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Abstract Laborious and time-consuming tests 
are required for the determination of the soil–water 
characteristic curve (SWCC), often leading to the 
adoption of estimation methods. To answer the chal-
lenge of SWCC prediction, numerous pedotransfer 
functions (PTF) have been developed. Yet, previous 
studies have not considered the special behavior of 
bimodal tropical soils. These materials present dual 
porosity that is generally attributed to particle aggre-
gation. This paper presents a novel PTF, specifically 
designed for bimodal tropical soils and based on 
artificial neural networks (ANNs). The model was 
trained and tested utilizing a database that was assem-
bled containing soils from tropical regions of Bra-
zil and featuring data for the grain-size distribution 

(GSD), consistency limits, and SWCC. Natural and 
remolded soils were included in the training data-
base, but no distinction between soil conditions was 
made in the ANN. GSDs in the aggregated and disag-
gregated states were used to offer information to the 
ANN regarding the effect of particle aggregation on 
the water retention. The developed model was able to 
reproduce the typical SWCC shape of bimodal soils. 
Predictions for the degree of saturation were moder-
ately correlated with directly measured data, with a 
coefficient of determination of 0.69. The air-entry 
value and residual suction of the macropores proved 
to be the most difficult SWCC attributes to be esti-
mated. The ANN presented superior performance 
when compared to other PTFs not designed specifi-
cally for bimodal tropical soils, such as the Arya-Paris 
and ROSETTA models. It can be concluded from the 
obtained results that the developed ANN architecture 
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and general approach showed a high capability to 
capture the main features of the SWCC.

Keywords Water retention · Lateritic soils · 
Tropical soils · Unsaturated soils · Machine learning

1 Introduction

The study of soils under unsaturated conditions 
involves modeling infiltration, evaporation, diffusion, 
and volume change, among other processes. In this 
context, the soil–water characteristic curve (SWCC) 
plays a central role, giving the relationship between 
water content and water potential. The SWCC is also 
essential for estimating other properties of unsatu-
rated soils (Fredlund 2000; Zhai et  al. 2020), such 
as the permeability function (Fredlund et  al. 1994; 
Amadi et  al. 2023) and the shear strength envelope 
(Vanapalli et  al. 1996; Fredlund et  al. 1996; Pham 
et al. 2023).

Unfortunately, the field and laboratory tests avail-
able for determining the SWCC are laborious and 
time-consuming. To make the determination of the 
SWCC practical in  situation where large volumes 
of data are involved and in preliminary studies, 
pedotransfer functions (PTFs) have been developed. 
These PTFs use physical properties of the soil that are 
easier and less expensive to obtain. The main input 
physical property used by PTFs is the grain-size dis-
tribution (GSD), but several other properties have 
been utilized such as the Atterberg limits and bulk 
density. The GSD has been used by several authors 
to estimate the pore-size distribution (Arya and Paris 
1981; Alves et  al. 2020; Silva et  al. 2020; Campos-
Guereta et al. 2021; Satyanaga et al. 2023; Zhai et al. 
2023).

In general, the great majority of PTFs are devel-
oped for soils of temperate climate regions. For 
tropical soils, the modeling of the SWCC becomes 
particularly challenging given their complex pore 
structure (Sobotkova et al. 2011; Miguel and Bonder 
2012; Araujo et  al. 2017; Camapum de Carvalho 
and Gitirana Jr. 2021; Foko Tamba et  al. 2022; Fal-
cão et  al. 2023). Tropical soils often present macro 
and micropores (in some cases mesopores can also 
be found), resulting in bimodal or multimodal pore-
size distributions (PSDs). Bimodal PSDs result from 
particle aggregations, which can be identified by 

comparing the GSD with and without disaggregation 
(Miguel and Bonder 2012; Camapum de Carvalho 
and Gitirana Jr. 2021; Falcão et al. 2023). A bimodal 
PSD produces an SWCC with two or three desatu-
ration stages, each corresponding to a pore family 
(Araujo et al. 2017; Camapum de Carvalho and Giti-
rana Jr. 2021).

Some studies have been published on the develop-
ment of PTFs for tropical soils, such as Tomasella and 
Hodnett (1998), Tomasella et  al. (2000) and Ottoni 
et  al. (2018). However, only unimodal tropical soils 
have been considered in these previous studies. The 
limited number of investigations of PTFs for tropical 
soils, especially for bimodal soils, and the singulari-
ties in terms of their structure and behavior, makes 
the development of a PTF for such soils particularly 
urgent.

Machine learning techniques arise as alternative 
methods to overcome the great complexity of the 
physical properties of tropical soils and their rela-
tionships with the SWCC. The main approach used 
was Artificial Neural Networks (ANN), which were 
adopted by Melo and Pedrollo (2015), D’Emilio 
et  al. (2018), Li and Vanapalli (2021), and others. 
However, once again, only few PTFs utilizing ANN 
have been developed for tropical soils (Minasny et al. 
1999; Minasny and McBratney 2002; Albuquerque 
et al. 2022) and none for bimodal tropical soils have 
been found.

In this context, this paper presents a novel PTF, 
specifically designed for the prediction of the SWCC 
of tropical bimodal soils. The PTF is based on the 
GSD with and without particle disaggregation, liquid 
limit (wL), and plastic index (PI) and should offer a 
framework that can be improved in the future as more 
data becomes available.

2  Background on the Use of Artificial Neural 
Networks for the Prediction of the SWCC 

ANNs consist of a machine learning approach that 
seeks to establish a relationship between input and 
output parameters based on biological concepts and 
principles of the human neural network (Minasny 
and McBratney 2002; Jain et  al. 2004; Souza et  al. 
2022). Since the 90s, several authors have devel-
oped SWCC prediction models using ANNs, such as 
Schaap et al. (2001), Minasny and McBratney (2002), 
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Haghverdi et al. (2012), and Rudiyanto et al. (2021). 
Figure 1 shows a typical setup of an ANN employed 
for the prediction of the SWCC and Table 1 summa-
rizes the main features of ANNs designed for SWCC 
prediction.

The main ANN model used for this type of appli-
cation, as shown in Fig.  1, is the multilayer Percep-
tron (Pachepsky et al. 1996; Minasny and McBratney 
2002; Pham et al. 2019). This type of ANN is com-
posed of an input layer, an output layer, and interme-
diate layers called hidden layers. Each element in an 
intermediate layer is called a neuron. Neurons repre-
sent the linear product between weights and the val-
ues of the previous layer (Melo and Pedrollo 2015; 
Rudiyanto et  al. 2021). The weights are optimized 
during the training stage.

Table  1 indicates that, in general, ANNs devel-
oped for SWCC prediction have used an intermediate 
layer with a number of neurons ranging from 1 to 138 
(Belik et al. 2019; Haghverdi et al. 2018). The num-
ber of intermediate layers is also variable, between 1 
and 10. Care must be taken when choosing the num-
ber of neurons in the layer and the number of inter-
mediate layers because it may increase the difficulty 
in optimizing the network and cause overfitting or 
underfitting (Minasny and McBratney 2002; Pham 
et al. 2019). Overfitting is the loss of predictive capa-
bility of the ANN for data outside the training base. 
Underfitting is the lack of predictive ability of the 
ANN even within the range of training information.

Neurons are enabled by an activation function 
(Haykin 1999; Minasny and McBratney 2002). The 
activation functions give a non-linear character to 
ANNs. This function is used in intermediate and 

output layers. The main activation functions used in 
ANNs for prediction SWCC are the hyperbolic tan-
gent, the sigmoid function, and the linear function, as 
shown in Table 1.

The optimization of the ANN is done using the 
backpropagation algorithm (Fig.  1). During back-
propagation, initial values are calculated for the net-
work and the weights are fitted until the optimal ANN 
is obtained. The definition of the optimal network is 
given by an error metric. In SWCC prediction, the 
following metrics are often used for error evalua-
tion: the root mean squared error (RMSE), the mean 
square error (MSE), and the mean absolute error 
(MAE) (Minasny and McBratney 2002; Haghverdi 
et al. 2018; Amanabadi et al. 2019). As for the algo-
rithm used to minimize the error, the stochastic gradi-
ent descent stands out, but there are other algorithms, 
such as Adam and RMSProp (Haykin et al. 1999).

The amount of data available to be used for ANN 
training and testing is important in the establishment of 
its range and generalization capacity. Table 1 indicates 
that previous SWCC prediction models using ANN 
used databases with 135–7094 data points. The percent-
age of data points used for training ANNs for SWCC 
estimation varied between 56 and 100%. Only Jain et al. 
(2004) used 100% of data for training, making it impos-
sible to independently evaluate the model performance. 
The number of epochs is also important, to avoid over-
fitting or underfitting (Melo and Pedrollo 2015; Pham 
et al. 2019). The number of epochs used in ANNs for 
SWCC prediction has ranged from 50 to 50,000.

ANNs for SWCC prediction have been developed 
using various input parameters and multiple param-
eterization options for the network output, as shown in 

Fig. 1  Typical ANN 
arrangement used in SWCC 
prediction [modified from 
Pachepsky et al. (1996)] Output Layer

a neuron
(node, unit)
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Table 1. Data from the GSD are widely used as input, 
either in terms of the soil textural percentages or the 
grain diameter for a certain percentage passing values. 
Indirectly obtained parameters have also been utilized, 
such as the PSD parameters. The GSD has been often 
adopted since it provides indirect information regarding 
the PSD (Sillers et al. 2001; Silva et al. 2008). It should 
be noted that other parameters are also often incorpo-
rated as input values, such as bulk density, consistency 
limits, organic matter content.

There is no consensus regarding the ideal SWCC 
parametrization alternative used in the development of 
ANNs. Three options are commonly adopted: water 
content for predefined suction values, water content 
for user-specified suction values, and the coefficients 
of a fitting equation. Determining water content from 
user-defined suction was called a pseudo-continuous 
approach by Haghverdi et al. (2012).

In general, SWCC prediction models using ANN 
are aimed at soils from temperate climate regions with 
unimodal behavior. However, Minasny and McBrat-
ney (1999) developed a PTF using ANN for the soils 
of Australia that can be considered tropical soils. The 
ANN estimates the parameters of the van Genuchten 
equation, therefore being restricted to unimodal 
behavior. Minasny and McBratney (1999) presented 
two approaches to predict the coefficients of the van 
Genuchten (1980) equation: obtaining the coefficients 
of the fitting equation directly from ANN (neuro-p); 
readjust the weights of the ANN, performing a second 
fit of the ANN minimizing the difference between the 
predicted points of SWCC and the respective experi-
mental points (neuro-m). The neuro-m method gave 
better performance compared to the neuro-p method.

Finally, regarding the performance of the ANNs 
developed in general, R2 values ranging from 0.32 to 
0.99 were obtained, as show in Table 1. This demon-
strates the predictive capabilities of ANNs for SWCCs. 
The Flexible nature of ANNs indicates that is may be a 
promising approach for the prediction of the SWCC of 
complex bimodal soils.

3  Materials and Methods

3.1  Collection and Processing of Soil Data

Data records of soils including the SWCC, GSD, wL 
and PI were obtained in papers, dissertations, and 

thesis published between 2008 and 2020 that pre-
sented experimental research programs on bimodal 
tropical soils. Documents that did not present one or 
more of the four study variables (i.e., SWCC, GSD, 
wL, and PI) were discarded. Only papers that pre-
sented the GSD with and without disaggregation were 
collected. The requirement of two GSDs assumed that 
the GSDs of the soil in the aggregated and disag-
gregated states would provide useful microstructural 
information during the learning process of the ANN.

The SWCC predictions will reflect the SWCCs 
employed for training the neural network. All SWCCs 
used during the modeling exercise correspond to nat-
ural and compacted soils. No distinction was made 
between these two conditions when training the ANN. 
However, it is common knowledge that the structure/
fabric of a material will change when it is compressed 
in-situ, disturbed and subsequently remolded, or 
affected by other means (Qian et al. 2022). Recogniz-
ing that porosity and saturated water content are the 
main variables affected by in-situ soil compression 
and by disturbing and remolding the soil (Ng and 
Pang 2000; Rahardjo et  al. 2012; Zhou et  al. 2012), 
the ANN model was developed in terms of degree of 
saturation.

Regarding the geographic distribution, only data 
on soils from the Brazilian Central-West Region were 
considered. The selected papers, thesis, and disserta-
tions were the following: Silva (2009), Aguiar (2010), 
Araújo (2010), Matos (2011), Farias (2012), Luiz 
(2012), Jesus (2013), Aguiar (2014), Borges (2014), 
Carvalho (2014), Dias (2014), Diemer (2014), Grau 
(2014), Almeida et  al. (2015), Gomes (2015), Quei-
roz (2015), Angelim et  al. (2016), Lopera (2016), 
Ayala (2020), Freitas et  al. (2020), Wanderley Neto 
(2020) and Mendes et al. (2022).

Experimental SWCC data points for matric and 
total suction were collected from the chosen publi-
cations. Total suction values were obtained only for 
values above 1500 kPa, as recommended by Fredlund 
et al. (2012). The selected SWCC data includes wet-
ting, drying, and combined paths. All volumetric and 
gravimetric water content data were converted to the 
degree of saturation by considering the soil volume 
change during testing, which is typically negligible 
for tropical bimodal materials.

Data was collected using a variety of testing proce-
dures, namely: pressure and suction plate, filter paper, 
psychrometer, and centrifuge method. Figure 2 shows 
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the proportions of each test in the database. The fil-
ter paper method is predominant, due to its simplicity 
and low cost (Leong et al. 2002). Specimens are sub-
jected to various water contents by wetting or drying 
while monitoring the total weight of the soil. There-
fore, it is difficult to obtain data points between the 
first residual suction and the second air-entry value, 
where small changes in water content correspond to 
large variations in suction. Fortunately, this type of 
gap in data points does not compromise the complete 
delineation of the SWCC.

Specific fitting equations are required for bimodal 
soils. Some of the available equations for bimodal 
SWCCs are the double van Genuchten function 
(Carducci et  al. 2011), the discrete–continuous mul-
timodal van Genuchten model (Yan et al. 2021), the 
model proposed by Zhao et al. (2023) for multimodal 
soils, and the bimodal equation developed by Giti-
rana Jr. and Fredlund (2004). The Gitirana Jr. and 
Fredlund (2004) model was selected herein (Eq.  1) 
because the coefficients of the fitting equation have 
physical meaning which can be easily used in other 
applications, as shown in Fig. 3.

(1)
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Fig. 2  Types of SWCC 
tests collected for the 
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rana Jr. and Fredlund (2004) equation
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dj = 2 exp[1∕ ln(�a
j+1

∕�a
j
)] are weight factors; ψb1 is 

the first air-entry value of suction (kPa); ψres1 is the 
first residual suction (kPa); Sres1 is the first residual 
degree of saturation; ψb2 is the second air-entry value 
of suction (kPa); Sb is the air-entry value of degree of 
saturation; ψres2 is the second residual suction (kPa); 
Sres2 is the second residual degree of saturation; a is 
hyperbolas sharpness variable;

Figure 3 presents a graphical representation of the 
input parameters for the Gitirana Jr. and Fredlund 
(2004) equation. The equation encompasses the com-
plete suction range, from 0 to  106 kPa. In fact, the 
complete suction range was considered during the fit-
ting and prediction procedures. The best fit of Eq. 1 
was carried out using Microsoft Excel’s Solver tool. 
An initial guess was manually defined to ensure con-
vergence, as recommended by Gitirana Jr. and Fred-
lund (2004).

A total of 55 SWCCs and 870 data points were col-
lected from the literature. In other words, 55 records 
were considered for this network, which was then 
divided into training and test data. Table 2 presents a 
statistical description of the obtained best-fit SWCC 
parameters. The soil suction parameters (i.e., air-
entry values and residual suctions) are presented in 
their original form and as their natural logarithm val-
ues. A significant reduction in the coefficient of vari-
ation can be seen when taking the natural logarithm 
values. This situation was also observed by Gitirana 
Jr. and Fredlund (2016). These authors performed an 
extensive statistical analysis and concluded, through 

normality tests, that suction parameters follow a log-
normal distribution. The use of soil suction in loga-
rithmic form can be found in other works that have 
developed ANNs for SWCC prediction, such as Jain 
et  al. (2004). Previous findings and the information 
presented in Table  2 indicate that the utilizing the 
natural logarithms of suction can be a facilitator for 
ANN training.

The GSD is an important input parameter for the 
developed ANN. For the GSD, which in general is 
presented in a nonparametric manner, it was neces-
sary to perform a parameterization to harmonize 
the data. The parametrization was accomplished by 
adopting as variables the percentages of gravel, sand, 
silt, and clay, as defined by the International Stand-
ardization Organization and Comité Européen de 
Normalisation (ISO/CEN) standard. Gravel corre-
sponds to particles larger than 2 mm, sand to the par-
ticles between 0.06 and 2 mm in diameter, silt refers 
to particles between 0.06 and 0.002 mm in diameter 
and clay particles are smaller than 0.002 mm. For all 
soils, both GSDs with and without disaggregation 
were taken, simultaneously, as input to the ANN.

The liquid and plastic limits values did not need 
to undergo any type of treatment or parametrization. 
The liquid limit values of all soils were determined 
using the Casagrande apparatus whereas the plas-
tic limit followed the cylinder molding technique, 
as standardized by ABNT NBR 6459 (2016a) and 
ABNT NBR 7180 (2016b), respectively. Table 3 pre-
sents a statistical summary of the data collected for 

Table 2  Statistical 
description of the best fit 
SWCC parameters of the 
Gitirana Jr. and Fredlund 
(2004) equation (N = 55)

*COV Coefficient of 
variation
**SSD Sum of squared 
deviations

Parameters Minimum Maximum Mean Standard deviation COV* (%)

�
b1 0.03 81.2 6.9 14.6 213

ln(�
b1)  − 3.5 4.4 0.6 1.6 264

�
res1 3.9 860.6 50.0 133.7 268

ln(�
res1) 1.4 6.8 3.0 1.0 34

Sres1 0.30 0.85 0.52 0.14 28
�
b2 105.3 89,571.5 8,455.8 12,007.2 142

ln(�
b2) 4.7 11.4 8.3 1.5 17

Sb 0.20 0.80 0.41 0.16 38
�
res2 588.2 292,131.2 27,177.39 40,290.9 149

ln(�
res2) 6.4 12.6 9.7 1.0 10

Sres2 0.01 0.25 0.05 0.06 110
a 0.02 0.08 0.05 0.03 56
SSD** 0.000 0.258 0.024 0.041 169
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the GSD parameters (with and without disaggrega-
tion), wL, wP (plastic limit), and PI.

3.2  Artificial Neural Networks

The Keras library (KERAS 2022), a deep learning 
development API of the TensorFlow platform, was 
used to build the ANNs. Figure 4 shows a panorama 
of the ANN architecture, designed to predict the 
coefficients of the equation proposed by Gitirana Jr. 
and Fredlund (2004) including the input and output 
parameters of each network. The complex relation-
ship between the SWCC and basic soil properties may 
prompt researchers to incorporate many input param-
eters, to capture more features of soil behavior. How-
ever, predictive ANN models are designed to offer 
approximate estimations that are not intended to fully 
replace soil testing. Moreover, estimation models 

need to be based on commonly available input data, 
to have practical relevance. Therefore, the selected 
input parameters reflect this understanding of what 
should be the goal of the developed ANN.

According to the classification of predictive out-
put of Minasny and McBratney (2002), the traditional 
neuro-p method was chosen, without a second fitting 
of the weights after ANN prediction. The architec-
ture of each ANN, that is, the number of neurons in 
each layer and the activation functions used, will be 
detailed in the presentation of results. To obtain an 
optimal network, several tests were performed, vary-
ing the number of layers, the number of neurons per 
layer, and the activation functions to be used. There is 
a wide range of techniques of network development, 
such as Bayesian hyperparameter optimization. How-
ever, traditional empiricism (trial-and-error method) 
was adopted, which is quite common in the study 
of neural networks for predicting SWCC (Jain et  al. 
2004; Ebrahimi et al. 2014; Melo and Pedrollo 2015; 
Li and Vanapalli 2021).

The coefficients of the equations studied were 
determined using distinct networks. This strategy 
was designed due to the wide difference of domain 
between the variables, with the degree of saturation 
ranging between 0 and 1 and the natural logarithm 
values of the soil suction parameters fluctuating 
between − 3.5 and 12.6 (Table  2). Both ANNs used 
the same training data, test data, and input parameters 
(Fig. 4).

The suction coefficients (i.e., �b1 , �res1 , �b2 , and 
�res2 ) were evaluated in the natural logarithm scale, 
as described in the previous section. The natural loga-
rithm values were rescaled to the interval between -1 

Table 3  Statistical 
description of the collected 
data: GSD (with and 
without disaggregation), 
liquid limit, plastic limit, 
and plasticity index 
(N = 49)

Variables Minimum Maximum Mean Standard 
deviation

COV (%)

% of gravel 0 35 2 7 232
% of sand with disaggregation 0 77 49 20 41
% of silt with disaggregation 7 64 26 14 54
% of clay with disaggregation 0 91 22 25 113
% of sand without disaggregation 31 95 61 14 24
% of silt without disaggregation 0 68 31 14 46
% of clay without disaggregation 0 37 6 11 188
Liquid limit (wL), % 24 54 39 6 15
Plastic limit (wP), % 0 42 25 6 25
Plastic index (PI), % 5 36 14 4 33
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Fig. 4  Overview of implementations of ANN for SWCC pre-
diction. *SCD % sand, disaggregated, MCD % of silt, disag-
gregated, CCD % clay, disaggregated, SSD % sand, aggregated, 
MSD % of silt, aggregated, CSD % clay, aggregated, LL Liquid 
limit, PI Plasticity index
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and 1, same approach adopted by Jain et  al. (2004). 
This conditioning was performed because the output 
function used in the network was the hyperbolic tan-
gent, which also presents a domain between -1 and 1. 
No rescaling was required for the degree of satura-
tion parameters (i.e., Sres1, Sb and Sres2). Finally, the 
SWCC equation parameter a was fixed as 0.05, cor-
responding to the average presented in Table 2. This 
choice was made because a is a shape parameter of 

secondary importance and variations have minor 
impact on the overall position and shape of the 
SWCC.

The input parameters of the ANNs were selected 
based on their availability and are believed to be some 
of the most fundamental variables describing the 
physical and mineralogical characteristics of the soil. 
Special attention must be given to the fact that GSDs 
corresponding to both aggregated and disaggregated 
conditions are required as input parameters. The 
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determination of GSDs in the two aggregation states 
is a standard procedure in the study of tropical soils 
as it provides information regarding the degree of 

weathering, stability of clay aggregates, among other 
data (Camapum de Carvalho and Gitirana Jr. 2021).

As presented in the previous section, 55 SWCC 
and 49 GSD datasets were collected from the litera-
ture. The collected information was randomly segre-
gated, with 84% of the data being used from ANN 
training data and the remaining being utilized as test 
data. Furthermore, in each training epoch, the ANN 
considered a cross-validation, using 20% of the train-
ing data for this. The selected data was varied in each 
epoch and was totally randomized.

In addition to the parameters shown in Fig.  4, a 
bias was also used in each input layer. The bias is a 
unitary parameter used to allow the translation of the 
linear combination between the parameters of each 
layer and their respective weights, allowing flexibility 
to the network.

The parameters �b1 , �res1 , �b2 , and �res2 were pre-
dicted by the first ANN, as presented in Fig. 4. Two 
hidden layers were used, the first with six neurons and 
the second with eight neurons. The first layer used the 

a)

d) f)

c)

e)

b)

Fig. 8  Comparison of fitted and predicted values: a training data, Sres1; b training data, Sb; c training data, Sres2; d test data, Sres1; e 
test data, Sb; f test data, Sres2

Fig. 9  Relative error and RSS predicted and fitted for training 
data and testing data
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hyperbolic tangent activation function, and the sec-
ond layer used the ReLU function. The output func-
tion was the linear function. RMSprop was chosen as 
the optimizing method and the MSE (Mean Squared 
Error) was adopted as the loss function. For training 
the network 700 epochs were necessary, reaching a 
loss value MSE = 0.059.

The second ANN was designed for the prediction 
of the degree of saturation parameters Sres1, Sb and 
Sres2. This ANN comprises two hidden layers. The 
first hidden layer has six neurons and uses the hyper-
bolic tangent function. The second hidden layer has 
eight neurons and employs the ReLU activation func-
tion. The output function was linear. RMSProp was 
used as the optimizing method, while the MSE was 
adopted as the loss function. For training the network 
700 epochs were necessary, reaching a loss value 
MSE = 0.009.

To analyze the training capability of the ANN pre-
sented in this paper, a comparison was performed 

with the models proposed by Arya and Paris (1981), 
Satyanaga et  al. (2013), Zhang and Schaap (2017), 
called ROSETTA, and Rudiyanto et al. (2021), called 
NeuroFX. The models of Arya and Paris (1981), 
ROSETTA and Rudiyanto et  al. (2021) were devel-
oped for unimodal soils. These models were selected 
to demonstrate the limitations of using prediction 
models that were not specially designed for bimodal 
soils. The model proposed by Satyanaga et al. (2013) 
was developed for bimodal soils but did not consider 
the special case of highly weathered tropical soils.

Due to its complex mathematical nature, ANN 
models are often deemed black boxes. As a result, it 
may be difficult to interpret the model behavior (Li 
and Vanapalli 2021). Nevertheless, sensitivity analy-
ses can be performed to assess the impact of each 
input variable on the network output. A sensitivity 
analysis was therefore conducted using base value tor-
nado diagrams. Gitirana Jr. (2005) and Franco et  al. 
(2019) describe how these diagrams are established 
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Fig. 10  Relationship between experimental, fitted, and predicted values: a experimental versus predicted (ANN training); b fitted 
versus predicted (ANN training); c experimental versus predicted (ANN test); d fitted versus predicted (ANN test)
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and interpreted. To construct the tornado diagram, the 
average, ± 1 standard deviation, maximum and mini-
mum GSD scenarios were obtained, and diagrams 
were calculated for each input variable.

4  Results and Discussions

4.1  Prediction of Suction Parameters (ANN 1)

 The parameters �b1 , �res1 , �b2 , and �res2 were pre-
dicted by the first ANN, as presented in Fig.  4. For 
training the network 700 epochs were necessary, 
reaching MSE = 0.059. Figure  5 shows the behavior 
of the MSE throughout the training process.

The trend of decreasing MSE value stabilized 
after 100 epochs. When the network stabilized after 
training, the MSE reached during validation was 
close to that obtained in training. The number of 
epochs was kept at 700 because some adjustments 
that improved the performance of the ANN were 
observed at later stages and did not cause overfit-
ting. A total of 146 parameters were trained, 54 
between the input and the first layer, 56 between the 
first layer and the second layer, and 36 between the 
third layer and the output.

Figure 6 shows the relationship between predicted 
and fitted values for �b1 , �res1 , �b2 and �res2 . There 
was better estimation during training compared to 
the ANN test. It is also possible to see that the net-
work showed a relative ability to generalize the val-
ues, despite its poor performance. It is noteworthy 
that the �res2 parameter was the one that presented the 
best training and application in the test base, with R2 
greater than zero in both. Significant difficulty in pre-
diction the air-entry and residual suction values of the 
macropores (i.e., �b1 , �res1 ) is observed. This can be 
attributed to the higher variability of these parameters 
and more substantial complexity of the physical pro-
cesses controlling the water retention in the macropo-
res of bimodal soils (Camapum de Carvalho and Giti-
rana Jr. 2021).

Schaap and Bouten (1996) and Schaap et  al. 
(2001) also showed that predicting the parameters 
analyzed in Fig.  6 can be challenging, due to the 

complex nature of the relationships between the 
SWCC and the other soil properties. For example, the 
model developed by Schaap et  al. (2001) offered  R2 
values ranging from 0.066 to 0.387. Another example 
is Rudiyanto et al. (2021), who found low  R2 values 
for the coefficients of the Fredlund and Xing (1994) 
equation, ranging from 0.072 to 0.355, and obtained 
good  R2 values, between 0.71 and 0.85 when evalu-
ating the water retention data. It is important to note 
that these previous studies demonstrated that assess-
ing the behavior of the model as a whole (i.e., not the 
individual parameters) provides a better picture of 
model performance. This type of evaluation will be 
presented later. It is also important to consider that 
bimodal soils have complex behavior due to their 
complex fabric, which should further increase mod-
eling difficulties.

4.2  Prediction of Degree of Saturation Parameters 
(ANN 2)

The second ANN was designed for the prediction of 
the degree of saturation parameters Sres1, Sb and Sres2. 
For training the network, 700 epochs were necessary, 
reaching MSE = 0.009. Figure  7 shows the behavior 
of the MSE during training.

It is possible to see in Fig. 7 that the behavior of 
the MSE over the epochs was similar to that observed 
in ANN 1 (Fig.  6). After 100 epochs there is a ten-
dency of stabilization of the MSE, approaching val-
ues below 0.009. ANN 2 was kept at 700 epochs for 
the same reason as ANN 1. A total of 137 parameters 
were trained, 54 between the input and first layer, 56 
between the first and second layer, and 27 between 
the second layer and the output.

Figure 8 shows the relationship between predicted 
and fitted values for Sres1, Sb and Sres2. Figure 8 shows 
better training and generalization ability of the satu-
ration degree parameters compared to the suction 
coefficients obtained using the ANN 1, but it is not 
yet possible to say that the  R2 achieved is good. Sres2 
showed an R2 smaller than zero for the test, indicating 
some difficulty in ANN learning for this parameter. 
Again, the challenges reported by Schaap and Bouten 
(1996) and Schaap et  al. (2001) apply to this situa-
tion. It is important to evaluate how the coefficients 
work together in predicting the SWCC, to confirm 
whether the model is suitable (Rudiyanto et al. 2021).

Fig. 11  Tornado diagram for each coefficient of the bimodal 
equation of Gitirana Jr. and Fredlund (2004)

◂
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4.3  Bimodal SWCC Prediction

Figure  9 presents the distribution of the root mean 
squared error (RMSE) values, between the fitted and 
predicted degree of saturation data points, for the test 
and training databases. Overall, the average RMSE 
of the predicted values proved to be larger than the 
fitted one. However, this fact is expected since the 
ANN offers an approximate prediction while the fit-
ted results indicate the capability of the fitting equa-
tion. Therefore, the RMSE values obtained using the 
fitting equation provide a reference value that could 
hardly be matched by estimation models.

Figure 10 presents the relationship between experi-
mental, fitted, and predicted values of degree of satu-
ration. Values of R2 higher than 0.68 were observed 
for the test and training datasets, corroborating the 
low RMSE values presented in Fig. 9. This result is 
in line with the values provided by other ANNs in 
the same category, as presented in Table  1. Similar 
R2 values are found when comparing the experimen-
tal and predicted values (Fig.  10a, c) with the fitted 
and predicted values (Fig. 10b, d). These results indi-
cate that the best-fit procedure adopted to obtain the 
parameters of the Gitirana Jr. and Fredlund (2004) 
equation were adequate and close to the experimental 
values, in agreement with the low RMSE values pre-
sented in Fig. 9.

4.4  Sensitivity Analysis

Figure  11 shows the tornado diagrams obtained. In 
general, the output variables tend to be very sensitive 
to the input variables, but some input variables are 
more important than others. It is also interesting to 
note that the relationships between input and output 
variables tend to reflect features of soil behavior that 
are meaningful.

GSD with disaggregation is the variable with the 
greatest impact on the network. The high influence 
of grain-size distribution was expected, since the 
proportion of each textural class dictates the shape 
of the SWCC, as well as being directly related to the 
pore-size distribution. The parameter ψres2 is mostly 
dependent on wL. The variable PI had the greatest 

influence on ψb2, for the same reasons. In the resid-
ual zones and in the micropore region, the influence 
of wL and PI can be seen, which is directly related to 
the water retention capacity of fine particle (Aubertin 
et al. 2003).

4.5  Comparison with Other Models

Figure  12 presents examples of prediction exercises 
for soils of the test base. Comparisons are presented 
for the SWCC obtained using the best-fit nonlinear 
regression analysis, the prediction ANN proposed 
herein and four prediction models from the litera-
ture. Firstly, regarding the prediction performed by 
the developed ANN, it is possible to note good fitting 
capabilities, as already evidenced in Figs. 9 and 10. It 
can be observed that even without the imposition of 
restriction conditions in the ANN, the curve format 
adequately followed the bimodal shape and overall 
water retention characteristics.

Despite its generally adequate fit, the model has 
some limitations. For example, the model has dif-
ficulty predicting the air-entry value, especially for 
lower values, as seen in Fig.  12c, g, h, but also for 
slightly higher values, as seen in Fig.  12i, j. This 
behavior was expected given the results obtained in 
Fig.  6e. The ANN model also presented difficulty 
in dealing with smaller distances between the first 
residual point and the second air-entry value, as can 
be seen in Fig. 12d, i, j. These limitations resulted in 
relatively lower performance in some cases, as seen 
in Fig. 12d, j, k.

The example shown in Fig.  12i is a tropical 
bimodal soil with a very low level of particle aggre-
gation. As can be seen in Fig. 12i, only 3% of the clay 
was aggregated. Another point is that it was not pos-
sible to measure the plasticity limit of the soil. A PI 
equal to wL was considered for the calculation. Even 
in this atypical scenario, the model was able to make 
a good prediction for the macropore region, but there 
were difficulties in the micropore region, mainly due 
to the difficulty of the mesh to handle short distances 
between the first residual point and the second air 
entry point.

Furthermore, it is possible to perceive the poor 
performance of the previous models, selected from 
the literature. It should be noted that the models of 
Arya and Paris (1981), ROSETTA, and NeuroFX 
were developed for unimodal soils and are presented 

Fig. 12  Panel of fitted and predicted curves, showing the GSD 
and the wL and PI of each soil, for the bimodal curve

◂
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here just as a base for comparison. However, these 
three models can still offer prediction with mod-
erate performance in the macropore region of the 
SWCC. The Arya and Paris (1981) model even has a 
good prediction over most of the SWCC in Fig. 12i. 
The model proposed by Satyanaga et  al. (2013) for 
bimodal soils was also applied to the test data, even 
though this model was also not specifically designed 
for tropical soils. It is possible to perceive poor pre-
diction results, with some curves not presenting the 
bimodal shape. This result for the Satyanaga et  al. 
(2013) model is consistent with the findings of Neves 
et al. (2022).

Figure  13 presents the distribution of the resid-
ual mean squared error (RMSE) values for each of 
the predicted curves presented in Fig. 12. The ANN 
showed better RMSE values when compared to the 
other four prediction models. Among the four models 
selected from the literature, the one that presented the 
best performance was ROSETTA. This is due to the 
good fit in the macro-pore region, as can be seen in 
Fig. 12. Although the Satyanaga et al. (2013) model 
presented a bimodal format in most cases, it showed 
high RMSE values with poor predictions for the nine 
testing soils (Fig.  12). It is important to note, how-
ever, that the Satyanaga et al. (2013) model was not 
intended for and did not consider the special features 
of tropical soils. In summary, the comparisons pre-
sented herein indicate that the four selected estima-
tion models should not be applied to tropical bimodal 
soils.

5  Conclusions

An artificial neural network prediction model for the 
soil–water characteristic curve (SWCC) of bimodal 
tropical soils was presented. The model is based on 
the grain-size distribution (GSD) and on the liq-
uid limit, and plasticity index. Information regard-
ing the degree of particle aggregation was included 
in the form of GSDs for the soil in the aggregated 
and disaggregated conditions. The model showed 
adequate prediction capabilities, with  R2 values of 
0.72 for the training data and of 0.69 for the test 
data. Even though the individual parameters had 
 R2s less than 0.69, with some even negative, the 
final response of the model was satisfactory. This 
phenomenon was present in other models in the lit-
erature, such as Schaap and Bouten (1996), Schaap 
et  al. (2001) and Rudiyanto et  al. (2021), and its 
answer lies in the fact that the equation works on 
the coefficients together to arrive at the final water 
retention value, even in a situation where the coef-
ficients are well-defined points of the SWCC, as is 
the case with the equation of Gitirana Jr. and Fred-
lund (2004).

The proposed model introduces the use of 
ANN for the prediction of bimodal soils and shows 
great potential for application to the bimodal soils. 
Although this study utilized data from a specific Bra-
zilian region, all the methodology developed here 
can easily be applied to other types of soils in vari-
ous regions of the world, as in Schaap et al. (2001), 
Minasny and McBratney (2002) and Haghverdi et al. 

Fig. 13  Distribution of 
RMSE values for each 
model applied to the test-
base soils



Geotech Geol Eng 

1 3
Vol.: (0123456789)

(2012). Similar performance of the current ANN 
model for tropical bimodal soils from other regions 
of the world cannot be guaranteed and future tests are 
necessary.

Several future improvements can be implemented 
to the developed ANN, such as the incorporation of 
parameters related to soil porosity, which is directly 
related to soil suction. The availability of complete 
datasets of soil testing data is a major obstacle to 
the construction of ANN models. In machine learn-
ing methods, larger quantities of data generally lead 
to more accurate training. The creation of larger soils 
databases of bimodal tropical soils will allow the 
exploration of machine learning tools in the under-
standing of tropical soils behavior.

Trial and error are an important aspect of the meth-
odology of developing ANNs. Therefore, it is not 
possible to state that the proposed architecture could 
not be further improved, as larger datasets become 
available. Other activation and output functions, vari-
ations in the number of layers and neurons, as well as 
other forms of data standardization could be explored 
in the future.

The modeling decision to adopt degree of satu-
ration was likely key to the successful development 
of the ANN. In terms of practical application of the 
ANN, the SWCCs predicted in terms of degree of 
saturation can be combined with directly determined 
porosity and compressibility information to convert 
the SWCC to gravimetric or volumetric water con-
tent. It is important to note, however, that the air-
entry values, residual conditions, and partitioning 
between micro and microporosity are also dependent 
on natural and compaction conditions, even though to 
a lesser degree when compared to porosity (Rahardjo 
et  al. 2012). In this sense, it is valuable to consider 
that these modeling decisions may result in limita-
tions of the ANN.
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