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Summary Several hydrological applications require the characterisation of the soil
hydraulic properties at large spatial scales. Pedotransfer functions (PTFs) are being devel-
oped as simplified methods to estimate soil hydraulic properties as an alternative to direct
measurements, which are unfeasible for most practical circumstances. The objective of
this study is to quantify the uncertainty in PTFs spatial predictions at the hillslope scale
as related to the sampling density, due to: (i) the error in estimated soil physico-chemical
properties and (ii) PTF model error. The analysis is carried out on a 2-km-long experimen-
tal hillslope in South Italy. The method adopted is based on a stochastic generation of pat-
terns of soil variables using sequential Gaussian simulation, conditioned to the observed
sample data. The following PTFs are applied: Vereecken’s PTF [Vereecken, H., Diels,
J., van Orshoven, J., Feyen, J., Bouma, J., 1992. Functional evaluation of pedotransfer
functions for the estimation of soil hydraulic properties. Soil Sci. Soc. Am. J. 56, 1371–
1378] and HYPRES PTF [Wösten, J.H.M., Lilly, A., Nemes, A., Le Bas, C., 1999. Develop-
ment and use of a database of hydraulic properties of European soils. Geoderma 90,
169–185]. The two PTFs estimate reliably the soil water retention characteristic even
for a relatively coarse sampling resolution, with prediction uncertainties comparable to
the uncertainties in direct laboratory or field measurements. The uncertainty of soil water
retention prediction due to the model error is as much as or more significant than the
uncertainty associated with the estimated input, even for a relatively coarse sampling res-
olution. Prediction uncertainties are much more important when PTF are applied to esti-
mate the saturated hydraulic conductivity. In this case model error dominates the overall
prediction uncertainties, making negligible the effect of the input error.
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Introduction

An effective representation of soil hydraulic properties and
their spatial variability is of prime importance for hydrolog-
ical studies, especially those applied to environmental and
landuse planning problems. This is a difficult task for most
practical circumstances, since soil properties show high spa-
tial variability, which is difficult to assess by deterministic
relationships. Accurate laboratory and field direct methods
are currently available for measuring soil hydraulic proper-
ties at the core and plot scales, but they are costly and time
consuming, thus turning out to be unfeasible when the anal-
ysis spans over larger land areas. A few studies have
suggested to address this issue by integrating direct observa-
tions with Geostatistics (e.g. Burgess and Webster, 1980;
Romano, 1993), but yet the experimental effort required is
not acceptable for most practical circumstances.

These difficulties can be overcome by employing pedo-
transfer functions (PTFs) that estimate soil hydraulic prop-
erties from basic soil physical and chemical properties,
more easy to measure. The majority of PTFs are regression
equations derived from data collected during site-specific
field campaigns. Several studies show that PTFs predict soil
hydraulic properties at many positions over a region with
acceptable precision compared to the cost of the investiga-
tions required for their application (e.g. Rawls and Braken-
siek, 1989; Vereecken et al., 1992). More recent studies
show that PTF prediction performance can be also improved
by exploiting terrain data (Pachepsky et al., 2001; Romano
and Palladino, 2002). The underlying idea moves from the
consideration that terrain data, nowadays available at rela-
tively low cost, may contain ancillary information on the
soil variability, since topography exerts a significant control
on hydrological, geomorphological and biological processes
affecting soil formation (Jenny, 1980).

Despite these advantageous elements, one should ponder
over the issues concerning the uncertainty associated to PTF
predictions. Evaluating PTF prediction uncertainty can be
fundamental for many hydrological applications, especially
those whose results are employed to assess environmental
risks and guide decision makers in planning mitigation
strategies.

As in all model predictions, the overall PTF prediction
uncertainty can be identified by analysing the propagation
of three major sources of uncertainty (Sivapalan, 2003):
(i) the input variables, (ii) the model structure, and (iii)
the model parameters. The uncertainty in the input vari-
ables at the observation locations is explained by the mea-
surement errors. As the prediction is accomplished further
from the observation points, the uncertainty in the input
variables due to local measurement errors is increased by
the interpolation uncertainty.

Previous studies have addressed this issue, but princi-
pally focussed on the uncertainties in local PTF predictions.
Vereecken et al. (1992) evaluated the errors in PTF predic-
tions and their effects in the simulated soil water dynamics.
Schaap and Leij (1998) considered the uncertainty in the
PTF based on the accuracy of the soil database from which
the PTF relations were defined and calibrated. Christiaens
and Feyen (2001) used a Latin Hypercube sampling strategy
to evaluate how the uncertainties in the predicted soil
hydraulic properties (estimated with four different indirect
methods) propagate into the output of a distributed hydro-
logical model applied to a 1-km2 catchment. Minasny et al.
(1999) analysed the uncertainty in water retention predic-
tion with Monte Carlo simulations and compared the effect
that the input variables exerted on the uncertainty in the
PTF model parameters. They showed that the uncertainty
in the parameters is small compared to the uncertainty
due to error in the input variables and this error affects
the PTF predictions most significantly. Using a Latin Hyper-
cube sampling strategy, Minasny and McBratney (2002) eval-
uated how measurement errors of the PTF input variables
affects the uncertainty in PTF predictions and the soil water
budget modelling. They concluded that small uncertainties
in the input data can produce large uncertainty in the PTF
predictions, and that the soil water budget is more sensitive
to input uncertainties during dry periods rather than during
wet periods.

From a practical perspective, it is also interesting to
evaluate PTF prediction uncertainty at larger spatial scales,
such as the scale of a hillslope or a small catchment, the
scales at which PTFs are prime alternatives to direct mea-
surements. This kind of analysis is consistent with the focus
of many scientific programs, such as PUB (Prediction of
Ungauged Basins) promoted by IAHS (Wagener et al.,
2004), aiming at achieving advances in hydrological predic-
tions for catchments lacking of direct observations, with
emphasis on the estimation of predictive uncertainty and
its subsequent reduction.

At the scale of a hillslope or a catchment, PTF input vari-
ables, i.e. basic soil physical and chemical properties, can
be observed only in a limited number of locations. To make
predictions at unsampled locations, PTFs have necessarily
to be coupled with interpolation strategies. An issue being
rarely addressed is the quantification of the effects exerted
by the sampling density on the uncertainty in PTFs spatial
predictions at the hillslope scale, taking the spatial variabil-
ity of the input soil properties and PTF model error (due to
both model structure and parameter uncertainty) into ac-
count. For this kind of analysis to be carried out, one needs
a tool for estimating soil properties at unsampled locations
and the corresponding probability distributions conditioned
to a limited number of sample locations.

The techniques most commonly applied for assessing
estimation uncertainty at unsampled locations relies on
the kriging theory for spatially correlated and second order
stationary random variables. Kriging looks for obtaining an
unbiased estimation with the minimum estimation variance
at each unsampled locations, by a linear combination of the
observed values. The local uncertainty is defined by a
Gaussian distribution centred on the kriging estimate and
variance equal to the kriging variance. This uncertainty
model is subjected to stringent hypotheses that not always
are met in practice. Moreover, kriging reproduces a single
pattern of the estimated variable, which is generally much
smoother than a single possible realisation. The dispersion
of the estimated values toward the extremes tends to be re-
duced, producing an asymmetry in the error distribution in
the locations with low or high values. The spatial smoothing
is also not uniform, being dependent on local data patterns
(Goovaerts, 2000).
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An alternative approach is the stochastic simulation
(Goovaerts, 2000). Unlike kriging, stochastic simulations
aim to produce many equi-probable realisations of an esti-
mating variable, each of these reflecting as close as possible
the spatial statistics (e.g. histograms, semivariograms) of
the random field, rather than minimising a local error vari-
ance. Stochastic simulation is more suited for evaluating
how the uncertainty on the spatial distribution of the input
variables propagates through a non-linear model. By means
of a set of equi-probable realisations, a non-parametric
measure of the error can be derived as related to non-linear
models. In the case of the PTFs, sets of multiple patterns,
i.e. the soil physico-chemical properties, have to be gener-
ated. In principle, each input variable is not only spatially
autocorrelated, but it can be also spatially correlated with
other variables. Therefore, a set of equi-probable realisa-
tions of multiple variables has to reproduce the global mul-
tivariate statistics of the soil physico-chemical properties,
including both their semivariograms and cross-variograms.

Using soil physical and hydraulic data collected along an
experimental hillslope located in South Italy, the objective
of the present study is to assess the prediction uncertainty
of two different PTFs assuming that the soil spatial statistics
are known, i.e. the effect of the bias in the estimated sta-
tistics induced by the different sampling density is not con-
sidered. The study does not consider the uncertainty due
to the measurement errors. Measurement errors can be
assumed spatially uncorrelated and therefore can be ad-
dressed by local scale analysis (Minasny and McBratney,
Figure 1 Schematic diagram describing the p
2002). The PTF spatial prediction is determined by a sto-
chastic generation of soil patterns, conditioned to sampled
points. The following section illustrates the overall experi-
mental framework, including both the multivariate stochas-
tic generation technique and the uncertainty analysis. Then
the study site and the sample data are presented and ana-
lysed. The last section is devoted to the discussion and
the conclusions.
Method for multivariate stochastic generations
and uncertainty analysis

Fig. 1 describes the overall experimental framework, which
is designed for the multivariate stochastic generations of
soil physico-chemical properties and the uncertainty analy-
sis carried out on the PTF spatial predictions. Data collected
along an experimental hillslope transect, together with ter-
rain attributes taken as ancillary information, are employed
to identify the spatial structure of the PTF input variables.
Hereafter, the PTF input variables are named ‘‘basic soil
properties’’, while an ensemble of patterns representing
the basic soil properties across the hillslope is named ‘‘set
of basic soil properties’’. A multivariate geostatistical anal-
ysis is carried out to identify deterministic trends, semivari-
ograms and cross-variograms of the basic soil properties. A
multivariate stochastic simulation is then performed for
generating high-resolution set of basic soil properties. This
set is taken as an exhaustive representation of the soil
rocedure applied for uncertainty analysis.



Figure 2 Soil-landscape map of the Fiumarella di Corleto
catchment (Basilicata region, south Italy) with the study
transect (dots) and hillslope (rectangle) highlighted.
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variability across the study hillslope and hereafter it is ref-
ereed to as the ‘‘full dataset’’. The full dataset is taken as
the true representation of the hillslope soil variability and
as reference data for the following uncertainty analysis.

Several algorithms have been proposed for carrying out
stochastic simulations. Stochastic simulations can be uncon-
ditioned, i.e. they do not allow for any observed data, or
conditioned so that they preserve the observed values in
the sampled locations. The choice of one technique or the
other depends chiefly on the objective of the stochastic
simulation and, obviously, on the data availability. Since
the major aim of this study is to quantify the uncertainty
in PTF prediction due to both PTF model error and input
estimation error from sparse samples, the ‘‘full dataset’’
is generated as conditioned to the values observed across
the hillslope transect.

The conditional simulation was performed by employing
the Gstat software package on S (R/S Plus) (Pebesma,
2004), which complements most of the features conceived
in the original Gstat stand-alone program (Pebesma and
Wesseling, 1998) with the graphical capabilities of S. The
generation of independent realisations in the Gstat package
is carried out from a sequential simulation algorithm (Gó-
mez-Hernández and Journel, 1993). In this algorithm each
node of the grid where generations take place is visited
once following a random path. The new vector of values
in a point is produced by randomly drawing a conditional
distribution obtained from a co-kriging interpolation which
employs a user-defined number of nearest sample data
and previously simulated set of values. The application of
a Gaussian simulation requires that the conditional proba-
bility distribution function of the variables of interest is a
Gaussian multivariate random function. Therefore, each
variable of interest must follow a normal distribution. If this
is not the case, then the variable has to be transformed into
a normally distributed variable prior to apply the sequential
simulation algorithm.

Recent applications, involving the estimation of soil
properties, also applied sequential simulation algorithms.
Castrignanó and Buttafuoco (2004) evaluated the probabil-
ity that soil water content in unsampled points did not ex-
ceed a critical threshold in a forested area. Zhao et al.
(2005) assessed the uncertainty of spatial patterns of soil or-
ganic carbon density.

As depicted in Fig. 1, the full dataset is sampled and mul-
tivariate stochastic simulations are then performed to gen-
erate sets of basic soil properties conditioned to these
sparse samples. Each generated set of basic soil properties
is named as ‘‘image’’ of the ‘‘full dataset’’.

The full dataset and its images of basic soil properties
are translated into patterns of soil hydraulic properties by
applying a specific PTF. The full dataset provides the refer-
ence patterns of soil hydraulic properties. The images of the
full dataset provide the estimated set of hydraulic proper-
ties. The comparison of this reference pattern to the esti-
mated set of hydraulic properties enables the evaluation
of the PTF prediction uncertainty.

The relative importance of PTF model structure and
parameter uncertainty with respect to the input uncer-
tainty, within the overall PTF prediction uncertainty, is
evaluated by comparing the reference hydraulic properties
and the estimated set of hydraulic properties to the ob-
served hydraulic properties along the transect.

Experimental hillslope and soil dataset

The study area is a hillslope at the west side of the Fiuma-
rella di Corleto River catchment in the Basilicata region,
Southern Italy (see Fig. 2). The hillslope spans for about
2200 m, from the catchment ridge at 1200 m above mean
sea-level to the right riverbank at 770 m above mean sea-le-
vel. The average slope is 16% and the average aspect is 100�
clockwise to the north (south-east direction). From shoulder
to toeslope of the study hillslope, the following main soil-
landscape units have been identified: rounded ridges on clay
and marl rocks, slopes on arenaceous clay flysch, and
slightly unstable slopes on clay flysch. Landuse consisted
mainly of broadleaf tree and conifer wood.

Undisturbed soil cores were sampled 50 m apart, along a
linear transect 2200 m long, using steel cylinders (7.2 cm in
inner diameter and 7.0 cm in length), at depths from 5 to
12 cm, running from the top of the hillslope to the river
bank. Spatial coordinates of the sampled locations were
determined with a GPS with an average accuracy of 4.5 m.
Elevation was determined from a 1-m grid DEM recently ob-
tained by a Laser-Scan technology for the entire Fiumarella
catchment. This sample set is part of a larger dataset col-
lected in the same area (Romano and Palladino, 2002). All
cores were subjected to laboratory measurements to deter-
mine the particle-size distribution, organic carbon content
(OC), and soil hydraulic characteristics. The cores were
oven-dried at 105 �C to determine dry bulk density (BD).
Total porosity was calculated from the measured oven-dry



Table 2 Statistics of the selected soil hydraulic properties
observed along the transect

Statistics h�10 h�100 h�10,000 Log[Ks]

P0.95 0.540 0.489 0.292 2.73
P0.05 0.418 0.325 0.167 1.10
l 0.482 0.418 0.240 1.99
CV (%) 8.32 12.6 16.5 32.2

P0.95 = 95th percentile; P0.05 = 5th percentile; l = mean;
CV = coefficient of variation; hh, soil water content (cm

3/cm3) at
h = �10, �100, and �10,000 cm soil matric pressure head (cm3/
cm3); Log[Ks] decimal logarithm of the saturated hydraulic
conductivity (Log(cm/d)).
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bulk density and assuming a particle density of 2.65 g/cm3.
Organic carbon, OC, in soil was determined with the dichro-
mate method, whereas organic matter content, OM, was
calculated by multiplying the organic carbon content by
1.724. Sand (SA), silt (SI), and clay (CL) contents were ex-
pressed as percentage by mass of the fine-earth fraction
(0.2 mm). Table 1 summarizes the statistics of the mea-
sured soil physical and chemical properties along the tran-
sect. Drying soil water retention data points were
measured at several matric pressure heads using a specifi-
cally designed suction table apparatus (Romano and Palla-
dino, 2002). To allow comparisons between PTF predicted
and measured soil hydraulic properties, the water retention
characteristics observed for each soil core are assumed to
be described by van Genuchten’s closed-form relationship:

h� hr

h0 � hr

� �
¼ ½1þ jahjn��m ð1Þ

where h (cm3 cm�3) is volumetric water content and h is
matric pressure head (in cm). Parameter h0 is water content
at h = 0 (often assumed equal to the measured saturated
water content, hs), and hr is the residual water content,
i.e. the water content when h tends to �1. The van
Genuchten parameters a (>0, in cm�1), n (n > 1), and m con-
trol the shape of the retention curve. The unknown param-
eters h0, hr, a, n and m were estimated by fitting Eq. (1) to
the measured water retention points.The fit was performed
with three hypotheses concerning the parameter m: (i)
m = 1, as assumed by Vereecken et al. (1989); (ii)
m = 1 � 1/n, according to the classic constraint for van
Genuchten’s closed-form relationship; (iii) no constraints
for m. No significant differences were found in the quality
of fit in the three cases. Therefore it was chosen to impose
the classic constraint m = 1 � 1/n and to estimate the
remaining unknown four parameters h0, hr, a, and n.

Saturated hydraulic conductivity, Ks (in cm day�1), was
measured on the undisturbed soil cores by the falling head
method (Reynolds and Elrick, 2002).

Soil water content, h, at h of �10, �100, and
�10,000 cm as well as saturated hydraulic conductivity,
Ks, are taken as target variables for the following PTF pre-
diction uncertainty analysis. Table 2 summarizes the statis-
tics of these variables as computed from the observed
values along the hillslope transect.
Table 1 Statistics of the soil physico-chemical properties
observed along the transect

Statistics OM SA SI CL BD

P0.95 0.97 38.79 50.01 43.69 1.38
P0.05 0.60 14.18 36.62 16.80 1.04
l 0.75 24.48 43.48 32.04 1.19
CV (%) 15.7 36.7 9.48 27.1 9.01

P0.95 = 95th percentile; P0.05 = 5th percentile; l = mean;
CV = coefficient of variation.
OM, organic matter (log(%)); SA, sand (%); SI, silt (%); CL, clay
(%); BD, bulk density (g/cm3).
Analysis of the spatial structure of the basic
soil properties

Indirect estimation of soil hydraulic properties via pedo-
transfer functions requires soil physical and chemical prop-
erties as input. They are referred to in this paper as the
‘‘basic soil properties’’. The properties most commonly em-
ployed are bulk density (BD), percentages of sand (SA), silt
(SI), and clay (CL), mostly according to the USDA classifica-
tion, and organic matter content (OM). As said before, an
ensemble of patterns representing the basic soil properties
across the hillslope is a ‘‘set of basic soil properties’’.

To generate sets of basic soil properties, a model of their
spatial variability has to be estimated. For multivariate geo-
statistical simulations, means, variances, semivariograms
and cross-variograms of the simulated variables are re-
quired. These statistics are assumed to be not dependent
upon sampling location (condition for second order stationa-
rity). However, the hypothesis of second order stationarity
does not generally apply to basic soil properties as they
are. Basic soil properties exhibit significant trends in the
structure of their spatial variability. These trends can be
explained by the effects of those environmental factors
influencing soil formation (Jenny, 1980). Different environ-
mental factors control soil variability at different spatial
scales (Romano and Chirico, 2004) and several studies have
shown that basic soil properties are significantly correlated
with terrain attributes at the hillslope scale (e.g. Brubacker
et al., 1994; Florinsky and Arlashina, 1998). Romano and
Palladino (2002) found significant correlation between soil
water retention values and terrain attributes along different
hillslope transects of the Fiumarella di Corleto River. This
suggested performing a preliminary correlation analysis be-
tween basic soil properties and terrain attributes so as to
identify the dominant deterministic spatial trends in the ba-
sic soil properties.

Terrain attributes have been calculated from the avail-
able 1-m grid DEM, smoothed with 9-m · 9-m moving win-
dow, given the accuracy of 4.5 m with which the sample
locations were surveyed. A numerical scheme built on a
3 · 3 centred grid (Moore et al., 1993) has been employed
for calculating the following primary terrain attributes:
slope (Sl = tan(b), where b is the slope angle), aspect (As =
cos(/), where / is the angle clockwise from north), plane
curvature (PlCv), profile curvature (PrCv), curvature (Cv).
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Specific contributing area (SCA) has been calculated using
the terrain analysis software suite provided by Tarboton
(1997). This software utilizes a specifically designed algo-
rithm named D1, that among other things identifies lateral
connectivity after spurious pits are removed from the grid
DEM. We compute the wetness index (WI) as the ratio of
Sl to SCA, in order to avoid the occurrence of an indefinite
form (infinite number) at locations with zero slope. Slope,
organic matter, and the wetness index have been log-trans-
formed in order to satisfy the normality condition, prior cal-
culating the linear correlation coefficient. Table 3
summarizes the statistics of the computed terrain
attributes.

Table 4 shows the linear correlation coefficients calcu-
lated among the selected terrain attributes and the basic soil
Table 4 Pearson (parametric) correlation between soil
properties and terrain attributes

OM SA SI CL BD

El �0.269 �0.073 �0.281 0.139 0.386

As 0.287 0.218 0.010 �0.182 �0.265
Sl 0.083 0.470 0.124 �0.555 �0.190
PrCv �0.191 0.159 �0.098 �0.099 0.189
PlCv 0.219 0.168 0.327 �0.220 �0.227
Cv 0.180 �0.058 0.251 �0.008 �0.162
SCA �0.158 0.154 �0.387 �0.094 �0.009
WI 0.259 �0.162 0.440 �0.059 �0.308
OM 1.000 0.362 0.299 �0.397 �0.462
SA 1.000 �0.115 �0.883 �0.047
SI 1.000 �0.195 �0.429
CL 1.000 0.120
BD 1.000

In bold, correlation values with a significance level equal to 0.01.
The marked cells indicate the combination of variables for which
linear regression model is employed.
OM, organic matter (log(%)); SA, sand (%); SI, silt (%); CL, clay
(%); BD, bulk density (g/cm3); El, elevation (m a.s.l.); As, aspect
(cos(/)); Sl, slope (log(tan(b)%)); PrCv, profile curvature (1/m);
PlCv, plane curvature (1/m); Cv, curvature (1/m); SCA, specific
contributing area (m); WI (log(tan(b)%/SCA)).

Table 3 Statistics of the terrain attributes computed at
the soil sampling location along the transect

P0.95 P0.05 l St. Dev. (%)

El 1183.66 827.40 1011.02 118.89
As 332.30 9.40 91.58 96.31
Sl 1.74 1.07 1.39 0.21
PrCv 2.41 �3.13 0.08 1.77
PlCv 2.82 �3.22 0.04 1.99
Cv 4.30 �4.76 �0.04 3.33
SCA 403.44 1.00 73.85 153.09
WI 1.44 �1.36 0.11 0.87

El, elevation (m a.s.l.); As, aspect (cos(/)); Sl, slope (log-
(tan(b)%)); PrCv, profile curvature (1/m); PlCv, plane curvature
(1/m); Cv, curvature (1/m); SCA, specific contributing area (m);
WI (log(tan(b)%/SCA)).
properties. Correlation values with a significance level equal
to 0.01 are given in bold. The slope explains 30% of the clay
variability and 22% of the sand variability, whereas elevation
explains 15% of the bulk density variability. Silt exhibits
strong correlation with plane curvature (10%), wetness index
(20%), and specific contributing area (15%). A Spearman cor-
relation test has been performed to assess whether the lin-
ear correlation coefficients are biased by the limited
number of sample data. As listed in Table 5, the results
are similar, thus confirming the robustness of the data re-
ported in Table 4, as well as the linearity of the trends be-
tween auxiliary data and analysed properties.

A correlation analysis has been also applied to assess pos-
sible linear trends among the basic soil properties and rele-
vant results are summarized in Tables 4 and 5. The most
interesting result is that clay and sand exhibit a strong linear
correlation (80%).

Based on the results of the correlation analyses illus-
trated above, the spatial variability of the basic soil proper-
ties has been modelled as follows. A linear regression model
has been adopted to describe part of the clay content spa-
tial variability as deterministic function of the terrain slope.
Similarly, a linear regression model has been adopted to ex-
plain part of the spatial variation of the bulk density as
deterministic function of the elevation. It is also assumed
that the spatial variation of the sand content can be fully
described by a linear regression model with respect to the
clay content. Consequently, the silt content, which is the
complement to one with respect to the clay and the sand
contents, is also totally explained by a linear function of
the clay content. The following three variables have been
examined within a stochastic framework: (i) the regression
residuals of clay content with respect to slope angle; (ii)
the regression residuals of bulk density with respect to ele-
vation above sea-level; and (iii) the decimal logarithm of or-
ganic matter content. These variables satisfy the normality
Table 5 Spearman (non-parametric) correlation between
soil properties and terrain attributes

OM SA SI CL BD

El �0.161 �0.066 �0.262 0.175 0.407

As 0.038 0.505 0.068 �0.592 �0.159
Sl �0.311 0.118 �0.156 �0.027 0.183
PrCv 0.210 0.113 0.300 �0.201 �0.161
PlCv 0.211 �0.042 0.270 �0.091 �0.120
Cv 0.337 0.263 �0.032 �0.156 �0.141
SCA 0.390 �0.129 0.486 �0.079 �0.337
WI �0.301 0.211 �0.332 �0.141 0.016
OM 1.000 0.300 0.310 �0.333 �0.421
SA 1.000 �0.093 �0.870 �0.040
SI 1.000 �0.212 �0.398
CL 1.000 0.111
BD 1.000

In bold, correlation values with a significance level equal to 0.01.
OM, organic matter (log(%)); SA, sand (%); SI, silt (%); CL, clay
(%); BD, bulk density (g/cm3); El, elevation (m a.s.l.); As, aspect
(cos(/)); Sl, slope (log(tan(b)%)); PrCv, profile curvature (1/m);
PlCv, plane curvature (1/m); Cv, curvature (1/m); SCA, specific
contributing area (m); WI (log(tan(b)%/SCA)).
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condition required by multi-Gaussian simulations. Plots a, b,
and c of Fig. 3 show the relevant experimental semivario-
grams. A structure of spatial variability is detected in the
cross-correlation between residual of clay content and the
decimal logarithm of organic matter content. Fig. 3d shows
the corresponding experimental cross-variogram. No signif-
icant structure was found in the remaining two combina-
tions of selected variables. The sample variograms of
Fig. 3, particularly the one of the logarithm of organic mat-
ter content, show some hole-effect for which there is no
evident explanation. As an in-depth understanding of the
observed spatial variations is not the scope of this paper
(only part of the entire dataset collected up to now), the
hole-effect is neglected in the following analysis, treated
as noise of the study dataset. The experimental semivario-
gram and cross-variogram have been interpolated with
spherical models. Clay content residuals and the logarithmic
transform of organic matter content show a range of 500 m,
while bulk density residuals show a range of 250 m. It is
important to note that the semivariograms and cross-vario-
grams of the two cross-correlated variables, clay content
residuals and the logarithmic of the organic matter content,
are forced to have the same range. This restriction is due to
the co-simulation algorithm implemented in the Gstat soft-
ware, which requires the covariance model of two corre-
lated random fields to be positive definite. This
assumption is common to many Gaussian co-simulation algo-
rithms, although less restrictive models have been recently
proposed in literature (Oliver, 2003).
Figure 3 Semivariograms of (a) residual of the clay contents (CL
residuals of bulk density (BDg/cm3)2; (d) represents the cross-semiv
matter (CL%log(OM%)).
Multivariate stochastic simulation of sets of
basic soil properties

Following the results illustrated in the previous section, sets
of basic soil properties can be generated by multivariate
stochastic simulation of the three selected variables
(respectively clay content regression residuals, bulk density
regression residuals and logarithmic of the organic matter
content) and by adding to these three simulated variables
the deterministic components explained by the terrain
attributes.

Twenty sets of basic soil properties have been firstly sim-
ulated conditioned to the sample data collected along the
transect. As depicted in Fig. 4, the sample nodes of these
patterns consist of the transect samples plus a combination
of two sample grids, with size of 50 m and 100 m, respec-
tively, not-centred one on the other. The grid nodes are
880 from the 50-m grid and 220 from the 100-m grid. All
these simulated patterns show a good approximation to
the targeted spatial structure. The one showing the best
approximation has been considered as an exhaustive set of
basic soil properties. This set is named hereafter as the full
dataset.

The ‘‘full dataset’’ has been then sampled in the nodes
of the 50 m grid, with three different sampling densities:
50 m, 100 m and 200 m. These sample densities have been
chosen in order to keep the spacing among the sample
points lower than the minimum correlation length observed
in the experimental data (see Fig. 3). The set of basic soil
%)2, (b) logarithmic of the organic matter (log(OM%))2 and (c)
ariogram of the residual of clay and logarithmic of the organic



Figure 4 Sample nodes represented on a contour map of the elevation (m a.s.l., as in colour scale). The squares are the sample
locations along the experimental transect.
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properties, simulated conditionally to these sparse samples,
is named as the ‘‘image’’ of the ‘‘full dataset’’. The images
of the full data-set are generated by assuming that the spa-
tial structure of the simulated variables is known and always
equal to that defined for generating the full data-set. In
other words, the effect of different sampling strategies on
the estimated variograms (e.g. Western and Blöschl, 1999)
is not included in the following uncertainty analysis.

Images of the full data-set have been simulated condi-
tioned to three chosen sample networks. The simulated pat-
terns include the transect locations plus: 265 nodes of the
100 m grid in the case of the 50 m sampling density; 660
nodes of the remaining 50 m grid nodes in the case of the
100 m sampling density; 825 nodes of the residual 50 m grid
nodes for the 200 m sampling density. For each sampling
density, 100 sets of multiple patterns of soil properties (clay
regression residuals, bulk density regression residuals and
organic matter) have been simulated conditioned to the
corresponding data sampled from the full data-set. At the
end, three sets of 100 multiple patterns of clay regression
residuals, bulk density residuals and organic matter, have
been generated, covering all sample nodes of the exhaus-
tive data set. All these patterns show good agreement with
the imposed spatial structure.

All these images have been employed for defining the ba-
sic properties required as input for PTF regression models.
Figure 5 Example of generated pattern of clay
Clay and organic matter contents have been computed by
adding to the corresponding stochastic residuals the deter-
ministic component resulting from the application of the
regression equations with the terrain variable. Fig. 5 shows
an example of simulated pattern of clay. Patterns of silt and
sand have been derived by linear regression with the pat-
terns of clay.

In order to assess the uncertainty in the estimation of the
basic soil properties (i.e. uncertainty of the input to the
PTF) at the unsampled locations, the differences between
the patterns of each simulated variables (respectively clay
regression residuals, bulk density regression residuals and
organic matter) and the corresponding patterns of the full
dataset have been evaluated with the following statistics:

ME ¼ 1

N

XN
k¼1
ðvsk � vfkÞ ð2Þ

RMSE ¼ 1

N

XN
k¼1
ðvsk � vfkÞ2

" #1=2
ð3Þ

where N is number of locations across the hillslope in which
the soil property has been simulated, vsk is the simulated
soil property value in the kth location, vfk is the correspond-
ing value in the full data-set. ME is an indicator of accuracy
of the single simulation, revealing the presence of the posi-
(colour scale representing clay content in %).



Table 6b Precision in laboratory and field measurements
of soil physico-chemical properties (from Minasny and
McBratney, 2002)

CL SI BD

Laboratory 0.5 0.5 0.025
Field 2.7 4.0 0.200

SI, silt (%); CL, clay (%); BD, bulk density (g/cm3).
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tive or negative simulation bias, i.e. an average tendency
for overestimation (if positive) or underestimation (if nega-
tive). RMSE is a measure of the overall performance of the
single simulation, including both accuracy and precision er-
ror. The accuracy can be evaluated by the standard devia-
tion of the simulation error:

SDE ¼ 1

N � 1

XN
i¼1
ðvsk � vfk � MEÞ2

" #1=2
ð4Þ

whereas RMSE can be expressed as a combination of SDE and
ME, as follows:

RMSE2 ¼ ME2 þ N � 1

N
SDE2 ð5Þ

For large N (as in this case), RMSE2 � ME2 + SDE2. There-
fore, the ratio ME2/RMSE2 can be viewed as the relative con-
tribution of the accuracy to the total simulation error within
a given simulated pattern. The distributions of the 100 ME
and RMSE values (one for each simulated image of the full
dataset) is normal. The means (l(ME),l(RMSE)) and the
standard deviations (r(ME), r(RMSE)) of these distributions
are listed in Table 6a. These statistics provide an estimation
of the relative contribution of the expected accuracy to the
expected overall simulation error at the hillslope scale,
after multiple simulations of spatial patterns of soil proper-
ties. In case of large N values, the following relation can be
easily retrieved from Eq. (5):

lðRMSEÞ2 þ rðRMSEÞ2 � lðMEÞ2 þ rðMEÞ2 þ lðSDEÞ2 þ rðSDEÞ2

ð6Þ

The stochastic images show a very low simulation bias
(see l(ME)). This tends slightly to increase toward negative
values as the sampling resolution density decreases, except
for clay content from 100 m to 200 m where the bias slightly
decreases, albeit with larger dispersions (see r(ME)). The
simulation bias is at least one order of magnitude smaller
of the average simulation error (l(RMSE)). The statistics
l(ME), r(ME), and r(RMSE) are small compared to l(RMSE).
Therefore, following Eq. (5), l(RMSE) can be considered as
an indicator of the precision of the simulation. The soil
property values are simulated in the unsampled locations
with a precision generally one order of magnitude larger
than the precision in laboratory measurements and four to
five times larger than the precision in field measurements.
As a reference, Table 6b summarizes the precision of labo-
ratory measurement for clay, silt and bulk density as de-
scribed in Minasny and McBratney (2002).
Table 6a Errors statistics of the simulated soil properties at the h
error (ME), difference between generated value and exhaustive d

Sampling resolution 50 m 100 m

OM CL BD OM

l(ME) �0.006 0.152 �0.003 0.053
r(ME) 0.072 0.416 0.006 0.098
l(RMSE) 1.573 8.258 0.120 1.603
r(RMSE) 0.060 0.289 0.004 0.053

OM, organic matter (%); CL, clay (%); BD, bulk density (g/cm3).
Evaluation of PTF prediction uncertainty

Patterns of soil hydraulic properties estimated with
indirect methods

The sets of basic soil properties are transformed into sets
of soil hydraulic properties using the following indirect
methods: (1) the HYPRES pedotransfer function, developed
from European soil data (Wösten et al., 1999) and (2) the
Vereecken’s pedotransfer function (Vereecken et al.,
1992). These two PTFs have been mainly chosen as illustra-
tive test cases, among the most commonly employed PTFs
in Europe. No consideration has been done concerning the
performance of these PTFs for the study dataset, since the
major aim of the present study is to speculate on the
uncertainty being associated to the use of a certain pub-
lished PTF, rather than comparing the performances of dif-
ferent PTFs.

The HYPRES pedotransfer relations predict the water
retention function of soils indirectly by estimating parame-
ters a and m of van Genuchten’s equation (see Eq. (1)),
while setting hr at 0.01 (except for coarse soils, where hr
is set at 0.25) and m = 1 � 1/n. Vereecken’s pedotransfer
function also adopts van Genuchten’s model for the reten-
tion function, but assumes m = 1.

The full dataset and the corresponding stochastic images
of basic soil properties are employed to calculate spatial
patterns of the corresponding van Genuchten soil water
retention parameters, with Vereecken’s and HYPRES PTF.
These patterns are then employed to calculate patterns of
soil water content, hh, at matric pressure head, h, respec-
tively equal to �10 cm, �100 cm and � 10,000 cm. The
two pedotransfer functions have been also employed to esti-
mate patterns of saturated hydraulic conductivity, Ks.
HYPRES and Vereecken’s PTF equations employed for esti-
mating van Genuchten soil water retention parameters and
the saturated hydraulic conductivity are listed in Table 7.
illslope scale: mean (l) and standard deviation (r) of the mean
ata set and the root mean square error (RMSE)

200 m

CL BD OM CL BD

�2.119 �0.005 �0.086 �1.128 �0.008
0.514 0.007 0.142 0.784 0.012

10.478 0.126 1.765 10.700 0.134
0.321 0.003 0.068 0.332 0.004



Table 7 HYPRES and Vereecken’s PTF equations employed for estimating van Genuchten soil water retention parameters and
the saturated hydraulic conductivity

HYPRES PTF

h0 = 0.7919 + 0.001691 * CL � 0.29619 * BD � 0.000001491 * SI
2 + 0.0000821 * OM

2 + 0.02427 * CL
�1 + +0.01113 * SI

� 1 +
0.01472 * ln(SI) � 0.0000733 * OM * CL � 0.000619 * BD * CL � 0.001183 * BD * OM + �0.0001664 * topsoil * SI

ln(a) = �14.96 + 0.03135 * CL + 0.0351 * SI + 0.646 * OM + 15.29 * BD � 0.192 * topsoil � 4.671 * BD
2 + �0.000781 * CL

2 �
0.00687 * OM

2 + 0.0449 * OM
�1 + 0.0663 * ln(SI) + 0.1482 * ln(OM) � 0.04546 * BD * SI + �0.4852 * BD * OM + 0.00673 *

topsoil * CL

ln(n � 1) = �25.23 � 0.02195 * CL + 0.0074 * SI � 0.1940 * OM + 45.5 * BD � 7.24 * BD
2 + 0.0003658 * CL

2 + +0.002885 * OM
2 �

12.81 * BD
�1 � 0.1524 * SI

�1 � 0.01958 * OM
�1 � 0.2876 * ln(SI) � 0.0709 * ln(OM) � 44.6 * ln(BD) + �0.02264 * BD * CL +

0.0896 * BD * OM + 0.00718 * topsoil * CL

ln(Ks) = 7.755 + 0.0352 * SI + 0.93 * topsoil � 0.967 * BD
2 � 0.000484 * CL

2 � 0.000322 * SI
2 + 0.001 * SI

�1 + �0.0748 * OM
�1 �

0.643 * ln(SI) � 0.01398 * BD * CL � 0.1673 * BD * OM + 0.02986 * topsoil * CL + �0.03305 * topsoil * SI

Vereecken’s PTF
hr = 0.015 + 0.005 CL + 0.014 OM

hs = 0.81 0.283 BD + 0.001 CL

ln(a) = �2.486 + 0.025 SA � 0.351 OM � 2.617 BD � 0.023 CL

ln(n) = 0.053 � 0.009 SA � 0.013 CL + 0.00015(SA)2

ln(Ks) = 20.62 � 0.96 * ln(CL) � 0.66 * ln(SA)-0.46 * ln(OM) � 8.43 * BD

h0, a, n = parameters in van Genuchten equation (1); CL = percentage of clay; SI = percentage of silt; OM = percentage of organic
matter; BD = bulk density (g/cm3); topsoil is a qualitative variable having the value of 1 or 0. hr is equal to 0.025 for coarse soils and to
0.01 for other soils. Ks is the saturated hydraulic conductivity in (cm/d).

Figure 6 Example of simulated maps of: (a) soil water content (cm3 cm�3) at h = �10 cm, and (b) saturated hydraulic conductivity
(cm day�1), estimated with Vereecken et al.’s (1989) pedotransfer function.

414 G.B. Chirico et al.



Uncertainty in predicting soil hydraulic properties at the hillslope scale with indirect methods 415
Fig. 6a and b show an example of simulated pattern
of soil water content at �10 cm matric pressure (i.e. h�10)
and saturated soil hydraulic conductivity, Ks, respectively,
both estimated with Vereecken’s pedotransfer function.
PTF prediction uncertainty due to the uncertainty
in input data

This section illustrates how the uncertainty in the estima-
tion of the basic soil properties at unsampled locations
Figure 7 Normal probability plot of the mean error (ME, differen
and the exhaustive data set) of the soil water retention hh at matri
�10,000 cm, predicted with HYPRES (left column) and Vereecken’s
across the hillslope (summarized in Table 6a) propagates
into the PTF predictions. In order to evaluate this uncer-
tainty, the patterns of soil hydraulic properties estimated
from the images of the full dataset have been compared
to those derived from the full dataset, which are taken as
reference patterns. Discrepancy between these patterns
has been evaluated by calculating the statistics ME and
RMSE, according to Eqs. (2) and (3). The distributions of
these two statistics are plotted in Figs. 7–9. Each distribu-
tion is made of 100 values, corresponding to the number of
images of basic soil properties generated for each sampling
ce between values predicted from the simulated soil properties
c pressure head, h, respectively equal to �10 cm, �100 cm and
PTF (right column) at the hillslope scale.



Figure 8 Normal probability plot of the root mean square error (RMSE) of the soil water retention of the soil water retention hh at
matric pressure head, h, respectively equal to �10 cm, �100 cm and �10,000 cm, predicted with HYPRES (left column) and
Vereecken’s PTF (right column) at the hillslope scale.
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density. Following the discussion in section ‘‘Multivariate
stochastic simulation of sets of basic soil properties’’, ME
is an indicator of the accuracy of the prediction, while RMSE
is an indicator of the overall prediction error, including both
prediction accuracy and precision. Both ME and RMSE are
normally distributed for all cases, except for the saturated
hydraulic conductivity estimated by Vereecken’s PTF.

For what concerns the predicted soil water retention val-
ues, the means of the ME distributions are very close to zero
(in absolute value not larger than 0.01 cm3 cm�3), while the
means of RMSE distributions are 0.03–0.04 cm3 cm�3, ex-
cept for h�10,000 predicted by Vereecken’s PTF, whose RMSE
means are 0.05–0.06 cm3 cm�3. The standard deviations of
ME and RMSE are described by the slopes of their distribu-
tions. The lower this slope, the higher is the dispersion of
the values around the mean, the higher is standard devia-
tion. ME standard deviations are of the same order of mag-
nitude of the corresponding means, while RMSE standard
deviations are even smaller than the corresponding means.
In summary, the results represented in Figs. 7 and 8 show
that PTF prediction performances are fairly high, both in
terms of accuracy and precision, for most practical applica-



Figure 9 Normal probability plot of the error statistics of the saturated hydraulic conductivity (Ks) predicted with HYPRES (left
column) and Vereecken’s PTF (right column) at the hillslope scale. Top row describes the mean error (ME, difference between values
predicted from the simulated soil properties and the exhaustive data set). The bottom row shows the root mean square error (RMSE).
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tions. With a view to the major aim of this study, we argue
that the PTF water retention prediction uncertainty, due to
the input uncertainty only, is relatively small. The uncer-
tainty of HYPRES PTF is slightly smaller than Vereecken’s
PTF at h�10,000. HYPRES PTF sets hr = 0.01 and thus it does
not allow for significant variability in soil water contents
at the lowest matric pressure heads.

Saturated hydraulic conductivity, Ks, as predicted by
HYPRES and Vereecken’s PTFs, is characterised by a very
different sensitivity with respect to the uncertainty in input
data, as shown in Fig. 9 by the relevant ME and RMSE distri-
butions (note that these distributions are plotted by adopt-
ing different scales on the x-axes). HYPRES PTF predictions
shows mean values of ME very close to zero and mean values
of RMSE between 13 and 15 cm day�1. Instead, Vereecken’s
PTF shows a mean bias of 10 cm day�1 and an average RMSE
ranging from 150 cm day�1 to 200 cm day�1. Vereecken’s
PTF RMSE distribution shows also a strong asymmetry to-
ward higher values. In summary, the input uncertainty does
not affect HYPRES PTF predictions accuracy Ks, rather its
prediction precision. The input uncertainty is largely more
significant for Vereecken’s PTF, both in terms of precision
and accuracy. This different behaviour is chiefly to be
attributed to the structure of the Vereecken’s PTF for esti-
mating Ks (see Table 7), which makes it more sensitive to
the uncertainty in the bulk density than HYPRES PTF.
PTF prediction uncertainty due to the uncertainty
in input data and regression model

PTF prediction errors can occur even if input variables are
ideally measured with no error. A source of uncertainty that
can potentially affect hydraulic predictions from a PTF is the
error in the regression model, which is made of the model
structure limitations and actual errors in the regression coef-
ficient values. One should always allow for an increase in the
prediction uncertainty when using an indirect estimation
method (a PTF in this study) as a simpler alternative to direct
measurements. In a general framework, the uncertainty due
to the model error can be smaller or larger than the uncer-
tainty in the input variables. Knowledge of the relative
importance of these two sources of uncertainty can turn
out to be extremely useful for those who have to plan soil
hydraulic characterisations over relatively large areas with
limited resources available. It may not be worth to improve
the sampling resolutions to reduce the input uncertainty be-
yond the model structure and parameter uncertainty.

The model error, i.e. the PTF prediction error in the case
of ‘‘correctly’’ measured input, can be estimated by com-
paring the PTF predictions of the soil hydraulic properties
performed with the measured basic soil properties (indirect
estimations) to the direct measurements of the soil hydrau-
lic properties along the study transect. This is possible
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since, as illustrated in section ‘‘Experimental hillslope and
soil dataset’’, both basic soil properties and soil hydraulic
properties have been directly measured on the undisturbed
soil cores collected along the study transect.

On the other hand, the PTF prediction uncertainty due to
the input estimation uncertainty can be estimated in the
same sampling locations of the study transect, by using as
input data the basic soil properties simulated within the
100 images of the full dataset. The dispersion of the 100
PTF estimations at the each of the sample locations of the
study transect is an indicator of the PTF prediction uncer-
tainty due to the input estimation uncertainty.

Figs. 10 and 11 show direct measurements and indirect
estimations along the transect. The same figures depict
Figure 10 Evaluation of the PTF prediction uncertainty of soil wat
�10 cm, �100 cm and �10000 cm, accounting for both model and i
properties along the study transect.
the 0.05 and 0.95 percentiles of the hydraulic properties
estimated from the images of the full dataset for the three
different sampling resolutions.

Table 8 shows the standard deviation of the direct mea-
surements of the soil hydraulic properties, of the indirect
estimation (i.e. PTF prediction from measured basic soil
properties) and of the 0.5 percentile of PTF predictions
from the 100 generated sets of basic soil properties at the
transect points. According to a two-tailed F-test at a signif-
icance level p = 0.05, the standard deviations of the indirect
method predictions are significantly smaller than those of
the direct measurements, except for h�10 estimated with
HYPRES PTF and for h�10,000 estimated with both HYPRES
and Vereecken’s PTF. The standard deviations of the 0.5
er retention hh at matric pressure head, h, respectively equal to
nput error, by comparing observed and simulated soil hydraulic



Figure 11 Evaluation of the PTF prediction uncertainty of the saturated soil hydraulic conductivity (Ks) accounting for both model
and input error, by comparing observed and simulated soil hydraulic properties along the study transect.
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percentile of the PTF predictions based of the generated
values are even smaller. According to the F-test, only the
standard deviation of h�10,000 obtained from patterns condi-
tioned to the 50 m grid is not significantly different from the
observed one. No significant differences have been verified
among the different sampling strategies.

PTF prediction error in the case of measured input is esti-
mated by the mean error (ME) and the mean absolute error
(MAE):

ME ¼ 1

n

Xn
k¼1
ðvik � vdkÞ ð7Þ

MAE ¼ 1

n

Xn
k¼1
jvik � vdkj ð8Þ

where vik is the indirect estimation and vdk the direct mea-
surement of the variable of interest (either the soil water
retention for a given matric pressure head or the saturated
Table 8 Standard deviation of the soil hydraulic properties estim
PTF estimation from observed basic soil properties) compared to th
properties predicted by the PTF from the generated patterns of s

h�10 h�

Direct 0.0401 0.
HYPRES Indirect 0.0297 0.

p0.5 50 m 0.0161 0.
p0.5 100 m 0.0137 0.
p0.5 200 m 0.0131 0.

Vereecken Indirect 0.0273 0.
p0.5 50 m 0.0145 0.
p0.5 100 m 0.0132 0.
p0.5 200 m 0.0123 0.

hh is the soil water content at matric pressure head, h, respectively eq
hydraulic conductivity. The values in bold indicate that the null hypo
cannot be rejected according to a two-tailed F-test at p = 0.05.
hydraulic conductivity) at the kth location of the n transect
samples.

The MAE has been preferred to the RMSE, since RMSE,
which includes the squared differences, can be significantly
biased by outliers in small sample sets, such in this case. ME
is an indicator of the PTF accuracy (mean bias), while MAE is
an indicator of the overall prediction error (including both
accuracy and precision). Both statistics are representative
of the PTF prediction performance at the hillslope (tran-
sect) scale, in the case basic soil properties (the input data)
are known.

Both PTFs provides fairly accurate estimation of the soil
water retention function (see rows of ME statistics in Table
9). For the available dataset, HYPRES PTF seems more
accurate than Vereecken’s PTF at higher pressure heads
(namely, h at �10 cm and �100 cm). At lower pressure
heads (h = �10,000 cm), both PTFs underestimate the
measured soil water content. In this case, HYPRES PTF
ated from direct measurement and indirect estimation (i.e.
e standard deviation of the 0.5 percentile of the soil hydraulic
oil hydraulic properties

100 (cm3 cm�3) h�10,000 Ks (cm day�1)

0526 0.0396 170.0
0277 0.0312 7.8
0142 0.0171 4.1
0097 0.0063 4.8
0099 0.0056 6.5

0271 0.0470 87.6
0134 0.0332 43.4
0092 0.0098 33.6
0076 0.0095 32.3

ual to �10 cm, �100 cm and �10,000 cm. Ks is the saturated soil
thesis of equal variance between predicted and observed values



Table 9 Mean PTF prediction error compared to the mean PTF prediction standard deviations due to the input uncertainty at
the transect locations

h�10 h�100 h�10,000 Ks

HYPRES ME 0.003 0.001 �0.074 �156.9
ME/r50m (–) 0.112 0.062 �3.961 �19.5
ME/r100m (–) 0.112 0.062 �3.565 �20.2
ME/r200m (–) 0.103 0.058 �3.704 �19.0

Vereecken ME 0.008 0.032 �0.044 �66.7
ME/r50m (–) 0.434 1.870 �1.455 �0.8
ME/r100m (–) 0.419 1.793 �1.330 �0.8
ME/r200m (–) 0.397 1.797 �1.364 �0.8

ME, mean error (difference between indirect estimations and direct measurements) of the soil water content hh (cm
3 cm�3) at different

matric pressure head (h = �10, �100, and �10,000 cm) and the saturated hydraulic conductivity, Ks (cm day�1); rx standard deviation of
the PTF predictions due to input uncertainty from different sampling resolutions across the hillslope (x = 50, 100, and 200 m).
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shows a larger bias than Vereecken’s PTF. On the other
hand, both HYPRES and Vereecken’s PTF underestimate
saturated hydraulic conductivity, Ks, although Vereecken’s
PTF bias is twice smaller than HYPRES PTF bias. It is inter-
esting to note that nearly all the observed soil water
retention and saturated hydraulic conductivity values fall
within the 90% confidence interval of the values predicted
by Vereecken’s PTF.

HYPRES and Vereecken’s PTFs provide similar MAE values
for predicted water retentions and saturated hydraulic con-
ductivities, as shown in Table 10 (see rows of MAE statis-
tics). MAE values for water retention are still comparable
to common errors attached to direct laboratory or field
measurements. To this point, it is interesting to note that
in the literature reported errors for measured soil water
retention data range from 0.01 to 0.1 cm3 cm�3 (Minasny
et al., 2004; Vrugt et al., 2003).

By comparing ME values to MAE values, one can note that
HYPRES PTF for soil water retention function is mainly af-
fected by precision problems at the matric heads of �10
and �100 cm, whereas by accuracy problems at the matric
head of �10,000 cm. HYPRES PTF for saturated hydraulic
conductivity is also mainly affected by accuracy problems.
Table 10 Mean PTF prediction absolute error compared to the
uncertainty at the transect locations

h�10

HYPRES MAE 0.024
MAE/r50m (–) 1.071
MAE/r100m (–) 1.074
MAE/r200m (–) 0.983

Vereecken MAE 0.022
MAE/r50m (–) 1.207
MAE/r100m (–) 1.164
MAE/r200m (–) 1.104

MAE, mean absolute error (difference between indirect estimations
different matric pressure heads (h = �10, �100 and �10,000 cm) an
deviation of the PTF predictions due to input uncertainty from differen
In the case of Vereecken’s PTF, ME and MAE values of the
soil water retention are similar, i.e. Vereecken’s PTF model
is essentially affected by accuracy problems. The MAE value
of soil hydraulic conductivity is twice the corresponding ME
absolute value, thus both accuracy and precision affect the
overall Vereecken’s PTF model prediction error of the satu-
rated hydraulic conductivity.

The ratios of ME and MAE values to the corresponding
standard deviations of the PTF estimations in the case of un-
known input are computed for evaluating the relative
importance of the PTF model prediction error versus the ef-
fect of the input uncertainty in the overall PTF prediction
uncertainty. These statistics are also listed in Tables 9 and
10.

HYPRES PTF model bias of the predicted soil water
retention at �10 cm and �100 cm pressure head is negligi-
ble compared to the input uncertainty, given that ME is al-
ways less than 50% the standard deviation of the
predictions due the input uncertainty. At �10,000 cm pres-
sure head, HYPRES PTF model bias is the most important
source of uncertainty. For Vereecken’s PTF, instead, the
model bias is of the same order of magnitude of the input
uncertainty.
mean PTF prediction standard deviations due to the input

h�100 h�10,000 Ks

0.037 0.077 158.9
1.929 4.109 19.8
1.916 3.698 20.5
1.809 3.842 19.3

0.043 0.050 124.2
2.523 1.657 1.5
2.420 1.515 1.5
2.426 1.554 1.4

and direct measurements) of the soil moisture hh (cm3 cm�3) at
d the saturated hydraulic conductivity (cm day�1); rx standard
t sampling resolutions across the hillslope (x = 50, 100 and 200 m).
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For both PTFs, the input uncertainty is less important
than the corresponding model bias in the prediction of the
saturated hydraulic conductivity. This is particularly true
for HYPRES PTF, which ME is 20 times the standard deviation
of the predictions due the input uncertainty.

The ratios of the MAE values to the corresponding stan-
dard deviations confirm that for both HYPRES and Vereec-
ken’s PTFs the overall model prediction error, including
accuracy and precision, is as much as or even more impor-
tant than the input uncertainty.

Conclusions

Although a Monte Carlo approach is computationally inten-
sive, the stochastic simulation employed in the present
study has proved to be an efficient tool for assessing quan-
titatively error propagation through non-linear models, such
as pedotransfer functions. This issue has cross-implication
when tackling problems of predicting soil hydraulic values
at unsampled locations and upscaling local information to
larger areas.

With specific reference to practical directions when
planning field campaigns, outcomes of this study suggest
that published PTFs provide accurate and precise estimates
of the soil water retention characteristic at the hillslope
scale even for a relatively coarse sampling resolution of ba-
sic soil hydraulic properties. Prediction errors due to input
uncertainty are comparable to common errors attached to
direct laboratory or field measurements.

This study also sheds light on the issue of uncertainty
contributions. An interesting feature is that PTF prediction
errors appear on average affected by the model structural
error as much as or even more than by the uncertainties
associated with the input data. This means that it may
not worth measuring basic soil properties at high spatial
resolution whether the target is to improve the PTF predic-
tions. An increase in the spatial characterisation for the
basic soil properties should be coupled with an improve-
ment of the PTF model structure or parameterisation for
the study area.

The PTFs considered here show worse level of perfor-
mance when predicting saturated hydraulic conductivity.
In this case the model error is much more significant
than the input uncertainty, even at very high sample
resolution.

This study will be extended by evaluating the propaga-
tion of the input uncertainty through the PTFs in a func-
tional context (e.g. Vereecken et al., 1992), i.e. by
examining the uncertainty in the outcome of a simulation
model for a specific application, extending the strategy
adopted by previous authors for evaluating PTF predictions
at the point scale.
Acknowledgements

This study has been partly supported by P.O.N. project
‘‘AQUATEC – New technologies of control, treatment, and
maintenance for the solution of water emergency’’. Hanoi
Medina contributed to this paper during a visiting period
at the University of Napoli Federico II, with a fellowship
from the Italian–Latin American Institute. The final version
of this paper benefited from the constructive comments of
two anonymous reviewers and the thoughtful appraisal by
the Editor Georges Vachaud.
References

Brubacker, S.C., Jones, A.J., Frank, K., Lewis, D.T., 1994. Regres-
sion models for estimating soil properties by landscape position.
Soil Sci. Soc. Am. J. 58, 1763–1767.

Burgess, T.M., Webster, R., 1980. Optimal interpolation and
isarithmic mapping of soil properties: I. The semi-variogram
and punctual kriging. J. Soil Sci. 31, 315–331.
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