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The objective of this study was to investigate the relevance of using the in situ volumetric water content at field
capacity (Opc) as a predictor of the water retention properties by comparing the performances of pedotransfer
functions (PTFs) established using artificial neural networks (ANN-PTFs) and support vector machines (SVM-
PTFs) with much simpler PTFs in the form of simple linear regressions (SLR-PTFs). A dataset comprising 456
horizons collected in soils located in France was used. The available data were: the silt and clay contents (SC), the
organic carbon content (OC), the bulk density at field capacity (BD§C), the in situ gravimetric water content at
field capacity (Wgc) related to Ogc by using BDj, and the volumetric water content at -1, 3.3, -10, 33, 100,
-330 and -1500 kPa matric potential. The performances of the PTFs studied were compared by using the root
mean squared error (RMSE) and the coefficient of determination (R?. Our results showed the relevance of using
Okc, which was proved to be close to the volumetric water content at ~10 kPa matric potential, as a predictor of
the water retention properties. With ANN-PTFs, the best performances were recorded when both 0 and SC were
used as input data (RMSE = 0.027 cm? cm and R2 = 0.92). With SVM-PTFs, the smallest RMSE was recorded
when 6pc was used as single input data (RMSE = 0.026 cm?® cm3). As for R2 of SVM-PTFs, it was the highest with
Orc and SC as input data (R2 = 0.84). The SLR-PTFs using 6gcas single predictor after stratification by texture
performed better (RMSE = 0.031 cm? cm and R? = 0.88) than the ANN-PTFs using one or two soil characteris-
tics as input data. Comparison of SLR-PTFs with SVM-PTFs showed that the latter performed slightly better than
SLR-PTFs after stratification by texture but R? was smaller when 6zcwas used as the single predictor. Use of a pre-
dicted value of the bulk density at field capacity to obtain a value of in situ volumetric water content at field ca-
pacity led to poorer performances of the SLR-PTFs but after stratification by texture they remained close to those
recorded with ANN-PTFs or SVM-PTFs when they used a single soil characteristic as input data. Finally, our re-
sults showed that associating OC to the input data did not increase the perfomances of the ANN-PTFs and SVM-
PTFs.

been the most numerous in the last four decades (e.g. Rawls et al.,
1982; Vereecken et al., 1989; Wosten et al., 1999; Minasny et al., 1999;
Bruand et al., 2003; Nemes et al., 2003; Pachepsky et al., 2006; Al

1. Introduction

Since the early work by Briggs and Lane (1907) and Veihmeyer and

Hendrickson (1927), predicting difficult-to-measure soil properties has
been the subject of many studies (van Looy et al., 2017). During the
80 s, the concept of transfer function emerged (Bouma and van Lanen,
1987) followed by that of pedotransfer function (PTF) (Bouma, 1989)
which is now used worldwide. PTFs translate the soil information we
have into soil information we need but do not have (Bouma, 1989).
Among the very high number of studies dealing with PTFs, those aim-
ing at predicting the water retention properties of soil using PTFs have
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Majou et al., 2007, 2008a, 2018, 2021; Babaeian et al., 2015; van Looy
et al., 2017; Singh et al., 2020; Zhang et al., 2020; Cueff et al., 2021;
Tian et al., 2021). Several reviews of the literature on PTFs to predict
the water retention properties of soils were also published within the
same period (e.g. Wosten et al., 2001; Baker, 2008; Vereecken et al.,
2010; Minasny and Hartemink, 2011; Botula et al., 2014; Patil and
Singh, 2016; van Looy et al., 2017).
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Most studies concerned the mathematical tools and the performance
of the predictions recorded rather than the nature of the soil character-
istics used to establish PTFs. Since the early studies, information about
the soil used by PTFs consisted mainly of particle size distribution, bulk
density and organic carbon content (e.g. Petersen et al., 1968; Reeve et
al., 1973; Gupta and Larson, 1979; Rawls et al., 1982; De Jong and
Loebel, 1982; Williams et al., 1983; Pachepsky and Rawls, 1999;
Cornelis et al., 2001), with some studies combining the latter with the
volumetric water content at —33 and —1500 kPa matric potential (e.g.
Rawls et al., 1982, Schaap et al., 1998; 2001; Bgrgesen and Schaap,
2005; Twarakavi et al., 2009).

PTFs using multilinear regression (MLR) equations were first devel-
oped (e.g. Gupta and Larson, 1979; Paydar and Cresswell, 1996;
Wosten et al.,, 2001; Vereecken et al., 2010; Ribeiro et al., 2018;
Kalumba et al., 2021), followed by PTFs using artificial neural networks
(ANNs) which do not require explicit relations between input data
(available soil characteristics) and output data (water retention proper-
ties needed but not available) (Pachepsky et al., 1996; Shaap and
Bouten, 1996; Schaap et al., 1998, 2001; Minasny et al., 1999). It is still
a matter of debate, however, whether the prediction performance by
PTFs that use ANNs is an improvement over that recorded with MLR
equations and other types of PTFs (Koekkoek and Bootlink, 1999;
Nemes et al., 2006; Jana et al., 2007; Kveerng and Haugen, 2011;
Haghverdi et al., 2012; Khlosi et al., 2016). Support vector machines
(SVM), a data mining tool that uses a supervised non-parametric statis-
tical learning method, were developed to establish PTFs these last ten
years (van Looy et al., 2017). Some studies showed that SVMs outper-
formed ANNs (Lamorski et al., 2008; Twarakavi et al., 2009) while
more recent studies did not confirm this (Skalova et al., 2011;
Haghverdi et al., 2012).

Generally, the data used were restricted to the soil characteristics
available in the databases, i.e. consistently with the initial definition of
the concept of PTF as defined by Bouma and van Lanen (1987) and
Bouma (1989). Thus, during the last three decades, PTFs have used
mainly clay, silt and sand contents, bulk density, organic carbon or or-
ganic matter content, and secondarily volumetric water content at -33
and -1500 kPa matric potential which are the prevalent soil character-
istics in the soil databases (Batjes et al., 2020). As a result, studies aim-
ing at finding soil characteristics that are easily measurable but poorly
represented in databases remained limited. Moreover, the question of
the prediction performance versus the complexity of the PTFs used or
versus the complexity of the statistical tools required to establish and
use the PTFs also remains under discussion. A comparison of the perfor-
mance of PTFs capable of predicting the volumetric water content at
particular values of the matric potential (point PTFs) according to PTF
characteristics (class-PTFs versus continuous-PTFs, PTFs based on re-
gression techniques versus PTFs based on machine-learning techniques,
easily accessible input data versus less easily accessible input data)
shows that we cannot conclude clearly on their respective performances
(Table 1).

In that context, the objective of the present study was therefore to
compare the performance of PTFs established using machine-learning
techniques (ANN or SVM), which can be considered as among the most
effective PTFs, with the performance recorded for much simpler PTFs
that use only the easily measurable in situ volumetric water content at
field capacity, i.e. after excess water contained in macropores has
drained away by gravity action in the field (Reeve et al., 1977;
Twarakavi et al., 2009a, 2009b). We show that water retention proper-
ties, which remain unmeasurable by most soil users, can be predicted
with a precision similar to that recorded with machine-learning tech-
niques by using regression techniques and the in situ volumetric water
content at field capacity, without or after stratification by texture.

Soil & Tillage Research xxx (xxxx) 105750

2. Materials and methods
2.1. The soils studied

The study was conducted using a set of 456 horizons comprising 139
topsoil (from 0 to 30 cm depth) and 317 subsoil horizons (> 30 cm
depth) collected in Cambisols, Luvisols, Albelivisols, Podzols, and Flu-
visols (IUSS Working Group WRB, 2015) located mainly in the Paris
Basin, and secondarily in the Pyrenean piedmont plain and western
coastal marshlands (Al Majou et al., 2008a, 2008b).

A set of 91 horizons comprising 28 topsoil and 63 subsoil horizons
was randomly constituted to test the PTFs (test dataset), while the re-
maining 365 horizons, comprising 111 topsoil and 254 subsoil hori-
zons, were used to establish the PTFs (training dataset) (Table 2). The
soils were sampled in winter when the soil was at field capacity (Bruand
et al., 1994, 1996, 2004). The particle size distribution (sand content,
Sa, silt content, Si, and clay content, Cl) was measured using the pipette
method after pre-treatment with hydrogen peroxide and sodium hexa-
metaphosphate (Robert and Tessier, 1974). The organic carbon content
(OC, g kg™!) was measured by oxidation using excess potassium dichro-
mate in sulphuric acid at 135 °C (Baize, 2000), and cation exchange ca-
pacity (CEC, cmol, kg! of oven-dried soil) using the cobalt-hexamine
trichloride method (Ciesielski and Sterckeman, 1997). The bulk density
(BDg, g cm3) was measured with cylinders 1236 cm? in volume taken
when the soil was at field capacity which corresponds to the water con-
tent after evacuation of the excess water contained in macropores by
gravity (Reeve et al., 1977; Twarakavi et al., 2009a, 2009b). This corre-
sponds to about 3 days for coarse textured soils and to 5 days for
medium to fine textured soils after a period of rain or irrigation long
enough to saturate or to nearly saturate the soil porosity by water
(Twarakavi et al., 2009a, 2009b). The gravimetric water content of the
soil in the cylinder was determined and then considered as the in situ
gravimetric water content at field capacity (Wi, g g1). The gravimetric
water content at different water potentials was determined by using a
pressure membrane or plate apparatus, depending on the pressure ap-
plied (Bruand et al., 1996, 2004) for the 456 horizons data set at -1
(W, -3.3 (W33, =10 (W), -33 (W33), =100 (Wii,), 330 (W33,) and
-1500 kPa (W},,) water matric potential by using undisturbed samples
(10-15 cm?) collected when the soil was at field capacity (Bruand et al.,
1994, 1996; Bruand and Tessier, 2000). The volumetric water content
for each horizon at field capacity (6gc, cm3 cm3) and each water matric

. m Am m m Am m m R
potential (87", 655, 075, 633, 07, 055, and 675y, cm3 cm3) was computed

m

using the BDp. of the horizon.
2.2. The soil water retention pedotransfer functions used

2.2.1. Pedotransfer function based on artificial neural networks

The structure of PTFs based on artificial neural networks (ANN-
PTFs) used here consists of a three-layer feed-forward back-propagation
network using, for each model, input layers (basic soil properties), hid-
den layers and output layers (soil water retention properties). Each neu-
ron of the hidden layer calculates the sum s, of a weighted combination
w;, of its input signals x;, and a bias term wy, and passes the result
through the activation functions that are tangent hyperbolic and linear
in hidden and output layers, respectively. The Levenberg-Marquardt al-
gorithm (Demuth and Beale, 2000) was implemented to speed up the
training of the multi-layer feed-forward neural network. The number of
neurons in the hidden layer has to be found through trial and error; the
number tested here varied from 1 to 10 neurons. The training was
stopped whenever the error increased during cross-validation. Back-
propagation algorithms aim at minimizing the error (they minimize the
sum of squares of the residuals between the measured and predicted
outputs) of the mathematical system represented by the neural net-
work’s weights. The error is estimated as the difference between the ac-
tual and the computed output.
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Table 1

Type of predictive model, characteristics of input and output data and performance of a selection of point PTFs used to predict the volumetric water content at

different values of matric potential.
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Reference Country N Predictive Input data Output data N’ R? RMSE
model
Pachepsky et al. Hungary 230 PR < 0.002, 0.002-0.005, 0.005-0.01, 0.01-0.02, 01, 61, 035, 619, Oa9, 230 0.66 — 0.012-
(1996) 0.02-0.05, 0.05-0.25, BD 050, 0250, 01600 0.97 0.035
ANN < 0.002, 0.002-0.005, 0.005-0.01, 0.01-0.02, 01, 01, 035, 019, B2, 230 0.68 — 0.013-
0.02-0.05, 0.05-0.25, BD 050, 0250, 01600 0.97 0.025
Koekkoek and Great Britain and The 343 ANN Type of horizon (topsoil or subsoil), < 0.002, 6y, 0,9, 01500 136 0.80 - 0.027 -
Bootlink (1999) Netherlands 0.002-0.050, 0.050-2, BD, OM 0.93 0.48
Merdun et al. (2006)  Turkey 130 ANN < 0.002, 0.002-0.050, 0.050-2, BD, OC, P14, 033, 0,500 65 0.84 - 0.020 —
Py, Pad 0.95 0.051
MLR < 0.002, 0.002-0.050, 0.050-2, BD, OC, P14, 033, 0;500 65 0.93 - 0.013 -
Py, Pyd 0.98 0.037
Al Majou et al. France 456 DC Texture classes (5) 01, 033, 010, 033, 0100, 197 - 0.044
(2008a) 0330, 01500
Texture classes (5), BD 61, 633, 019, 033, O100s 197 - 0.033
0330, 61500
Texture classes (5), type of horizon (topsoil or 65, 053, 619, 033, 0100, 197 - 0045
subsoil) 0330, O1500
Texture classes (5), BD, type of horizon (topsoil 0y, 033, 09, 033, 0199, 197 - 0.035
or subsoil) 0330, 01500
Nguyen et al. (2015)  Vietnam 160 SVM < 0.002, 0.002-0.05, 0.05-2, BD, OC 01, 03, 06, 010, Oag, 033, 160  0.78 —  0.039 —
0100, 01500 0.83 0.055¢
kNN < 0.002, 0.002-0.05, 0.05-2, BD, OC 01, 03, 06, 010, B0, 033, 159  0.68 — 0.045 —
01005 01500 0.79 0.059¢
Dobarco et al. (2019) France 689 DC Texture classes (5), BD 610, B1500 308 0.38 - 0.048 —
0.52 0.058
DC Texture classes (5), type of horizon (topsoil or 619, 61500 308 0.46 — 0.047 -
subsoil), BD 0.54 0.054
MLR < 0.002, 0.05-2, OC, BD 010 01500 308 0.69 - 0.034 —
0.83 0.043
MLR Type of horizon (topsoil or subsoil), < 0.002,  0;4, 01509 308 0.66 — 0.027 —
0.05-2, OC, Dy, 0.85 0.043
Singh et al. (2020) International 138 ANN < 0.002, 0.002-0.05, 0.05-2, BD, OM, pF 60.01 — 02000 35 0.80 0.046
< 0.002, 0.002-0.05, 0.05-2, pF 00.01 — 92000 35 0.70 0.056
< 0.002, 0.002-0.05, 0.05-2, BD, pF 00.01 = 02000 35 0.79 0.047
< 0.002, 0.002-0.05, 0.05-2, OM, pF 00.01 — 02000 35 0.75 0.051
International and Turkey 173 ANN < 0.002, 0.002-0.05, 0.05-2, BD, OM, pF .01 — 2000 79 076 0.061
< 0.002, 0.002-0.05, 0.05-2, pF .01 — 2000 79 061 0.081
< 0.002, 0.002-0.05, 0.05-2, BD, pF .01 = 2000 79 074 0.064
< 0.002, 0.002-0.05, 0.05-2, OM, pF 60.01 — 02000 79 0.69 0.092
Kalumba et al. (2021) Zambia 211 MLR < 0.002, 0.002-0.05, 0.05-2, BD, OM, N, 00, 01, 010, B3, Oa50, 91 0.52 — 0.020 —
STON, ELE, EC, pH, Dep 01500 0.882 0.0402
ANN < 0.002, 0.002-0.05, 0.05-2, BD, OM, N, 00, 01, 610, B3, Oas50, 91 0.64 — 0.020 —
STON, ELE, EC, pH, Dep 01500 0.812 0.0402
RF < 0.002, 0.002-0.05, 0.05-2, BD, OM, N, 00, 01, 010, B3, Oa50, 91 0.62 — 0.030 —
STON, ELE, EC, pH, Dep 01500 0.852 0.0502
SVM < 0.002, 0.002-0.05, 0.05-2, BD, OM, N, 00, 01, 010, Og3, O250, 91  0.69-  0.030 —
STON, ELE, EC, pH, Dep 01500 0.762 0.0502
Bagnall et al. (2022) USA 1731 MLR < 0.002, 0.05-2, OC 033, 01500 1797 0.64 - 0.015 -
Canada 0.88 0.032
Mexico
Amorim et al. (2022)  Brazil 24 MLR < 0.002b, 0.05-0.5, 0.05-2, OC, MA, ML, TP, 0, — 0;500 30 0.61 — 0.017 -
BD, Pd 0.99 0.127

N: number of horizons in the training dataset; N’: number of horizons in the test dataset;
R: coefficient of determination; ME: mean error in cm3 m-3; RMSE: root mean squared error in cm3 cm'3;

DC: direct correspondence between classes of composition and water retention properties (class pedotransfer); MLR: multilinear regression; ANN: artificial neural

network; SVM: support vector machine; RF: random forest;

< 0.002: particles smaller than 0.002 mm in diameter; 0.002-0.05: particles ranging from 0.002 to 0.05 mm in diameter; 0.05-2: particles ranging from 0.05 to
2 mm in diameter; Textural classes(n): texture with n texture classes; BD: bulk density; OM: organic matter content, OC: organic carbon content; N: nitrogen content,
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STON: stoniness; ELE: topographic elevation; EC: electrical conductivity; Dep: depth of upper and lower boundary; MA: macroporosity; MI: microporosity; TP: total
porosity; Pd: particle density; 0;,: volumetric water content at the matric potential h in kPa;

a; estimated from the graphs; P: water-dispersible clay

Table 2

Descriptive statistics of the main characteristics of the soil data sets used in this study.

Coarse elements (%) Particle size distribution (%) oC CaCO; CEC BDj.g cm3 Opcem3 em®  Volumetric water content (cm® cm3) measured
gkg! gkg! cmol. kg? at matric potential h (6]") in kPa

>2000 pm <2pm 2-50 pm  50-2000 pm em emem o en emen, ey

Total dataset (n = 456)
mean <1 29.3 43.8 26.9 6.0 54.2 14.8 1.52 0.316 0.354 0.335 0.315 0.289 0.259 0.221 0.187
s.d. - 15.4 21.8 25.6 5.1 171.3 9.0 0.15 0.071 0.068 0.070 0.075 0.076 0.079 0.076 0.073
min. - 1.9 1.6 0.1 0.0 0.0 0.6 0.95 0.091 0.134 0.100 0.080 0.056 0.045 0.033 0.013
max. — 92.9 82.1 95.4 28.8 982 52.8 1.98 0.566 0.605 0.596 0.586 0.557 0.510 0.462 0.370

Training datset (n = 365)
mean <1 29.6 43.4 27.0 6.1 58.5 14.8 0.15 0.072 0.352 0.333 0.313 0.287 0.260 0.222 0.187
s.d. - 15.4 21.6 25.8 5.1 182.3 9.0 1.00 0.091 0.069 0.072 0.077 0.077 0.080 0.076 0.074
min. — 1.9 1.6 0.1 0.0 0.0 0.6 1.98 0.566 0.134 0.100 0.080 0.056 0.045 0.033 0.013
max. — 92.9 82.1 95.4 28.2 982 52.8 1.53 0.322 0.605 0.596 0.586 0.557 0.510 0.462 0.370

Test dataset (n = 91)
mean <1 28.2 45.6 26.1 5.4 37.0 14.5 0.95 0.135 0.362 0.344 0.323 0.294 0.256 0.220 0.187
s.d. - 15.6 23.0 24.7 4.9 116.3 9.0 1.84 0.561 0.062 0.064 0.067 0.071 0.078 0.075 0.069
min. - 3.6 5.4 1.9 0.0 0.0 2.0 1.52 0.316 0.139 0.120 0.097 0.078 0.048 0.035 0.028
max. — 78.6 80.3 90.0 28.8 523.0 459 0.15 0.071 0.565 0.548 0.534 0.494 0.476 0.415 0.370

s.d., min, max are the standard deviation, minimum and maximum of soil variables. OC: organic carbon content; CaCOs: calcium carbonate content; CEC: cation ex-
change capacity; BD{: bulk density measured at field capacity; Ogc: in situ volumetric water content at field capacity.

The ANNs were performed using the neural network toolbox pro-
vided by MATLAB® (ver. R2019b). Cross-validation was performed
with 15% of the training dataset (Table 2). The parameters at the end of
the training process minimized the root mean squared errors of predic-
tions over all matric potentials. The soil characteristics Si and Cl were
used together (referred to as SC in the rest of the text when used to-
gether as input data) successively associated with one up to three of the
following input data BDj,, OCand 6c. Then, values of volumetric wa-
ter content at water matric potentials of -1 (9‘1’ ), -3.3 (9};3), -10 (911’0),
-33 (63,), 100 (87,,), —330 (63,,) and 1500 kPa (6',,) were predicted
for the test dataset (Table 2).

2.2.2. Pedotransfer function based on support vector machine

Pedotransfer functions based on support vector machine (SVM-
PTFs), another data mining tool to build PTFs, were also used
(Twarakavi et al., 2009a, 2009b; Vapnik, 2013). The principles of sup-
port vector machine algorithms can be found in Lamorski et al. (2008),
Twarakavi et al. (2009a), (2009b) and van Looy et al. (2017). The sup-
port vector machine algorithms were performed using the Deep learn-
ing toolbox provided by MATLAB® (ver. R2019b). The designated data
to train, cross-validate and test as well as the input and output variables
were identical to those used for ANN. The training dataset was used to
optimize the SVM model using a grid search alogorithm and a k-fold
cross-validation procedure with k = 5 to prevent over-fitting. The SVM
parameters at the end of the training process minimized the root mean
squared errors of predictions over all matric potentials. Thus, soil char-
acteristics Si and Cl were used together (SC) successively associated
with one up to three of the following input data BDgc, OC and 6gc.
Then, values of volumetric water content at water matric potentials of
-1 @), -3.3 (8}, -10 (8}, -33 (8},), -100 (8},)), -330 (8},,) and
-1500 kPa (95)500) were predicted for the test dataset (Table 2).

2.2.3. Pedotransfer functions based on simple linear regression

Many studies have shown that the water content at particular values
of water matric potential such as 63 or 65, as input data increases the
prediction performance of the water content at other values of matrix
potential (e.g. Rawls et al., 1982; Schaap et al., 2001; Nemes et al.,

2003; Twarakavi et al., 2009a, 2009b; Stumpp et al., 2009). However,
85 and 67}, are poorly available in numerous national soil databases
(e.g. Johnston et al., 2003; Jolivet et al., 2006; Saby et al., 2014;
Dobarco et al., 2019; Kristensen et al., 2019). Futhermore, Al Majou et
al. (2008a) showed that the in situ volumetric water content at field ca-
pacity (Ogc), which unfortunately is rarely available in soil databases, is
a predictor leading to much better prediction of the water retention
properties compared with the input data derived from the texture, or-
ganic carbon content and bulk density. As noted by Al Majou et al.
(2008a), this was true regardless of the complexity of the PTFs devel-
oped.

On the basis of these results, we developed PTFs in the form of sim-
ple linear regression equations (SLR-PTFs) which predicted the volu-
metric water content at -1 (6} ), 3.3 (65 ,), -10 (6}), -33 (63,), -100
(9}])00), -330 (9530) and -1500 kPa (9113500) matric potential using Opc as in-
put data. These simple linear regression equations were developed and
tested using the same training and test datasets used for the ANN-PTFs
and SVM PTFs (Table 2). Since the bulk density at field capacity is not
easily measurable, it was also predicted (BDEC, g cm3) using the in situ
gravimetric water content at field capacity (W) measured for every
horizon by establishing a regression equation as follows:

BD}. = a+b(Wgc) ¢))

Then, BD}, was used to compute a value of the in situ volumetric
water content at field capacity (G/FC) for every horizon as follows:

Brc = Wee  [a+b(Wge)] 2

This makes it possible to compare the performances of the PTFs
when using Ogc or G’FC. Finally, since the closeness of the relationships is
potentially higher after texture stratification as shown by several earlier
studies (Al Majou et al., 2007; Piedallu et al., 2011; Dobarco et al.,
2019), we proceeded in the same way after stratification by texture ac-
cording to the five texture classes of the soil map of the European Com-
munities (Commission of the European Communities, 1985).
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2.3. Criteria used to evaluate the performance of PTFs

The PTF performances for predicting soil water retention properties
were compared using the root mean squared error (RMSE) and the coef-
ficient of determination (R?) which are commonly used in the literature
(e.g. Pachepsky et al., 1996; Schaap and Leij, 1998; Wosten et al., 2001;
D’Emilio et al., 2018; Singh et al., 2020; Kalumba et al., 2021) with:

. no 1 ) 1/2
RMSE = {n—xl;;(eg - e;g) } 3

n 1 s m 2
RE—1 2j=12i=1 (Gi,j - ei,j) 4
- n 1 D AM 2 ( )
Zj=12i=1 (ei,j - ei,j)

where e?,j (em? c¢m3) is the predicted water content at matric poten-
tial j for the horizon i, 9?} (ecm3 ecm3) is the measured water content at

matric potential j for the horizon i, é;n (cm3 cm3) represents the average
of the measured volumetric water content at the matric potential i, | is
the number of matric potentials for each horizon (1=7 in this study)
and n is the number of horizons studied. The RMSE quantifies the root
of the average bivariate variance between estimated and measured wa-
ter content. It varies according to both the overall prediction bias and
the overall prediction precision. The coefficient of determination (R?)
indicates the amount of variation in the data explained by the regres-
sion model, and it measures the strength of the linear relation between
predicted and measured values.

3. Results and discussion
3.1. Characteristics of the soils studied

The mean basic properties of the horizons of the test dataset were
close to those of the horizons used to develop the PTFs (Table 2). How-
ever, the horizons of the test dataset had a slightly smaller mean clay
content (-1.4%), sand content (- 0.9%), organic carbon content (-
0.7 g kg-1), mean CEC (-0.3 cmol, kg1) and mean CaCO5; content
(21.5 g kg™1) than in the training dataset (Table 2). Results also showed
similar BD}, 8¢ and 0}'at the different matric potentials in the training
and test datasets (Table 2).

The mean difference (MD) between Og¢ and successively 03 3, 0,9 and
033 was computed as follows:

n
MD = %12 (ercﬂi - 9?}) )]
=

where Oy ; is the in situ volumetric water content at field capacity of
the horizon i, 9?] is the measured water content at pressure head j for
the horizon i, and n is the number of horizons (365 and 91 for the train-
ing and test dataset, respectively). The smallest absolute value of MD
was recorded with 6, for the whole training and test datasets with MD
= 0.002 and —0.001 cm® cm-3, respectively (Fig. 1). The smallest ab-
solute value MD was recorded also with 6,4 whatever the texture (Table
3). The smallest and greatest absolute values of MD were recorded for
the training dataset with 0, for Fine texture (MD = —0.001 cm? cm-3)
and Coarse texture (MD = 0.018 cm3 cm3), respectively (Table 3). For
the test dataset, the smallest and greatest absolute values of MD were
recorded with 6,5 for Medium Fine and Very Fine textures (MD =
0.001 cm3 cm3) and Coarse texture (MD = 0.012 cm? cm3), respec-
tively (Table 3). These values of MD show that the closest water poten-
tial to that at field capacity was —10 kPa for the soils studied whatever
their texture. They also show the lack of bias in terms of closeness of the
field capacity between the training and test datasets when the soils
were sampled.
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3.2. Performance of the ANN-PTFs

When only one soil characteristic was used as input data, results
showed that the smallest RMSE and highest R were recorded with 6g¢
(0.036 cm?3 cm?3 and 0.85, respectively) (Table 4). Close RMSE and simi-
lar R? were recorded with SC as single imput data (0.037 cm? cm3 and
0.85, respectively). The best performance with two of the input data
tested was recorded with SC and Or¢ (0.027 cm3 cm?3 and 0.92 for RMSE
and R?, respectively). With three or four of the input data tested, the
performance did not increase (Table 4).

It was shown in the literature that the performance increased when
points of the water retention curve were used among the set of input
data, particularly when 653 was used (Schaap et al., 1998; Schaap and
Leij, 1998). For soils close to the soils studied, the performance of Ogc
was shown to be slightly greater than 05} (Bruand et al., 1996) which is
often associated with field capacity (Gaiser et al., 2000; Nemes et al.,
2008; dos Santos et al., 2013; Ribeiro et al., 2018; Reichert et al., 2020).
This is consistent with the increase in performance when Opc was used
as input data even if it does not correspond to a volumetric water con-
tent at a well defined value of water potential (Table 4).

As recorded earlier, only a slight or no improvement in performance
was observed when OC was included in the set of input data used
(Nemes et al., 2003; Bgrgesen and Schaap, 2005; Haghverdi et al.,
2012; D’Emilio et al., 2018). Results showed that there was no increase
in the performance when OC was added to SC used as input data
(0.037 cm?® cm3 and 0.84 for RMSE and R?, respectively) (Table 4), On
the other hand, they showed a slight increase in the performance when
OC was added to SC and BDy. used as input data (0.033 cm3 cm3 and
0.87 for RMSE and R2, respectively) and to SC, BD}. and k¢ used as in-
put data (0.027 cm® cm™ and 0.92 for RMSE and R?, respectively)
(Table 4, Fig. 2). The slight or no contribution of OC as input data to im-
proving the performance of the ANN-PTFs might explain why OC was
not used as input data in PTFs based on ANNs when it is usually avail-
able in many soil databases (Schaap and Liej, 1998; Schaap et al., 1998;
Rawls et al., 2003; Rawls et al., 2004; Stumpp et al., 2009; Vereecken et
al., 2010; Batjes et al., 2020; Rudiyanto et al., 2021).

More generally, performances recorded with both the soils studied
and ANN-PTFs were similar to or even higher than those discussed in
the literature (Koekkoek and Bootlink, 1999; Merdun et al., 2006; D’
Emilio et al., 2018; Singh et al., 2020; Kalumba et al., 2021) (Table 1).

3.3. Performance of the SVM-PTFs

Similar to what we found with the ANN-PTFs, those developed using
SVM showed that when only one of the input data tested was used, the
smallest RMSE and highest R2 were recorded with 6g¢ (0.026 cm3 cm3
and 0.74, respectively) (Table 5). Unlike what was found with the ANN-
PTFs, the performance recorded with SC (0.038 cm® cm™ and 0.67 for
RMSE and R?, respectively) was much smaller than with Orc. The best
performance with two of the input data tested was recorded with SC
and Ogc but the value of RMSE was higher than when Ogc was used as
single input data (0.028 cm3 cm3 and 0.84 for RMSE and R2, respec-
tively) (Table 5). With three of the input data tested, the performances
recorded were not increased with SC, BD}. and OC and slightly in-
creased with SC, BDy and 6p¢ (0.027 cm3 cm3 and 0.84 for RMSE and
R2, respectively). There was no increase in the performances when the
four input data SC, BD}, 6pc and OC were used (0.027 cm3 cm and
0.84 for RMSE and R2, respectively) (Table 5).

As shown with ANN-PTFs (Table 4), taking OC into account did not
improve the performance whatever the number of input data tested
(Table 4). As reported with ANN-PTFs (Table 4), a slight decrease in
performance was even recorded when OC was added to SC and BDj.or
to SC, BDg. and 6rc when used as input data (Table 5, Fig. 2).
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Fig. 1. Mean difference (MD) between the measured in situ volumetric water content at field capacity (Orc) and the measured volumetric water content at -3.3 kPa
matric potential (9§3) for the training dataset (a) and test dataset (b), —10 kPa matric potential (9]11})) for the training dataset (c) and test dataset (d), and —33 kPa ma-
tric potential (9?3) for the training dataset (e) and test dataset (f) according to texture.

More generally, the comparison of the results recorded with the
ANN-PTFs and SVM-PTFs showed no clear improvements in perfor-
mance according to the type of PTF used (Tables 4 and 5), which is con-
sistent with what Skalova et al. (2011) and Haghverdi et al. (2014)
recorded. The results recorded with the ANN-PTFs and SVM-PTFs, how-
ever, clearly showed the relevance of Ogc as input data to predict the
water retention properties. As it is a point of the water retention curve,
even if Ozc does not correspond to a precise value of matric potential, its
relevance as a predictor of other points of the water retention curve is
consistent with results which showed the high relevance for such a pre-
diction of 85 and 65y, (Schaap and Liej, 1998; Schaap et al., 2001;
Nemes et al., 2003; Bgrgesen and Schaap, 2005; Stumpp et al., 2009;
Twarakavi et al., 2009a, 2009b). However, ¢ has rarely been used as

input data whatever the type of PTF (Al Majou et al., 2008a) because it
is seldom present in the databases, and is even absent in the WoSIS
(Batjes et al., 2020).

3.4. Performance of SLR-PTFs

The coefficients a and b recorded for the regression equations be-
tween the volumetric water content at the different matric water poten-
tials and 0 g are given in Appendix A. The values of RMSE and R?
recorded without any stratification were 0.035 cm?3 ¢cm-3 and 0.85, re-
spectively (Table 6). After stratification by texture, the latter being
hand-feel determined (Thien, 1979; Ritchey et al., 2015) using the five
texture classes of the soil map of the European Communities
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Table 3

Mean difference (MD, cm3® c¢cm™) between the volumetric water content at
field capacity () and successively 05 5 (MDygj 3), 0;9 (MDg;o) and 655 (MDy33)
according to the texture class for the training and test datasets.

Mean Difference (MD cm? cm3)

MDg3 3 MDyg;o MDg33
Training dataset (n = 365)
Coarse (n = 45) -0.019 0.018 0.048
Medium (n = 121) —0.016 0.002 0.027
Medium Fine (n = 102) -0.019 —0.002 0.027
Fine (n = 82) —-0.018 —0.001 0.021
Very Fine (n = 15) - 0.029 -0.015 0.007
Test dataset (n = 91)
Coarse (n = 45) —-0.028 0.012 0.049
Medium (n = 121) —0.025 —0.003 0.032
Medium Fine (n = 102) -0.018 0.001 0.025
Fine (n = 82) —0.020 — 0.006 0.020
Very Fine (n = 15) —-0.011 0.001 0.018

Table 4

Root mean squared error (RMSE) and coefficient of determination (R?)
recorded with the PTFs based on ANN according to the type and number of
input data.

Input data Descriptive statistics of the relationship between measured and

predicted water content

RMSE R?

cm? em3

Training dataset (n = 365)
sC 0.030 0.88
BD}. 0.059 0.55
ocC 0.063 0.49
Orc 0.035 0.87
SC, BD';.'C 0.028 0.90
SC, OC 0.030 0.90
SC, Okc 0.022 0.94
Sc, BDj,, 0C  0.028 0.90
SC, BDf, 6gc  0.022 0.95
SC, BDf, Ogc, 0.020 0.95

ocC

Test dataset (n = 91)
SC 0.037 0.85
BD} 0.065 0.52
ocC 0.066 0.49
Orc 0.036 0.85
SC, BD';.‘C 0.035 0.86
SC, OC 0.037 0.84
SC, Okc 0.027 0.92
SC, BDj,, 0C  0.033 0.87
SC, BDf, 6pc  0.027 0.91
SC, BDf, Ogc, 0.027 0.91

oC

SC: silt (0.02 - 0.050 mm) and clay (< 2 pum) content; BDj: bulk density mea-
sured at field capacity; OC: organic carbon content; O: in situ volumetric water
content measured at field capacity.

(Commission of the European Communities, 1985), the performances of
the SLR-PTFs using Og¢ as input data were better than with those estab-
lished without stratification by texture (0.031 cm3 cm and 0.88 for
RMSE and RZ2, respectively) (Table 6). We note also that the perfor-
mances of the SLR-PTFs using 6y as single input data after stratification
by texture were better than those recorded with the ANN-PTFs and Og¢
as single input data (Tables 4 and 6). When 8¢ was used as single input
data, the comparison of the SVM-PTFs with SLR-PTFs showed that the
RMSE and R? were higher for the latter (RMSE = 0.031 cm? cm™ and
R2 = 0.88) (Tables 5 and 6).

Soil & Tillage Research xxx (xxxx) 105750

Our objective being to predict the water retention properties using a
soil characteristic that was easy to measure and that enabled easy mea-
surement of performances, we established regression equations be-
tween BDp. and Wy to avoid the measurement of the bulk density
(Table 7). Then, coefficients a and b of the regression equations be-
tween the volumetric water content at the different matric water poten-
tials (Ghm) and the in situ volumetric water content at field capacity (B;C)
which used BDEC according to Eq. (1) were calculated (Appendix B).
Results showed that the RMSE and R? values recorded without any
stratification were 0.041 cm? cm3 and 0.80, respectively (Table 6). As
expected, the performances were smaller with G’Fcthan with g without
any stratification (RMSE = 0.041 cm3 cm™ and R? = 0.80) and after
stratification by texture (RMSE = 0.035cm?® cm and R2 = 0.86)
(Table 6). After stratification by texture, the performances were less
than those recorded with the ANN-PTFs and SVM-PTFs studied but still
close (Tables 4, 5 and 6, Fig. 2).

3.5. Implications for end-users of water retention properties of soils

Our results show that not only the use of the in situ volumetric water
content at field capacity is a relevant soil characteristic when combined
with other soil characteristics (Tables 3 and 4) but also that it can be
used as single predictor of the water retention properties of soils (Table
6). While the gravimetric or volumetric water content at field capacity
is most of the time absent from the soil databases (Batjes et al., 2020),
which limits the use of PTFs having the form of simple linear regres-
sions as developed in this study (Appendix A and B), it can be easily de-
termined without using laboratory equipment. The bulk density and in
situ gravimetric water content at field capacity can be easily deter-
mined together using a soil core sampler in the field and then by oven-
drying at 105 °C the soil samples collected when the soil was close to
field capacity (Reeve et al., 1977; Twarakavi et al., 2009a, 2009b). As
the most accurate predictions were recorded after stratification by tex-
ture using the five textures of the European Communities (Commission
of the European Communities, 1985) (Table 5), the latter can be easily
determined by hand-feel while collecting the soil samples to determine
the gravimetric water content (Food and Agriculture Organisation,
1990; Richer-de-Forges et al., 2022). Thus, knowing Wr and BDf,, de-
pending on whether the texture is known or not, the volumetric water
contents 9‘])'0, 9}3)'3, 9}170, 923, 9}1)00, 9'3’30 and 6‘;500 can be predicted using Ogc
as indicated in Table 6 and the parameters of the SLR-PTFs given in
Appendix A (Fig. 3). If Wi is known but not BD}, depending on
whether the texture is known or not, the volumetric water contents 6]1)_0,
92'3, 911)0, 953, 911)00, 9530 and 9113500 can be predicted using G'FC computed as
indicated in Table 6 and the parameters of the SLR-PTFs given in
Appendix B (Fig. 3).

As the water content at field capacity isclose to the water content at
a matric potential of -10 kPa as discussed above, it can be considered as
a point of the water retention curve, thus explaining the performance of
the SLR-PTFs when it is used as single predictor of the water content for
other points of the water retention curve. Rawls et al. (1982) and
Paydar and Cresswell (1996) showed indeed that using one or more
measured points of the water retention curve improved the prediction
of the whole curve when compared to its prediction with particle size
distribution, bulk density and organic carbon content.

If the ability of W to predict the entire water retention curve has
been shown for a wide range of French soils, one can wonder whether
the SLR PTFs that have been developed and that appeared to be region-
ally relevant are also relevant on a larger scale. Regarding this point, Al
Majou et al. (2021) showed for Syrian clayey soils the relevance of Wg
to predict their water retention properties. Moreover, D'Angelo et al.
(2014) showed the relevance of Wi to discuss the water retention
properties of Chinese red clay soils which were recognaized as being
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Fig. 2. Comparison of measured and predicted volumetric water content on the test dataset using ANN-PTFs with SC, BD};Cand Opc as predictors (a), SVM-PTFs with

SC, BDgcand Opc as predictors (b), SLR-PTFs with 0 as predictor without any stratification (c), SLR-PTFs with O as predictor after stratification by texture (d),

SLR-PTFs with O’Fc as predictor without any stratification (e), SLR-PTFs with 0 as predictor after stratification by texture (f).

highly sensitive to drought. We can then infer from our results the inter-
est of using W as single predictor of the water retention properties of
soils on a much broader scale than for the territory from which the soils

studied come.

4. Conclusion

For the soils studied, our results showed the relevance of using the
in situ gravimetric water content at field capacity to calculate the volu-
metric water content at field capacity, whether the bulk density was
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Table 5

Root mean squared error (RMSE) and coefficient of determination (R?)
recorded with the PTFs based on SVM according to the type and number of
input data.

Input data Descriptive statistics of the relationship between measured and

predicted water content

RMSE R?

cm? cm3

Training dataset (n = 365)
SC 0.040 0.71
BDgc 0.069 0.16
oC 0.075 0.02
Okc 0.026 0.75
SC, BDy. 0.039 0.76
SC, OC 0.039 0.72
SC, Ogc 0.028 0.85
SC, BD';.‘C, ocC 0.039 0.73
SC, BDJ, 6;c  0.028 0.86
SC, BDX., 0y,  0.028 0.86

ocC

Test dataset (n = 91)
N¢ 0.038 0.67
BDf. 0.065 0.14
oC 0.070 0.02
Okc 0.026 0.74
SC, BDy. 0.037 0.73
SC, OC 0.039 0.66
SC, Okc 0.028 0.84
SC, BD‘;‘C, ocC 0.039 0.67
SC, BDJ, B¢ 0.027 0.84
SC, BDy, 6gc, 0.027 0.84

oC

SC: silt (0.02 — 0.050 mm) and clay (< 2 pum) content; BDj: bulk density mea-
sured at field capacity; OC: organic carbon content; Opc: volumetric water con-
tent measured at field capacity-

Table 6

Root mean squared error (RMSE) and coefficient of determination (R?)
recorded with the PTFs using the in situ volumetric water content at field ca-
pacity.

Input data Descriptive statistics of the relationship between
measured and predicted bulk density
RMSE R?
cm3 em=3
Without any stratification
Ogc with Opc = Wi X BD}. ~ 0.035 0.85
ei?CWith 0.041 0.80

0 = Wi [a+bWio)]
After stratification by texture
Bgc with Orc = W X BDE.  0.031 0.88
O with 0.035 0.86
Bhc = Wi [a+bWn)|

Ok¢, the in situ volumetric water content at field capacity based on the mea-
sured in situ gravimetric water content at field capacity (Wgc) and the mea-
sured bulk density at field capacity (BDj); 6}, the in situ volumetric water
content at field capacity obtained by using the measured in situ gravimetric
water content at field capacity (Wgc) and the predicted bulk density at field
capacity (BDE-C) with BDE-C =a+b(Wg.).

measured or not, using simple regression equations. They showed also
that the in situ volumetric water content at field capacity was close to
that measured in the laboratory at ~10 kPa matric potential which can
then be considered as a point of the water retention curve, thus explain-
ing its high capacity to predict the water retention properties.
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Table 7

Regression coefficients and coefficient of determination R? recorded for the

regression equations relating BDf and Wi.

Regression coefficients and coefficient of determination

Without any stratification

All textures together A  1.862 ***
(n = 365) B -1.627 #**
R? 0.52
After stratification by texture
Very Fine A 2176*
(n=15) B -2.613 %
R? 0.87
Fine A 1.870
(n = 82) B -1.597 *
R® 075
Medium Fine A 19717
(n = 102) B 2.003 ***
R? 0.36
Medium A 2,004 **
(n =121) B -2.671 %
R? 0.57
Coarse A 1.786 ***
(n = 45) B -1.337
R? 0.20

BDgc = a +b (Wgc) with BDgc, the bulk density measured at field capacity,
Wi, the gravimetric water content measured at field capacity, and a and b, the
regression coefficients. *** P = 0.001, ** P = 0.01, * P = 0.05.

With PTFs using ANN, the best performances were recorded when
the in situ volumetric water content at field capacity was used as input
data combined with both the silt and the clay content. With PTFs using
SVM, the smallest root mean squared error was recorded when the in
situ volumetric water content at field capacity was used as single input
data. As for the coefficient of determination, it increased with the num-
ber of soil characteristics associated with the in situ volumetric water
content at field capacity. Our results also showed that the PTFs having
the form of simple linear regression equations and using the in situ vol-
umetric water content at field capacity as single predictor after stratifi-
cation by texture performed better than the PTFs using ANNs that we
established with a single soil characteristic as input data. Better perfor-
mances were recorded with PTFs based on ANN when several soil char-
acteristics were associated, the best perfomances being recorded when
the in situ volumetric water content at field capacity was used associ-
ated with both silt and clay content and bulk density at field capacity as
input data.

Comparison of PTFs having the form of simple linear regression
equations with PTFs based on SVM showed that the latter performed
slightly better than PTFs having the form of simple linear regressions af-
ter stratification by texture but that the coefficient of determination
was smaller when the in situ volumetric water content at field capacity
was used as single predictor. Use of a predicted value of the bulk den-
sity at field capacity to obtain a value of in situ volumetric water con-
tent at field capacity led to poorer performances of the PTFs having the
form of simple regression equations but after stratification by texture
they remained close to those recorded with PTFs based on ANN or SVM.
Finally, our results showed that associating the carbon organic carbon
content to the input data did not increase the perfomances of the PTFs
based on ANN or SVM.
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Mo measurement of BDRL

Fig. 3. Flowchart illustrating the prediction of the water retention properties of a horizon using the measured in situ water content at field capacity (Wgc).
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Regression coefficients a and b, and coefficient of determination R? recorded for the PTFs established by simple regression by using the in situ volumetric water
content measured at field capacity (0x¢) without any stratification by texture and after stratification by texture.

Matric potential (kPa)

-1 -3.3 -10 -33 -100 -330 -1500
Without any stratification
All textures together a 0.0845%*** 0.0425%** -0.0015 -0.0275%%* -0.0566%** -0.0550%** -0.0606%***
(n = 365) b 0.8495** 0.9222%** 0.9998** 0.9997*** 1.0036%** 0.8778*** 0.7854***
R? 0.79 0.86 0.89 0.88 0.83 0.70 0.58
After stratification by texture
Very Fine a -0.0871 0.0093 0.0397 0.0579 0.0867* 0.2220%** 0.1199*
(n =15) b 1.3300%** 1.0489%** 0.9403%** 0.8393*** 0.7325%** 0.3234* 0.5081***
R? 0.92 0.91 0.90 0.85 0.83 0.37 0.61
Fine a 0.0491%** 0.0326* 0.0041 0.0385* 0.0635**
(n =82) b 0.9604 0.8819%*** 0.6942%**
R? 0.90 0.86 0.72
Medium Fine a 0.1766 0.0634 0.0684 0.0625
(n = 102) b 0.5106 0.5900%** 0.4376%** 0.3451%**
R? 0.38 0.26 0.12 0.07
Medium a 0.1170%** 0.0773%*** 0.0510%** 0.0370%* 0.0234 0.0686* 0.0923***
(n =121) b 0.7184*** 0.7935%** 0.7842%** 0.7488%*** 0.4602%** 0.2417**
R? 052 0.64 0.71 0.61 0.27 0.06
Coarse a 0.1425%** 0.0793%*** 0.0006 -0.0164 -0.0232 -0.0242 -0.0143
(n = 45) b 0.5845*** 0.7031*** 0.9041%*** 0.8436*** 0.7465%*** 0.6425%** 0.4990%***
R? 0.40 0.59 0.78 0.79 0.75 0.69 0.61

Gﬁ = a +b (Opc) with 65, the volumetric water content predicted at matric potential

sponding to Ogc = Wgc X BDgc. *** P = 0.001, ** P = 0.01, * P = 0.05.

11

-h, Ok, the in situ volumetric water content measured at field capacity and corre-



H.A. Majou and A. Bruand

Table B1

Soil & Tillage Research xxx (xxxx) 105750

Regression coefficients a and b, and coefficient of determination R? recorded for the PTFs established by simple regression by using the volumetric water content

predicted at field capacity (6%) without any stratification and after stratification by texture.

Matric potential (kPa)

-1 -3.3 -10 -33 -100 -330 -1500
Without any stratification
All textures together a 0.0823%*** 0.0433*** 0.0019 —0.0196* —0.0426%** —0.0393%** — 0.0465***
(n = 365) b 0.8565%*** 0.920%** 0.9895%*** 0.9749%** 0.9594%*** 0.8285%*** 0.7409***
R*  0.76 0.82 0.83 0.80 0.72 0.60 0.50
After stratification by texture
Very Fine (n = 15) a —0.0684 0.0101 0.0502 0.0785 0.1109 0.2297** 0.1367*
b 1.2836%** 1.0469** 0.9142%* 0.7881*** 0.6729%** 0.3046* 0.4664**
R*  0.72 0.76 0.71 0.63 0.59 0.28 0.44
Fine (n = 82) a 0.0478* 0.0298 0.0118 0.0197 0.0077 0.0478* 0.0807**
b 0.9655%*** 0.9681*** 0.9705%** 0.8915%** 0.8727%** 0.6696*** 0.4931***
R? 0.81 0.84 0.83 0.79 0.78 0.62 0.37
Medium Fine (n = 102) a 0.1887%*** 0.1874%*** 0.1746%** 0.1404%** 0.1189** 0.1396** 0.1151*
b 0.5168%*** 0.4770%** 0.4664*** 0.4816*** 0.4179** 0.2168 0.1822
R®  0.23 0.25 0.26 0.26 0.10 0.02 0.02
Medium (n = 121) a 0.0853*** 0.0587%** 0.0398* 0.0423* 0.0457* 0.0933*** 0.1179%**
b 0.8244%*** 0.8556%*** 0.8599%** 0.7664*** 0.6739%** 0.3774%*** 0.1557
R? 0.56 0.61 0.63 0.56 0.40 0.15 0.02
Coarse (n = 45) a 0.1420%** 0.0848%** 0.0080 —0.0066 —-0.0121 —-0.0137 —0.0051
b 0.5866%*** 0.6760*** 0.8677*** 0.7948%*** 0.6915%** 0.5911%*** 0.4534%***
R®  0.37 0.50 0.66 0.65 0.59 0.54 0.46

h

o =a+b () with 6';, the volumetric water content predicted at matric potential -h, 8, the in situ volumetric water content at field capacity corresponding to

81 = W X BDp with BD}. = a +b (Wgc) (see Table 6). *** P = 0.001, ** P = 0.01, * P = 0.05.
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