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Abstract. This paper aims to explore the potential use of artificial neural networks (ANNs) to predict the compression
index (CC) of soft soils from the Brazilian coast. Results from 225 standard consolidation (oedometer) tests and the
corresponding soil index properties (i.e., initial void ratio, natural water content and Atterberg limits) of a wide variety of
fine-grained soils reported in the literature were compiled and investigated herein. The ANN prediction performance is
compared with linear empirical correlations created from the database investigated. In addition, correlations presented in
the literature are also used and evaluated through different statistical techniques. Overall, for the organized dataset, the
ANN outperformed the empirical correlations, highlighting the fragility and limitations of single and multiple variable
linear empirical correlations.
Keywords: artificial neural network, compression index, empirical correlations, soft soils, statistical analysis.

1. Introduction

The idealized linear relationship between void ratio
and log of effective consolidation pressure of a normally
consolidated clay that applies over a range of stresses and
void ratios defines the compression index (Cc). The Cc ob-
tained from the consolidation test on clay may be a useful
engineering approximation for predictions of consolidation
settlement of normally consolidated natural clays. At a
given value of effective consolidation pressure, the void ra-
tio of a normally consolidated natural clay depends on the
nature and amount of clay minerals present, as indicated by
the liquid limit (Skempton, 1970). The greater the liquid
limit, the higher the void ratio in a soil. Moreover, previous
published empirical relationships between Cc and soil index
properties are often used during preliminary investigation
of suitability of a foundation site during planning stages.

While conducting the laboratory test is indispensable,
it is also relatively time-consuming. In addition, sufficient
undisturbed field samples are often difficult and costly to
obtain. For these reasons, numerous studies have been
made to predict the CC from soil index properties, obtained
from tests more easily carried out (Djoenaidi, 1985). Many
researchers have published empirical correlations estimat-
ing CC from soil index properties around the world (e.g.
Terzaghi & Peck, 1967; Azzouz et al., 1976; Ozer et al.,
2008; Kalantary & Kordnaeij, 2012; McCabe et al., 2014;
and Kootahi & Moradi, 2016) and for Brazilian soft soils
(Futai et al., 2008; Coutinho & Bello, 2014; Baroni &

Almeida, 2017). However, empirical correlations may not
be applied to soils elsewhere without consideration of soil
origin, and the multiplicity of existing empirical correla-
tions indicates the need of evaluation criteria for their use.

The artificial neural networks (ANNs) technique has
been used in geotechnical engineering for prediction of en-
gineering properties of soils based on previously known in-
dex properties of these soils. The work of Rumelhart et al.
(1986) on the backpropagation algorithm is a milestone in
the use of ANN in civil engineering studies. Further studies
on the application of ANN in geotechnical engineering in-
clude the prediction of properties like the hydraulic con-
ductivity in clays (Goh, 1995), the optimum water content
and the corresponding maximum dry density of the soil
(Najjar et al., 1996) and the residual friction angle predic-
tion of clays (Das & Basudhar, 2008). ANNs were also
used for soils settlement estimation (Nejad et al., 2009;
Benali et al., 2013) and shear strength parameter prediction
(Khanlari et al., 2012).

Due to their learning capacity, ANNs are less influ-
enced by the natural variability of CC and therefore are a po-
tential tool in estimating the parameter. The use of ANN for
the CC prediction is presented in some studies (Ozer et al.,
2008; Park & Lee, 2011; Kalantary & Kordnaeij, 2012;
Kurnaz et al., 2016) and all of them presented satisfactory
results.

This paper aims to explore the potential use of a com-
puter-based modelling technique namely ANN to predict
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CC using measured index soil properties. A collected data-
base containing results of 295 standard oedometer labora-
tory tests and corresponding soil index properties, carried
out on a wide variety of fine-grained soils from Brazilian
coast and reported by different researchers was compiled
by the authors. Thus, a wide range of soils and soil proper-
ties, including low and high plasticity soils from the Brazil-
ian coast, are investigated. The ANN ability to overcome
limitations of single and multiple variables linear correla-
tions is evaluated by comparing ANNs predictions perfor-
mances with single empirical correlations created for the
database investigated. In addition, results of correlations
presented in the literature are also evaluated through differ-
ent statistical techniques. These empirical correlations use
simple or multiple variables to predict CC from index prop-
erties such as natural water content (wn), initial void ratio
(e0) and liquid limit determined by the Casagrande method
(LLCUP).

2. Material and Methods

2.1. Database soil description

The results of standard consolidation (or oedometer)
tests and the corresponding index properties of 295 soft
soils from different deposits of the Brazilian coast are in-
vestigated. The dataset reported by different researchers
(Table 1) and compiled in this paper are derived from aca-
demic studies providing a high-quality database of labora-
tory consolidation tests. The data include test results on low
and high plasticity soils from six Brazilian coastal states, up
to 3000 km away from each other: Espírito Santo (ES),
Santa Catarina (SC), Pernambuco (PE), Rio de Janeiro
(RJ), Rio Grande do Sul (RS) and São Paulo (SP). The stan-
dard oedometer test in Brazil is carried out according to
ABNT NBR-12007 (ABNT, 1990).

The predictive model capacity is highly dependent on
experimental database quality. Laboratory data may con-
tain inaccuracies associated with experimental laboratory
errors. For this reason, and assuming the oedometer tests
are performed on fully saturated samples (S = 100 %), some

of the soils presented data inconsistency and were removed
from the investigation. In addition, Tukey’s Rule was ap-
plied for identification and exclusion of systematic bias or
outliers. The outliers are values below Q1 - 1.5*(Q3 - Q1)
or above Q3 + 1.5*(Q3 - Q1), where Q3 and Q1 are the first
and third quartile of the dataset, respectively.

From the mentioned preprocessing, 70 out of 295
samples were removed. Table 2 presents the statistical
properties of the 225 remaining samples from the dataset.
Besides CC, the soil index properties examined are the natu-
ral water content (wn), the initial void ratio (e0), the plastic-
ity index (PI) and the liquid limit determined by the Casa-
grande method (LLCUP).

The fine-grained particles of a soil govern the com-
pressibility, constituting, mainly, the silt and clay fractions,
with particle sizes range smaller than about 200 mesh sieve
size (0.074 mm). From liquid limit (LLCUP) and plasticity in-
dex (PI) values, it is possible to classify these fines through
the Casagrande plasticity chart, which is used by the Uni-
fied Soil Classification System (USCS) as shown in Fig. 1.
The chart analysis shows the heterogeneity of Brazilian
coast fine-grained soils with a wide range of LLCUP values.
These values suggest large variability of clay mineral
groups within the investigated database. Most of the inves-
tigated soils (i.e., 88 %) are classified either as high plastic-
ity clays (CH) or as high plasticity silts and organics soils
(MH-OH).
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Table 1 - References sources and location of the soil samples investigated from Brazilian coast.

Reference Location n**

Baran (2014) Araranguá, Florianópolis, Itajaí, Palhoça, Penha and Tubarão (SC), Recife (PE)
and Rio Grande (RS)

109

Kootahi & Moradi (2016) Juturnaíba, Macaé and Rio de Janeiro (RJ), Recife (PE) 50

UFES* Geotechnical Laboratory Grande Vitória (ES) 56

Póvoa (2016) Macaé (RJ) 6

Queiroz (2013) Itaguaí (RJ) 8

Silva (2013) Duque de Caxias (Sarapuí and REDUC) and Queimados (RJ), Recife and Suape
(PE), Florianópolis (SC) and Santos (SP)

66

*Federal University of Espírito Santo.
**Number of soil samples.

Table 2 - Statistical description of the selected 225 experimental
results.

Variable Minimum Maximum Mean Standard
deviation

LLCUP (%) 25 211 94.46 43.18

PI (%) 4 136.1 54.92 29.55

wn (%) 29 221.34 97.5 41.53

e0 0.73 5.66 2.54 1.03

Cc 0.09 3.27 1.3 0.71



Table 3 presents a statistical summary of CC for each
soil class. As expected, the soils within the high plasticity
classes have the higher values of CC. These classes also
present a wide range of CC values (i.e. from 0.17 to 3.08 and
0.44 to 3.27, respectively).

The Pearson correlation coefficient was used to eval-
uate the correlation among the used properties. From Ta-
ble 4, wn and e0 showed relatively strong correlation with CC

(i.e., 0.87 and 0.86, respectively). In addition, the pairs
wn - e0 and LLCUP-PI showed strong correlations which may
affect ANN performance.

2.2. Existing correlations investigated

As presented in Table 5, several empirical correla-
tions have been previously published by different investi-
gators for estimating CC values from different local sites.
Most of these equations estimate CC from single-variable
regressions with wn (C1-C4), LLCUP (C6-C8) or e0

(C10 - C12). Multiple regression correlations (C14-C15)
are also presented and account for both mineralogical com-
position and soil structure influence on CC. It should be
noted that all these correlations are in linear form and show
a direct and positive relationship between CC and the input
properties investigated.

2.3. Artificial neural networks

ANNs are characterized as artificial intelligence (AI)
techniques inspired by the structure of the human brain to
simulate its operation in computational systems in a simpli-

fied way. The neural networks are distinguished by per-
forming three essential operations: learning and storing
knowledge; applying the knowledge acquired in solving
proposed problems; as well as acquiring new knowledge
from constant learning (Khanna, 1990).

The artificial neuron is the basic processing element
of an ANN. A neuron model is formed by a set of input con-
nections (xj), synaptic weights (wkj), where k is the number
of input neurons and j corresponds to the input stimulus;
and the bias (bk), a weighting parameter which can increase
or decrease the value of the linear combination of inputs of
the neuron activation function (f.). Figure 2 presents a sim-
plified model of an artificial neuron, where (uk) represents
the linear combination of input signals, and (yk) corre-
sponds to the output value of the neuron, adapted from
Haykin (2001). Thus, the input weighting process repre-
sents the learning rate acquired by an ANN. The weights
are adjusted as the input dataset is presented to the network.
The supervised learning process in an ANN is based on the
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Figure 1 - Casagrande plasticity chart of investigated soil samples.

Table 3 - CC Statistical summary by USCS Division of investigated soil samples.

USCS Samples Minimum Maximum Average Standard deviation

CH 108 0.17 3.08 1.25 0.62

CL 25 0.09 1.31 0.47 0.29

MH-OH 90 0.44 3.27 1.62 0.69

ML-OL 2 0.25 0.38 0.32 0.09

Table 4 - Correlation among the properties investigated.

CC LLCUP PI wn e0

CC 1

LLCUP 0.82 1 Symmetrical

PI 0.79 0.93 1

wn 0.87 0.71 0.71 1

e0 0.86 0.70 0.70 0.99 1



adjustment of the synaptic weights so that the output value
is the closest possible to the expected value.

The activation function (f.) has the objective of limit-
ing the input signals of the network in a specific range, usu-
ally between [0;1] or [-1;1], to generate the output neuron
from the input values xi of the network and the adjusted
weights. The most used functions in geotechnical research
are log-sigmoid, tan-sigmoid and linear. The ANN archi-
tecture is the way the network presents the arrangement of
its neurons (Fig. 2). The structure can be in a single hidden
layer or in several layers. The layers located between the
entry and exit layers are called intermediate or hidden lay-
ers.

2.3.1. Backpropagation algorithm

The multilayer perceptron (MLP) is a multilayered
artificial neural network composed of sigmoidal activation
functions in the hidden layers. In this type of architecture,
the hidden layer uses a non-linear activation function, such
as the sigmoidal function, giving the network a genuinely
non-linear model. For MLP, unlike simple Perceptron, the
error e is not obtained simply from the difference between
the desired output and the output calculated by the network
because there are now intermediate layers. Hence, for the
training stage, Rumelhart et al. (1986) proposed the back-
propagation algorithm, one of the most used in practical ap-
plications of ANN.

The algorithm principle is to estimate the error of the
intermediate layers by estimating the effect caused in the
output layer error, using the descending gradient. The error
is thus backpropagated in the network to correct the synap-
tic weights of the hidden layers. For this reason, the activa-
tion functions need to be continuous, differentiable, such as
logistic functions, and hyperbolic tangent (Braga et al.,
2001). The Levenberg-Marquardt (LM) algorithm, an opti-
mization of the backpropagation algorithm, is an iterative
numerical optimization technique capable of locating the
minimum of a function expressed as the sum of squares of
other nonlinear functions and is widely used in ANN stud-
ies.

The LM backpropagation is an adaptive network,
where each node in the network has the same node function.
LM function uses the Jacobian matrix for calculations that
assume the performance as a mean or sum of squared error
(Kannaiyan et al., 2019). The LM algorithm can be better
explained in Hagan & Menhaj (1994) and Raina et al.
(2009).

2.3.2. Proposed ANN models

The potential of ANN to estimate the compression in-
dex (CC) is investigated by developing different ANNs
models. The simulations in this study have been carried out
in the MATLAB environment. Using the toolbox nftool, the
ANNs were trained with the Levenberg-Marquardt (LM)
training algorithm.
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Shahin (2013) points out that in most geotechnical
problems, the architecture of an ANN is usually obtained
through trial and error. Hornik et al. (1989) demonstrated a
single hidden layer as sufficient to approximate any contin-
uous function. Caudil (1988) points out that the number of
hidden neurons (H) in a network with a single layer is a
function of the number of input variables (I), as shown in
Eq. 1.

H I� �( )2 1 (1)

On this hand, the networks in this study were trained
with a single hidden layer, with the number of neurons in
the hidden layer varying (2, 4, 6 and 10), and using four in-
put parameters: LLCUP, PI, e0 and wn. The log-sigmoid acti-
vation function in the hidden layer and the linear function in
the output layer were used. In the training stage, 80 % of the
total soil samples were used (177 selected experimental
data). From these, 70 % were used for training, 15 % for
validation and 15 % for testing. It is important to highlight
that in nftool toolbox, these three steps make up the network
training. Overall, in the first step, the network adjusts the
synaptic weights minimizing the error function (i.e., the
mean squared error, MSE, Eq. 2). The validation samples
are used to measure the generalization of the networks, and
their errors are used to correct the synaptic weights and stop
the training process. The testing samples are independent
measures of the ANN. The remaining soil samples (20 %)
were reserved for the cross-validation test (48 selected
data). In this stage, the generalization capacity of the model
is evaluated. The soil samples used for the cross-validation
test were not included in the training stage.

MSE
n

C Cc measured c predicted
i

n

� �
�

�
1 2

1

( ), , (2)

The selection of samples for training and cross-vali-
dation subsets followed the representativeness criteria in-
cluding different domains of variation of CC, a strategy
distribution of the samples as discussed by Fortin et al.
(1997). Thus, all the ranges of the histogram shown in
Fig. 3 are represented in both training and cross-validation
sets.

3. Results

3.1. Statistical evaluation methodology

It is not easy to choose the best estimation method to
use, requiring criteria in its selection, which suggests the
use of statistical techniques to evaluate the different meth-
ods used in geotechnical investigations. As a methodology
to evaluate the estimation capacity of empirical correla-
tions and ANNs, some statistical criteria are assessed: (i)
the root mean square error (RMSE), (ii) the estimated and
measured compression index ratio (K), (iii) the ranking in-
dex (RI) and (iv) the ranking distance (RD). The methodol-
ogy is based on previous publications (Briaud & Tucker,
1988; Giasi et al., 2003; Ozer et al., 2008; Onyejekwe et al.,
2015; Güllü et al., 2016).

The RMSE is the root mean square error of the differ-
ence between the estimated and measured values, which
consequently attributes greater weight to the largest errors.
Values close to zero indicate better model performance.
The RMSE is calculated as follows:

RMSE
n

C Cc estimated c measured

n

� ��
1 2

1

( ), , (3)
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Figure 2 - ANN Architecture and Non-linear neuron model adapted from Haykin (2001) and Shahin et al. (2001).

Figure 3 - Compression index histogram of the selected experi-
mental results.



where n is the number of observations, CC, estimated is the value
predicted by the empirical correlations or ANNs, and CC, mea-

sured is the experimental CC value obtained from the oedo-
meter test.

The average and standard deviation of CC, estimated and
CC, measured ratio (K) assesses how an equation underestimates
or overestimates a value and compose accuracy and preci-
sion measurement parameters of the RI and RD methods. K
is calculated as:

K
C

C
c estimated

c measured

�
,

,

(4)

Briaud & Tucker (1988) point out that the accuracy of
K in evaluating the predictive capacity of a method is repre-
sented by the average of K. The precision of the method, is
given by the scatter of the estimated values around the aver-
age of K, which is measured by the standard deviation of K.
Theoretically, the factor K varies between zero and infinity,
with an optimal value equal to one (Briaud & Tucker,
1988). Values of (K < 1) and (K > 1) indicate if results are
underestimated or overestimated, respectively (Abu-Far-
sakh & Titi, 2004). The best estimated results are associ-
ated with the average (�) of K close to one and standard
deviation (SD) of K close to zero (Abu-Farsakh & Titi,
2004; Güllü et al., 2016).

The ranking index (RI) was proposed by Briaud &
Tucker (1988) to alleviate the problem of non-symmetric
distribution of K values. The RI is a general index that re-
lates � and SD of all the K values of a group of estimates of
a variable and provides a judgment of the accuracy and pre-
cision of the estimation. For the evaluation, low values of
RI indicate good performance of the prediction model. The
RI is determined by the formula:

RI K SD K� ��(ln[ ]) (ln[ ]) (5)

The ranking distance (RD) is an alternative general
index proposed for assessing the quality of a calculation
method, assessing the accuracy and precision of an estima-
tion. As RI, RD also considers � and SD of all the K values
of the analyzed data (Giasi et al., 2003). For assessment,
low RD values indicate high accuracy and precision in the
estimated values. The RD is determined as follows:

RD SDk k� � �( ) ( )[ ] [ ]1 2 2� (6)

The performance is also evaluated through the coeffi-
cient of correlation for equations (R2). In general, R2 value
has the objective of evaluating the relationship between
two variables, from “n” observations of those variables, in-
dicating how much the independent variable can be ex-
plained by the fixed variable. The R2 values close to 1
indicate a better correlation between two variables:

� 	
R

C C

C

c estimated i c measured i
i

n

c measured

2

2

11� �

�
�

� , , , ,

,� 	, ,i c measured
i

n

C�
�

�
2

1

(7)

where CC, measured = input value, CC, estimated = estimated output
value, Cc, measured = average input values and n = number of
variables.

3.2. New empirical correlations proposed

Based on Pearson correlation values, Table 4, there is
a strong relationship between CC and index properties wn, e0

and LLCUP. For this reason, three new single linear empirical
correlations have been developed to estimate CC from these
properties for the Brazilian coast soft soils. The correlations
have been created in the statistical software Minitab. The
same 177 samples used for ANN training were used to cre-
ate the empirical correlations. The remaining 20 % (48
samples) will be used as cross-validation test for both
ANNs models and correlations created.

The Kolmogorov-Smirnov hypothesis test has been
used to evaluate the residuals normality and homosce-
dasticity diagnosis has been performed to ensure empirical
correlations validity. At the time the normality hypothesis
was denied, points outside the 95 % interval have been re-
moved (outliers) and the analysis has been repeated (Berger
& Zhou, 2014). After statistical analysis, three new simple
adjustment empirical correlations were determined for in-
vestigated Brazilian coast soft soils as follows (Table 6).
All of them present a p-value (> 0.05) which indicates a
good adherence to normal distribution.

Figures 4a, 4b and 4c present graphically the empiri-
cal correlations created and those from Table 5, with CC as a
function of wn, e0 and LLCUP, respectively. It is noticed that
empirical correlations could yield to the different results in
a wide range of variability, which shows the particularity of
the correlations with the local geological sites of the se-
lected soil samples for the modelling.

3.3. Trained ANN performance

The CC prediction capacity for Brazilian coast soft
soils of the trained ANNs were evaluated by different sta-
tistical parameters (i.e., RMSE, K, RI, RD and R2). The pre-
dicted CC values are compared to the measured CC values
determined from laboratory oedometer test. The results ob-
tained by the four trained ANNs are summarized in the Ta-
bles 7 and 8 for the training and cross-validation sets,
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Table 6 - Correlations proposed for the investigated database.

ID Variable(s) Equation R2

C5 wn CC = 0.01601wn - 0.3209 0.83

C9 LLCUP CC = 0.6155e0 - 0.3521 0.55

C13 e0 CC = 0.01581LLCUP - 0.138 0.83



respectively. Each ANN was trained varying the number of

neurons in the hidden layer.

The high values of R2 associated with low RMSE val-

ues are evidence of good statistical performance of the

ANNs trained for CC prediction. The R2 values range be-

tween 0.80-0.90 and RMSE values range between 0.26-0.30

considering the cross-validation sets. The cross-validation

set results prove the ANN ability to generalize the acquired

knowledge.

In terms of precision, assessed by the K values, a bal-
ance between the percentage values of (K > 1) and (K < 1) is
observed for the trained ANNs, with a slight tendency to
overestimate the CC for most of the models (� > 1).

Overall, the increase in number of neurons in the hid-
den layer has not provided significant improvement in the
CC prediction ability for the investigated experimental
dataset. It is suggested that the use of 4 neurons is enough.
Thus, in this study, good prediction performance was rea-
ched using a number of hidden neurons equal to the number
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Figure 4 - Graphical representation of empirical correlations for CC prediction using (a) wn, (b) LLCUP, and (c) e0.

Table 8 - Statistical measurements for ANNs performances (cross-validation set).

ID Input parameters Hidden neurons RMSE K RI RD R2

% < 1 % > 1 � SD

ANN1 PI, e0, LLCUP, wn 2 0.28 52.1 47.9 1.10 0.35 0.33 0.36 0.88

ANN2 4 0.26 45.8 54.2 1.14 0.33 0.34 0.35 0.90

ANN3 6 0.30 45.8 54.2 1.15 0.43 0.40 0.46 0.87

ANN4 10 0.29 54.2 45.8 1.07 0.29 0.28 0.30 0.87

Table 7 - Statistical measurements for ANNs performances (training set).

ID Input parameters Hidden neurons RMSE K RI RD R2

% < 1 % > 1 � SD

ANN1 PI, e0, LLCUP, wn 2 0.31 46.3 53.7 1.13 0.45 0.38 0.47 0.80

ANN2 4 0.262 46.9 53.1 1.10 0.41 0.34 0.43 0.86

ANN3 6 0.30 46.9 53.1 1.15 0.44 0.40 0.46 0.82

ANN4 10 0.28 52.0 48.0 1.07 0.38 0.32 0.38 0.84



of inputs of the model, which agrees with the work of Ozer
et al. (2008).

3.4. Empirical correlations performance

The CC prediction capacity for Brazilian coast soft
soils of both empirical correlations developed from this
study and the correlations presented in the literature also
were evaluated by statistical parameters (i.e., RMSE, K, RI,
RD and R2). The cross-validation set is used to illustrate and
compare the behavior of empirical correlations and ANN
models. Table 9 shows the results.

The common behavior for the empirical correlations
was a tendency of underestimate CC (�[k] < 1), especially
those correlating CC and LLCUP. Also, the empirical correla-
tions tended to underestimate Cc for soil samples of more
compressible soils (higher Cc values). The LLCUP values are
strongly affected by clay mineralogy. Thus, there are limi-
tations in the application of the investigated empirical cor-
relations to soils from different geological origin or to soils
with a CC range outside the limits of the data from which the
correlation was created.

For the reason cited, the empirical correlations pro-
posed for this study database C5 and C13 (with wn and e0,
respectively) presented the lower RMSE, RI and RD values.
These two soil index properties have the strong correlation
with CC, which explains how they better explain CC varia-
tion. In the same way, the multi-variable correlation C15,
proposed by Kootahi & Moradi (2016) (for marine soils
around the world and similar to soils in this study database)

had a reasonable statistical performance. Also, the correla-
tion was not extrapolated.

From Tables 7, 8 and 9, none of the correlations have
satisfied all the evaluation criteria concomitantly and the
trained ANNs presented statistical performance more con-
sistent than the empirical correlations. For a general assess-
ment, low values of RI and RD close to each other corre-
spond to higher accuracy estimation, which is observed for
ANNs and empirical correlations C5, C13 and C15, as
shown in Fig. 5. Even though the ANN results regarding RI
and RD are similar with these 3 correlations (two of them
proposed for this study database), the RMSE for the ANNs
can be up to 35 % lower.

The results reinforce the need for using more than one
statistical parameter in the evaluation of different estima-
tion methods. Analyzing only one parameter alone can lead
to erroneous and meaningless conclusions. However, in
this specific study, the values of RD and RI did not add con-
clusions and the analysis could be limited to RMSE and the
values of K and �[K]. Even though Güllü et al. (2016) point
out that the RD index assigns equal weight to both accuracy
and precision of estimation and provides more information
than the RI index and RMSE, a crescent linear variation of
both SD[K] with RD index and RMSE and �[K] with RI index
is observed. That said, they seem to indicate the same be-
havior.

Figures 6 and 7 present the results when the perfor-
mance by soil class is evaluated according to USCS. As
shown in Table 3, there is limited data for ML-OL and CL
samples, so only the CH, MH-OH samples are analyzed.
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Table 9 - Statistical summary of the CC estimated from empirical correlations cross-validation set.

Variable(s) ID RMSE K RI RD R2

% < 1 % > 1 � SD

wn C1 0.56 79.2 20.8 0.83 0.37 0.60 0.41 0.85

C2 0.33 58.3 41.7 1.04 0.42 0.35 0.42

C3 0.55 77.1 22.9 0.86 0.41 0.59 0.44

C4 0.41 75.0 25.0 0.95 0.41 0.45 0.41

C5 0.32 58.3 41.7 1.03 0.37 0.33 0.37

LLCUP C6 0.73 89.6 10.4 0.67 0.25 0.82 0.42 0.77

C7 0.63 87.5 12.5 0.77 0.30 0.69 0.38

C8 0.48 64.6 35.4 0.92 0.36 0.51 0.37

C9 0.40 31.3 68.8 1.20 0.47 0.48 0.51

e0 C10 0.57 79.2 20.8 0.82 0.36 0.38 0.40 0.82

C11 0.78 79.2 20.8 0.81 0.53 0.80 0.56

C12 0.39 68.8 31.3 1.00 0.41 0.41 0.41

C13 0.35 60.4 39.6 1.02 0.37 0.36 0.38

e0, LLCUP, wn C14 0.54 79.2 20.8 0.83 0.33 0.58 0.38 0.84

e0, LLCUP C15 0.36 62.5 37.5 0.99 0.36 0.36 0.36 0.86
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Figure 5 - Results of R2, RMSE, RI and RD evaluation for each empirical correlation and ANNs for cross-validation set.

Figure 6 - Results of R2, RMSE, RI and RD by each empirical correlation and ANNs for CH soils for cross-validation set (n = 26).

Figure 7 - Results of R2, RMSE, RI and RD by each empirical correlation and ANNs for MH-OH soils for cross-validation set (n = 16).



Overall, both CH and MH-OH show similar results when
analyzed by ANNs, however, the MH-OH class presented
best precision and accuracy, as reveled by lower RI and RD
values. The empirical correlations seem to follow the same
tendency of the ANNs. Again, C5 and C15 are the correla-
tions which better approximate the minimum values of
RMSE, RI and RD, for both soil sample classes.

The ANN results grouped by Brazilian states are
shown in Fig. 8. Due to the reduced number of cross-
validation samples for SP, RS and PE Brazilian states, a sta-
tistical evaluation for these geological sites was not possi-
ble. In terms of RMSE, RD and RI, the best minimum
adjustments between the curves occurred for soil samples
from RJ and SC, indicating highest accuracy and precision
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Figure 8 - Results of R2, RMSE, RI and RD by empirical correlations and ANNs for cross-validation samples by (a) ES (n = 10), (b) RJ
(n = 13) and (c) SC (n = 15).



of the predicted CC values, especially for the network
ANN2. The CC interval variation for ES soil samples is
0.13-1.53, against 0.29 - 3.08 for RJ and 0.09 - 2.20 for SC
samples. These observations indicate best performances of
the ANN estimations for soils with higher compressibility.

In addition, Fig. 9 compares measured and estimated
CC for the empirical correlations and trained ANNs with the
best and worst statistical performance for cross-validation
sets. It is possible to notice that ANN results are close to
each other, while greater divergence is noted for empirical
correlations. Overall, both, empirical correlations and
ANNs tend to underestimate higher CC values (CC > 1). Ac-
cording to the calculated statistical parameters, the best dis-
tribution of the CC estimated by the ANNs around the equal
line for any value of Cc can be graphically observed in all
cases. The CC empirical correlations with wn present results
closer to the equal CC measured line than correlations with
e0 and LLCUP, corroborating the statistical parameters previ-
ously evaluated.

4. Conclusions
In this paper, the performance of ANNs and widely

used single and multi-variable empirical equations for
compression index estimation was evaluated using a data-
set of 225 fine-grained soils with a wide range of soil prop-
erties (i.e., LLCUP values ranging from 25 up to 200 %) from
six Brazilian coastal states. Different networks have been
trained with 2, 4, 6 and 10 neurons in a single hidden layer.
The ANN training used the Levenberg-Marquardt algo-
rithm (LM), the log-sigmoid activation function in the hid-

den layer and the linear function in the output layer. In
addition, new empirical correlations were proposed for
Brazilian coast soft soils using the least squares regression
and residual analysis test techniques. The performance of
both empirical correlations and ANNs have been evaluated
through statistical techniques that include: (i) the root mean
square error (RMSE), (ii) the ratio of the estimated to mea-
sured compression index (K), (iii) the ranking index (RI)
and (iv) the ranking distance (RD).

Overall, the proposed ANN models outperformed the
empirical correlations investigated, which is proved by the
statistical parameters used. The minimum RMSE was 0.26
for the trained ANNs, 0.32 for the single empirical correla-
tions created and 0.36 for the empirical correlations from
the literature. The main reason for that is the underestima-
tion of CC for samples of more compressible soils by the
empirical correlations. Among the input properties, the em-
pirical correlations proposed in this study correlating CC

with wn (C5) and e0 (C13) showed the best estimation re-
sults. Also, the better performance of proposed correlations
over those from the literature proves the influence of soil
geological origin on the prediction capacity performance.

It is noteworthy that the empirical correlations are
usually better applied to the modelling soil sample sites,
and several standard oedometer tests using different soil
samples in an investigated site are required for determina-
tion of CC due to the observed heterogeneity of Brazilian
coast fine-grained soils. By their ability to learn, adapted
ANNs are less influenced by the site natural spatial vari-
ability. Moreover, the ANN method can always be updated
by presenting new training soil examples as new data with
measured CC and corresponding index properties become
available. Thus, these presented results reveal that the
adapted ANNs created for estimation of soft soils CC from
the Brazilian coast have potential application as an alterna-
tive to the empirical correlations during preliminary inves-
tigation of suitability of a foundation site during planning
stages.

In addition, the authors propose to send to readers the
MATLAB .mat file, which contains the synaptic weights
from the trained ANN4, which can be used in MATLAB en-
vironment, for prediction of compression index from Bra-
zilian soil samples in preliminary investigation studies.
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