds flexibility to the approach
and allows for a tailored application to the study needs.
Considering the complexity and number of variables, the variogram
models fit the experimental variograms well. Also, all depths, which
were treated separately, have similar ranges adding confidence to the
validity of the models. Between the soil physical properties and the

hydraulic parameters, the ranges are also similar which indicates that
these variables are likely linked to the same underlying processes
(Goovaerts, 1992). This is the link being leveraged to make inferences
about the hydraulic parameters by using information from soil physical
properties.
The fuzzy groups exhibit clear spatial clustering which is significant
given that the groups are not defined using spatial constraints but
clearly the spatial nature of the FKA PCs has carried through. This
spatial clustering is an important property if the zones are to be useful.
Visually, the zones of the hydraulic parameters and zones of the soil
physical properties have some similarities and the zones were significantly different from random guessing (chi2 P = 0.001). Also, the
fact that the number of clusters for each variable set was the same as its
counterpart at each depth is an important result again indicating the
similarities between the variable sets. The zones created from the exhaustively sampled variables result in a similar pattern but also differ in
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many areas and required input of the correct number of clusters which
is not known a priori. Thus, exhaustive data alone are not capable of
defining useful hydraulic parameter zones so information about soil
physical properties must be included. However, the similarity of the
zone shapes suggests that future approaches may be able to eliminate
the need for soil property information in order to define meaningful
zones.
By sorting and comparing the hydraulic parameters and their resulting hydraulic curves based on their zones, it is possible to evaluate
the significance of the zone in defining relevant delineations. For the
hydraulic parameters, the groups did well at distinguishing hydraulic
parameters except for Ks and θr. These two parameters were difficult to
model by variograms. In particular, Ks is known to have an autocorrelation range much shorter than the used sampling scheme (Botros
et al., 2009). Also, inversion results often returned large confidence
limits on Ks in comparison to the other parameters used (data not
shown). This uncertainty may account for the large nugget effect on Ks
which leads to its poor spatial structure. Moreover, θr is considered by
many authors to be a fitting parameter with little physical significance
(Radcliffe and Simunek, 2010). Because of this, it is unlikely that a
strong spatial structure would be present. For the hydraulic curves, the
WRC and Se curve were well delineated by the zones while UHC were
not. The UHC delineations likely suffer because of poor representation
of Ks in the variogram models.
One very positive outcome of this approach is the definition of zones
which distinguished groups of θs, a parameter strongly connected to
short scale processes. In order to accurately represent these short scale
processes, a dense sampling scheme would be needed. However, this is
contrary to the goal of reduced sampling. Further, spatial upscaling
typically averages parameters within spatial blocks and short scale
variability is lost. With the approach proposed in this study, short scale
processes are still represented well while aggregating spatially.
Unfortunately, this method didn’t work well for Ks which is a critical
need. Some have found a link between Ks and texture (Jaynes and Tyler,
1984; Puckett et al., 1985) while others have found poor predictions
from texture even when including bulk density and soil organic matter
(Weynants et al., 2009). Pachepsky et al. (2006) and Li et al. (2006)
suggest using information on soil physical structure as predictors for Ks.
Perhaps inclusion of structural variables in the method proposed here
could improve prediction zones for distinguishing Ks groups. However,
addressing the large uncertainties associated with inversion modeling
of Ks could prove beneficial as well (Darvini and Salandin, 2006).
Given the reduced spatial density of required samples, this technique could be applied to studies which aim to cover larger regions.
While it is not common, large scale sampling campaigns on the order of
1000s of samples have been done in the past (Nemes et al., 2015;
Wosten, 2000), but these don’t have the density required for a watershed scale study. A study of this nature could apply methods described in this paper to reduce the number of hydraulic samples by
approximately an order of magnitude. A dataset of this type could be
used to shed light on upscaling and scale effects of hydraulic parameters. The results presented here represent a novel attempt to incorporate spatial information into hydraulic curve predictions but more
research is needed to develop a robust technique that is ready for application.
Future work should attempt to mitigate some of the barriers encountered in this study. For example, developing an approach that
enables deeper insights into the contributions of the soil physical
properties versus those of the exhaustive data could lead to incorporation of secondary variables that may eliminate the need for
measurement of soil physical properties. Also, investigating spatial relationships related to Ks could improve its representation in the zones
and extend the usefulness of the procedure presented here in addition to
illuminating the mechanisms of unsaturated hydraulics. From a PTF
perspective development of new techniques which use regionalized
factors to make direct predictions about hydraulic parameters instead

of just grouping regions of similarity could eliminate the need to
measure hydraulic curves at all. Using FKA would be the spatial
equivalent of using PCA factors as inputs into a regression model to
predict dependent variables from independent variables. From a geostatistical prospective, development of spatial based extensions of partial
least squares or structural equation modeling could be very applicable.
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