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Although a great number of studies have been devoted to develop and evaluate pedo-

transfer functions (PTFs), several questions still are to be addressed, particularly pertaining

to tropical delta soils which received very little attention. One such question relates to the

optimal structural dependency between basic soil properties and soil water retention

characteristics (SWRC), which could be formulated by various regression methods. It is

hypothesised that data mining techniques provide more accurate SWRC-PTFs than sta-

tistical linear regression. However, data-mining techniques are often proven as highly

data-demanding techniques. The aim of this study was, therefore, to verify that hypothesis

for a limited data set of tropical delta soils by comparing the predictive capabilities of point

PTFs and pseudo-continuous (PC) PTFs developed by Multiple Linear Regression (MLR),

Artificial Neural Networks (ANN), Support Vector Machine for Regression (SVR), and k-

Nearest Neighbours (kNN) methods. The results show that point-PTFs derived from data-

mining techniques (i.e. ANN, SVR, kNN) offer accurate and reliable estimation of soil

water content at several matric potentials. In case of PC-PTFs, ANN and kNN models

outperformed SVR and MLR PTFs in validation phase (RMSE of ANN and kNN PTFs were

around 0.05 m3 m�3, while those of SVR PTFs and MLR PTFs rose up to 0.068 and

0.066 m3 m�3). Our findings confirm the superiority of data-mining approaches
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Nomenclature

q Volumetric water content, m3

ANN Artificial neural networks

BD Bulk density, Mg m�3

h Matric head, cm water

kNN k-Nearest Neighbours

LOO Leave-one-out cross-validatio

ME Mean of prediction errors

MLR Multiple linear regression

OC Soil organic carbon content, %

PC-PTFs Pseudo-continuous pedotrans

PTFs Pedotransfer functions

R2 Coefficient of determination

RMSE Root mean squared error

SVM Support vector machines

SVR Support vector machines for r

SWRC Soil water retention character

VMD Vietnamese Mekong Delta
in modelling the complex system of soil and water, even when a limited data set is

available. The non-parametric kNN method, though being constrained in estimating SWRC

in pseudo-continuous manner, has great benefits due to its flexibility, simplicity, accuracy

and capacity to append new observations.

© 2016 IAgrE. Published by Elsevier Ltd. All rights reserved.
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1. Introduction

Pedotransfer functions (PTFs) provide an indirect estimation

of soil water retention characteristics (SWRC) from readily

available or easily measurable basic soil properties, and have

therefore emerged as an alternative source of SWRC data for

large scale applications of agro-hydrological modelling

(Twarakavi, �Sim�unek, & Schaap, 2009). Although substantial

studies have been devoted to develop and evaluate PTFs,

several questions still are to be addressed particularly for

paddy soils in the tropical deltas where the interrelationship

between soil and water has not been well established

(Pachepsky, Rajkai,& T�oth, 2015). One such question relates to

the optimal structural dependency between basic soil prop-

erties and SWRC, which could be formulated by various

regression methods. There are two main categories of

regression methods which are widely used for PTF develop-

ment: statistical regression techniques and data mining or

pattern-recognition techniques (Pachepsky & Rawls, 2004;

Vereecken et al., 2010).

Regarding the state-of-the-art of SWRC-PTFs, most PTFs

derived during the past decades are based on statistical

regression methods in which the relationship between the

basic soil properties and SWRC are quantified by predefined

mathematical equations (e.g., the PTFs of Gupta and Larson

(1979); Hodnett and Tomasella (2002); Minasny and

Hartemink (2011); Saxton and Rawls (2006)). Statistical

regression techniques offer simple, reasonable and well-

interpretable models, but are also exposed to several draw-

backs: estimation results are heavily biased in case of small
sample size; the right form of the regression equationwhich is

usually unknown has to be determined a priori; rigorous as-

sumptions about probability distribution of error are not easy

to fulfil across the data space; and most importantly, the

regression equations need to be redeveloped and republished

in case new data become available (Botula, Nemes, Mafuka,

Van Ranst, & Cornelis, 2013; Nemes, Rawls, & Pachepsky,

2006; Patil et al., 2013).

Alternative data mining techniques such as Artificial

Neural Networks (ANN), k-Nearest Neighbours (kNN), and

Support Vector Machines for Regression (SVR) have been

introduced as promising tools for PTF development (Botula,

Van Ranst, & Cornelis, 2014). Firstly, these techniques have

been successfully used for both classification and regression

problems in other fields of hydrology. For examples, ANN, SVR

and kNN techniques were effectively used to forecast rainfall

(Hong& Pai, 2007; Hu, Liu, Liu,& Gao, 2011), water evaporation

from soil and free water surfaces (Baydaro�glu & Koçak, 2014),

and inflows of water reservoir (Valipour, Banihabib, &

Behbahani, 2012; 2013). Due to their high flexibility and ac-

curate predictive performance, data mining techniques have

recently gained popularity in unsaturated soil hydrological

studies (Botula et al., 2013). These methods have been inten-

sively tested with soils in the temperate (Lamorski,

Pachepsky, Slawı́nski, & Walczak, 2008; Nemes, Rawls, &

Pachepsky, 2006; Pachepsky, Timlin, & Varallyay, 1996;

Schaap & Leij, 1998; Twarakavi et al., 2009), and arid to semi-

arid climates (Bayat et al., 2013; Ebrahimi, Bayat, Neyshaburi,

& Zare Abyaneh, 2013; Khlosi, Alhamdoosh, Douaik,

Gabriels, & Cornelis, 2016). Only one kNN study was devoted

to highly weathered soils in the humid tropics (Botula et al.,

2013). All mentioned authors have confirmed the superiority

of the used data mining techniques in modelling the interac-

tion of soil and water as a very complex system compared to

traditional MLR (Multiple Linear Regression) techniques,

although several drawbacks have also been noticed in the

same time such as susceptibility to over-fitting, highly data-

demanding, and expert knowledge requirement.

In the meantime, Pachepsky, Rawls, and Lin (2013) have

noted that the successfulness of certain regression techniques

in terms of providing accurate estimations of SWRC is some-

what controlled by type of PTFs, availability of soil variables

used in predictive functions, and size and properties of

training databases. Indeed, the data used for calibrating/

training the PTFs should account formost of the variation that

is likely to be encountered in the area where the data are

meant to be used, hence large databases of good quality are

generally expected for PTF development (W€osten, Pachepsky,

& Rawls, 2001). This requirement, however, is hard to be ful-

filled in many developing countries in the tropic, where just a

few extensive soil-water studies have been done so far. Mayr

and Jarvis (1999) also reported that using a small set of

http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013
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relevant data, if available, is better than using a large and

general data set.

Concerning to the PTF's types that are frequently used to

estimate SWRC in the literature, three broad groups have been

noticed. They are (1) point-based PTFs that predict the water

content at specific chosen matric potentials, (2) parameter-

based PTFs that estimate the parameters of analytical ex-

pressions of the SWRC, e.g. those of Brooks and Corey (1964);

Campbell (1974); van Genuchten (1980), and (3) phys-

icaleconceptual PTFs that predict soil hydraulic properties

based on a soil structural model (Cornelis, Ronsyn, Van

Meirvenne, & Hartmann, 2001; W€osten et al., 2001). The

latter has not been widely used in practice due to some limi-

tations mentioned in Cornelis et al. (2001).

For modelling purposes, the parameter-based PTFs which

offer the prediction of a whole and continuous SWRC are often

preferred, since many flux transport models require the com-

plete SWRC as input parameters (Cornelis et al., 2001). How-

ever, using statistical validation analysis, many researchers,

e.g. Merdun, Çınar, Meral, and Apan (2006); Pachepsky et al.

(1996); Tomasella, Pachepsky, Crestana, and Rawls (2003);

Vereecken et al. (2010), have noted that point-based PTFs out-

performed the parameter-based PTFs in predicting soil water

content. The supremacy of point-PTFs could be attributed to

the fact that soil water retention at specificmatric potentials is

controlled by different basic soil properties (Tomasella et al.,

2003; Vereecken et al., 2010), and therefore, point PTFs should

provide a better combination of these properties and lead to

more accurate functions for SWRC estimation. Recently,

Haghverdi, Cornelis, and Ghahraman (2012) introduced a new

PTF approach, named “pseudo continuous” PTFs (PC-PTFs),

which are capable to determine almost continuous SWRCs

without using any analytical soil hydraulic expressions. In

their PTF, using matric potentials as additional predictor en-

ables to predict the correspondingwater content at any desired

matric potential. They proved that PC-PTFs derived by the ANN

technique were more accurate and reliable than parameter-

based PTFs, and slightly better than point-PTFs when a

limited data set was available for PTFs' development.

Moreover, due to the very specific nature in terms of

physical and hydraulic soil characteristics of tropical delta

soils where the main agricultural practice is paddy rice culti-

vation (Nguyen, Le, & Cornelis, 2014), it is not advisable to

utilise PTFs reported so far in the literature to estimate the soil

water characteristics in the tropical delta region (Nguyen, Le,

Botula, & Cornelis, 2015). Therefore, the main objectives of

this study were (1) to develop and validate point PTFs and PC-

PTFs using available limited data sets from the tropical Viet-

namese Mekong delta (VMD), and (2) to investigate the pre-

dictive capability of various regression techniques (i.e., MLR,

ANN, SVR and kNN) in estimating SWRC in both point and

pseudo-continuous manners. Since the concept of PC-PTFs

has only been tested and compared against ANN and SVR

techniques for soils in dry and temperate regions (Haghverdi

et al., 2012; Haghverdi, €Oztürk, & Cornelis, 2014), we believe

that testing the predictive power of these approaches together

with others asMLR and kNNwould be very useful to those that

are in need of SWRC data and/or attempt to develop new PTFs

for soils in tropical humid region. The novel feature of our

study is that it is the first that considers data mining
techniques in developing SWRC-PTFs for a variety of soils in a

tropical delta where rice paddy cultivation is the dominant

agricultural practice. Additionally, the effect of PTF types on

the successfulness of regression techniques in PTF develop-

ment were concomitantly investigated.
2. Materials and method

2.1. Soil data sets

Two data sets collected from the Vietnamese Mekong Delta

(VMD) were employed to calibrate and validate the point and

PC-PTFs. A first data set of 160 observations whichwas used to

develop the PTFs (so-called training data set) was obtained

from previous work (Nguyen et al., 2014). This data set was

constructed from a regional field campaign in the period of

August 2010 to January 2011 with the aim of covering a wide

range of soils that primarily exploited for agricultural pro-

duction in the tropical lowland delta (mainly paddy rice, but

also upland crops such as vegetable, maize, and sugar cane).

The locations of the sampling sites of the training data set and

the corresponding soil types are shown in Fig. 1.

Records of 160 samples included soil water content

measured at eight matric potentials of �1, �3, �6, �10, �20,

�33, �100, and �1500 kPa, bulk density (BD), particle-size

distribution (sand, silt, clay content), and organic carbon

(OC) content, among other properties. Undisturbed soil sam-

ples, taken by standard Kopecky rings, were used to determine

soil BD, by the core method (Grossman & Reinsch, 2002), and

SWRC. The eight points of the SWRC were quantified using

sand-boxes and pressure chambers according to the proced-

ures outlined in Cornelis, Khlosi, Hartmann, Van Meirvenne,

and De Vos (2005). The disturbed soil samples, which were

taken next to the undisturbed sampling sites were used to

determine organic carbon content by means of the wet

oxidation method (Walkley & Black, 1934), and particle size

distribution by sieve-pipette method (Gee & Bauder, 1986).

The performance of the PTFs derived from the training

data set was validated by another independent data set,

compiled from the study of Le (2003) which was conducted in

the same study area. This set includes complete records for 29

samples taken from 10 soil profiles which are representative

for major soil groups in VMD (Fig. 1). The physical and

chemical soil properties, and SWRC of the test samples were

determined by the samemethods as mentioned above for the

training data set. Originally, the SWRC of test samples were

determined at nine matric potentials (i.e., �0.25, �1, �3, �5,

�7, �10, �33, �100, �1500 kPa), which are different from the

eight matric potentials in the training data set. To address

this, we fitted the - with five free parameters - highly flexible

van Genuchten (1980) equation (Cornelis et al., 2005) to each of

the 29 SWRCs, and determined water contents at those eight

matric potentials using the equation with fitted parameters.

Tomasella, Hodnett, and Rossato (2000) noted that the PTFs'
predictive capacity is related to the similarity between the

data sets used in the developing and testing phases of the

PTFs, and therefore, using a small but comparable test data set

is appropriate for comparing the predictive capacity of PTFs

derived by different methods.

http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013
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Fig. 1 e The soil map of study area (Vietnamses Mekong Delta) with represented locations of the sampling sites of the

training data set (red stars) and the testing data set (black stars). (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
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Descriptive statistics of the basic soil physical, chemical

and SWRC of the two aforementioned data sets are summar-

ised in Table 1. The soils in the study area show a wide range

of basic soil properties. For example, the range of sand, silt,

clay contents, BD and OC content are 0.13e98.6%, 0.00e64.9%,

1.4e76.8%, 0.7e1.9 Mg m�3, and 0.08e12.3%, respectively, for

the training data set. The testing data set shows similar

ranges. The wide ranges in soil properties are associated with
the alluvial nature of the soils. They can be defined as me-

dium- and fine-textured (Fig. 2) with mean percentage of silt

and clay of 40.1 and 44.3%, respectively. The soils in the study

area are classified as Fluvisols, Gleysols, Luvisols, Acrisols,

Arenosols and Plinthosols according toWorld Rerefernce Base

system (IUSS Working Group WRB., 2014), corresponding to

Entisols, Inceptisols, and Ultisols of USDA-Soil Taxonomy

system (Soil Survey Staff, 1975, p. 436).

http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013
http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013
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2.2. Types of soil water retention Pedotransfer functions

Two types of PTFs were derived to estimate SWRC using

various regression techniques, which will be described here-

inafter. The first one pertains to point PTFs that estimate soil

water content at soil matric potentials of �1, �3, �6, �10,�20,

�33, �100, �1500 kPa. The used input variables are the basic

soil properties which have been widely used for SWRC esti-

mations (i.e., sand, silt, clay content, BD, and OC content). The

second type refers to PC-PTF which uses the logarithm of

matric heads as extra input variable, hence supposedly

allowing the prediction of soil water content at any desired

matric potentials. The structural topologies of the point-

based, and pseudo-continuous PTFs are manifested in Fig. 3.

As can be observed in Fig. 3, sand, silt and clay, BD and OC

content are the common input predictors of SWRC-PTFs. q1 to

q8 are volumetric water contents which in turn are the outputs

of the point PTFs. In case of PC-PTFs, h (in cm water) is matric

head and is the extra input variable. q(h), the output of the PC-

PTFs, is volumetric water content at hmatric head. Different h

values yield different soil water contents. In this study, eight

values of h (i.e., 10, 30, 60, 100, 200, 330, 1000, 15,000 cm) cor-

responding tomatric potentials used to derive point PTFswere

applied to estimate SWRC using PC-PTFs.

2.3. Methods to derive Pedotransfer functions

2.3.1. Multiple linear regression
The general form of MLR-based PTF is as follows:

Yi ¼ a1X1 þ a2X2 þ a3X3 þ…þ anXn

where Yi denotes the response variable (for point-PTFs: Yiwith

i ¼ 1, 2, …, 8 is the water content at 8 matric potentials, while

in case of PC-PTF, Y is the water content at any corresponding

matric head input), X1, X2, X3,… Xn are predictor variables (i.e.,

sand, silt, clay content, BD and OC content in case of point

PTFs, and all aforementioned variables plus logarithm of

matric head for the PC-PTF in this study), and a1, a2, a3, … an
are the values of the regression coefficients obtained from

fitting the equation to the training data set. Further detailed
Table 1 e Descriptive statistics of soil properties in the trainin

Soil properties Training data set

Min Max Mean

Organic carbon (%) 0.08 12.3 2.37

Bulk density (Mg m�3) 0.7 1.9 1.25

Sand content (%) 0.1 99 15.6

Silt content (%) 0.0 65 40.1

Clay content (%) 1 77 44.3

q (m3 m�3) at:

�1 kPa 0.24 0.74 0.50

�3 kPa 0.17 0.73 0.49

�6 kPa 0.12 0.72 0.47

�10 kPa 0.06 0.71 0.45

�20 kPa 0.03 0.70 0.41

�33 kPa 0.03 0.67 0.37

�100 kPa 0.03 0.58 0.32

�1500 kPa 0.02 0.43 0.24

Min, Max, Std are the minimum, the maximum and the standard deviati
explanation about the theory of the MLRmethod can be found

in Kutner, Nachtsheim, Neter, and Li (2005).

The R statistical language (R Core Team, 2014) was used to

develop the MLR-based PTFs, in which the potential and sig-

nificant predictors for SWRC estimation were selected by

stepwise regression using Akaike Information Criteria (AIC) as

selection criterion.

2.3.2. Artificial neural networks
The point and pseudo-continuous ANN-PTFswere established

inMatlab R2014a environment (MathWorks, Natick, MA, USA).

A three-layer feed forward back propagation ANN model was

selected. The activation functions were sigmoid tangent hy-

perbolic and linear in hidden and output layers, respectively.

The LevenbergeMarquardt algorithm (Demuth & Beale, 2000)

was implemented for training. The number of neurons in the

hidden layer was changed from 1 to 20. The input and outputs

of the ANN-PTFs were identical to those of MLR-PTFs. The

bootstrap method (Efron & Tibshirani, 1993) was applied on

training data to create 50 statistically similar subsets of the

same size through a sampling with replacement technique.

The subsets, comprising about 63% of the parent data (Schaap,

Leij, & van Genuchten, 2001), were used to train the PTFs. The

idle samples (i.e. 37%) formed the cross-validation set. The

training was stopped whenever the error increased on the

cross-validation set. The outputs of the 50 bootstraps were

averaged and reported as the predictions from the PTFs.

2.3.3. Support vector machines for regression
The SVM algorithm was implemented in the R statistical

language (R Core Team, 2014) to derive point and PC-PTFs. The

most commonly used kernel, i.e. radial basis function kernel,

which has been applied in the works of Haghverdi et al. (2014);

Lamorski et al. (2008); Twarakavi et al. (2009) was selected to

build our SVR-models. The optimal hyper-parameters of the

SVR models were estimated using a thorough grid-based

search approach (Hastie, Tibshirani, & Friedman, 2009) in

which the parameter C was changed from 0.001 to 1 in

increment of 0.1, εwas varied from 0 to 1 in increment of 0.05,

while g was adjusted from 0.01 to 1 with a mesh increment of
g (N ¼ 160) and test (N ¼ 29) data sets.

Test data set

Std Min Max Mean Std

2.41 0.03 7.75 1.17 1.53

0.24 0.83 1.81 1.31 0.26

26.8 1 80 12.1 23.1

13.8 5 56 38.8 12.3

19.0 3 67 47.5 17.9

0.10 0.31 0.66 0.52 0.08

0.10 0.28 0.65 0.51 0.09

0.12 0.26 0.62 0.50 0.09

0.12 0.22 0.59 0.49 0.10

0.12 0.17 0.55 0.46 0.10

0.12 0.14 0.51 0.42 0.10

0.11 0.08 0.43 0.35 0.09

0.09 0.04 0.25 0.21 0.06

on of soil variables.

http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013
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Fig. 2 e Variation of clay and sand content in the training data set (grey circles) and the test data set (black triangles) within

the USDA textural triangle.

Fig. 3 e Structural topologies of the point and pseudo-continuous PTFs used in this study (modified from Haghverdi et al.,

2012). The input (predictor) variables sand, silt and clay are sand, silt and clay percentages, BD is bulk density in Mgm¡3, OC

is organic carbon percentage, log(h) is the common logarithm of the absolute value of matric head h in cmwater. The output

(response) variables q1, q2,… q8 are volumetric water contents in m3 m¡3 at eight different matric heads (see Table 1) in case

of the point PTFs, whereas q(h) is the volumetric water content at any preselected matric head h in case of the pseudo-

continuous PTF; in this study, preselected h values corresponded to those of the point PTF.
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0.1. The range of the meta-parameters was obtained from the

preliminary grid searches with large mesh of increment. A

two-round grid search was implemented due to the high

computational cost of the SVR optimisation process for three

parameters simultaneously. Ten-fold cross validation tech-

nique was used in the grid-based search; and the set of C, g, ε

corresponding to the best cross-validation accuracy was

picked and used to calibrate SVR models.

Detailed information about the methodology of this tech-

nique can be found in many previous works, e.g., Lamorski

et al. (2008); Smola and Sch€olkopf (2004); Twarakavi et al.

(2009).

2.3.4. k-Nearest Neighbours
The basic idea of the kNN technique, named similarity-based

technique by Nemes, Rawls, and Pachepsky (2006), is finding

the k Nearest Neighbours from a reference dataset for each

soil in the test dataset in terms of selected input attributes. For

kNN estimation, two design parameters were defined and

used for the estimation procedure, namely the k and p terms.

The k term refers to the number of similar soils to be selected

from the reference data set to estimate the output attributes

for each target soil, while the p term determines the

weightedistance relationship that determines the contribu-

tion of each of the k reference samples to the estimation of the

output attribute, depending on their degree of similarity to the

target soil. Working with extensive soil databases in

temperate regions, Nemes, Rawls, and Pachepsky (2006)

derived regression equations relating the k and p terms with

training data set size. Botula et al. (2013) tested this relation for

soils in the humid tropics and obtained similar results.

Therefore, in this study, we use the proposed formula of

Nemes, Rawls, and Pachepsky (2006) for determining the

designed parameters k and p.

More methodological and calculation details on the whole

procedure can be found in the works of Botula et al. (2013);

Nemes, Rawls, and Pachepsky (2006); Nemes, Rawls,

Pachepsky, and van Genuchten (2006). The kNN algorithm

used in this studywas adapted from the variants developed by

Nemes, Rawls, and Pachepsky (2006) and Botula et al. (2013).

The implementation of the kNN algorithm was done in the

Matlab R2014a environment.

2.4. Evaluation criteria

The evaluation of PTF performance, in terms of accuracy and

reliability, is commonly made and reported through the

comparison of PTF estimated and observed values. As it was

clearly stated by W€osten et al. (2001), accuracy of a PTF is

defined as the correspondence between observed and pre-

dicted data in the training data set, whereas reliability of PTFs

is assessed in terms of correspondence between observed and

predicted data in other independent data sets. In the present

study, three statistical indices, i.e. (1) mean of prediction error

(ME), a measure of the prediction bias which indicates the

over- or under-estimations of a specific model, (2) the root

mean square of the prediction error (RMSE), a measure of the

overall prediction error, and (3) the coefficient of determina-

tion (R2) which indicates the amount of variation in the data

explained by the regressionmodel, were selected to assess the
predictive ability of the derived PTFs in both calibration and

validation phases. These statistical indices were calculated

using the following equations:

ME ¼ 1
N

XN
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RMSE ¼
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where Ei is the ith estimated value, Oi is the ith observed value,

E is the mean of estimated values, O is the mean of observed

values, and N is the number of observations.

For the MLR and SVR approaches, all soil samples in the

training data set were used to evaluate the accuracy of the

derived PTFs (N is equal to 160 and 1280 observations for point

and PC-PTFs, respectively). For the kNN algorithm, the accu-

racy of the models was evaluated based on the leave-one-out

(LOO) procedure as it is an instance-based regression method

which needs separate test data for evaluation. As the name

suggests, during the evaluation procedure, one sample was

left out and the remaining samples were used as the training

data to derive the estimation for the leave-out sample

(Mucherino, Papajorgji,& Pardalos, 2009). Therefore, N¼ 160e

1 ¼ 159 observations for point estimation. In case of PCkNN-

PTF, eight corresponding water retention points of the leave-

out soil were removed, hence N ¼ 1280e8 ¼ 1272 observa-

tions for pseudo-continuous estimation. The reliability of

point PTFs derived by these regression methods was assessed

by using the test data set of N ¼ 29 samples, corresponding to

N ¼ 29 � 8 ¼ 232 samples for PC-PTFs.
3. Results

3.1. Exploratory data analysis

In order to find interrelations of soil properties in the training

data set, an exploratory data analysis was conducted. The

Pearson correlation matrix (Table 2) displayed significant

correlation between soil moisture retained at different

matric potentials and particle size distribution (i.e., sand, silt,

clay content), BD, and OC content. Clay, silt and OC content

were positively correlated with soil water content, whereas

BD and sand content were negatively correlated. The corre-

lation strength between OC or BD, and soil moisture

increased with increasing soil matric potentials (i.e., less

negative), whereas those of clay or sand content rose with

decreasing matric potentials. These observations were ex-

pected because soil structure which determines water con-

tent stored in soils at high potentials is more related to OC

content and BD (Botula et al., 2013; Pachepsky, Rawls, & Lin,

2006), whereas soil water content at the dry end of the SWRC

is primarily determined by adsorption forces in the soil ma-

trix (mainly determined by soil texture, particularly clay

content) (Manrique, Jones, & Dyke, 1991). Additionally, there
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Table 2 e Pearson's correlation coefficients between soil properties in the training data set (N ¼ 160).

Soil
properties

clay silt sand BD OC logOC q-1 kPa q-3 kPa q-6 kPa q-10 kPa q-20 kPa q-33 kPa q-100 kPa q-1500 kPa

clay 1

silt 0.33** 1

sand �0.87** �0.74** 1

BD �0.47** �0.23** 0.45** 1

OC 0.35** 0.07 �0.28** �0.75** 1

logOC 0.61** 0.33** �0.6** �0.80** 1.00** 1

q-1 kPa 0.71** 0.27** �0.64** �0.72** 0.65** 0.75** 1

q-3 kPa 0.74** 0.31** �0.68** �0.72** 0.64** 0.77** 0.99** 1

q-6 kPa 0.80** 0.41** �0.77** �0.68** 0.62** 0.80** 0.94** 0.97** 1

q-10 kPa 0.82** 0.46** �0.82** �0.65** 0.59** 0.80** 0.90** 0.93** 0.99** 1

q-20 kPa 0.84** 0.51** �0.85** �0.63** 0.54** 0.76** 0.84** 0.88** 0.95** 0.98** 1

q-33 kPa 0.82** 0.53** �0.86** �0.61** 0.49** 0.71** 0.79** 0.82** 0.90** 0.94** 0.99** 1

q-100 kPa 0.80** 0.56** �0.85** �0.56** 0.40** 0.65** 0.71** 0.75** 0.82** 0.87** 0.94** 0.98** 1

q-1500 kPa 0.84** 0.54** �0.87** �0.49** 0.33** 0.60** 0.7** 0.74** 0.81** 0.85** 0.90** 0.93** 0.95** 1

** shows significant correlation at 0.01 significance level.

Table 3eMean prediction error (ME) and coefficient of determination (R2) of point PTFs derived based on various regression
techniques, i.e., multiple linear regression (MLR), artificial neural networks (ANN), support vector machines for regression
(SVR), and k-Nearest Neighbours (kNN).

Matric potentials (kPa) Training phase Testing phase

MLR ANN SVR kNN MLR ANN SVR kNN

ME (m3 m�3)

�1 �8.7*10�17 0.0013 �0.0004 �0.0002 �0.040 �0.032 �0.034 �0.028

�3 �1.8*10�16 0.0014 0.0006 �0.0007 �0.046 �0.036 �0.029 �0.031

�6 �1.1*10�16 0.0011 �0.0013 �0.0016 �0.066 �0.043 �0.035 �0.037

�10 �6.3*10�17 0.00002 0.0029 �0.0018 �0.075 �0.050 �0.043 �0.042

�20 �7.6*10�17 0.0002 �0.0009 �0.0024 �0.071 �0.056 �0.054 �0.049

�34 �3*10�17 0.0014 �0.003 �0.0026 �0.061 �0.054 �0.056 �0.049

�100 �8*10�17 0.0006 �0.006 �0.0021 �0.024 �0.034 �0.040 �0.028

�1500 7.4*10�16 0.0001 �0.0004 �0.0005 0.043 0.033 0.035 0.041

Average 1.4*10�17 0.0008 ¡0.001 ¡0.001 ¡0.043 ¡0.034 ¡0.032 ¡0.028

R2

�1 0.71 0.78 0.79 0.68 0.84 0.83 0.88 0.89

�3 0.75 0.81 0.78 0.71 0.84 0.83 0.88 0.90

�6 0.80 0.84 0.79 0.76 0.79 0.83 0.92 0.90

�10 0.83 0.87 0.82 0.79 0.78 0.83 0.87 0.90

�20 0.84 0.88 0.83 0.79 0.84 0.81 0.88 0.89

�34 0.81 0.86 0.81 0.76 0.87 0.82 0.88 0.89

�100 0.77 0.83 0.82 0.73 0.91 0.83 0.91 0.88

�1500 0.79 0.83 0.81 0.76 0.85 0.79 0.82 0.88

Average 0.79 0.84 0.81 0.75 0.84 0.82 0.88 0.89

Fig. 4 e Variation of root mean square error (RMSE) as a function of pF (pF is log(h) where h is matric head expressed in cm

water) in training phase (a) and testing phase (b) of point PTFs derived by multiple linear regression (MLR), artificial neural

networks (ANN), support vector machines for regression (SVR), and k-Nearest Neighbours (kNN) methods.
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Table 4 e Performance evaluation using different statistical indices as RMSE, ME and R2 of point PTFs and PC-PTFs (bold
numbers) developed by multiple linear regression (MLR), artificial neural networks (ANN), support vector machines for
regression (SVR) and k-Nearest Neighbours (kNN) methods.

Regression methods RMSE ME R2

Point PTFs PC-PTFs Point PTFs PC-PTFs Point PTFs PC-PTFs

Accuracy MLR 0.050 0.056 1.4*10�17 ¡3*10¡18 0.79 0.84

ANN 0.043 0.044 0.0008 ¡0.0007 0.84 0.90

SVR 0.049 0.036 �0.001 ¡0.0009 0.81 0.93

kNN 0.055 0.056 �0.001 0.0003 0.75 0.84

Reliability MLR 0.068 0.066 �0.043 ¡0.043 0.84 0.85

ANN 0.053 0.052 �0.034 ¡0.035 0.82 0.90

SVR 0.052 0.068 �0.032 ¡0.044 0.88 0.84

kNN 0.049 0.050 �0.028 ¡0.027 0.89 0.90
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is strong correlation between OC content and soil bulk den-

sity (r ¼ �0.75), confirming that soils with higher organic

matter will concomitantly have lower bulk density. Similarly,

Botula et al. (2013) found a significant though less pro-

nounced (r ¼ �0.382) correlation between OC and BD of

highly weathered soils in the humid tropics, whereas for

temperate forest soils De Vos, Van Meirvenne, Quataert,

Deckers, and Muys (2005) showed that loss-on-ignition

alone was able to explain 57% of the variation in bulk den-

sity (corresponding with r ¼ �0.75). On the other hand, sig-

nificant but weak correlations were observed between clay,

sand contents and OC. This is most probably because the

training data were collected in the region where paddy rice is

the main agricultural practice. Rice soils, coincident with

fine-textured soils, often have high OC accumulation in the

surface due to long-lasting submerged condition of paddy-

rice cultivation (Linh et al., 2015).

The exploratory data analysis also exposed an exponential

relationship between total OC content and soil moisture

content retained at different pressure heads in both data sets.

In order to properly deriving optimal PTFs based on the linear

regression technique, a log-transformation was applied to

resolve the non-linearity problem of total OC content before

conducting MLR analysis. Data mining techniques, on the

other hand, can theoretically handle highly non-linear data,

and therefore original soil variables in the training data set

were used to train ANN, SVR and kNN models.

3.2. Point Pedotransfer functions performance

The R2, ME, and RMSE of point PTFs derived by different

methods are summarised in Table 3 and Fig. 4. All of the four

prediction methods displayed a comparable performance in

the training phase, in which the ANN-PTFs performed best.

The relative high value of coefficient of determination

(average R2 equals 0.79, 0.84, 0.81, and 0.75 for MLR-, ANN-,

SVR- and kNN-PTFs, respectively) indicates that a large pro-

portion of the SWRC variability of training samples can be
Fig. 5 e Scatter plots of observed vs. predicted water content (m

point-PTFs (a) are the point PTFs derived by multiple linear reg

artificial neural networks, SVR-point-PTFs (c) are the point PTFs

point-PTFs (d) are the point PTFs derived by k-Nearest Neighbo
explained by these empirical models using basic soil data (i.e.,

soil texture, BD and OC content). Similarly, the log(h) depen-

dent analysis of RMSE (left panel of Fig. 4) displays satisfactory

accurate estimations of soil water content at different pres-

sure heads with RMSE ranges of 0.040e0.054 m3 m�3 for MLR-

PTFs, 0.036e0.045 m3 m�3 for ANN-PTFs, 0.039e0.053 m3 m�3

for SVR-PTFs, and 0.044e0.059 m3 m�3 for kNN-PTFs. The

scatter plots of observed vs. PTF predicted soil water content

of different models (left panel of Fig. 5), together with

approximately-closed zero values of ME in the training phase

(Table 3), once again strengthen the appropriateness of these

methods in describing SWRC of tropical lowland delta soils.

Most of the points are closely scattered around the reference

1:1 lines and do not exhibit much bias.

Further detailed assessment of all error measures (i.e., ME,

RMSE and R2) of these methods (Table 3 and Fig. 4), however,

expose a marginally worse performance of kNN-PTFs

compared to ANN-, SVR- and MLR-PTFs. The worse perfor-

mance of kNNmodels in the training phase as compared with

MLR models can be explained by the nature of these regres-

sion techniques. In fact, the MLR model, fitted by least square

method, makes a huge assumption about the structure of the

empirical relationship; hence it yields a stable but possibly

inaccurate prediction (i.e., low variance and potentially high

bias). Whereas, the kNN model makes very mild structural

assumptions; therefore, its predictions are often accurate but

can be unstable (i.e., high variance and low bias) (Hastie et al.,

2009). For kNN fits, the error on the training data is approxi-

mately an increasing function of the k parameter; therefore,

an independent test set would give us a more satisfactory

means for comparing the different methods. Obviously, kNN

as well as other pattern recognition techniques like ANN and

SVR were more reliable than MLR models in predicting soil

water retention of independent test samples (Table 3 and right

panel of Figs. 4 and 5). The average values of RMSE, ME and R2

for the validation data set equal 0.049 m3 m�3, �0.028 m3 m�3,

0.89 for kNN-PTFs; 0.052 m3 m�3, �0.032 m3 m�3, 0.88 for SVR-

PTFs; and 0.053 m3 m�3, �0.034 m3 m�3, 0.82 for ANN-PTFs,
3 m¡3) of point PTFs for training and test data sets. MLR-

ression, ANN-point-PTFs (b) are the point PTFs derived by

derived by support vector machines for regression, kNN-

urs method.
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respectively. These results asserted that the reliability of point

PTFs derived by the data mining or pattern-recognition ap-

proaches are much better than that of MLR-PTFs

(RMSE ¼ 0.068 m3 m�3, ME ¼ �0.043 m3 m�3, R2 ¼ 0.84).

The variation of RMSE in relation to soil matric potentials

(right panel of Fig. 4) of all four methods exposed a similar

trend (i.e., RMSE was relatively low at the wet part of the

curve, increased toward the intermediate region, but

decreased again at the dry part) with the extreme climaxes

observed with MLR-PTFs. Comparable patterns of error vari-

ation were also reported by many researchers (Botula et al.,

2013; Haghverdi, Leib, & Cornelis, 2015; Vereecken et al.,

2010). These authors asserted that the accuracy of PTFs in

dependence on the matric potentials are affected by the PTF

type, the data characteristic, and the input attributes

combination.
3.3. Pseudo-continuous Pedotransfer functions

The predictive performance in terms ofME, RMSE and R2 of PC-

PTFs derived by different regressionmethods is summarised in

Table 4. Average statistical indexes of point PTFs derived by

corresponding techniques were concomitantly presented for

the comparison with PC-PTFs performance.

The evaluation of the accuracy and reliability show that

the SVR and MLR techniques are probably not a proper choice

of tools for the development of PC-PTFs, at least within the

context of this study.

Using theMLR technique, the accuracy of derived PC-PTF in

terms of overall prediction error is worse (RMSE ¼ 0.056 m3

m�3) than that of point PTFs (RMSE ¼ 0.05 m3 m�3). The points

of the scatter plot of PCMLR-PTFs (Fig. 6) are more dispersed

with a sign of underestimation in the wet moisture range and

overestimation in the dry moisture range compared to those

of point PTFs derived by the same method (Fig. 5). The reli-

ability of PCMLR-PTF in terms of validation error (RMSE ¼ 0.066

m3m�3) is comparablewith the average value of pointMLR PTFs

(RMSE ¼ 0.068 m3 m�3).

Regarding SVR, the results show that the PCSVR-PTF derived

based on the optimal SVRmeta-parameters obtained from the

10-fold cross validation process (i.e., C ¼ 1, g ¼ 0.6, ε ¼ 0.05)

offers a good fit to the training data set with R2 ¼ 0.93,

ME ¼ �0.0009 m3 m�3, and RMSE ¼ 0.036 m3 m�3. The scatter

plot of PCSVR-PTF displays a substantial agreement between

observed and PC-PTF predicted water content (Fig. 6). How-

ever, the validation result of the derived PCSVR-PTF exposes a

poor generalisation performance to the test samples. The

validation error is rather high (RMSE ¼ 0.068 m3 m�3) and in

the same order of magnitude with the one yielded by PCMLR-

PTF.

The PC-PTF approach was recommended for limited

available training data when developed by highly data-

demanding techniques (Haghverdi et al., 2012). The
Fig. 6 e Scatter plots of observed vs. predicted water content (m3

(a) is the PC-PTF derived by multiple linear regression, ANN-PC

SVR-PC-PTF (c) is the PC-PTF derived by support vector machine

by k-Nearest Neighbours method.
suitability of the ANN method in developing PC-PTFs, which

was reported in the studies of Haghverdi et al. (2012, 2014) for

soils in dry regions, was confirmed in this study for soils in the

tropical humid delta in both training (R2 ¼ 0.90,

ME ¼ �0.0007 m3 m�3, and RMSE ¼ 0.044 m3 m�3) and testing

phase (R2 ¼ 0.90, ME ¼ �0.035 m3 m�3, and

RMSE ¼ 0.052 m3 m�3).

As regards the kNN method, which was actually applied in

this study for the first time to develop PC-PTF, the accuracy of

PCkNN-PTF (RMSE ¼ 0.056 m3 m�3) was comparable to that of

pointkNN PTFs (RMSE ¼ 0.055 m3 m�3). A similar agreement in

terms of R2 and graphical correspondence between measured

and predicted water content was also observed (Table 4 and

Fig. 6). The reliability of such PCkNN-PTF on the test samples

was as good as the pointkNN PTFs (RMSE ¼ 0.05 m3 m�3, and

R2 ¼ 0.9).

Regardless of PTF types and regression methods, all

derived PTFs underestimate the soil water content of the test

samples (ME < 0; right panel in Figs. 5 and 6). Although soils in

the test data set came from the same population as the

training data, the bias of the estimationmight probably be due

to temporal variation of soil hydraulic characteristics as a

result of changes in land use types and soil management (Or&

Wraith, 2002). Nonetheless, the predicted SWRC from out-

performing PTFs (i.e., PTFs derived by SVR for point estima-

tion, ANN and kNN for both point and pseudo-continuous

estimation) are of acceptable accuracy for indirect estimation

approaches, as these RMSE values (Table 4) are in the typical

RMSE ranges reported by Vereecken et al. (2010).
4. Discussion

The generalisation strength of data mining techniques (i.e.,

ANN, kNN and SVM) reported in previous studies, e.g., Botula

et al. (2013); Haghverdi et al. (2012); Patil et al. (2013);

Twarakavi et al. (2009) was confirmed in this study for point

estimation of SWRC of tropical delta soils. Indeed, the pattern

recognition techniques of SVR, kNN and ANN do not appear to

rely on any stringent assumption about the underlying data

and can adapt to any situation, hence providing flexible and

reliable estimation (Hastie et al., 2009).

Good generalisation performance of the point PTFs derived

by the SVR technique might probably result from the imple-

mentation of a structural risk minimisation in the optimisa-

tion algorithm (i.e. minimising a test error by controlling two

contradictory factors: a risk function from empirical data and

a capacity for the set of real-valued functions). This aspect

leads to a better generalisation capacity of SVRmodels for new

samples as compared to the statistical linear regression

models which employed only empirical risk minimisation (i.e.

minimising a training error bymaximising the goodness-of-fit

to the training data). Also, the satisfactory generalisation
m¡3) of PC-PTF for training and test data sets. MLR-PC-PTF

-PTF (b) is the PC-PTF derived by artificial neural networks,

s for regression, and kNN-PC-PTF (d) is the PC-PTF derived
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performance of kNN-PTFs in estimating SWRC of independent

test samples would possibly be explained by the similarity-

based nature of the kNN model together with the likeliness

of SWRC of soils in both training and testing data sets (i.e. they

were collected from the same study area e VMD). Indeed,

Perkins and Nimmo (2009) and Botula et al. (2013) have

stressed that the predictive capability of PTFs derived by

pattern recognition techniques depends on the quality and

the representability of the training data to soils for which one

needs to predict SWRC. The well-defined ability of the ANN

technique to mimic the inputseoutputs relationship of com-

plex soil water systems (Pachepsky & Schaap, 2004) might

probably explain the adequate performance of ANN-PTFs in

both training and testing phases of point and pseudo-

continuous estimation. Inversely, the MLR models were con-

structed based on rigorous structural assumptions of the

relationship between SWRC and other soil variables. Hence,

the regression equations yield stable but possibly inaccurate

estimation (Hastie et al., 2009). It is manifested by poor results

of pointMLR PTFs with test data in this study.

It is important, however, not to overemphasise the gener-

alisation performance of data mining techniques. The pre-

diction capacity of PC-PTFs derived by SVR method for new

test samples is comparable with that of statistical linear

regression models. The poor generalisation performance of

PCSVR-PTF in this study opposes to the strengths of SVM al-

gorithms (i.e., promising generalisation performance and ca-

pacity to handle with non-linear data), which have been

reclaimed by other researchers (Lamorski et al., 2008;

Twarakavi et al., 2009) for other PTF types (i.e., point-PTFs

and parameter-based PTFs). The counter result in the pre-

sent study is supported by the study of Haghverdi et al. (2014).

They noted that for the application of the SVM technique,

using only the statistical mean square error (MSE) index to

select the optimal model is insufficient for PC-PTF type,

because the models that show satisfactory values of mean

square error in the training phase are the ones displaying a

linear relationship between soil-water content and the loga-

rithm of soil matric head. The reliability of PCSVR-PTF is

therefore similar to that of PCMLR-PTF.

Although in contrast with MLR and SVR models, both the

point and pseudo-continuous kNN models provide better

estimation of SWRCwhenusing independent target samples, it

is important to note the limitation of the kNN method in

developing PC-PTF. Unlike other parametric regression tech-

niques (i.e., MLR, ANN, SVM) which define relationships of soil

properties under mathematical functions, the kNN is a non-

parametric regression technique which is limited in its ca-

pacity to provide a continuous prediction of SWRC. Moreover,

as the concept of PC-PTFs in combination with the kNN tech-

nique was applied for the first time in this study, wewould like

to clarify the difference of this PCkNN-PTF from that of Nemes,

Rawls, and Pachepsky (2006). Since the pseudo-continuous

topology considers matric potential as extra input variable,

the PC-PTF could consider multiple water retention points of a

particular soil in the reference/training data which has basic

soil properties very similar to the target soils as nearest

neighbours. Such selection opposes to the classical kNN-PTF

for point estimation (i.e., selecting multiple soils). Therefore,

it should actually be considered as point PTF with matric head
as additional input variable for the estimation of several points

of SWRC. A continuous SWRC can then be obtained by fitting

analytical equations to multiple predicted water retention

points. Recently, Haghverdi et al. (2015) have introduced kNN-

VG-PTFs in which a non-parametric kNN technique was

applied in combination with the van Genuchtenmodel. By this

way, any points of SWRC of the target sample could be esti-

mated based on the VG parameters of nearest samples with-

drawn from the reference database. Such PTFs showed

reasonable accuracy and reliability in comparison with other

well-known parameter based PTFs. However, as we already

presented in the introduction section, this type of PTFs is

beyond the scope of this work andwas not tested in this study.

It is worthy to notice the important sign provided by the

scatter plots of both PTFs types (point vs. PC) derived by

various regression methods in the training phase. The fact

that the tip of the data plumes (at high matric potentials) is

mostly below the 1:1 reference line (left panel of Figs. 4 and 5),

might indicate that in this study significant predictors of

SWRC might not be optimally identified at high matric po-

tentials. It has been widely shown that soil water retention at

high matric potential is primarily determined by the soil-pore

system, or in other terms ‘soil structure’. Moreover, in the

study of Pulido Moncada (2014), soil structure has been re-

ported as the temporal indicator of the change of soil quality.

As it is manifested with the mean test error in the present

study, soil temporal variability is probably one of the hin-

drances of PTF's transferability. Utilising soil structure infor-

mation as one of PTFs predictors is expectedly to improve

PTFs' performance (Vereecken et al., 2010). Nguyen et al. (2014)

recently reported that incorporating categorical soil structure

information in point PTFs developed by the MLR technique

improved the accuracy of the SWRC estimation of tropical

paddy soils. It is interesting to further investigate whether

such improved effect will still be captured by different data

mining techniques and for other PTF types.
5. Conclusions

This study presented the development and validation of point

and PC-PTFs to estimate SWRC of tropical delta soils from

basic soil properties using various regression techniques like

MLR, ANN, SVR and kNN. Evaluating the accuracy and reli-

ability of derived PTFs asserted that all four regression tech-

niques provide comparable accuracy in estimation of soil-

water content at specific matric potentials, but the reliability

of point PTFs derived by pattern recognition techniques of

ANN, SVR and kNN was better than that of MLR. In case of PC-

PTF, ANN generates more accurate and reliable PTFs than SVR

and MLR. Although the kNN approach also performed well

with the topological structure of PC-PTFs (i.e., using the loga-

rithm of matric head as extra input variable), it is a non-

parametric regression technique with a limited capacity to

provide a continuous SWRC prediction.

The evaluation results confirm the superiority of the ANN

and kNN approaches in modelling the relationship between

soil and water as a complex system even when a limited

dataset is available. These findings are significantly important

for tropical delta regions, where only very few limited data are
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available for PTFs development, despite the growing demand

to develop soil databases in such regions. Due to the black-box

and user-defined natures of ANN techniques, the practical

implementation of this technique has not usually been

transparent to all PTF users. The usage of the kNNmethod, on

the other hand, would have greater benefits because of its

flexibility, simplicity, accuracy and capacity to append new

observations in training data sets without the need to rede-

velop the models again.

In order to cope with the limitation of PTFs' transferability
caused by temporal variation of soil hydraulic properties,

incorporating soil properties which reflect the temporal

change of soil quality, e.g. soil structure, might be helpful to

improve PTF accuracy and reliability. Future research about

the improved effects of soil structural information on SWRC

estimation in combination with different regression methods

is recommended.
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Baydaro�glu, €O., & Koçak, K. (2014). SVR-based prediction of
evaporation combined with chaotic approach. Journal of
Hydrology, 508(0), 356e363. http://dx.doi.org/10.1016/
j.jhydrol.2013.11.008.

Botula, Y. D., Nemes, A., Mafuka, P., Van Ranst, E., &
Cornelis, W. M. (2013). Prediction of water retention of soils
from the humid tropics by the nonparametric k-nearest
neighbor approach. Vadose Zone Journal, 12(2), 1e17. http://
dx.doi.org/10.2136/vzj2012.0123.

Botula, Y.-D., Van Ranst, E., & Cornelis, W. M. (2014). Pedotransfer
functions to predict water retention for soils of the humid
tropics: A review. Revista Brasileira de Ciência do Solo, 38, 679e698.

Brooks, R. H., & Corey, A. T. (1964). Hydraulic properties of porous
media Hydrology Paper 3. Fort Collins, Colorado, USA: Colorado
State University.

Campbell, G. S. (1974). A simple method for determining
unsaturated conductivity from moisture retention data. Soil
Science, 117, 311e314.

Cornelis, W. M., Khlosi, M., Hartmann, R., Van Meirvenne, M., &
De Vos, B. (2005). Comparison of unimodal analytical
expressions for the soil-water retention curve. Soil Science
Society of America Journal, 69(6), 1902e1911. http://dx.doi.org/
10.2136/sssaj2004.0238.

Cornelis, W. M., Ronsyn, J., Van Meirvenne, M., & Hartmann, R.
(2001). Evaluation of pedotransfer functions for predicting the
soil moisture retention curve. Soil Science Society of America
Journal, 65(3), 638e648. http://dx.doi.org/10.2136/
sssaj2001.653638x.

De Vos, B., Van Meirvenne, M., Quataert, P., Deckers, J., & Muys, B.
(2005). Predictive quality of pedotransfer functions for
estimating bulk density of forest soils. Soil Science Society of
America Journal, 69(2), 500e510. http://dx.doi.org/10.2136/
sssaj2005.0500.

Demuth, H., & Beale, M. (2000). Neural network toolbox. Mathworks,
Inc.

Ebrahimi, E., Bayat, H., Neyshaburi, M. R., & Zare Abyaneh, H.
(2013). Prediction capability of different soil water retention
curve models using artificial neural networks. Archives of
Agronomy and Soil Science, 60(6), 859e879. http://dx.doi.org/
10.1080/03650340.2013.837219.

Efron, B., & Tibshirani, R. J. (1993). An introduction to the bootstrap.
New York: Chapman and Hall.

Gee, G. W., & Bauder, J. W. (1986). Particle-size analysis. In
A. Klute (Ed.), Methods of soil analysis. Part 1. Physical and
Mineralogical methods (pp. 383e411). Madison, Wisconsin, USA:
American Society of Agronomy.

van Genuchten, M. T. (1980). A closed-form equation for
predicting the hydraulic conductivity of unsaturated soils. Soil
Science Society of America Journal, 44(5), 892e898. http://
dx.doi.org/10.2136/sssaj1980.03615995004400050002x.

Grossman, R. B., & Reinsch, T. G. (2002). Bulk density and linear
extensibility. In J. H. Dane, & G. C. Topp (Eds.), Methods of soil
Analysis: Physical methods, Part 4 (pp. 201e228). Madison, USA:
Soil Science Society of America.

Gupta, S. C., & Larson, W. E. (1979). Estimating soil water retention
characteristics from particle size distribution, organic matter
percent, and bulk density. Water Resources Research, 15(6),
1633e1635.

Haghverdi, A., Cornelis, W. M., & Ghahraman, B. (2012). A pseudo-
continuous neural network approach for developing water
retention pedotransfer functions with limited data. Journal of
Hydrology, 442e443, 46e54. http://dx.doi.org/10.1016/
j.jhydrol.2012.03.036.

Haghverdi, A., Leib, B. G., & Cornelis, W. M. (2015). A simple
nearest-neighbor technique to predict the soil water retention
curve. Transactions of the ASABE, 58(3), 697e705.

Haghverdi, A., €Oztürk, H. S., & Cornelis, W. M. (2014). Revisiting
the pseudo continuous pedotransfer function concept: Impact
of data quality and data mining method. Geoderma, 226e227,
31e38. http://dx.doi.org/10.1016/j.geoderma.2014.02.026.

Hastie, T., Tibshirani, R., & Friedman, J. (2009). The elements of
statistical learning: Data mining, inference, and prediction. New
York: Springer.

Hodnett, M. G., & Tomasella, J. (2002). Marked differences
between van Genuchten soil water-retention parameters for
temperate and tropical soils: A new water-retention pedo-
transfer functions developed for tropical soils. Geoderma,
108(3e4), 155e180. http://dx.doi.org/10.1016/S0016-7061(02)
00105-2.

Hong, W.-C., & Pai, P.-F. (2007). Potential assessment of the
support vector regression technique in rainfall forecasting.
Water Resources Management, 21(2), 495e513. http://dx.doi.org/
10.1007/s11269-006-9026-2.

Hu, J., Liu, J., Liu, Y., & Gao, C. (2011). EMD-KNN model for annual
average rainfall forecasting. Journal of Hydrologic Engineering,
18(11), 1450e1457. http://dx.doi.org/10.1061/(asce)he.1943-
5584.0000481.

IUSS Working Group WRB.. (2014). World Reference Base for Soil
Resources 2014. International soil classification system for naming
soils and creating legends for soil maps. World Soil Resources
Reports No. 106 (2nd ed.). Rome: FAO.

Khlosi, M., Alhamdoosh, M., Douaik, A., Gabriels, D., &
Cornelis, W. M. (2016). Enhanced pedotransfer functions with

http://dx.doi.org/10.1016/j.compag.2013.01.005
http://dx.doi.org/10.1016/j.jhydrol.2013.11.008
http://dx.doi.org/10.1016/j.jhydrol.2013.11.008
http://dx.doi.org/10.2136/vzj2012.0123
http://dx.doi.org/10.2136/vzj2012.0123
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref4
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref4
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref4
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref4
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref4
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref5
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref5
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref5
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref6
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref6
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref6
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref6
http://dx.doi.org/10.2136/sssaj2004.0238
http://dx.doi.org/10.2136/sssaj2004.0238
http://dx.doi.org/10.2136/sssaj2001.653638x
http://dx.doi.org/10.2136/sssaj2001.653638x
http://dx.doi.org/10.2136/sssaj2005.0500
http://dx.doi.org/10.2136/sssaj2005.0500
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref10
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref10
http://dx.doi.org/10.1080/03650340.2013.837219
http://dx.doi.org/10.1080/03650340.2013.837219
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref12
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref12
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref13
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref13
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref13
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref13
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref13
http://dx.doi.org/10.2136/sssaj1980.03615995004400050002x
http://dx.doi.org/10.2136/sssaj1980.03615995004400050002x
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref15
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref15
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref15
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref15
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref15
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref16
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref16
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref16
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref16
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref16
http://dx.doi.org/10.1016/j.jhydrol.2012.03.036
http://dx.doi.org/10.1016/j.jhydrol.2012.03.036
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref18
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref18
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref18
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref18
http://dx.doi.org/10.1016/j.geoderma.2014.02.026
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref20
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref20
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref20
http://dx.doi.org/10.1016/S0016-7061(02)00105-2
http://dx.doi.org/10.1016/S0016-7061(02)00105-2
http://dx.doi.org/10.1007/s11269-006-9026-2
http://dx.doi.org/10.1007/s11269-006-9026-2
http://dx.doi.org/10.1061/(asce)he.1943-5584.0000481
http://dx.doi.org/10.1061/(asce)he.1943-5584.0000481
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref24
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref24
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref24
http://refhub.elsevier.com/S1537-5110(16)30053-8/sref24
http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013
http://dx.doi.org/10.1016/j.biosystemseng.2016.10.013


b i o s y s t em s e n g i n e e r i n g 1 5 3 ( 2 0 1 7 ) 1 2e2 726
support vector machines to predict water retention of
calcareous soil. European Journal of Soil Science, 67(3), 276e284.
http://dx.doi.org/10.1111/ejss.12345.

Kutner, M. H., Nachtsheim, C. J., Neter, J., & Li, W. (2005). Applied
linear statistical models (5 ed., Vol. 6). United States: McGraw-
Hill New York.

Lamorski, K., Pachepsky, Y., Sławi�nski, C., & Walczak, R. T. (2008).
Using support vector machines to develop pedotransfer
functions for water retention of soils in Poland. Soil Science
Society of America Journal, 72(5), 1243e1247. http://dx.doi.org/
10.2136/sssaj2007.0280N.

Le, V. K. (2003). Physical fertility of typical Mekong delta soils
(Vietnam) and land suitability assessment for alternative crops with
rice cultivation. Ph.D Dissertation. Ghent University: Ghent
University.

Linh, T. B., Sleutel, S., Elsacker, S. V., Guong, V. T., Khoa, L. V., &
Cornelis, W. M. (2015). Inclusion of upland crops in rice-based
rotations affects chemical properties of clay soil. Soil Use and
Management, 31(2), 313e320. http://dx.doi.org/10.1111/
sum.12174.

Manrique, L. A., Jones, C. A., & Dyke, P. T. (1991). Predicting soil
water retention characteristics from soil physical and
chemical properties. Communications in Soil Science and Plant
Analysis, 22(17e18), 1847e1860. http://dx.doi.org/10.1080/
00103629109368540.

Mayr, T., & Jarvis, N. J. (1999). Pedotransfer functions to estimate
soil water retention parameters for a modified BrookseCorey
type model. Geoderma, 91(1e2), 1e9. http://dx.doi.org/10.1016/
S0016-7061(98)00129-3.
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