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A B S T R A C T

HYPROP (Hydraulic Property Analyzer) system works based on the simplified evaporation method, which de-
termines soil hydraulic properties in the laboratory. This system simultaneously monitors the changes in weight
of soil samples as well as the soil matric potential at two depths throughout a drying process governed by
evaporation from the soil surface. In this study, we examined the performance of the pseudo continuous ped-
otranfer function (PC-PTF) to estimate the soil water retention curve (SWRC) using high resolution data mea-
sured by HYPROP system. The dataset consisted of 7963 measured water retention data points obtained from 81
Turkish soil samples from which 60%, 20% and 20% were randomly selected for training, cross-validation and
test subsets, respectively. The best PC-PTF developed in this study with a mean absolute error of 0.023m3 m−3

(a root mean square error of 0.033m3 m−3) and a correlation coefficient of 0.96 showed promising performance
considering the typical performance range (RMSE=0.034–0.085m3 m−3) for parametric PTFs estimating
SWRC. The best PC-PTF used soil textural information, soil bulk density, the percentage of stable aggregates, soil
organic matter content and the initial water content as the input attributes. PTFs developed in this study also
ranked high among previously developed PC-PTFs (with RMSE ranging from 0.027 to 0.056m3 m−3) using
sparse datasets collected via the traditional equilibrium approach (i.e. sandbox apparatus /pressure plates ex-
tractor). We, therefore, recommend further application of the PC-PTF approach for development of PTFs using
high resolution data obtained by HYPROP system.

1. Introduction

The soil water retention curve (SWRC) is arguably the most im-
portant curve in the soil science, which provides critical information
regarding the unsaturated behavior of soils with a wide range of ap-
plications in the agro-hydrological studies. In addition, it is often used
to estimate the soil hydraulic conductivity, by capillary bundle models
(Burdine, 1953; Mualem, 1976), which together are used to study the
unsaturated water flow as the controlling components when applying
Richards equation. As a result, a significant body of research in the soil
science literature has been devoted to the measurement, modeling and
estimation of SWRC.

There is no single laboratory device available to measure water
retention data over the entire range of SWRC. The standard equilibrium
method to measure soil water retention of undisturbed samples in the
laboratory is by using the sandbox apparatus, the sand /kaolin box and
the pressure plate extractor with typical usage ranges of 0–10, 10–50,
and 100–1500 kPa, respectively. However, it has been reported that the

pressure plates are susceptible to substantial errors. Recent studies have
demonstrated a lack of reliability of the pressure plates when measuring
SWRC (in particular in the dry range) due to low plate and soil con-
ductance, loss of soil-plate contact due to the soil shrinkage, blocking of
the pores in the ceramic porous plate, and soil dispersion (Bittelli and
Solone, 2012; Solone et al., 2012; Cresswell et al., 2008). In addition,
the measurements via the equilibrium method are time consuming and
it takes weeks, if not months, to reach the equilibrium at each soil
matric potential. Moreover, measurement campaigns based on the
equilibrium methods typically yield only a limited number of water
retention data points (usually less than 10) per soil sample.

The evaporation method (Wind 1968; Wendroth et al. 1993;
Halbertsma 1996) is an alternative option, which concurrently pro-
duces the soil water retention and hydraulic conductivity data through
monitoring of the water content (evaporation) and matric potential
dynamics at various heights of a soil sample exposed to evaporation.
Schindler (1980) showed that the measurement of the soil matric po-
tential at only two depths produces promising results for a wide range
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of soil textures (Schindler et al., 1985). The range of typical tensi-
ometers (less than 70 kPa) limits the operational range of the eva-
poration method. The extended evaporation method (Schindler et al.,
2010a,2010b), however, extends the range up close to the wilting point
using new cavitation tensiometers and by considering the air-entry
value as an additional matric potential measurement (Schindler et al.,
2016). Schindler et al. (2012) conducted a study to compare SWRCs
determined from the traditional equilibrium methods with those ob-
tained with the extended evaporation method. They found the results of
the two approaches to be comparable, reported no systematic deviation
between the water retention data and only observed less than a 2%
deviation in average water content between 0 and −1500 kPa.

HYPROP system (Hydraulic Property Analyzer, METER Group, Inc.,
Pullman, WA, USA) is a semi-automated commercial laboratory in-
strument that works based on a simplification of the evaporation
method proposed by Schindler (1980) which was shown to adequately
determine the hydraulic properties of the most soils (Peters et al., 2015;
Peters and Durner, 2008). HYPROP has two advantages over the tra-
ditional equilibrium method: it generates high resolution water reten-
tion data (over 100 water retention data points in the 0–100 kPa range)
and the measurement cycle for each sample is typically completed in a
few days. Schelle et al. (2013) evaluated and compared several water
retention measurement methods on a wide range of soil texture classes
including sand, silt, silt loam, clay loam and clay. They reported com-
parable water retention data between the hanging water column
method and HYPROP in the wet to moderate water content range, yet
noticed some tendency for the over estimation of the water content in
the retention data measured by the pressure plate extractor. Zhuang
et al. (2017) observed an excellent agreement between the soil hy-
draulic properties measured by HYPROP against the multistep flux and
the hanging water column experiments.

Pedotransfer functions (PTFs) are statistical models mostly devel-
oped to estimate soil hydraulic characteristics from readily available
basic properties of the soil. In many practical applications, PTF-esti-
mated soil hydraulic characteristics are often used when adequate
measured data are not available. In general, PTFs derived using artifi-
cial neural network (ANN) models have been shown to outperform PTFs
developed using regression models (Vereecken et al., 2010). This su-
perior performance is mainly attributed to the ability of ANNs to model
PTF input-output relationships without any a priori functional form
(Vereecken et al., 2010). PTFs are developed to either estimate the soil
water content at a few predefined soil matric potentials, i.e. point PTFs,
or to continuously estimate the soil water content at any desired soil
matric potential, typically parametric PTFs (Wösten et al., 2001).
Parametric PTFs estimate parameters of soil hydraulic equations which
are subsequently used to estimate water contents across a wide range of
soil matric potentials. The main disadvantage of parametric PTF is once
the PTF is developed user cannot change the preselected soil hydraulic
equation, which may or may not adequately represent the real shape of
SWRCs for all samples. In addition, it is sometimes challenging to
correlate the parameters of soil hydraulic equations to basic soil prop-
erties (Minasny and McBratney, 2002). In recent years, the pseudo
continuous PTF (PC-PTF, Haghverdi et al., 2012, 2014) and the k-
nearest neighbor (k-NN) PTF (Haghverdi et al., 2015a) were proposed
as two alternative approaches to estimate SWRCs. These approaches
allow withdrawal and replacement of soil hydraulic equations by an
appropriate data mining method (PC-PTF) or potential concurrent use
of multiple soil hydraulic equations (k-NN PTF).

Jain et al. (2004) showed that a three-layer feed forward ANN with
one input predictor representing the soil matric potential and one
output node for the soil water content provides equally or more accu-
rate estimation of SWRC as compared to some widely-used soil hy-
draulic functions. Haghverdi et al. (2012) combined the ANN topology
suggested by Jain et al. (2004) with the topology of ANN point PTF to
develop ANN PC-PTF. They showed that PC-PTF performed slightly
better than parametric PTFs using datasets with limited water retention

data per sample. The unique topology of PC-PTF allows to combine
different datasets with various measured water retention points and to
utilize datasets with uneven/missing measured water retention points
among soil samples. PC-PTF has shown promising results for soils from
Iran and Australia (Haghverdi et al., 2012), Turkey and Belgium
(Haghverdi et al., 2014), USA (Haghverdi et al., 2015b), and Vietnam
(Nguyen et al., 2017). Haghverdi et al. (2014) and Nguyen et al. (2017)
examined several statistical approaches (e.g. ANN, support vector ma-
chines, k-NN, and multiple linear regression) and concluded ANN to be
the best modeling approach to derive PC-PTFs.

In recent years, HYPROP system has been increasingly used by re-
searchers from different parts of the world (e.g. Schwen et al., 2014;
Grath et al., 2015; Herbrich and Gerke, 2017; Schindler et al., 2012;
Zhuang et al., 2017, Fields et al., 2016). Therefore, in the near future,
large datasets will likely be compiled to develop PTFs using HYPROP
data. Recently, Schindler and Müller (2017) published a database of
173 soil hydrological data from 71 sites collected from all around the
world via the common evaporation method, the extended evaporation
method and HYPROP system. There remains the opportunity to develop
more performing PTFs when high resolution water retention data pro-
duced by HYPROP system are used.

Unlike parametric PTF, PC-PTF does not incorporate certain as-
sumptions about the shape of the SWRC and only utilizes measured
water retention data and relies on the power of ANN models to de-
termine the real shape of the SWRC. Therefore, PC-PTF has to cover
more nonlinearity and more complex relationships among input-input
and input–output attributes, which in part is covered by soil hydraulic
equations in parametric PTF (Haghverdi et al., 2012, 2014). Conse-
quently, the number of soil samples, the density of the measured water
retention data and their distribution in wet, moist (midrange) and dry
ranges of the curve, and the best combination of input predictors should
be identified carefully when developing PC-PTFs. Our main hypotheses
for this study are that (i) PC-PTF can accurately model SWRC using high
resolution data measured by HYPROP, and (ii) High resolution data
provided by HYPROP result in equally or more accurate estimations of
SWRC compared to sparse datasets collected via the traditional equili-
brium approach (i.e. the sandbox apparatus along with the pressure
plates extractor).

In addition, we examined the following three key questions:

1. What combination of input attributes provides the best estimation of
SWRC?

2. How does abundant measured water retention data in wet and moist
regions of the curve versus lack of data in the dry range of the curve
affect the estimation of SWRC by PC-PTF?

3. Does adding an arbitrary oven-dry water retention point improve
the performance of PC-PTF in the dry range of the curve?

2. Materials and methods

2.1. Data collection and laboratory analyses

A total of 135 undisturbed (100 cm3 stainless-steel soil sampling
cylinder) and disturbed soil samples were collected from the soil surface
(0–30 cm) mainly from the areas surrounding Ankara, Turkey in 2010.
Some basic soil properties were measured by using the disturbed soil
samples in the soil physics laboratory at Ankara University, Turkey. Soil
organic matter content (OM) and soil texture were determined by the
modified method of Walkley and Black (Jackson, 1958) and the hy-
drometer method (Gee and Bauder, 1986), respectively. The percentage
of stable aggregates (SA) was measured by the wet sieving apparatus
(Eijkelkamp Agrisearch Equipment, Giesbeek, The Netherlands). The
undisturbed samples were brought up to saturation in the laboratory
and subsequently were put in the sandbox apparatus and the pressure
plate extractor (Eijkelkamp Agrisearch Equipment, Giesbeek, The
Netherlands) to measure the water content at 8 matric potentials
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ranging from −5 to −1500 kPa. The soil cores were later used to de-
termine bulk density (BD) (Blake and Hartge, 1986). More details about
this soil dataset is outlined in Haghverdi et al. (2014).

The remaining disturbed sieved samples were sent to the institute of
environmental sciences at Technical University of Braunschweig in
Germany for additional analyses using HYPROP system (Fig. 1). The
remaining soil materials were enough to successfully prepare 81 sam-
ples (out of the original 135 soil samples) for the measurement of soil
hydraulic properties using HYPROP system. The samples were packed
in stainless-steel cylinders (approximately 250 cm3 with an inside dia-
meter of 8 cm and a height of 5 cm) to BDs close to the field condition
and then were saturated. A small auger was used to make two holes for
the two vertically aligned tensiometers, designed for the optimum im-
plementation of the evaporation method. The tensiometers were posi-
tioned such that the center of the soil sample (2.5 cm) was in the middle
between the tensiometers’ tips (i.e. 1.25 cm and 3.75 cm). Then, the
bottom side of the sample was closed throughout the experiment, but
the upper part was open to the atmosphere for evaporation. The soil
matric potentials were recorded at different points of time (approxi-
mately once a minute for the first hour and every ten minutes after-
wards) at the two depths and the weight of the sample were measured
twice a day following the single balance mode described in HYPROP
operation manual (Meter Group Inc., 2018). The measurement cam-
paign lasted on average 9 days for each sample (varying between 5 and
13 days for different samples depending on the soil type). The data were
post-processed to construct SWRC by relating the mean soil water
content (obtained from sample mass) to the mean soil matric potential
(obtained from the tensiometers at the two depths). The basic as-
sumptions for the analytical approach were the linear distribution of
the soil matric potential and the water content through the soil column,
and the linear changes of weighs and water tensions between any two
evaluation points (Pertassek et al., 2011).

Fig. 1 illustrates the main components of HYPROP system. Three
distinct stages can be recognized in a typical dataset obtained during
HYPROP measurement campaigns (Fig. 2): (I) the initial stage in which

the measured soil matric potential reflects the real tension of the soil
surrounding tensiometers, (II) the “vapor pressure stage” in which
tensiometers readings are no longer representative of the real soil
tension, (III) the “air-entry stage” which takes place when the tension in
the soil surrounding tensiometers becomes greater than the air-entry
pressure of the ceramic material and therefore the measured soil matric
potential reduces to zero. HYPROP uses the initiation of the stage three
as an extra soil matric potential measurement point which is the un-
derlying idea behind the extended evaporation method (Pertassek et al.,
2015).

Table 1 summarizes the characteristics of the soils used in this
study. Fig. 3 illustrates the textural distribution of the samples and the
water retention data measured by HYPROP system (on average 98

Fig. 1. Components of HYPROP system main body (adapted from HYPROP user manual, Meter Group Inc., 2018).

Fig. 2. Dynamics of tension and weight for the top and bottom tensiometers
throughout a typical measurement campaign by HYPROP system. Dashed blue
lines are interpolated using support points (yellow dots). (For interpretation of
the references to colour in this figure legend, the reader is referred to the web
version of this article.)

A. Haghverdi et al. Journal of Hydrology 563 (2018) 251–259

253



water retention data points were measured per soil sample in the range
between saturation and close to the permanent wilting point with an
average pF of 1.75). We observed some differences between SWRCs
obtained via the equilibrium and HYPROP approaches (Öztürk et al.,
2013) which is mainly attributed to the differences in soil structures
caused by the use of repacked soil samples for the evaporation ex-
periment. However, the methodological approach of PC-PTF (as de-
scribed next) is not affected by the sample preparation method (i.e. the
undisturbed versus repacked cylinders), hence its practical applicability
is not hampered by the use of the repacked samples in this study.

2.2. Deriving pseudo continuous pedotransfer functions

Fig. 4 shows the typical topology of ANN PC-PTF. ANN PC-PTF has
an extra input node compared to the traditional point and parametric
PTFs. The extra node provides the soil matric potential information to
ANN, which allows PTF to estimate water retention at any given soil
matric potential. Other input attributes are a set of basic soil properties,
which allows PTF to distinguish among soils and understand how dif-
ferences among soil basic information impact the curves.

Neurosolution 7.1.1.1 (NeuroDimension Inc., Gainesville, FL, USA)
was used to develop three-layer feed-forward perceptron ANN models.
The transfer functions were the hyperbolic tangent and linear for the
hidden and the output layers, respectively. The learning algorithm was
Levenberg-Marquardt (Bishop, 1995). The maximum epoch was set to
1000 and the number of runs was set to 3 while the weights were up-
dated after the presentation of the entire training set. The best weights
were loaded automatically for testing. To eliminate the possibility of

the over-training, training was terminated when the mean square error
of the cross-validation subset either began to increase or showed no
improvement after 100 iterations. The number of neurons of the hidden
layer was changed from 1 to 20. Soil samples were randomly parti-
tioned into 5 folds: three for training, one for cross-validation and one
for test subsets. The model development process was repeated 5 times
in order to use all 5 folds as test subsets. When using PC-PTFs to esti-
mate SWRCs, saturation (h=0 kPa or pF=0) and the permanent
wilting point (h=−1500 kPa or pF: 4.18) were considered as the
upper and lower bounds, respectively.

Two filters were designed and implemented using Microsoft Excel to
convert raw outputs of ANN models to final PTF outputs. The first filter
replaced negative estimations with zero, while the second filter ad-
justed the curvature of SWRCs to ensure that no increase in the water
content occurs as the soil dried from fully saturated down to the per-
manent wilting point and the soil matric potential becomes more ne-
gative (Fig. 5). For each soil, the second filter was implemented twice
from the dry-to-wet end and from the wet-to-dry end such that any
incorrect water retention point was replaced with the water retention of
the previous measured point (i.e. a lower suction for the wet-to-dry end
and a higher suction for the dry-to-wet end). The final output was the
average of the two implementations.

Table 1
Characteristics of the soils used in this study.

Attribute Min. Max. SD Average

Sand (%) 5.9 83.6 17.2 35.3
Silt (%) 5.2 57.6 8.6 30.5
Clay (%) 9.4 62.2 14.9 34.2
BD (Mg m−3) 0.69 1.33 0.13 0.98
SOM (%) 0.01 3.85 0.65 1.21
SA (%) 1.50 75.40 18.72 30.72
pF −2.00 3.89 0.76 1.75
SWC (m3 m−3) 0.09 0.74 0.11 0.42
IWC (m3 m−3) 0.29 0.74 0.08 0.52

BD: soil bulk density; SOM: soil organic matter content; SA: percentage of stable
aggregates; SD: standard deviation; SWC: soil water content measured by
HYPROP system; IWC: initial water content; pF= Log (h) where h is the soil
matric potential (cm water column).

Fig. 3. Left: Soil textual classes of soil samples used in this study. Right: Water retention data measured by HYPROP system throughout this study. pF= Log (h) where
h is the soil matric potential (cm water column).

Fig. 4. Topology of the three-layer feed-forward artificial neural network
(ANN) pseudo continuous pedotransfer function (PC-PTF). BD: bulk density;
SOM: soil organic matter content; SA: percentage of stable aggregates; pF: Log
(h) where h is the soil matric potential (cm water column); SWC: soil water
content.
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Table 2 summarizes 6 models developed in this study using different
combinations of input attributes (hereafter referred to as M1, M2, M3,
M4, M5, and M6). The first three combinations include the typical input
attributes (i.e. soil texture, BD and OM) used in the literature to develop
PTFs for SWRC. Two additional inputs including the initial soil water
content (IWC) and AS were incorporated in the remaining models.
Correlation among input attributes was assumed to have no negative
impact on the performance of PC-PTF due to the insensitive nature of
ANNs to multicollinearity (De Veaux and Ungar, 1994). IWC represents
the water content of the completely saturated samples, which is cal-
culated from the total loss of water by evaporation and oven drying.
Note that, BDs of repacked soils in Germany were highly correlated
(r=0.85) but not identical to BDs of the original undisturbed soils
collected in Turkey. Therefore, we used BDs of repacked soils to de-
velop PTFs.

A sensitivity analysis was performed on M6, which contained all
input predictors to better understand the relative importance of each
input and to illustrate how the estimated water content value varies in
response to variation of an input. Best ANN weights were loaded and
sensitivity analysis was performed on the training data (the process was
repeated 5 times using all combinations of the training data). Each
input predictor was varied in 50 steps above and below its mean (upper
limit: mean+ SD, lower limit: mean-SD) while all other inputs kept
fixed at their respective means. This process was repeated for each
input predictor and the standard deviation of the estimations was re-
ported as sensitivity.

Our initial modeling attempts revealed that lack of data in the dry

part of the curve caused PC-PTF estimated SWRCs to quickly level off,
which resulted in a relatively high residual water content for some soils.
To address this issue, we added the oven-dry point (water con-
tent= 0m3 m−3 and pF=6.8) as an additional arbitrary data point to
all samples and derived a new set of M6 PTFs.

2.3. Evaluation statistics

The mean absolute error (MAE) and the correlation coefficient (r)
were chosen as the main statistics to evaluate the accuracy of the
models, yet the root mean square error (RMSE) was also calculated to
allow comparison with those studies that did not report MAE values.
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where E and M are the estimated and measured water content va-
lues (m3 m−3) using PTF and HYPROP system, respectively, E and M
are the mean estimated and measured water content values, and n is the
total number of the measured water retention points for all samples
(n=7963). The evaluation statistics were calculated only for the test
data for all the models outlined in Table 2.

3. Results

Table 3 summarizes the performance evaluation statistics for all 6
models (calculated during the test phase only). The MAE ranges from
0.023 to 0.105m3 m−3 and the correlation coefficient varies from 0.15
to 0.96. M6 followed by M5 show the best performances. The lowest
estimation accuracy belongs to M3 and M1.

Fig. 6 illustrates the estimated water content data by the best (M6)
and the worst (M3) PC-PTF models. Fig. 7 depicts the results of the
sensitivity analysis. PC-PTF is the most sensitive to input attributes IWC
and pF. It shows moderate sensitivity to the soil textural components
(i.e. percentages of sand, silt and clay) and BD. The lowest relative
sensitivity is observed to SOM and SA. The variation in sensitivity

Fig. 5. A step-by-step illustration of how the second filter adjusts raw outputs of ANN PC-PTFs to generate final PTF estimated SWRCs for two hypothetical soil
samples. WD: wet-to-dry end; DW: dry-to-wet end.

Table 2
Combinations of input attributes used to develop artifi-
cial neural network (ANN) pseudo continuous pedo-
transfer functions (PC-PTF).

Model Input attributes

1 SSC
2 SSC, BD
3 SSC, SOM
4 SSC, SA
5 SSC, SA, BD, SOM
6 SSC, SA, BD, SOM, IWC

SSC: silt, sand, clay content; BD: bulk density; SA: per-
centage of stable aggregates; SOM: soil organic matter
content; IWC: initial water content.
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among the 5 versions of M6 (developed using different realizations of
the input data) is high for the soil textural components and low for
SOM, SA, IWC, and the soil matric potential.

Fig. 8 illustrates the performance of the PTFs across textural classes
against the number of measured water retention points for each class.
The lowest number of data in our dataset belongs to the loamy sand
(1% of data) and the sandy clay loam (1% of data) textural classes,
which shows a relatively higher error. Clay is the dominant class (47%
of data) followed by sandy loam (17% of data) both showing the lowest
error among all classes. The error remarkably decreases as the number
of the data points increases but levels off such that the performance of
PTFs for the loam (13% of data), the clay loam (16%) and the sandy
loam (17%) classes only slightly differs from that for the clay class (47%
of data).

Fig. 9 illustrates SWRCs estimated by M6 across the textural classes,
using the original dataset and the modified dataset with the oven-dry
point included. Two fitted SWRCs are also depicted for each sample
using the van Genuchten soil hydraulic model (van Genuchten, 1980):
(i) the original curve with the residual water content estimated during
the curve fitting process and (ii) the modified curve which ensured the
water content matched zero at the oven-dry point (pF: 6.8). The PTF
estimated SWRCs for the clay texture, as the dominant class in our
dataset, show a high agreement with the fitted curves, while the dif-
ferences between the curves increase for the textural classes with lower
data percentage share. Impact of additional water retention point (i.e.
the oven-dry point) differs among the soil samples even for samples
from the same textural class. For instance, incorporation of the oven-
dry point in the training process causes slight, moderate and high
changes in SWRCs for the clay samples 21, 10, and 13, respectively.

Table 3
Performance of neural network (ANN) pseudo continuous pedotransfer func-
tions (PC-PTF) developed in this study.

PTF models

M1 M2 M3 M4 M5 M6

MAE 0.093 0.055 0.105 0.078 0.043 0.023
r 0.41 0.76 0.15 0.58 0.85 0.96
RMSE 0.129 0.080 0.159 0.107 0.061 0.033

The mean absolute error (MAE), the correlation coefficient (r) and the root
mean square error (RMSE) were calculated using Eqs. (1)–(3), respectively.

Fig. 6. Scatter of the measured versus estimated water content around 1:1 line for artificial neural network (ANN) pseudo continuous pedotransfer functions (PC-
PTF): the best and the worst performance belonged to M6 (left) and M3 (right), respectively.

Fig. 7. Sensitivity of the neural network (ANN) pseudo continuous pedotransfer
function (PC-PTF) model 6 (M6) to the input predictors. BD: bulk density; SOM:
soil organic matter content; SA: percentage of stable aggregates; IWC: initial
water content; pF: Log (h) where h is the soil matric potential (cm water
column).

Fig. 8. Relationship between the number of data points for each textural class
in the training dataset and the estimation accuracy of artificial neural network
(ANN) pseudo continuous pedotransfer functions (PC-PTF).
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4. Discussion

The typical RMSE values for the parametric PTFs predicting SWRC
vary between 0.034 and 0.085m3 m−3 (Vereecken et al., 2010) which
puts the best PC-PTF developed in this study (i.e. M6 with RMSE equal
to 0.033m3 m−3) at a very high rank. This verifies our first hypothesis
on the ability of PC-PTF to adequately model SWRC using high re-
solution measured data via HYPROP system. M6 PC-PTF also ranks high
among previously developed PC-PTFs considering the reported RMSEs
for PC-PTFs in the literature ranging from 0.027 to 0.056m3 m−3

(Haghverdi et al., 2012, 2014, 2015; Nguyen et al., 2017). This finding
verifies our second hypothesis on the equal or superior performance of
PC-PTF developed using HYPROP data compared to the performance of
PC-PTF developed using sandbox/pressure plate data. Haghverdi et al.
(2014) emphasized on the high sensitivity of PC-PTF, as a data-driven
model, to the number and the distribution of measured water retention

data points. HYPROP system provides roughly 10 times more measured
water retention data per sample compared to the traditional equili-
brium approach and our results show that ANN PC-PTF gains a sub-
stantial benefit from this ample amount of data.

4.1. Effectiveness of input predictors

The sensitivity analysis revealed a relatively low effect of SOM and
SA on SWRC, suggesting that these attributes could be excluded from
the modeling. The low effect of SOM could be attributed to its low
concentration and its narrow range for a majority of our samples, which
were composed of the soils of dry Central Anatolia Region of Turkey.
On average, the soil textural components (i.e. percentages of sand, silt
and clay) had a medium effect on SWRC but the sensitivity of PC-PTF to
these components varied among different versions of M6 (developed
using different realizations of the input data). This indicates that the

Fig. 9. Estimated SWRCs by neural network (ANN) pseudo continuous pedotransfer functions (PC-PTF) for some soil samples across the textural classes. Red circles:
measured data by HYPROP system; Green line: PC-PTF estimated SWRC using the original dataset; Yellow line: PC-PTF estimated SWRC with oven-dry as an
additional water retention point; Dashed black line: Van Genuchten (VG; Van Genuchten, 1980) fitted SWRC; Gray dashed line: VG fitted curve with oven-dry as an
additional water retention point which ensured the fitted curve matches zero at pF= 6.8. VG curves were fitted using HYPROP-FIT software (Pertassek et al., 2011,
2015). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

A. Haghverdi et al. Journal of Hydrology 563 (2018) 251–259

257



impact of soil textural components varies based on the types of soils
used to train PC-PTFs. IWC and pF constantly showed a very high im-
pact on PC-PTF regardless of the training data characteristics. The high
effect of pF was expected because it is the main input attribute used by
PC-PTF to model the relationship between the soil matric potential and
the water content for each soil sample. PC-PTF showed the highest
performance when IWC was included as input attribute (compare M5
with M6 in Table 3). This is in line with the observed trend by
Vereecken et al. (2010) in their review paper in which they showed the
largest improvements in SWRC estimations by parametric PTFs oc-
curred when the water content information was incorporated as an
additional input. According to Schaap and Leij, (1998), including one
(θ33 kPa) and two (θ10 and θ33 kPa) water retention points as ANN PTFs
input predictors, in addition to the soil textural components and BD,
improved the predictability of SWRC by 18% and 26%, respectively. In
another study, when a larger dataset was used to develop PTFs, Schaap
et al., (1998) observed even higher improvement in the performance of
ANN PTFs due to inclusion of one (θ33 kPa, 31% more accurate) and
two (θ10 and θ33 kPa, 34% more accurate) water retention points.
Twarakavi et al. (2009) reported 31% and 35% improvement in the
performance of ANN PTF (i.e. Rosetta software, Schaap et al., 2001)
when FC (water content at h=330 cm water column) and FC plus PWP
(water content at h=15000 cm water column) were included as ad-
ditional input predictors, respectively.

Although M5 also had a performance in the typical range for PTFs
predicting SWRC, excluding IWC roughly doubled the error. In the
previous studies (Haghverdi et al., 2012, 2014) only typical input
predictors were considered (i.e. soil textural information, BD and SOM)
yet high performance for PC-PTFs was observed. We attribute this to the
differences between datasets. In all previous studies, data collected via
the sandbox apparatus and/or the pressure plate extractor were uti-
lized. This means PC-PTFs were provided with a less complex dataset
consisting of a limited number of water retention points per soil in
comparison with a much higher number of water retention points per
sample in this study. Including IWC as an extra input attribute provided
ANNs a measure for the upper limit of the water content for each soil,
which substantially improved the overall predictability of SWRCs. More
research is needed to see if this finding holds true for bigger datasets
with a larger number of soil samples.

4.2. Performance across textural classes

Haghverdi et al. (2014) showed the performance of the PTFs across
textural classes was inversely proportional to the number of available
samples for each class in the training dataset. This trend was also ob-
served and reported by Vereecken et al. (2010) who reviewed the ac-
curacy of parametric PTFs from a handful of studies and showed that
the percentage share of the textural classes in each dataset can affect
the accuracy of PTFs. Our finding (Fig. 8) also confirms this trend. We
observed that an acceptable performance over textural classes is ex-
pected to occur when a minimum adequate number of samples for each
class is incorporated in the PTF develop process. Our results suggest
including approximately 13% of data should be enough for each tex-
tural class, yet further studies with larger datasets would be needed to
confirm this threshold.

4.3. Impact of oven-dry information on PC-PTF estimated SWRCs

When actual measured water retention data by HYPROP were used
as a criterion, the overall performance of M6 remained unchanged
(MAE: 0.023m3 m−3) with and without addition of the oven-dry water
retention point. This means the overall performance of PC-PTF was not
improved in wet and moist (midrange) regions of the curve by sup-
plementing the arbitrary oven-dry information to the dataset. However,
when compared against fitted VG model over a wider range of water
retention (i.e. from saturation to PWP) the addition of the over-dry

point slightly (7% lower MAE) improved the performance of the PC-
PTFs. For most of the soils adding the oven-dry point caused PC-PTF to
predict lower water content values moving towards the dry part of the
curve (examples illustrated in Fig. 9). Therefore, we recommend in-
cluding the oven-dry point as an extra data point. Note that ideally
more measured data points from the dry range of the curve if available
should be incorporated into the dataset to achieve the peak perfor-
mance of PC-PTF. This is particularly important when the complete
estimation of the curve form saturation to oven dryness in desired. The
extended evaporation technique cannot generate data on a very dry
range of the curve, yet a combination of this technique and dew point
method (WP4C instrument, METER Group, Inc., Pullman, WA, USA)
can be used to efficiently cover the entire range from saturation to oven
dryness.

5. Conclusion

A majority of available pedotransfer functions (PTFs) aiming to
predict the soil water retention curve (SWRC) have been developed
using water retention data measured by the traditional equilibrium
method (i.e. sandbox apparatus and pressure plate extractor). HYPROP
system generates water retention data in a dynamic process controlled
by evaporation, which is inherently different from the data collected
using the traditional method when users set the target pressure and
measure the water content as equilibrium is reached. Consequently,
HYPROP system typically produces about ten times more water reten-
tion data in a much shorter measurement cycle relative to the tradi-
tional equilibrium approach. The result of our study showed that arti-
ficial neural network (ANN) pseudo continuous PTF (PC-PTF) approach
can successfully estimate SWRC using high resolution data collected by
HYPROP system. We realized adding an arbitrary oven-dry point results
in better estimations in the dry range of the curve for some samples, yet
it did not improve the overall performance of PC-PTFs in the wet and
the moist regions of the curve. The initial water content (saturated
water content) was required as an extra input attribute in addition to
the basic soil properties to achieve the highest performance of PC-PTFs.
We focused on the continuous estimation of the water content between
saturation and the permanent wilting point in this study and the data
generated by HYPROP system appeared to be adequate for that range.
However, if available, we recommend including more measured data
points at the dry range of the curve in the PC-PTF development process
particularly when estimation of the full curve from saturation to oven
dryness is desired.
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