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suction in the pore water. SWR data are required for model-
ing the hydraulic and mechanical behavior of unsaturated 
soils (Karube and Kaway 2001, Fredlund 2006, Angelaki et 
al. 2023) and understanding the influence of changing envi-
ronmental conditions at the highly dynamic soil-atmosphere 
interface of geo-structures (Cui 2022). Knowledge of the 
SWR data is necessary for modeling soil water movement 
and assessing soil water holding capacity and availability 
in soil science, as well as geotechnical and environmental 
engineering. However, SWR data measurements for wide 
ranges of soil suction, either in situ or in a laboratory, are 
often time-consuming and costly (Masrouri et al. 2008; 
Fredlund and Fredlund 2020) and implicate intensive field 
sampling campaigns (Montzka et al. 2017). Hence, con-
siderable efforts have been invested in developing indirect 
methods for estimating SWR data when limited or no test 
results are available (Botula et al. 2014).

Initially proposed by Bouma (1989), the development of 
pedotransfer functions (PTFs) has gained prominence since 
then. These functions provide an empirical relationship 

Introduction

The term soil water retention (SWR) or soil water char-
acteristic (SWC) curve refers to the relationship between 
the amount of water in the soil and the corresponding soil 
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Knowledge of the soil water retention (SWR) data is necessary for modeling soil water movement and assessing soil water 
holding capacity and availability. Since direct measurement is often time-consuming and costly, pedotransfer functions 
(PTFs) have been widely used to predict SWR data from basic soil physical properties. Considering the limited avail-
ability of PTFs derived from tropical soils, this paper developed artificial neural networks based on the pseudo-continuous 
approach (NN-PTFs) to predict SWR data for Brazilian soils. Natural logarithm of soil suction, ln (h), is considered as 
an extra input parameter in this approach. It enables to predict SWR data at any desired soil suction as it results in more 
extensive and useful database. The analysis was conducted on a previously compiled hydrophysical database for Brazil-
ian soils representing a variety of soil compositions. The results demonstrated high accuracy and reliability in estimating 
SWR data, with an overall error of 0.045 cm³.cm−³, when incorporating both soil texture (i.e., clay, silt, and sand fractions) 
and soil structure-related properties (i.e., soil density, particle density and organic matter content) as input parameters. 
Moreover, the proposed NN-PTFs outperformed PTFs developed for temperate climates, as well as equation-based PTFs 
derived for specific tropical locals, particularly for weathered soils. The results highlight not only the potential of using 
NN-PTFs to predict pseudo-continuous SWR curve in preliminary studies, but also their flexibility and the benefits of not 
limiting the SWR data to a pre-defined function.
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between soil hydraulic properties and basic soil properties 
(Wösten et al. 2001; Chin et al. 2010; Zhang and Schaap 
2019). SWR data exhibit a non-linear nature, hysteresis, and 
are influenced by several factors, including soil type, soil 
structure and density, and the initial state of the soil sample 
(Masrouri et al. 2008). Soil physical properties such as the 
particle size distribution, bulk density (BD) and organic 
matter content (OM) are often used to predict SWR data 
(Rawls et al. 1991; Al Majou et al. 2018).

Most methods used for creating PTFs are empirical, with 
their parameters calibrated using existing hydraulic soil data 
(Van Looy et al. 2017). Vereecken et al. (2010) highlighted 
two main categories of PTFs: linear and non-linear regres-
sions, which are popular due to their simplicity; and data 
mining and exploration techniques, including artificial neu-
ral-networks (NNs), k-nearest neighbors (k-NNs), support 
vector machines, and decision trees. There has been a recent 
surge in interest in the latter group, as several studies have 
proved its ability to model the complex soil-water inter-
actions with superior and reliable prediction performance 
(Botula et al. 2013; Nguyen et al. 2017).

NNs work similarly to the human brain and nervous sys-
tem. They consist of a series of processing elements called 
neurons, organized in layers between the input and output 
layers. The connections between neurons are represented by 
connection weights, which are fitted using specific learn-
ing algorithms. The technique is remarkable for its ability 
to learn and generalize knowledge (Shahin 2013). NNs are 
also data-driven, allowing them to uncover implicit rela-
tionships between input and output data. This makes them 
particularly well-suited for handling large databases, a 
challenge for traditional regression methods (Schaap et al. 
2001). Finally, the need for a pre-determined SWR func-
tion (i.e., van Genuchten 190) or pre-selected called critical 
SWR points (Ren et al. 2020) is eliminated.

Several studies can be found in the literature that use 
NN-PTFs for prediting SWR data (Pachepsky et al. 1996, 
Schaap and Boulten 1996; Minasny et al. 1999; Schaap et 
al. 2001; Borgesen and Schaap 2005; Haghverdi et al. 2012, 
Haghverdi et al. 2014, 2015, 2018; Nguyen et al. 2017; Saha 
et al. 2018; Pham et al. 2019). There are three commonly 
used approaches for developing NN-PTFs: point, paramet-
ric, and pseudo-continuous. The point approach estimates 
SWR data at pre-defined suctions values, but it does not 
provide a continuous SWR curve. The parametric approach 
estimates model parameters of a pre-defined SWR function, 
which can express the SWR curve in a closed and continu-
ous form, such as the van Genuchten (1980) model. Some 
researchers (Tomasella et al. 2003; Vereecken et al. 2010) 
have pointed out problems in correlating the parameters 
of these models with soil physical properties and consider 

parametric estimations generally less accurate than those 
from PTFs based on the point approach.

Haghverdi et al. (2012) proposed a called pseudo-con-
tinuous approach, which considers the natural logarithmic 
of suction as an additional input parameter. This addition 
allows the user to predict water content (θh) at the soil suc-
tion (h) used as a predictor. Therefore, when using a wide 
range of suctions as inputs, a corresponding range of water 
content values will be predicted, resulting in a pseudo-con-
tinuous SWR curve (Haghverdi et al. 2012). The researchers 
demonstrate that their approach outperformed parametric 
NN-PTFs approach and performed slightly better than the 
point NN-PTFs approach for soils from Iran and Australia. 
The called pseudo-continuous approach also yielded good 
results for soils from Turkey and Belgium (Haghverdi et al. 
2014, 2018), the United States (Haghverdi et al. 2015), Viet-
nam (Nguyen et al. 2017), and North America and Europe 
(Pham et al. 2019).

The NN-PTFs performance is not only influenced by the 
good correlation between the desired output and the avail-
able inputs but is also affected by the quality and extent 
of the database used in the model’s creation and valida-
tion (Schaap and Leij 1998; Nguyen et al. 2017). In most 
tropical soil regions, there is insufficient soil hydraulic data 
available for PTF development. Therefore, for these areas, 
it is common to apply PTFs derived from temperate soils, 
where extensive databases are available (Haghverdi et al. 
2012). However, several studies have highlighted limited 
performance in these cases, mainly due to differences in 
physical and chemical properties between temperate and 
tropical soils (Tomasella et al. 2000; Hodnett and Tomasella 
2002; Botula et al. 2012; Ottoni et al. 2018, 2019). Residual 
highly weathered soils from tropical and subtropical regions 
typically exhibit well-defined macrostructures (inter-aggre-
gate) and microstructures (intra-aggregate) caused by strong 
weathering and leaching processes. Consequently, these 
soils may present a bimodal pore-size distribution and SWR 
curve rather than the conventional unimodal shape (Feuer-
harmel et al. 2006; Miguel and Bonder 2012). Haghverdi 
et al. (2020) do not recommend developing parametric 
PTFs using bimodal variants due to their poor performance, 
which is associated with their high number of free param-
eters. Additionally, the clay fraction of temperate soils only 
minimally covers the variation in the higher clay content 
typically found in tropical soils (Tomasella and Hodnett 
2004).

Barros and Jong van Lier (2014) conducted an extensive 
review of PTFs for predicting SWR data of Brazilian soils. 
Most of these studies focused on parametric PTFs that esti-
mates van Genuchten (1980) equation parameters using lin-
ear and non-linear regressions. However, limited databases 
or specific geographical regions have been investigated 
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(e.g., Reichert et al. 2009; Medrado and Lima 2014), and/
or some predictors are not easily accessible (e.g., Hodnett 
and Tomasella 2002; Tomasella et al. 2003), restricting their 
applicability.

The advent of HYBRAS (Hydrophysical Database for 
Brazilian Soils) (Ottoni et al. 2018, 2019) has provided 
a large and consistent hydrophysical data for soils across 
Brazilian territory. In order to overcome the lack of PTFs 
development to estimate SWR data representing a variety 
of soil compositions under tropical and subtropical condi-
tions, this paper aims to: (1) develop NN- PTFs based on 
the pseudo-continuous approach to estimate SWR data for 
Brazilian soils using available soil physical properties (e.g., 
soil texture, bulk density, particle density, total porosity, 
organic matter content); (2) explore different combinations 
of input parameters and architectures to improve the accu-
racy of the proposed models; (3) investigate the NN-PTFs 
ability to predict a wide range of suction values on the SWR 
data for various soil textural classes and pedogenic origins; 
and (4) assess the reliability of the models proposed using 
an independent validation set and compare their accuracy 
with the results obtained from PTFs models in the literature, 
developed for different tropical and temperate regions.

Materials and methods

Data collection and preparation for training and 
prediction

Due to the wide diversity of pedogenesis and soil forma-
tion factors, the Brazilian territory exhibits a variety of soils 
across its continental extension. The HYBRAS (Ottoni et 
al. 2018; 2019) compiled information on the physical and 
hydraulic properties of numerous Brazilian soils, sourced 
from over 30 scientific studies. For this study, an initial com-
pilation of 770 soil samples was undertaken. The selection 
criteria considered the joint availability of texture informa-
tion (i.e., mass percentages of sand, silt and clay fractions), 
along with bulk density (BD), particle density (PD), total 
porosity (n) and organic matter content (OM), all used as 
input parameters; and soil water content data (θ) measured 
across a broad suction (h) range (0-1500 kPa), used as the 
output parameter. Given the influence of outliers on the 
performance of NN-PTFs (Pham et al. 2019), data quality 
was upheld by applying Tukey’s rule to remove outliers 
from each soil input parameter. Outliers were observed in 
33 soil samples characterized by high organic matter con-
tent (> 8.21%) and particle density values exceeding 3.08, 
which were underrepresented within the data set. Moreover, 
it was also ensured no increase in soil water content values 
during the drying SWR path. Finally, the assembled data set 

consisted of 737 soil samples, with a total of 5818 experi-
mental points (θ,h).

The input parameters selection for PTFs development 
is typically based on prior knowledge. As previously men-
tioned, the SWR behavior is influenced by several factors, 
and the chosen input parameters are designed to address 
these influences: soil texture is represented through the 
distribution ratio of clay, silt and sand contents (SSC); soil 
structure and initial state of the soil sample are captured by 
variables such as BD, PD, n and OM; while the soil stress 
state is represented by the soil suction natural logarithm 
ln(h).

The experimental pairs of SWR data (θ,h) were predomi-
nantly obtained through methods that directly measured 
suction and water content (e.g., the pressure plate method). 
Tests were conducted on undisturbed and initially saturated 
soil samples (Ottoni et al. 2018, 2019), representing the 
drying (desorption) SWR data of the soils under investiga-
tion. Substantial understanding of unsaturated soil behavior 
can be accrued by focusing on the drying path as its esti-
mations prove suitable for most geotechnical engineering 
applications (Fredlund and Fredlund 2020). Soil specimens 
with volume size within 46 and 102 cm³ were often used 
to determine the experimental points (∼92% of θ measure-
ments with size information). Particle size distributions 
were all within the limits of the American classification 
system USDA-FAO (clay < 0.002 mm, silt 0.002–0.05 mm, 
and sand 0.05-2 mm). Bulk density (BD) was determined by 
the volumetric ring method, while particle density (PD) was 
primarily determined using the volumetric flask and pyc-
nometer methods. Total porosity (n) was calculated as the 
ratio (n = 1 - BD/PD) and organic matter content (OM) was 
obtained from Walkley and Black (1934) titration method.

The 737 soil samples covers 40 cities across 12 of Bra-
zil’s 26 states. Most of the data originates from southern 
Brazil (~ 43%), with additional data from Northeast, South-
east and Brazilian Amazonia regions (Fig. 1). The main soil 
groups within the data set according to the FAO soil classi-
fication system (IUSS Working Group WRB 2015), include 
Planosols (169 samples), Ferralsols (169 samples) and 
Acrisols (132 samples). The latter two are representative 
of weathered tropical environments, which predominate in 
Brazil and account for 60% of the nation’s territory (Ottoni 
et al. 2014). The remaining soils also included Nitisols (97), 
Gleysols (72), Cambisols (62), Podzols (14), Phaeozems 
(11), Regosols (6) and Histosols (5). The soil saturated 
hydraulic conductivity (Ks) across these soils ranged from 
1.5 × 10− 7 to 3.5 × 10− 4 m/s.

The available database was split into two distinct sets as 
follows: (a) the training data set comprised 553 soil samples 
(75%) and was employed as the basis for calibrating the 
parameters of the proposed NN-PTFs; and (b) a validation 
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maximum and standard deviation (δ) values for each soil 
property across the entire investigated database within both 
calibration and validating sets.

The soils predominantly occupy the central and left por-
tions of the USDA soil textural triangle (Fig. 2). Across the 
data set, 10 textural classes are represented, encompassing 
diverse soil types and hydraulic properties. Notably, a lack 
of soils with high silt content is observed, a characteristic 
representation of weathered soils (Ottoni et al. 2019). The 
preponderance of very coarse and very fine particles, rela-
tive to particles of intermediate sizes, underscores the criti-
cal role that particle packing patterns and soil structure play 
in shaping tropical soil hydraulic properties (Tomasella et 
al. 2003). Figure 2 also shows measured SWR points for all 
soils within each set, once again highlighting the variability 
of soils and curves across the investigated data.

data set composed by the remaining 184 soil samples (25%). 
This set served the purpose of testing the robustness of the 
proposed NN-PTFs (i.e., can yield predictions with enough 
accuracy when exposed to new patterns not encountered 
during the model’s calibration phase). Additionally, the 
performance of these proposed NN-PTFs for the validation 
data set was compared with predictions generated by PTFs 
previously published in the literature. The data division fol-
lowed a trial-and-error process to guarantee that the calibra-
tion and validation sets were statistically homogeneous and 
thus represent the same statistical population, preventing 
biased results from the models. And so, t- and F-tests were 
carried out to examine the null hypothesis of no significant 
differences in the means and standard deviations (δ) between 
data sets, respectively. The tests were carried out with a con-
fidence level of 95%. Table 1 describes the minimum, mean, 

Fig. 1  Distribution of the investigated soil samples within Brazil-
ian territory. The darker blue areas correspond to states with higher 
representativeness within the data set. The map also shows the main 

geographical regions of Brazil, namely N-north, NE-northeast, CW-
central-western, SE-southeast, and S-south
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Table 1  Statistical description of soil properties for the whole training and validation data sets
Soil Properties Training Set (n = 553) Validation Set (n = 184)

Minimum Mean Maximum δ Minimum Mean Maximum δ
Clay (%) 0.00 35.01 96.00 22.19 3.00 34.15 89.00 20.87
Silt (%) 0.00 23.82 60.84 15.07 0.00 23.32 53.90 14.75
Sand (%) 0.40 41.17 97.99 23.64 1.60 42.53 95.73 22.90
Bulk Density (g.cm− 3) 0.45 1.39 2.01 0.27 0.56 1.41 1.82 0.25
Particle Density (g.cm−³) 2.18 2.58 3.08 0.13 2.18 2.57 3.08 0.14
Organic Matter (%) 0.08 2.27 8.21 1.60 0.17 2.26 7.87 1.76
Total Porosity (n) 0.24 0.46 0.83 0.11 0.26 0.45 0.75 0.10

Fig. 2  Distribution of soil samples regarding clay, silt, and sand per-
centage within the USDA textural triangle for (a) training set and (b) 
validation set. The soil texture classes are clay (C), sandy clay (SC), 
clay loam (CL), sandy clay loam (SCL), sandy loam (SL), loamy sand 

(LS), sand (S), loam (L), silty clay (SiC), silty clay loam (SiCL), silt 
loam (SiL) and silt (Si). SWR measured data of all samples are also 
shown for each set
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too few neurons in the hidden layer leads to an excessively 
simple model that fails to capture all patterns withing the 
data set (underfitting). Conversely, when too many neurons 
are used, the NN-PTF model learns training set particulari-
ties, leading to the memorization of input-output relation-
ships instead of generalization (overfitting) (Shahin 2013). 
Both underfitting and overfitting results in poor predictions 
for new data sets. Hence, the number of neurons in the hid-
den layer ranged from 4 to 14 for the NN-PTFs developed 
in this study.

The pseudo-continuous topology, as illustrated in Fig. 3, 
was adopted for this study. This model is similar to the 
approach introduced by Haghverdi et al. (2012) and consists 
of adding the natural logarithm of soil suction ln(h) as an 
input parameter. Only one output neuron is required, corre-
sponding to the measured water retention point at the given 
suction. The combination of samples with different measured 

The high correlation among input parameters could also 
be a reason to the inferior performance of NN models (Pham 
et al. 2019). Pearson correlation coefficient (r) was used to 
identify the correlations among the investigated parameters 
within the data set, as shown in Table 2. From the obtained 
results, it’s noteworthy that only one pair (BD – n) showed 
a high correlation value (r = – 0.97). The concomitantly use 
of these properties was subsequently evaluated. The other 
pairs had relatively lower r values, thus indicating these 
properties were suitable for estimating SWR points.

Development and evaluation of NN-PTFs for SWR 
data prediction

NN-PTFs development

The development of NN-PTFs includes several steps, 
including selecting appropriate model input and output soil 
parameters, determining model structure and architecture, 
calibrating model parameters using a learning algorithm, 
optimizing the model, and validating its performance on 
data not used during the training phase. The adopted meth-
odology is discussed hereafter. A further description of NNs 
operation is beyond the scope of this paper.

For this study, the multilayer perceptron (MLP) feed-for-
ward type was chosen and implemented within the Matlab 
environment through the nftool and nntool interfaces. In its 
simplest form, the MLP conprises at least three layers: an 
input layer, an output layer, and one or more hidden lay-
ers in between. The study utilized only one hidden layer as 
analyses revealed that incorporating more than one hidden 
layer did not impact NNs performance for the investigated 
data set. The tangent hyperbolic and linear activation func-
tions were respectively assigned to the hidden and the out-
put layer. By employing a nonlinear activation function in 
the hidden layer, the NN gain the ability to address complex 
and non-linear problems (Maier et al. 2010), as seen within 
the SWR data.

The network geometry choice is a challenge for NN-
PTFs implementation due to lack of an exact approach. The 
optimal model structure needs to be determined from trial 
and error on an iterative process (Maier et al. 2010). Using 

Table 2  Pearson’s correlation coefficient between input soil properties for the investigated database
Input Parameters %Clay %Silt %Sand Bulk Density Particle Density Organic Matter Total Porosity
%Clay 1
%Silt -0.24 1
%Sand -0.79 -0.41 1
Bulk Density -0.70 0.04 0.63 1
Particle Density 0.14 -0.22 0.01 -0.09 1
Organic Matter 0.13 0.32 -0.32 -0.45 -0.06 1
Total Porosity 0.70 -0.10 -0.59 -0.97 0.31 0.43 1
ln(h) 0.03 0.01 -0.04 -0.01 0.01 0.03 0.02

Fig. 3  Topology of the proposed neural-network based pedotransfer 
function (NN-PTF). BD: bulk density; PD: particle density; n: total 
porosity; OM: organic matter content; ln(h) where h is the soil suction 
(kPa); θ(h): soil water content at h
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set increases, thus preventing overfitting. Hence, the 553 
soil samples from the training set were randomly divided 
into two subsets: 80% for training and 20% for testing. The 
training set is used to adjust NN parameters. Throughout 
the training phase, errors on the testing set are continuously 
monitored at each training iteration. The training process is 
halted as soon as the error for that set increases. Upon com-
pletion of the training, the set of NN parameters associated 
with the better performance was stored and applied to the 
validation set (184 soil samples). The validation set serves 
as an independent data set not used in the model building 
process. Its purpose is to evaluate the model’s capacity to 
generalize within the limits defined by the training data in 
a robust manner (Shahin 2013). To quantify uncertainties, 
the training process was repeated a minimum of eight times 
across the various scenarios under investigation. Default 
values included a maximum number of iterations set to 
1000, an initial learning rate (µ) of 0.001 and maximum 
validation epoch failures in a row equal to 6.

Selection of previous published PTFs

Previously published PTFs were selected and evaluated for 
predicting SWR data of HYBRAS soils for the validation 
set. The selection criteria considered PTFs that presented 
characteristics similar to those developed in this study, 
including input soil properties used, the extent of the data 
set used for calibration, and the applicability index, defined 
as the ratio between the number of samples to which a PTF 
could be applied and the total number of samples in the data 
set. The four chosen PTFs are as follows: the full model pro-
posed by Medrado and Lima (2014), developed for Brazil-
ian savanna tropical soils; the model proposed by Reichert 
et al. (2009) for soils from the South Region of Brazil; and 
two models proposed by Schaap et al. (2001), derived from 
temperate soils from North America and Europe. Medrado 
and Lima (2014) proposed a non-linear equation based PTF 
to estimate the four parameters of the van Genuchten (VG) 
equation (van Genuchten 1980), which is commonly used 
to describe the SWR function. Schaap et al. (2001) also 
predicted VG equation parameters but used NN-PTFs to 
estimate SWR data. The program Rosetta was developed 
by using a hierarchical structure that allows the use of soil 
samples with both limited and detailed information. In this 
study, the proposed models H2 and H3 are applied. Reichert 
et al. (2009) derived a point-PTF using multiple regression 
to estimate SWR data at predetermined suctions. The four 
PTFs selected from the literature and their respective data-
base information are described in Table 3, along with the 
five NN-PTFs developed in this study using NN.

water retention points is an advantage over the point PTFs, 
as it results in more extensive and useful database.

A hierarchical model is then proposed based on the 
stepwise method (Maier and Dandy 2000). This approach 
involves estimating water retention points using either lim-
ited or more detailed predictors sets. The first model pro-
posed (M1) is texture-based and employs the content of 
clay, silt and sand (SSC) as inputs, along with ln(h). From 
this model, the other input parameters (i.e., bulk density, 
organic matter content, particle density and total porosity) 
were included one by one, as shown in Table 3. The input 
parameters were normalized within the activation function 
range [-1.1] so that the different scales within the input 
parameters do not affect the model’s performance (Pham et 
al. 2019).

Models optimization

Models’ optimization refers to the use of learning algorithms 
to minimize an error function by updating NN parameters, 
such as the weights and biases. In this study, it is carried 
out using the Levenberg-Marquardt (LM) training algo-
rithm (Hagan and Menhaj 1994). The LM algorithm uses 
both descent gradient and Gauss-Newton techniques, com-
bining the stability of the first and the convergency speed 
of the latter – which is achieved by removing the second-
order derivatives of the total error function calculation (hes-
sian matrix) and using the jacobian matrix (J) instead (Yu 
and Wilamowski 2011). In an iterative process, the vector 
containing NN parameters w is updated after each epoch as 
follows:

wk+1 = wk −
[
JT

k Jk + µkI
]−1

Jk
Tek � (1)

where k is the epoch number, J is the Jacobian matrix con-
taining first derivatives of the NN errors with respect to the 
weights and biases, µ works as a learning rate and e is a 
vector of NN errors.

The learning rate µ guides the search for the global mini-
mum on the error surface. In this study, the error surface is 
defined as the mean squared error (MSE) calculated from 
estimated results and target outputs as follows:

MSE =
1
N

N∑

i=1

[θi,est − θi,obs]
2� (2)

where N is the number of data inserted in the model; θi,est 
and θi,obs denotes the estimated and measured (or target) 
water retention values, respectively.

The early-stopping technique is also employed as it 
stops the training process whenever errors on the testing 
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ME =
1
N

∑N

i=1
(θi,est − θi,obs)� (5)

where −
θobs

 is the average of the measured water retention 
data.

Results and discussions

Importance of NN geometry and input variables

The evaluation of the NN-PTFs approach adopted in this 
study, quantified by RMSE and R², is summarized in Table 4. 
All scenarios exhibited reasonable accuracy in predicting 
SWR data. RMSE values ranged from 0.037 to 0.056 for 
the training set, and from 0.045 to 0.057 for the validation 
set. The relatively high values of R² (0.772 to 0.854) indi-
cate that a large extent of the SWR data variability can be 
explained by the NN-PTF models proposed using available 
soil physical properties (i.e., soil texture, BD, n, PD and OM 
content). The obtained results also revealed an effect on the 
model’s performance of both neural network geometry and 
choice of input parameters. The simplest model based solely 
on soil texture (M1) exhibited the lowest performance, 
while predictions improved when soil structure information 
was incorporated into the input parameters.

The adopted NN-PTFs performance improved from 
model M1 to model M4. Thus, the inclusion of more input 
parameters continuously enhanced efficiency, which agrees 

Statistical evaluation criteria

The accuracy of a PTF is defined by the correspondence 
between observed and estimated values during the training 
phase, while the reliability is assessed by applying the model 
to an independent testing set (Wösten et al. 2001). In this 
study, the root mean squared error (RMSE) was chosen as 
the most suitable statistical performance metric for evaluat-
ing the developed NN-PTFs models. Additionally, the coef-
ficient of determination (R²) was employed to identify low 
correlations, while the mean error (ME) indicated overes-
timation (ME > 0) or underestimation (ME < 0) tendencies. 
The NN-PTFs proposed in this study underwent evaluation 
using both the training and validation data sets. The perfor-
mance of the PTFs selected from the literature was assessed 
only for the validation set for comparison purposes. Results 
were deemed satisfactory when RMSE and ME values were 
close to zero, and R² approached 1.

RMSE =

√∑N
i=1 (θi,obs − θi,est)

2

N
� (3)

R2 = 1 −
∑N

1 (θi,obs − θi,est)
2

∑N
1

(
θi,obs−

−
θobs

)2� (4)

Table 3  Information of the investigated and proposed NN-PTFs to predict SWR data and their calibration database values
Model Notation Inputs Outputs n* Geographical 

Domain
Clay Silt Sand OM PD BD AP
% (g.cm− 3) %

Proposed NN-PTFs: Brazil See Table 1 100
M1 SSC, ln(h) θh 537
M2 SSC, BD, ln(h)
M3 SSC, BD, OM, 

ln(h)
M4 SSC, BD, OM, 

PD, ln(h)
M5 SSC, BD, OM, 

PD, n, ln(h)
PTFs from 
Literature:
RoSSC SSC θr, θs, nv, 

α from the 
VG (1980) 
equation

2134 North 
America and 
Europe

0–89 0–82 0-100 NA* NA* 100
RoSSCBD SSC, BD

Savanna SSC, BD, OM, 
PD, n

1092 Brazilian 
Savanna 
(cerrado)

4.8–
91.5

0–55 1.2–90 0-7.8 NA* 0.6–
1.92

99.5

South-BR SSC, BD, OM θh for 
h = 6, 10, 
33, 100, 
500 and 
1500 kPa

725 Rio Grande 
do Sul (south 
Brazil)

1–82 1–78 1–99 0–10 1.96–
3.22

0.86–
1.8

96.7

*NA: data not available
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heterogeneity within the data sets, with models developed 
for small local data sets performing better than those derived 
for data sets with a variability of soil geological origins.

Based on the statistical metrics, models M1 to M4 with 
better performance for the validation set were selected for 
further analyses: M1 with 14 hidden neurons and M2, M3, 
M4 and M5 with 7 hidden neurons.

Performance of the proposed NN-PTFs at different 
suction values

The performance of the proposed NN-PTFs at different suc-
tion values (i.e., 0, 6, 10, 33, 100 and 1500 kPa) is sum-
marized in Table  5. These points were chosen based on 
their representability within the validation data set. The 
M4 model performed relatively well for any suction value, 
showing consistency across the entire range of investigated 
SWR data. The lowest RMSE values can be observed at 
saturation (h = 0 kPa) when soil structure related parameters 
were incorporated as input parameters (M2-M5). In fact, a 
similar error variation pattern was observed across models 
M2-M5: RMSE remained reasonably low in the wet por-
tion of the curve, increased withing the intermediate range, 
and then decreased again in the dry part. This trend aligns 
with finding from literature for NN-PTFs based on pseudo-
continuous approach (Haghverdi et al. 2012, 2015; Nguyen 
et al. 2017), as well as both point and pseudo-continuous 
k-NN-PTFs approaches (Botula et al. 2013, 2014; Nguyen 
et al. 2017), and parametric PTFs approach (Vereecken et al. 
2010). These studies associated this behavior not only to the 
PTF type but also to the database information and combina-
tion of input parameters - all of them used combinations of 
SSC, BD and OM.

A decreasing pattern of RMSE values (0.057 − 0.044) 
can be observed in the model based solely on soil texture 
data (M1), moving from the wet to the dry range of the 
SWR. In contrast, with the addition of BD, OM, PD and n as 
input parameters, errors were low within the wet range (for 
h = 0 kPa, < 0.032 and for h = 6 kPa, < 0.045). These param-
eters are important properties that account for water reten-
tion variation in the SWR data wet range, which is strongly 
governed by soil structure. In fact, soil structure plays a cru-
cial role in defining the hydraulic behavior in the macropore 

with previous publications (Schaap and Leij 1998; Schaap 
et al. 2001, Minasny and McBratney 2002; Vereecken et al. 
2010). The RMSE dropped by 0.015 and 0.008 for train-
ing and validation sets, respectively, when BD was added 
to the initial model. For the incorporation of PD and OM as 
input variables (models M3 and M4), the decrease rate of 
RMSE was less significant, i.e., 0.004 and 0.003 for training 
and validation sets, respectively. So, the best scenario was 
observed for M4 with 7 hidden neurons (RMSE = 0.045 and 
R² = 0.854). As tropical and subtropical soils typically have 
high clay contents with specific mineralogical nature, and 
both factors strongly affect the soil water retention capacity, 
the selection of input parameters should include soil proper-
ties representative of both soil texture and structure to define 
their soil hydraulic behavior.

The performance improvement with the addition of n 
was not clear (model M5), possibly due to the known physi-
cal relationship between n and BD, along with the high cor-
relation between these properties as indicated in Table  2. 
Therefore, the efficiency gained through increasing input 
parameters can be affected by the database information, such 
as the interdependence between these input parameters.

In terms of training set, all models performed better 
with more hidden neurons. When the number of neurons 
increased from 4 to 14, the RMSE dropped by 0.006 (M1) 
up to 0.009 (M4). Nevertheless, this trend was not observed 
in the validation set, which assesses model’s reliability, sug-
gesting overfitting. When hidden neurons were increased 
from 4 to 7, RMSE decreased for all models, culminating 
in the optimal performance for models M2, M3, M4, and 
M5. Using more than 7 hidden neurons was only efficient 
for M1, though even its best performance remained infe-
rior to the other models. Moreover, the variability within 
the results increased as the number of neurons increased, as 
indicated by the standard deviation.

Overall, the findings on the proposed NN-PTFs accu-
racy (testing set) and reliability (validation set) are compa-
rable to those of previously developed PTFs based on the 
pseudo-continuous approach, where reported RMSEs range 
from 0.027 to 0.056 cm3.cm− 3 (Haghverdi et al. Haghverdi 
et al. 2012, Haghverdi et al. 2014, Haghverdi et al. 2015, 
Haghverdi et al. 2018; Nguyen et al. 2017; Pham et al. 
2019). Haghverdi et al. (2015) related this variation to the 

Table 5  RMSE variation for the validation set at different suction values (h) for the proposed NN-PTFs
Model Notation Suction (kPa) and number of experimental points

0 6 10 33 100 500 1500
184 162 179 172 177 105 182

M1 0.057 0.046 0.060 0.058 0.055 0.040 0.044
M2 0.032 0.045 0.053 0.054 0.053 0.040 0.046
M3 0.031 0.044 0.053 0.054 0.052 0.039 0.045
M4 0.031 0.041 0.050 0.050 0.049 0.041 0.044
M5 0.032 0.041 0.052 0.052 0.050 0.042 0.044
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class boast the lowest (< 0.025). Even with the highest 
amount of data, the Clay soil texture class exhibits RMSE 
values higher than 0.050. As a similar trend of errors is 
observed across models M2-M4, the higher errors within 
a class may be related to either SWR data heterogeneity 
for soils within that class or a lower correlation between 
input parameters and SWR data for the class (Haghverdi et 
al. 2014). Also, as expected, the model based on soil tex-
ture (M1) satisfactory estimated SWR data fom HYBRAS 
coarse soils, while soil structure-related properties were 
essential for medium and fine soils, as errors decreased for 
these classes within the NN-PTFs models M2-M4.

Overall, the consideration of soil texture classes itself 
was insufficient to evaluate the proposed models as the 
water retention for tropical soils is highly dependent on soil 
mineralogy, and this characteristic varies among soils and 
their respective horizons. So, the consideration of soil pedo-
genic environments should also be considered for database 
construction and the evaluation of PTFs’ performance.

Comparison of performance of the proposed NN-
PTFs models with published PTFs

Upon comparison of the performance of the evaluated PTFs 
in this study using the complete validation data set (184 sam-
ples) (Table 6), it becomes evident that the proposed NN-
PTF models (M1-M4) exhibit the lowest estimation errors 
(RMSE and ME). However, the conclusions here should be 
taken carefully, considering the published PTFs do not use 
the same inputs and are derived from different databases. 
The M1 model proposed requires the same input properties 
as the RoSSC PTF, while the proposed M2 model is com-
parable to the RoSSCBd PTF. In both cases, the proposed 
NN-PTFs produced more reliable SWR data estimates than 
the use of models derived from temperate soils (RoSSC and 
RoSSCBD). This assessment holds true when examining 
the entire validation set, and when distinguishing between 
weathered and unweathered soils, which was also found by 
Tomasella et al. (2000), Reichert et al. (2009), Botula et al. 
(2012) and Ottoni et al. (2018). The underestimating trend 
of both Rosetta models can be somewhat due to the differ-
ence in soil properties between HYBRAS data set, with a 
frequent occurrence of high clay contents which presents 
peculiar mineralogy from weathered environments, and the 
data set used to develop the Rosetta PTFs, as observed by 
Ottoni et al. (2018). Utilizing data from different locations 
for calibration and testing results in weaker predictions 
compared to those derived from calibration and testing with 
similar pedogenic origin and soil properties information. 
In fact, both RoSSC and RoSSCbD models exhibited bet-
ter estimates for coarse soils, typical within the deriving 

flow region (Mermoud and Xu 2006; Weynants et al. 2009). 
The decrease rate of RMSE was less significant within the 
intermediate range (i.e., between h = 10 and 100 kPa), with 
values ranging from 0.049 to 0.054 for models M2 to M5. 
For the dry range of the SWR data (h > 500 kPa), which is 
highly influenced by adsorption forces, the RMSE values 
found were similar across all proposed models (~ 0.044). 
Given that the clay fraction predominates within the fines 
of the soils under investigation, clay mineralogy should be 
a significant factor when predicting the hydraulic behavior 
of these soils, and should be incorporated on PTFs develop-
ment, as pointed out by Tomasella et al. (2000), Hodnett and 
Tomasella (2002), Botula et al. (2013) and Reichert et al. 
(2020). Additionally, since water retention is controlled by 
distinct independent properties across different ranges of the 
SWR data, different combinations of input parameters could 
be used to achieve more accurate estimates (Tomasella et 
al. 2003).

Performance of the proposed NN-PTFs at different 
soil textural classes and groups

Figure 4 illustrates the average performance of the proposed 
NN-PTFs (M1-M4) across different soil textural classes and 
soil groups according to the FAO system. Additionally, the 
percentage representation of each soil class/group within 
the validation set is plotted. Some groups are not repre-
sented due to the lack of data. Vereecken et al. (2010) sug-
gested that the percentage share of textural classes within 
the data set could impact model performance. Both derived 
from temperate data sets, Haghverdi et al. (2014) and Hagh-
verdi et al. (2018) associated the highest accuracy of their 
models with textural classes with the highest number of soil 
samples within the training set. Such behavior is discern-
ible within the investigated Brazilian soil data set when 
considering the FAO system classification, as the highest 
errors arise for groups with the lowest amount of data (i.e., 
unweathered soils groups of Gleysols and Podzols). In con-
trast, the lowest errors are observed for Planosols (< 0.029). 
The models were also able to capture the behavior of weath-
ered soils (i.e., Acrisols, Ferralsols and Nitisols) relatively 
well, a challenge for PTFs derived from temperate soils 
and even for tropical soils (Ottoni et al. 2018). In fact, as 
these groups presented a large amount of data within the 
HYBRAS, this reflects the capacity of the proposed mod-
els to represent weathered soils better than soils from other 
pedogenic environments.

However, this pattern, wherein PTFs accuracy inversely 
correlates with the number of soil samples in each group, 
does not hold for the studied data set when contrasting per-
formance across soil textural classes (Fig. 4b). Sandy Loam 
class accrues the highest error (> 0.056), while Silty Clay 
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an underestimation trend for the South-BR model (ME = 
− 4.67%). The better performance observed for the proposed 
NN-PTFs are especially important, considering these tropi-
cal PTFs were derived for soils with similar characteristics 
to those utilized in this study: Savanna was developed for 
Brazilian savanna soils, predominantly Ferralsols, while the 
South-BR model used soils from Rio Grande do Sul, which 

database of these PTFs, and the errors increased for clayey 
textural classes.

The proposed models also outperformed both inves-
tigated PTFs derived from tropical soils – Savanna and 
South-BR. Although the errors of these two PTFs were 
comparable in terms of RMSE (0.066 and 0.070, respec-
tively), an assessment of the mean error (ME) highlighted 

Table 6  Root mean square error (RMSE) and mean error (ME) for the evaluated pedotransfer functions (PTFs) for the validation set, and RMSE 
values for weathered and unweathered soils
Parameter Proposed NN-PTFs Temperate PTFs Tropical PTFs

M1 M2 M3 M4 RoSSC RoSSCBD Savanna South-BR
Complete Validation Set (144 samples):
RMSE 0.054 0.048 0.047 0.045 0.072 0.073 0.066 0.070
R² 0.79 0.84 0.84 0.85 0.69 0.73 0.72 0.67
ME -0.13 -0.17% -0.05% 0.09 -2.32% -1.66% 0.48 -4.67%
Weathered soils (96 samples):
RMSE 0.043 0.039 0.039 0.038 0.059 0.069 0.066 0.054
Unweathered soils (88 samples):
RMSE 0.066 0.057 0.056 0.054 0.087 0.078 0.065 0.088

Fig. 4  Relationship between root mean square error (RMSE) and (a) soil groups according to FAO soil classification system and (b) soil textural 
classes. The diamonds represent the percent of the data (%)

 

1 3

3590



Earth Science Informatics (2023) 16:3579–3595

soil structure input parameters exhibited agreement between 
θobs and θest across the entire investigated range. Overall, the 
errors increased for soils with high organic matter content 
(> 7%) and low bulk density soils (< 0.8 g.cm− 3).

The SWR data estimated by the proposed NN-PTF 
model M4 and the corresponding experimental data across 
different textural classes are illustrated in Fig. 6. The predic-
tions from models RoSSCBd, Savanna and South-BR PTFs 
are also presented. It is noteworthy to observe the differ-
ences between the approaches used to establish the PTFs, 

are majority within the investigated database. Also, Savanna 
and South-BR PTFs employed similar input parameters to 
the proposed models M3 and M4, except for ln(h).

Figure  5 illustrates the correlation between the mea-
sured (θobs) and estimated (θest) water retention values for 
the NN-PTF models M1 and M4 proposed in this study, as 
well as the models RoSSCBD, Savanna and South-BR from 
the literature. The texture-based models (M1 and RoSSC) 
underestimated higher θ values (> 0.50 cm³.cm−³), as well 
as the South-BR model. Conversely, models incorporating 

Fig. 5  Relationship of water retention points measured (θobs) for different PTFs: (a) Proposed NN-PTF M1, (b) Proposed NN-PTF M4, (c) RoSSC, 
(d) RoSSCBD, (e) Savanna and (f) South-BR, and experimental data (θest) for the validation data set
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Conclusions

NN-PTFs based on the pseudo-continuous approach were 
developed to estimate SWR data of various Brazilian soils 
under tropical and subtropical conditions. Since PTFs 
developed for predicting SWR data for Brazilian soils are 
still scarce or limited, this paper provides a robust NN-PTF 
model by using basic and commonly available soil infor-
mation from a database containing soil samples of diverse 
pedogenesis.

A hierarchical structure of NN-PTFs is proposed to pre-
dict SWR data from different combination of input param-
eters. In general, better performance is achieved when using 

which refers to the continuity and shape of the SWR curve. 
Since the M4 model obtains a (pseudo) continuous and 
freely shaped curve, enabling predictions of SWR data at 
any desired suction, it exhibits a good agreement between 
observed and estimated water retention values. On the other 
hand, the point-based South-BR PTF predicts water content 
only at predefined suctions, and the underestimation pattern 
indicated by the ME analyses is clear. Lastly, the paramet-
ric PTFs (RoSSCBD and Savanna) are based on a closed-
form expression, which might not be the best fit for all soil 
samples within a data set.

Fig. 6  Predicted soil water retention curves given by NN-PTFs model M4 developed in this study and PTFs from the literature. The black dots 
represent the experimental data of each soil sample
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both soil texture and soil structure-related properties as 
input parameters.

The proposed NN-PTFs outperformed previously pub-
lished PTFs for temperate soils, which is explained by the 
differences between soils used to derive and apply these 
PTFs. Hence, arbitrary use of PTFs may lead to inconsistent 
results and should be avoided. Previously published PTFs 
proposed for tropical soils based on point and parametric 
approaches were also outperformed by the proposed NN-
PTFs. The adopted pseudo-continuous approach does not 
limit a particular fixed function for the SWR curve, as seen 
in parametric PTFs based on closed-form expressions. It can 
be used in a hierarchical way, depending on the availability 
of limited or more detailed data, and it facilitates combining 
data where water content have been determined at different 
suctions, resulting in a more extensive dataset compared to 
the point approach. Finally, it shows flexibility by allowing 
the estimation of any number and combination of SWR data 
points simultaneously.
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