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In this study, a new approach, which we called pseudo-continuous, to develop pedotransfer functions
(PTFs) for predicting soil–water retention with an artificial neural network (ANN) was introduced and
tested. It was compared with ANN PTFs developed using traditional point and parametric approaches.
The pseudo-continuous approach has a continuous performance, i.e. it enables to predict water content
at any desirable matric potential, but without the need to use a specific equation, such as the one by van
Genuchten. Matric potential is considered as an input parameter, which enables to increase the number
of samples in the training dataset with a factor equal to the number of matric potentials used to deter-
mine the water retention curve of the soil samples in the dataset. Generally, the pseudo-continuous func-
tions performed slightly better than the point and parametric functions. The root mean square error
(RMSE) of the pseudo-continuous functions when considering local data for training and testing, and with
both bulk density and organic matter as extra input variables on top of sand, silt and clay content, was
0.027 m3 m�3 compared to 0.029 m3 m�3 for both the point and parametric PTF. The increased number
of samples in the training phase and the selection of matric potential as an input variable enabling to pre-
dict water content at any desired matric potential are the most important reasons why pseudo-continu-
ous functions would need more intention in the future. Uniformity in the training and test dataset was
shown to be important in deriving PTFs. We finally recommend the use of pseudo-continuous PTFs for
further improvement and development of PTFs, in particular when datasets are limited.

� 2012 Elsevier B.V. All rights reserved.
1. Introduction

Although nowadays soil hydraulic properties are amongst the
most important parameters in agricultural research, in using irriga-
tion and drainage models, and for studying water movement in the
unsaturated zone of the soil, they are not readily available. Therefore,
pedotransfer functions (PTFs) are developed to predict hydraulic
properties from primary soil properties with a suitable mathemati-
cal relation. Extensive research in the past has focused on improving
estimates of the hydraulic properties using PTFs (Vereecken et al.,
2010).

Two main categories of methods for deriving PTFs can be distin-
guished: statistical regression techniques (linear and nonlinear
models) and data mining and exploration techniques (e.g., artificial
neural networks and group methods of data handling) (Vereecken
et al., 2010). Recently some new mathematical methods, such as
support vector machines (Lamorski et al., 2008; Twarakavi et al.,
2009) and nonparametric nearest neighbor methods (Nemes
ll rights reserved.
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et al., 2006a, 2006b and 2010), were used to predict water reten-
tion properties from basic soil properties. In general, methods
based on artificial neural networks (ANNs) have led to PTFs that
performed best in terms of basic performance indicators such as
the root mean square error (RMSE) (Vereecken et al., 2010). This
strong interest in using machine learning algorithms instead of tra-
ditional procedures such as multiple regressions for deriving soil
hydraulic PTFs proves their ability to model the interaction of soil
and water as a very complex system. The most important draw-
back of regression type PTFs became apparent when large dat-
abases were used for estimating hydraulic parameters (Wösten
et al., 2001). In spite of the fact that ANNs are very powerful for
deriving hydraulic PTFs, they are very data demanding and their
application has only become possible when used together with a
large database (Baker and Ellison, 2008). However, since the intro-
duction of ANN derived PTFs in the mid 90s (Pachepsky et al.,
1996), nobody answered how we can use this technique for deriv-
ing PTFs with limited data.

Tools such as Neuropack (Minasny and McBratney, 2002b) and
Rosetta (Schaap, 2000) have been developed for deriving PTFs
using ANNs. Neuropack, e.g., can be utilized to first fit pedotransfer
functions using ANNs. The trained networks are subsequently used
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to validate and predict hydraulic properties of new soil samples.
Neuropack consists of two programs: Neuropath and Neuroman.
Neuropath is a general single layer neural network that can model
any inputs-outputs relationship. Meanwhile, Neuroman is a neural
network that predicts parametric PTFs. Both programs have a user-
friendly interface with robust algorithms (Minasny and McBratney,
2002b). Neuropack has been used over a wide range of geographic
areas including USA, Italy and Australia for developing PTFs
(Minasny and McBratney, 2002a; Ungaro et al., 2005; Sharma
et al., 2006). Minasny and McBratney (2002a) used Neuropack
and compared its performance with Rosetta. They showed that
Neuropack has better accuracy and less bias as compared with
Rosetta.

The level of reliability of any given PTF is highly correlated to
the specific composition of the calibration dataset, which in turn
may reflect the geographic origin of the dataset. For this reason,
the extrapolation of PTFs beyond their statistical training limits
and their geographical training area should always be preceded
by a careful evaluation of their applicability to specific datasets
(Cornelis et al., 2001). On the other hand, in many countries and re-
gions of the world, sufficient soil hydraulic data for deriving PTFs
are lacking. Therefore, PTFs that are derived from origins different
than those for which they were originally developed, are widely
used. For identifying the level of influence of homogeneity in train-
ing and test datasets on the performance of PTFs, the ANN PTFs can
be evaluated from two different aspects: testing (using the same
dataset for training and testing, scenario 1) and validation (using
different datasets for training and testing, scenario 2).

Generally two different kinds of ANN PTFs have been most fre-
quently used by authors: point PTFs and parametric PTFs (respec-
tively Type 2 and Type 3 PTFs in Wösten et al., 2001). Outputs from
point PTFs are water contents at predefined potentials, which
means that a continuous water retention curve at all matric poten-
tials is not given. To obtain a continuous PTF that predicts water
content at any matric potential, the coefficients of a closed-form
analytical water retention equation need then to be determined
by curve fitting. On the other hand, using a parametric PTF sup-
poses that the relationship between water content and matric po-
tential can be described adequately by a soil hydraulic model with
a certain number of parameters, e.g., the Brooks and Corey (1964)
or the van Genuchten (1980) equations. The main disadvantage of
parametric PTF is that sometimes, the real shape of the water
retention curves is not similar to the chosen equation shape for
all soil samples. In addition, some problems are reported correlat-
ing the parameters of soil hydraulic equations to basic soil proper-
ties (Minasny and McBratney, 2002b). Furthermore, parametric
PTFs predetermine which equation the user is to use, which is for
most PTFs or the van Genuchten or the Brooks and Corey equation.
We, therefore, introduced a new method for deriving PTFs that
have a (pseudo) continuous performance, but without the need
to use a specific equation. In addition, the special topology of this
PTF enables the user to apply it with limited data information.

The objectives of this study were, (1) to introduce and evaluate
a new kind of PTF which we call pseudo-continuous PTF, (2) to
evaluate the accuracy and reliability of the derived PTF, and (3)
to compare its performance with that of PTFs developed on the
same dataset using the point and parametric approaches.
2. Materials and methods

2.1. Soil samples

Three different datasets were used in this study. Table 1 and
Fig. 1 show the physical characteristics and the scattering of soil
samples in the soil texture triangle, respectively. The first dataset,
DS1, contains 122 soil samples from northeastern (Haghverdi et al.,
2010) and northern Iran (Khoshnood Yazdi and Ghahraman, 2004).
From the northern site, 50 disturbed and undisturbed (226 cm3)
soil samples were collected from the surface soil (0–30 cm). Bulk
density and hydraulic properties were identified using undisturbed
samples while the rest of properties were measured using dis-
turbed samples. Soil sampling was done according to a quadrangle
grid with 200 m node spacing. Particle-size distribution was deter-
mined by the hydrometer method (Gee and Bauder, 1986). Organic
carbon content (OC) and bulk density (BD) were determined by the
Walkley and Black method (USDA, 1982) and using the soil clods
method described by Blake and Hartge (2002), respectively. Water
content of the samples was measured at �5, �33, �100, �500,
�1500 kPa imposed in a pressure plate apparatus (Soilmoisture
Equipment, Santa Barbara CA, USA). From the northeastern site,
72 disturbed and undisturbed (180 cm3) soil samples were col-
lected during another independent study. Samples were collected
from random locations within the site. Particle-size distribution,
organic matter content and bulk density was determined as above.
Water contents of those samples were measured at �33, �100,
�400, �700, �1000 and �1500 kPa imposed in a similar pressure
plate apparatus. The second and third dataset, DS2 and DS3, were
established from Australian soils and are provided in the Neuro-
pack software package. DS2 contains 622 soils with water contents
measured at 0, �5,�30,�500 and�1500 kPa. In DS3, there are 150
soil samples having information on water content at many matric
potentials, more than 15 points which were not identical in all
samples. The DS2 and DS3 contain similar soil basic properties as
DS1, except OC information for DS3.

2.2. Pedotransfer functions

We ran three different PTFs in this study, i.e. point, parametric
and pseudo-continuous PTFs. The typical topologies of point, para-
metric and pseudo-continuous neural network PTFs used in this
study are presented in Fig. 2. In case of point PTFs, water contents
at specific matric potentials were predicted according to the com-
mon information between training and test data using the Neuro-
path software. Neuropath attempts to find such relationships by
adjusting the weights through the process of training. An optimiza-
tion procedure using the NL2SOL adaptive nonlinear least squares
algorithm (Eq. (1)) was applied for training. The objective is to
minimize the sum of squares of the residuals between the mea-
sured and predicted outputs:

OðW;UÞ ¼
XNs

i¼1

XNo

k¼1

bPikðxiÞ � Pik

� �2
ð1Þ

where Ns is the number of samples, No is the number of outputs, W
and U are the weights of the hidden and output layer, respectively, P
is the measured output, and bP is the predicted output from inputs x.

To derive parametric PTFs, the van Genuchten equation, as the
most widely used soil hydraulic model, was chosen. It is among
the best performing water retention models (Cornelis et al.,
2005), except when describing the complete water retention curve
between saturation and oven dryness (Khlosi et al., 2008). It is
written as:

hðhÞ ¼ hr þ
hs � hr

ð1þ jawjnÞm
ð2Þ

where hr and hs are the residual and saturated water content,
respectively, a is the scaling parameter, n is the curve shape factor,
m is an empirical constant, which can be related to n as m = 1–1/n,
and w is matric potential. The coefficients of the van Genuchten
equation of DS1 were achieved from an optimization process with
the RETC program version 6.02 (van Genuchten et al., 2009). Since



Table 1
Physical characteristics of soil samples.

DS1 DS2 DS3

Max Min Mean SD Max Min Mean SD Max Min Mean SD

Sand (%) 77.2 10.2 38.8 12.8 98.9 0.0 43.9 30.6 95.5 2.0 52.6 28.6
Silt (%) 59.6 14.6 38.9 9.9 72.7 1.1 35.0 16.5 68.3 1.0 28.5 18.8
Clay (%) 56.0 8.2 22.3 7.9 81.7 0.0 21.1 19.4 64.0 0.0 18.8 12.9
OC (%) 1.9 0.1 0.7 0.4 25.6 0.0 0.9 2.0
BD (g cm�3) 1.63 1.37 1.40 0.04 1.87 0.57 1.46 0.19 1.70 1.08 1.45 0.13

�SD: standard deviation, BD: bulk density, OC: organic carbon.

Fig. 1. Soil texture of the three datasets, DS1, DS2 and DS3, used in this study. Clay corresponds to 0–2 lm, silt to 2–50 lm and sand to 50–2000 lm.

Fig. 2. The typical topologies of the point, parametric and pseudo-continuous neural network PTFs used in this study. Sand, silt and clay are sand, silt and clay percentages
which are the common input predictors of PTFs. Bulk density and organic matter content can be added as optional extra predictors. h1, h2, . . ., h6 are volumetric water contents
which are the outputs of the point PTF when using a dataset containing six points of the water retention curve for each sample. hr, hs, a and n are the parameters of the van
Genuchten equation (Eq. (2)) which in turn are the outputs of the parametric PTF. ln (�w) is matric potential which is the extra input predictor of the pseudo-continuous PTF.
h(�w) is the volumetric water content at �w matric potential which is the output predictor of the pseudo-continuous PTF. Different �w values yield different water contents.
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some of the parameters exhibit non-normal distributions, they
were transformed, e.g., (hr)1/2, ln(a), and ln(n � 1). A modified objec-
tive function for neural network training, proposed by Minasny and
McBratney (2002a), was used to derive parametric PTFs. This objec-
tive function minimizes the difference between the measured water
content and the one calculated from the predicted parameters in a
secondary training process after doing an initial routine training
step to estimate van Genuchten equation parameters. The Neuro-
man software was used to derive parametric PTFs.

To develop a pseudo-continuous PTF, a new topology for neural
network PTFs was introduced. In this method, we consider the nat-
ural logarithm of matric potential as an input parameter, enabling
the user to derive water content at any desired matric potential.
Consequently, there is only one output parameter, h, which shows
the water content at the predefined matric potential that is consid-
ered as an input parameter. When using a wide range of matric
potentials as input, a corresponding range of water contents will
be predicted, and a (pseudo) continuous curve is obtained. The
pseudo-continuous PTF was derived using the Neuropath software,
using the same optimization procedure as with the point PTF.

The bootstrap method (Breiman, 1996) was used to establish
more reliable PTFs and for avoiding local minima, the training pro-
cess was iterated. The number of bootstraps and iterations were 50
and 100, respectively. Both the resampling procedure and the iter-
ation of training were done by the Neuropack software package,
while the optimized weights after training used in the testing part
and the performance of the PTFs in terms of RMSE based on the test
dataset were used to rank the models.
2.3. Accuracy and reliability

In this study, two different scenarios for training ANN were ap-
plied for testing the accuracy and reliability of PTFs as defined in
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Vereecken et al. (2010). In scenario 1, for identifying the accuracy
of the PTFs, we used DS1 for both the training and testing process.
Out of 122 existing data in DS1, 80% were selected for training and
the remaining 20% were selected for testing randomly. In scenario
2, for evaluating the reliability of the PTFs, DS2 and DS3 were cho-
sen as training datasets for deriving point and parametric PTFs,
respectively, whereas both DS2 and DS3 were used to derive pseu-
do-continuous PTFs. The complete set of 122 samples in DS1 was
used for the testing part of those three PTF approaches. Since
DS2 only contains samples with only five water retention data
pairs, it is not appropriate for estimating parameters of the four-
parameter van Genuchten equation because of lack of degrees of
freedom whilst DS3 is not appropriate for deriving point PTF due
to the high and unequal number of water content information
across the samples. However, for making a fair comparison be-
tween the reliability of PTFs and because of the flexible structure
of pseudo-continuous PTFs, both DS2 and DS3 were used to derive
pseudo-continuous PTFs.

It should further be emphasized that the difference in sampling
strategy and sample size of the two datasets used to establish DS1
does not affect the results, because identical samples were used to
test and validate PTFs. Table 2 shows the different combinations of
input and output variables of the PTFs that were evaluated in this
research.

2.4. Performance criteria

Choosing the most suitable statistics for evaluation of PTFs is
subject of dispute. Generally, the combination of selected statistics
should picture the scattering of data around the 1:1 line. Even the
root mean square of error (RMSE), as the most popular statistic, can-
not show this aspect of the scatter plot alone. For instance, in the
case of overestimation (underestimation) or very poor correlation
between measured and predicted data, using RMSE alone is ques-
tionable. In this study, RMSE was selected as the main statistic for
evaluating and ranking the models, whilst additionally the correla-
tion coefficient (r) and the mean bias error (MBE) were considered
to evaluate whether there is a correlation and/or overestimation
(underestimation) problem in any PTF. There are two important
reasons for ignoring r and MBE in the evaluation process. Firstly, r
and MBE are not suitable statistics for independent use to evaluate
PTFs, since the information they provide does not reflect the PTFs
accuracy. In addition, considering more than one statistic for evalu-
ating the PTFs can be confusing and, especially when they do not
show the same behavior, the judgment will be very complicated.
The above performance indicators can be defined as:

r ¼

Xn

i¼1

ðMi �MÞðEi � EÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1

ðMi �MÞ2
Xn

i¼1

ðEi � EÞ2
s ð3Þ
Table 2
Combinations of input and output parameters of scenarios 1 and 2 for PTFs.a

PTF Scenario Train dataset

Point 1 DS1 (80%)
Point 2 DS2
Parametric 1 DS1 (80%)
Parametric 2 DS3
Pseudo-continuous 1 DS1 (80%)
Pseudo-continuous 2 2 DS2
Pseudo-continuous 3 2 DS3

a SSC: particle size distribution containing sand, silt and clay percentages; BD: bulk de
single matric potential ln(�w) as an input parameter; h(�w): volumetric water content a

b The parametric PTFs first estimate the van Genuchten parameters, which were then
RMSE ¼ 1
n

Xn

i¼1

ðEi �MiÞ2
" #1=2

ð4Þ

MBE ¼ 1
n

Xn

i¼1

ðEi �MiÞ ð5Þ

where M is the measured value, E is the estimated value, M is the
average of measured values, E is the average of estimated values
and n is number of data for each soil sample. The program IRENE
(http://www.isci.it/tools), a data analysis tool designed to provide
easy access to model evaluation techniques, was used for identify-
ing the statistics. The program provides extensive statistical capa-
bilities with tools for a variety of needs.
3. Results

The summary of statistics and the scatter plots of measured ver-
sus estimated water contents for the test datasets are shown in Ta-
ble 3 and Fig. 3. Both scenarios showed reasonable accuracy in
predicting water content. MBE and r varied from 0.004 to 0.015
(in absolute terms) and 0.81 to 0.95, respectively, which proves
there was not even a single case of substantial overestimation or
underestimation, or poor correlation between measured and esti-
mated data.

Generally, the best results were achieved with the pseudo-con-
tinuous PTFs and, as could be expected, with scenario 1, for all in-
put variable combinations, with RMSE ranging between 0.027 and
0.029. In case of scenario 2, RMSE of the pseudo-continuous PTF
varied from 0.036 to 0.037. RMSE of the conventional point and
parametric PTFs varied for the scenarios 1 and 2, respectively, from
0.029 to 0.033 and from 0.032 to 0.053. As said before, it should be
noted that in scenario 2, we used DS2 for training the point PTF and
DS3 for training the parametric PTF. To avoid obscuring the results,
we did not compare the reliability of the parametric PTFs with that
of the point PTFs.

Unequal number of samples and lack of data at some matric
potentials with the point PTFs hamper the comparison between
the different methods. To enable a more complete comparison,
Table 4 shows the performance of the PTFs at each individual
matric potential.
4. Discussion

4.1. Importance of input variables

According to Table 3, it seems that adding both OC and BD as
extra predictors only slightly improved the overall accuracy and
reliability of all PTFs, although the observed differences were sta-
tistically not significant at the 0.95 probability level. When consid-
ering RMSE per matric potential (Table 4), it can be seen that
Test dataset Inputs Outputs

DS1 (20%) SSC, BD, OC h(�w)

DS1 (100%) SSC, BD, OC h(�w)

DS1 (20%) SSC, BD, OC, ln(�w)b hb

DS1 (100%) SSC, BD, ln(�w) h
DS1 (20%) SSC, BD, OC, ln(�w) h
DS1 (100%) SSC, BD, OC, ln(�w) h
DS1 (100%) SSC, BD, ln(�w) h

nsity, OC: organic carbon; h: water content as a single output parameter related to a
t �w matric potential (kPa).
used to estimate water content at the matric potential of interest.

http://www.isci.it/tools


Table 3
Performance indicators of modeling with point, parametric and pseudo-continuous
PTFs.

Scenario 1 Scenario 2

RMSE MBE r RMSE MBE r

Point
SSC 0.031 0.004 0.90 0.035 �0.008 0.95
SSC, BD 0.033 0.013 0.91 0.033 �0.008 0.95
SSC, OC 0.029 0.011 0.93 0.033 �0.009 0.95
SSC, BD, OC 0.030 0.010 0.92 0.032 �0.008 0.95

Parametric
SSC 0.032 0.009 0.94 0.046 0.010 0.86
SSC, BD 0.032 0.011 0.94 0.053 0.015 0.81
SSC, OC 0.030 0.011 0.95
SSC, BD, OC 0.029 0.009 0.95

Pseudo-continuous DS2
SSC 0.029 0.007 0.95 0.037 �0.014 0.91
SSC, BD 0.028 0.008 0.95 0.037 �0.014 0.92
SSC, OC 0.028 0.008 0.95 0.036 �0.014 0.92
SSC, BD, OC 0.027 0.006 0.95 0.036 �0.014 0.92

Pseudo-continuous DS3
SSC 0.044 0.009 0.88
SSC, BD 0.049 0.010 0.84
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increasing the number of predictors did, however, not always im-
prove the performance of the PTFs. In scenario 2, adding extra in-
put predictors to pseudo-continuous DS2 (which used DS2 for
training), improved the performance, whereas it did not to pseu-
do-continuous DS3 (which used DS3 for training). In a similar
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Fig. 3. Scatter plots of measured versus predicted water contents. The combination of in
predictors is SSC, BD and OC in scenario 2 in point and pseudo-continuous DS2 PTFs, an
way, the performance of the parametric PTFs in scenario 2, which
used DS3 for training, was not improved by adding BD. This fact re-
veals that the efficiency of extra input predictors can be affected by
the characteristics of the training and testing dataset. Many
authors (e.g., Schaap and Leij, 1998a; Minasny and McBratney,
2002a; Nemes et al., 2003; Patil and Rajput, 2009; Vereecken
et al., 2010) reported that considering more input variables can im-
prove the efficiency of ANN models. Our results support, however,
the findings of Nemes et al. (2006a) and Manyame et al. (2007),
who found that increasing the number of input variables does
not necessarily lead to much better predictions.
4.2. Comparing scenarios

Generally, the PTFs in the scenario 1, though based on a much
smaller training dataset, performed better than in scenario 2 (Ta-
bles 3 and 4). The difference between the two scenarios was signif-
icant at the 0.95 probability level for the parametric and pseudo-
continuous PTFs. According to Schaap and Leij (1998b), using a
similar dataset for training and testing results in a better perform-
ing PTF than using a different dataset for deriving PTFs. They devel-
oped ANN PTFs using the same algorithm and the same predictors,
and validated them on data from three independent databases.
They found that PTFs derived from one database gave systemati-
cally different estimations compared to PTFs derived from the
other two datasets. Those estimations were improved somewhat
when PTFs were derived from all available data. They concluded
that the performance of a PTF depends on both the derivation
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Table 4
RMSE for each PTF at different matric potentials.

Matric potential (kPa)

PTFs Scenario �5 �33 �100 �400 �500 �700 �1000 �1500

Point 1 SSC 0.038 0.029 0.025
SSC, BD 0.035 0.037 0.025
SSC, OC 0.032 0.031 0.023
SSC, BD, OC 0.034 0.031 0.024

Point 2 SSC 0.060 0.033 0.024 0.025
SSC, BD 0.055 0.032 0.022 0.025
SSC, OC 0.056 0.033 0.022 0.024
SSC, BD, OC 0.053 0.031 0.020 0.025

Parametric 1 SSC 0.051 0.036 0.030 0.029 0.021 0.028 0.030 0.028
SSC, BD 0.055 0.035 0.032 0.022 0.020 0.026 0.029 0.028
SSC, OC 0.054 0.032 0.026 0.027 0.020 0.026 0.028 0.026
SSC, BD, OC 0.050 0.033 0.027 0.025 0.018 0.024 0.026 0.025

Parametric 2 SSC 0.058 0.041 0.037 0.038 0.037 0.047 0.056 0.055
SSC, BD 0.075 0.041 0.038 0.038 0.051 0.054 0.063 0.066

Pseudo-continuous 1 SSC 0.044 0.034 0.031 0.031 0.022 0.024 0.024 0.024
SSC, BD 0.040 0.033 0.033 0.033 0.024 0.022 0.022 0.021
SSC, OC 0.041 0.031 0.030 0.030 0.019 0.026 0.025 0.022
SSC, BD, OC 0.036 0.032 0.030 0.030 0.020 0.024 0.023 0.021

Pseudo-continuous DS2 2 SSC 0.062 0.035 0.036 0.053 0.023 0.026 0.025 0.025
SSC, BD 0.057 0.034 0.036 0.055 0.022 0.026 0.026 0.024
SSC, OC 0.058 0.035 0.035 0.053 0.022 0.024 0.024 0.023
SSC, BD, OC 0.056 0.033 0.036 0.055 0.021 0.025 0.025 0.024

Pseudo-continuous DS3 2 SSC 0.060 0.042 0.035 0.034 0.039 0.046 0.052 0.048
SSC, BD 0.078 0.044 0.036 0.034 0.048 0.050 0.056 0.053
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and evaluation datasets, as well as on the origin, size, and other
characteristics. Applying scenario 1, and thus using samples from
one identical dataset for training and testing, improved its perfor-
mance (in terms of RMSE) on average with only 8% when establish-
ing point PTFs. The average relative improvements in RMSE of the
parametric and pseudo-continuous PTFs in scenario 1 over para-
metric, pseudo-continuous DS2 and pseudo-continuous DS3 were
38%, 23% and 40%, respectively. The largest differences between
the scenarios can be observed at �400 kPa for the pseudo-contin-
uous DS2 PTF and between�400 and�1500 kPa for the parametric
and pseudo-continuous DS3 one. Various authors offered different
explanations for the fact that using local data improves the PTF
performance. Nemes et al. (2003) and Parasuraman et al. (2006)
emphasized that an ANN model trained even on a small set of
relevant data, when available, is better than training an ANN model
on a large but more general dataset. Nemes et al. (2006a) showed
that the improvement when using local data is related to the actual
soil properties and is not origin specific. Our findings confirm the
importance of using local data. Adding extra input variables such
as BD and OC did, as was discussed above, not significantly affect
the PTFs. The better results when using scenario 1 might be asso-
ciated with other soil characteristics than those that were consid-
ered as input variables in this study. There are lots of important
characteristics such as clay mineralogy and salinity of soils that
largely influence the soil water status, but which are not accounted
for as input variables in nearly any PTFs (Nemes et al., 2003).
Sharma et al. (2006) illustrated that characteristics such as vegeta-
tion and topography significantly affect soil hydrologic phenomena
and properties. Whenever these characteristics, if not included as
input variables, are similar among training and test datasets, as
in case of our scenario 1, the performance of the PTF may be
improved. On top of that, also inter-correlations between some in-
put/output variables were different among training samples in sce-
nario 1, DS1, and scenario 2, DS2 and DS3, which affected the PTF’s
performance. For instance the correlation coefficients of sand (silt)
with water contents were 0.27 (0.02), 0.71 (0.48) and 0.64 (0.57) in
DS1, DS2 and DS3, respectively. Furthermore the correlation of
matric potential and water contents was stronger in DS1 (r = 0.8)
compared with DS2 (r = 0.36) and DS3 (r = 0.28) which in turn
shows the differences in the real shape of soil samples’ WRC
among two origins, Iran and Australia.

4.3. Performance of PTFs at different matric potentials

Ignoring the effect of different combinations of input predictors,
the mean RMSE for all PTFs in both scenarios at different matric
potentials is presented in Fig. 4. The lowest RMSE values can be ob-
served at �500 kPa (Table 4). Except for the parametric and pseu-
do-continuous DS3 PTFs in scenario 2, RMSE values at matric
potentials equal to or below (more negative) �500 kPa appear to
be significantly lower than those equal to or higher (less negative)
than �400 kPa. In particular, matric potentials of �5 and �33 kPa
appear to show the highest RMSE values (Fig. 4). According to
Nemes et al. (2006a), reasons for this are the larger values of water
content at high matric potentials which obviously causes greater
variation, and the fact that water contents in the capillary and
air-entry region of the soil–water retention curve (Jury and Horton,
2004) are more influenced by soil structure and pore-size distribu-
tion (Or and Wraith, 2002), which are only indirectly accounted for
in the PTFs by BD. Rather surprising was the relatively large RMSE
value at �400 kPa observed for the pseudo-continuous DS2 PTFs in
scenario 2. The probable reason for this anomaly may be the lack of
information at this matric potential in the training dataset, DS2,
which means that water contents were interpolated at that matric
potential in the pseudo-continuous PTF. The relatively large RMSE
values at matric potentials 6�500 kPa observed with the paramet-
ric and pseudo-continuous DS3 PTFs in scenario 2 may be due to
the uneven number of training soil samples at different matric
potentials. Only 9.85% of all existing information in DS3, which
we used for developing the parametric and pseudo-continuous
DS3 PTFs, corresponds to matric potentials 6�500 kPa. Further-
more, the difference in nature and characteristics of the soils in
DS1 and DS3 is most probable responsible for the large deviations
observed in scenario 2 in the adsorption region (Jury and Horton,
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2004), where adsorption forces and thus intrinsic soil characteris-
tics are becoming most important.

A matric potential-dependent analysis of RMSE between satura-
tion and permanent wilting point of various parametric PTFs by
Vereecken et al. (2010) showed that the largest deviations oc-
curred at intermediate matric potentials (approximately between
�20 and �100 kPa) for PTFs using combinations of SSC, BD and
OM as predictors. This could be in accordance with the higher devi-
ations they observed in that range when considering the direct fits
of the van Genuchten equation on the data used in developing the
selected parametric PTFs. Since the pseudo-continuous approach is
introduced in our study for the first time, these findings must be
further investigated.

4.4. Comparing the performances of PTFs

The pseudo-continuous PTFs appear to perform slightly better
than the parametric PTF (Tables 3 and 4). This demonstrates that
using a predefined equation such as the one of van Genuchten is
not necessary when wishing to derive PTFs using datasets with
limited water retention data pairs. Artificial Intelligence methods
to describe the water retention curve using observed data may re-
sult in better predictions of the real water retention curve than
when using the van Genuchten equation. This finding confirms
the result of Jain et al. (2004) who reported that neural networks
can make equally or more accurate estimations of water retention
compared with analytical hydraulic functions such as those by van
Genuchten (1980) and Assouline et al. (1998). Although all of the
PTFs in our study are based on a neural network, they are different
in the way which they gain power from it. The pseudo-continuous
approach is the only structure who’s neural network tries to model
the whole water retention curve. The fact that ANNs model the
behavior of real-world data more accurate than the empirical
methods, which is emphasized by Jain et al. (2004), is as well illus-
trated in our study. The RMSE values for our pseudo-continuous
PTFs are also lower than those obtained by Twarakavi et al.
(2009) when applying support vector machines (RMSE = 0.034)
and ANN (using Rosetta) (RMSE = 0.044) for predicting water con-
tent at various matric potentials with the van Genuchten equation,
although the difference in datasets among the studies does not al-
low us to make a firm conclusion. It should also be noted that in
our test dataset, water contents at matric potentials below
�400 kPa, which represent the dry part of WRC that is easier to
estimate than the wet part, are greatly represented.

When comparing point and pseudo-continuous PTFs, the latter
performs better than the point PTFs in 60% of the cases. When con-
sidering scenario 1, point PTFs show similar deviations than para-
metric ones. The general belief is that PTFs providing point
estimates are more accurate than estimates based on parametric
PTFs (e.g., Pachepsky et al., 1996; Tomasella et al., 2003; Vereecken
et al., 2010). The possible explanation these authors give is that
water contents at different matric potentials are generally affected
by different soil properties and thus that using PTFs for each spe-
cific matric potential offers a better combination of these proper-
ties. Furthermore, parameterizations are often less appropriate in
specific regions of the water retention curve, even when using a
model like the one by van Genuchten, which is among the most
flexible ones for describing the water retention curve between sat-
uration and permanent wilting point (Cornelis et al., 2005).

Compared with the study of Nemes et al. (2006a), the pseudo-
continuous approach showed lower RMSE values than the k near-
est neighbor method at both field capacity (RMSE = 0.050) and per-
manent wilting point (RMSE = 0.035). However it should be noted
that the error statistics would probably compare somewhat differ-
ently if all these methods were tested using the same data.

Apart from our promising results, the new topology of pseudo-
continuous PTF enables the user to consider all the data at each
matric potential in the training process. This is a very important
advantage in comparison with the routine topology of point PTFs.
The latter only allows estimating water content at matric poten-
tials that are common between all samples of the training and test
dataset. When the matric potentials at which water contents were
determined are different or not completely overlapping between
the training and test dataset, lots of data will remain useless. For
example, in DS1, there are 122 soil samples available with water
contents determined at five and six different matric potentials.
Samples of DS1 were gathered from two different previous studies
and the matric potentials at which water contents were measured
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are not similar among them. With the point topology, the user can
only model water content at �33, �100 and �1500 kPa, which are
common among all 122 samples. With the pseudo-continuous ap-
proach, all data of each sample can be used.

Applying an ANN generally requires a huge dataset in the train-
ing phase. As discussed above, using different datasets from differ-
ent locations for training and testing (scenario 2) almost always
results in weaker predictions compared to training and testing on
data from a unique location (scenario 1). Since local data are less
bountiful, data conservation becomes a critical factor in ANN PTF
construction (Baker and Ellison, 2008). Using pseudo-continuous
PTFs can contribute to easing these problems. The important advan-
tage of pseudo-continuous PTFs is their particular structure that en-
ables to increase the number of instances used for training. Consider
e.g., a soil sample with water content measured at five matric poten-
tials. When one uses this sample to construct a point or parametric
PTF, the output constitutes, respectively, five output parameters,
each of them belonging to a specific neuron, or the coefficients of
the used water retention equation. In pseudo-continuous PTFs,
there is just one output neuron. For example, in DS1, there are 72 soil
samples available with water contents at six matric potentials and
50 soil samples available with water contents at five matric poten-
tials. When running a point or parametric PTF, one only has 122
rows for both training and testing phases. However, when using a
pseudo-continuous approach, (72 � 6) + (50 � 5) = 686 rows of data
will become available. The pseudo-continuous approach can thus be
very useful for developing ANN-based PTFs when a limited number
of soil samples are available. This is often the case in countries where
a huge and strong database is not present, which constitutes most
parts of the world. Although from practical point of view a pseu-
do-continuous neural network PTF is derivable even with a few
samples, the user should not ignore the physical limitations of esti-
mating the water retention curve using limited data. It should be
emphasized that when using a pseudo-continuous approach for
developing an ANN PTF, the complexity of the relationship among
input-input and input–output has also increased compared with
the traditionally derived ANN PTFs. The pseudo-continuous ANN
PTF has to cover more nonlinearity and a more complex dependence
of the output on the inputs, which in the traditional parametric ap-
proach is covered by the soil hydraulic equation, such as one by van
Genuchten (1980). A sufficient amount of information for deriving a
reliable and accurate PTF using the pseudo-continuous approach
should be identified carefully in terms the number of samples, den-
sity of the measured points of the water retention curve, the number
of input predictors and physical properties of soil samples.
5. Conclusions

In this study, three approaches for establishing PTFs have been
applied and compared, i.e. a point, parametric and a newly intro-
duced pseudo-continuous approach, using three different datasets.
The latter allowed us to evaluate the accuracy and reliability by
introducing two different training and testing scenarios. In a first
scenario, we used local data for training and testing. In a second
scenario, different datasets for training and testing were used. In
general, all methods and models showed good to very good perfor-
mance and PTFs developed with scenario 1 performed better than
when using scenario 2. Deriving PTFs from local datasets, if they
exist, was demonstrated to be the better option. The difference in
methods used to derive the data and differences between soils
around the world are the most important reasons for the difference
in performance between these two scenarios.

The newly introduced pseudo-continuous PTFs showed superior
results in comparison with point and parametric PTFs. The main
advantage in using a pseudo-continuous approach lies, however,
in its ability to predict water content at any desired matric potential,
which renders a (pseudo) continuous curve. This contrasts with the
traditional point PTFs which only enable to predict water content
at prescribed matric potentials or to predict the parameters of a pre-
scribed analytical water retention curve expression. The pseudo-con-
tinuous approach for developing PTFs furthermore greatly
facilitates combining several datasets in which water contents
have been determined at different matric potentials resulting in a
larger useful dataset, in contrast with developing point PTFs. The
pseudo-continuous approach finally enables to increase the num-
ber of data rows for training the neural network by a factor equal
to the number of water retention pairs in the dataset. We therefor
recommend the use of pseudo-continuous PTFs to further improve
and develop PTFs, in particular when datasets are limited.
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