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�e permeability coefficient (k) of soil is one of the most important parameters affecting soil characteristics such as shear strength
or settlement.�us, determining soil permeability coefficient is very crucial; however, a field test for determining this parameter is
difficult, time-consuming, and expensive. In this study, soft computing methods, namely, M5P and Gaussian process (GP), for
estimating the permeability coefficient were constructed and compared. �e results of this paper indicate that the two soft
computing algorithms functioned well in predicting k. �ese two methods gave high accuracy of prediction capability. �e
determination coefficient of M5P (R2 � 0.766) was higher than that (R2 � 0.700) of GP. �is implies that the M5P model is more
reliable estimation than the GP model in predicting soils’ permeability coefficient (k). �is proves that applying these machine
learning techniques can provide an alternative for predicting basic soil parameters, including the permeability coefficient of soil.

1. Introduction

Soil permeability is one of themost important characteristics
when considering its construction applications. �e soil
permeability coefficient is a factor that shows how the fluid
can flow through the interconnected voids in soil from the
high energy to low energy location due to the hydraulic
gradient [1]. It is an important input parameter for designing
most of the geotechnical structures, including landfills,
tailing dams, or earth dams [2]. Desired values of soil
permeability coefficient typically vary depending on soil
types and service life of structures. For example, a high
permeability coefficient is necessary for filter and drain
construction, whereas a low permeability coefficient is re-
quired in the case of landfill liners or the core of earth dams.
Many factors such as density, void size, void type (inter-
connected void), mineral composition, particle shape, and
surface roughness of soil are key factors, which govern the

variety of soil permeability [3]. �erefore, the construction
of canals, dams, or drainage structures can be affected due to
the variety of soil permeability [4].

�e soil permeability coefficient can be measured
through field or laboratory tests. It is demonstrated that the
soil permeability coefficient determination in the field is
costly, complicated, fairly laborious, and time-consuming
[5–7]. Meanwhile, it is difficult for laboratory measurement
of soil permeability coefficient to obtain the undisturbed
samples. In particular, the samples for laboratory mea-
surements are usually reconstituted to be close to those from
the field. �erefore, the laboratory measurement results
might not reflect the real value of soil permeability in the
field because of the devastation of soil fabric when sampling
[1]. �e combined measurements of field and laboratory
data are also carried out to determine the soil permeability
coefficient because of the individual advantages and dis-
advantages of each test [1, 5].
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Ganjidoost et al. [2] reported that three-category factors
remarkably affect the soil permeability coefficient, namely,
permeable soil parameters (density, clay content, viscosity,
etc.), inherent soil parameters (Atterberg limits, particle size
distribution, etc.), and compacted soil factors (porosity,
water content, density, etc.). Most of these factors have
closely related to each other. It was reported that the soil
permeability coefficient was decreased by over 100 times
when the percentage of passing through sieve No. 100 in-
creased in the range of 0 to 7% [8]. Conducting several
experiments with the difference in percentages of granular
and low-plastic marine soils, Shakoor and Cook [9] con-
cluded that the soil permeability coefficient was noticeably
grown up by increasing the percentage of granular material.
Similarly, D’Appolonia [10] investigated soils combining
bentonite and demonstrated that the increase in the fine
particles of soils resulted in the reduction of their perme-
ability coefficient. For the cohesive soils, the permeability
coefficient can be reduced when increasing the plasticity
index of clayey soils [11]. It was reported that the com-
paction energy and water content significantly influence the
soil permeability coefficient [12]. Acar and Olivieri [13]
verified that void size as well as the void ratio was remarkably
decreased after increasing the compaction energy, leading to
a reduction of soil permeability coefficient. �erefore, re-
searchers intensively made efforts to estimate the soil per-
meability coefficient by suggesting many empirical formulae
for not only cohesive soils [11, 14, 15], but also granular soils
[16–19]. However, most of the empirical formulae were
proposed based on the results obtained in the laboratory,
which were conducted on either rebuilt or disturbed spec-
imens. Moreover, samples for measurement in the labora-
tory are usually limited. �e accuracy of empirical formulae
depends on the quality of the preparation and experiment
process of samples such as selecting samples, preparing
homogeneous samples, and using appropriate methods.
�erefore, these formulae can only apply to some specific
cases but cannot be used to calculate the soil permeability
coefficient for all cases.

Recently, several soft computing techniques have been
proposed and applied to identify or predict parameters of
soils such as artificial neural networks (ANNs), adaptive
network-based fuzzy inference system (ANFIS), and hybrid
optimization model of genetic algorithm adaptive network-
based fuzzy inference system (GA-ANFIS) [6, 7, 18, 20–22].
For example, many researchers used machine learning
models such as ANN, ANFIS, and SVM or hybrid machine
learning models like PSO-MLP neural nets to estimate the
compression coefficient of soil [23–25]. �ey indicated that
these machine learning methods could predict compression
coefficients with high accuracy. Besides, machine learning
methods such as SVR, ELM, ANN, PANFIS, GANFIS, and
other hybrid models have been applied successfully in
predicting the shear strength of soil [26–29]. It was reported
that ANN, SVM, and ANFIS have some advantages in
predicting soil parameters. For example, ANN has a simple
architecture and is easy in training and generalization; it can
solve nonlinear problems with high accuracy [30–33]. Re-
garding SVMs, it was reported that they have some

advantages such as the ability to provide good out-of-sample
generalization and to be robust even when the training
sample has some bias [34]. Based on experimental results of
55 different mixture proportions, Sinha and Wang [7] de-
veloped the ANN prediction models (with reliability of over
95%) including the permeability, maximum dry density, and
moisture content to verify the properties of soil. Concerning
particle shape and grain size distribution, the permeability of
granular soil can be also predicted by using ANFIS [22].
Yilmaz et al. [20] compared the predicted permeability
coefficient of coarse-grained soils between ANNs and
ANFIS. Although both soft computing models can exhibit a
high accuracy in estimating the soil permeability coefficient,
the ANFIS model might outperform the ANNs model.
Besides, some previous studies used multiple linear re-
gression (MLR), ANN, SVM, and ANFIS to improve the
prediction accuracy of hydraulic conductivity of soil [35].
Arshad et al. concluded that ANFIS has a better prediction
ability compared to ANN and MLR in estimating the sat-
urated hydraulic conductivity [36–40]. However, it was
reported that these machine learning algorithms have some
disadvantages such as having a greater computational re-
source, being time-consuming, having poor generalization,
and being prone to overfitting [30, 31, 34, 41, 42].

Furthermore, there are several decision tree algorithms,
which have been applied popularly in predicting soil pa-
rameters such as M5P and Gaussian process (GP). It was
reported that M5P and GP have some advantages. For ex-
ample, it was indicated that these algorithms require few
user-defined parameters, can provide mathematical equa-
tions, offer more insight into the obtained equations, and
also are more convenient to develop and implement [42–45].
M5P and GP have been employed in predicting structural
numbers in flexible pavements, and it was indicated that
these machine learning methods could be used in this
problem [46]. Previous studies used M5P for predicting the
compressive strength of normal concrete and high-perfor-
mance concrete; they found that M5P could be a sufficient
tool for estimating the compressive strength of concrete
[42, 45, 47].

Regarding the prediction of soil properties, GP was
employed to predict the ultimate load capacity as well as the
effective stress parameter of unsaturated soil [48, 49]. It was
revealed that the GP regression approach works well in the
prediction of the load-bearing capacity of the pile in com-
parison with the SVM approach [48]. In addition, Samui and
Jagan [49] indicated that GPR is a reliable model for pre-
dicting the effective stress parameter of unsaturated soil. A
previous study used Random Forest (RF), GP, M5P, and
ANN for estimating the strength of cement-treated dis-
persive soil, finding that these algorithms performed well
[50]. Besides, it was reported that GP works better than SVR
and MLR in the prediction of infiltration of sandy soil [43].
GP was also used to model the infiltration rate of the soil,
and it was stated that GP could give a good estimation
performance [51]. Furthermore, another study applied M5P
in the prediction of cumulative infiltration of sandy soil and
found that the bagged approach performed well with the
M5P tree model than with the RF model [52]. GP was also
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used for modeling the recharging rate of the stormwater
filter system, and it was indicated that Pearson VII based GP
regression approach works well compared to the other
kernel functions based on GP and SVM models [53].

Based on the above literature, it is accepted that M5P and
Gaussian process (GP) are the decision tree algorithms that
are robust soft computing techniques and have the potential
for predicting soil parameters [45, 47, 54–56]. �ey can
provide understandable mathematical equations. Conse-
quently, users can more easily know the parameters that
affect the outputs of the modeling process. However, there is
less application of these prominent techniques in the geo-
technical field, for example, for the prediction of the soil
permeability coefficient. �erefore, this study was exten-
sively undertaken with the following objectives: to present
the application of soft computing techniques, M5P and
Gaussian process, for estimating the soil permeability co-
efficient and to compare the accuracy between the two
techniques. In addition, this study will also fill the gap of
literature using M5P and GP for predicting soil permeability
coefficient.�e used datasets were collected from a project in
Vietnam; Da Nang–Quang Ngai expressway was employed
for modeling.

2. Materials and Methods

2.1. Data Used. Indeed, the permeability coefficient of soil
(k) is affected bymany factors. However, this study will focus
on the main factors which significantly govern soil per-
meability in order to reduce the model complexity. In the
current research, data of 84 soil samples were collected from
Da Nang–Quang Ngai expressway project as shown in
Figure 1. �en, the soil samples were tested in the laboratory
to determine the input parameters, namely, water content
(w%), void ratio (e), specific density (c), liquid limit (LL%),
plastic limit (PL%), clay content, and permeability coeffi-
cient (k). �e output of these parameters in modeling is the
permeability coefficient of soils. �e quantitative analysis of
these input parameters is provided in Table 1. Figure 2 shows
the distribution of input and output variables used in this
study. Figure 3 shows the correlation between the input
variables and the output variable. It can be seen that there is a
high correlation between the input variables and the output
variables of the data used in this study (in most of the cases,
R> 0.5).

2.2. Methods Used

2.2.1. M5P. Wang andWitten [57] rebuilt and proposed the
M5P algorithm from the M5 algorithm, which was originally
proposed by Quinlan [21] with the addition of a linear
regression function to the leaves nodes. By reducing tree size,
M5P could perform better on datasets than M5. Normally,
M5P has three main steps as follows:

(i) Building a model tree: the entered space was split
into many subspaces using the dividing criterion.
�e standard deviation reduction factor (SDR) was

used tominimize the expected error at the node.�e
equation of SDR is shown as follows:

SDR � sd(H) − 
i
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where H is the instances dataset that stretch the
node, Hi is the set that is received from a divided
node according to a given attribute, and sd is the
standard deviation of H.

(ii) Pruning tree: a classifying and regression tree
(CART) is introduced in each subspace to overfit the
problem and increase the classification perfor-
mance. �e pruning step will delete the error which
occurs in the learning data.

(iii) Smoothing step: the pruning tree can lead to sharp
discontinuities among the neighboring linear
models. �erefore, to solve this problem, all the leaf
models will be combined from the leaf to the root to
build the final model. �en, along the path back, the
predicted value is filtered to the root. By regression,
the final value is smoothed by combining the cur-
rent value with the predicted value from the linear
regression as the following equation:

T′ �
Nt + KA

N + K
, (2)

where T′ is the predicted value shift to the higher
level of the next node, N is the total number of
training instances that shift to the next lower node,
Nt is the predicted value shifted from the lower node
to the present node, A is the predicted value by the
node at this node, and K is a constant value.

2.2.2. Gaussian Process. �e Gaussian process (GP) was
firstly introduced by Rasmussen and Williams [58]. �is is a
popular method for nonparametric regression and classifi-
cation problems.�is method was also applied to predict the
compressive strength of concrete [45, 47]. By combining the
Bayesian learning and kernel machines, GP results in a
principled and probabilistic approach for regression. �e
predicted value can be directly outputted with the uncer-
tainty of a model prediction. Hence, this is a suitable model
for dealing with time series data mining.

Generally, a GP can be measured by the mean and kernel
function. It is assumed that GP is classified as an assemblage
of random variables, which show the value of the function
f(t) at the location (t). It can be written as the following
equations:
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Figure 1: Location of Da Nang–Quang Ngai expressway project.

Table 1: Statistical analysis of the inputs and output in this study.

Parameters Unit Minimum Maximum Average STD
Natural water content, w % 15.1 99.9 34.23 16.5
Void ratio, e — 0.46 2.63 0.97 0.42
Specific density, c g/cm3 2.58 2.74 2.68 0.02
Liquid limit, LL % 18.9 88.93 37.27 13.04
Plastic limit, PL % 12.2 54.8 22.21 7.04
Clay content, cc % 5.7 64 25.17 11.5
Permeability coefficient k 10−9 cm/s 0.3 7.1 1.45 0.94
STD� standard deviation.
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Figure 2: Continued.
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f(t) ∼ GP m(t), k t, t′( ( , (3)

m(t) � E[f(t)],

k t, t′(  � E (f(t) − m(t)) f t′(  − m t′( (  ,
(4)

where f(t) is the prior distribution of regression function and
m(t) and k(t, t′) are the mean and kernel function,
respectively.

Suppose that a training set T consists of input finite
numbers t1, . . ., tn in matrix form; GP will define a joint
Gaussian distribution as follows:

p(f|T) � N(f|M, K), (5)

where the mean function M(T) is determined by the mean
function m(t), as follows:

M(T) �
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Figure 2: Histograms of the input and output variables used in this study.

CC 0.72 0.85 0.72 -0.23 0.72 0.51

w 0.96 0.96 -0.78 1.00 0.83

LL 0.96 -0.63 0.96 0.78

PL -0.72 0.96 0.76

γ -0.78 -0.73

e 0.83

k

Figure 3: Scatter plots for each pair of variables with the per-
meability, including correlation analysis between variables used in
this study.
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Furthermore, the kernel function K(T, T′) is measured
by the mean function k(t, t′), as follows:

K T, T′(  �

k t1, t1′(  · · · k t1, tN
′( 

· · · · · · · · ·

k tN, t1′(  · · · k tN, tN
′( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦. (7)

For simplicity, the mean function in this study is set as
zero in order to obtain a widely used GP prior. It was also
applied in previous studies [56, 58]. �en, (3) can be re-
written as follows:

f(t) ∼ GP m(t) � 0, k t, t′( ( . (8)

2.2.3. Validation Indicators. In this research, several error
indicators, namely, root mean square (RMSE), mean ab-
solute error (MAE), and determination coefficient (R2), were
used to quantify the accuracy of the prediction of models.
Particularly, RMSE shows the difference in the values be-
tween the actuality and prediction, as shown in (9). A lower
value of RMSE means a higher accuracy of estimation.
Meanwhile, MAE presents the average error of the actuality
and prediction, as presented in (10). A lower MAE indicates
a more precise model. In contrast, R is the standardized
values observed from the model’s prediction errors, as
shown in (11). �e value of R2 varies from 0 to 1. A higher
value of R2 indicates a higher estimation ability, and a value
close to 1 shows good accuracy.
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where _k and k are the computed and actual value, _k and k are
the average of computed and actual value, and N is the total
number of samples.

2.3. Methodology. �e present study is carried out based on
the proposed methodology that comprises three main steps
as follows: (1) data preparation, (2) construction of the
models, and (3) validation of the proposed models
(Figure 4):

(1) Data preparation: in this first step, the data of
samples from the laboratory was employed to create
the testing and training dataset. �e training dataset
was generated from 50% of the total data, and the
testing dataset was built from the remaining 50%.

(2) Construction of the models: in this second step, the
training dataset was employed for training the

models based on M5P and GP algorithms. In the GP,
we have used the RBF kernel, a batch size of 100, and
1 seed for training the model. In the M5P, we have
used a batch size of 100 and a minimum number of
instances to allow at the leaf node of 4. All training
and validating processes were carried out in Weka
software.

(3) Validation of the proposed models: in this final step,
the testing dataset was adopted for validating the
proposed models. Statistical indicators including
RMSE, MAE, and R2 were employed to validate the
models.

3. Results and Discussion

Training and validation of the M5P model were done using
training and testing datasets. In this study, the M5P was
trained with the number of instances to allow at a leaf node
of 4 and a batch size of 100. �e training and validation
results of the M5Pmodel are presented in Figures 5–7. It can
be seen from Figure 5 that the actual values (determined
from the experiments) and predicted values (predicted by
the M5P model) are very close with low error values
(RMSE� 0.0064 and MAE� 0.004) (Figure 5) and a high
determination coefficient (R2 � 0.792) (Figure 7) in the case
of the training dataset.�is indicates that theM5Pmodel has
a great degree of goodness of fit with the data used. In the
case of the testing dataset, there exists a good agreement
between actual and predicted values, the error values of the
M5P models are very low (RMSE� 0.0081 and
MAE� 0.0045) (Figure 6), and the determination coefficient
is high (R2 � 0.766) (Figure 7). �is indicates that the pre-
dictive capability of the M5P model is good.
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Validation
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(1) Data preparation

(3) Validation of models
RMSE, MAE, R

Testing
dataset (50%)

Training
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Yes

Yes

No

No

End

Figure 4: Flowchart of the proposed methodology.
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Training and validation of the GPmodel were carried out
using training and testing datasets. In this study, the GP was
trained using polynomial kernel with the normalized
training data. �e level of Gaussian noise was determined as
“1” and the batch size and number of seeds were set as “100”
and “1.” �e training and validation results of the GP model
are presented in Figures 8–10. It can be observed from
Figure 8 that the actual values (determined from the

experiments) and predicted values (predicted by the GP
model) are very close with low error values (RMSE� 0.0077
and MAE� 0.0047) (Figure 9) and a high determination
coefficient (R2 � 0.71) (Figure 10) in the case of the training
dataset. �is indicates that the GP model has a good degree
of goodness of fit with the data used. In the case of the testing
dataset, there exists a good agreement between actual and
predicted values, the error values of the GP model are very
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low (RMSE� 0.0093 and MAE� 0.0054) (Figure 9), and the
determination coefficient is high (R2 � 0.700) (Figure 10).
�is indicates that the predictive capability of the GP model
is good.

�e comparison results show that the error values of the
M5Pmodel are lower than those of the GPmodel in both the
training (Figures 5 and 8) and testing (Figures 6 and 9)
datasets. In the case of the correlation analysis, the values of

the determination coefficient of the M5P model are higher
than those of the GP model in both the training (Figure 7)
and testing (Figure 10) datasets.

In general, it can be stated that bothM5P and GPmodels
are good for the prediction of the soil permeability coeffi-
cient, but the M5P model outperforms the GP model in this
study. It is reasonable as the advantage of M5P compared
with other models is that it is able to deal with both
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Figure 7: Correlation analysis of actual and predicted outputs using M5P: (a) training; (b) testing.
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continuous and categorical variables, and it has a great
capability to handle the variables with missing values [45]. In
addition, the M5P takes advantage of decision trees; in
general, it requires no assumption related to the probability
distribution of the used data [59]. Regarding the GP model,
it has only few parameters to be tuned, and thus it can be
trained with a small training dataset. However, the GPmodel
is considered as a black-box model, and thus, it lacks
transparency [60]. In comparison with previously published

works [61–63], the results of this modeling study reveal that
there are some data points associated with very large pre-
diction errors of the models (Figures 5, 6, 8, and 9), which
can be caused by the large deviations and high correlation
between input and output variables of the data used in this
study (Figure 3). �erefore, it is recommended that these
models (M5P and GP) can be tested and validated with other
larger datasets with lower variable correlation for better
performance.
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Figure 9: Error analysis of GP using the testing dataset.
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Figure 10: Correlation analysis of actual and predicted outputs using GP: (a) training; (b) testing.
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Table 2: Dataset used in this study to predict permeability coefficient, k.

Clay content, cc (%) Water content, w (%) Liquid limit, LL (%) Plastic limit,
PL (%)

Specific density,
c (g/cm3)

Void
ratio, e

Permeability coefficient, k
(10−9 cm/s)

44 93.73 75.62 46.8 2.59 2.453 0.029
21.7 20.71 24.58 13.5 2.72 0.639 0.01
51.8 20.98 38.17 20.2 2.73 0.625 0.003
19 24.55 29.08 19.6 2.68 0.707 0.017
8.5 19.85 23.67 17.58 2.67 0.599 0.008
44.8 79.96 75.45 43.6 2.59 2.083 0.039
8.7 15.09 18.9 12.63 2.66 0.462 0.008
59.4 24.95 41.87 22.3 2.74 0.713 0.003
8.9 21.79 24.98 19 2.68 0.654 0.007
8.4 19.46 22.97 17.43 2.68 0.605 0.007
51.1 73.75 66.96 35.8 2.61 1.966 0.061
19 18.35 23.61 13.35 2.7 0.579 0.007
8.3 18.01 21 14.2 2.67 0.599 0.007
8.2 17.12 19.7 13.8 2.67 0.571 0.01
6.1 16.97 21.01 15.87 2.66 0.556 0.007
56.1 83.25 78.23 41.9 2.62 2.235 0.055
64 78.72 75.53 39.5 2.64 2.106 0.03
16.1 17.52 25.85 12.2 2.69 0.546 0.01
8.4 18.02 21.1 14.5 2.67 0.552 0.009
10.7 24.53 27.22 19.6 2.69 0.713 0.007
11.7 19.77 23.91 13.5 2.68 0.567 0.035
9.5 18.12 21.2 14.5 2.68 0.567 0.008
7.6 20.23 23.62 16.8 2.69 0.64 0.007
11 20.14 22.78 16.1 2.67 0.608 0.008
9.4 19.64 23.8 17.2 2.67 0.648 0.009
49.4 62.2 59.99 38.5 2.63 1.657 0.026
25.9 21.23 31.18 13.2 2.72 0.609 0.005
8.6 20.12 20.82 14.8 2.67 0.599 0.007
10.7 17.25 19.5 13.5 2.68 0.558 0.008
9.3 21.14 23.89 18.53 2.68 0.686 0.008
46.4 99.9 82.11 43.6 2.58 2.634 0.041
24.5 18.28 28.11 12.5 2.71 0.522 0.006
9.7 17.34 20.49 14.3 2.66 0.486 0.007
21 20.62 28.62 17.4 2.69 0.592 0.014
12.5 19.25 23.46 14.67 2.67 0.628 0.008
8.1 23.28 26.8 20.36 2.68 0.707 0.011
46.9 95.58 82.25 53 2.6 2.514 0.026
63.4 73.1 68.47 35 2.61 1.933 0.028
42.5 27.28 39.99 21.74 2.72 0.789 0.003
8.6 18.02 20.51 14.6 2.69 0.592 0.012
8.5 25.49 27.49 21.32 2.67 0.723 0.008
60.2 95.09 84.05 54.8 2.63 2.507 0.038
40.3 20.75 40.77 18.64 2.72 0.591 0.003
8.4 18.25 21.08 14.5 2.69 0.592 0.008
50.7 28.97 46.04 25.2 2.72 0.889 0.003
8.8 17.19 19.81 14.3 2.68 0.549 0.007
46.6 76.77 64.83 38.17 2.63 2.023 0.025
45 35.53 53.56 28.6 2.74 1.015 0.004
9.6 17.99 20.42 15 2.67 0.571 0.008
8.6 19.9 23 16.9 2.68 0.586 0.009
9.6 18.18 22.58 16 2.68 0.567 0.006
45.8 89.51 85.86 42.7 2.63 2.372 0.051
43.4 25.6 34.5 15.6 2.73 0.717 0.005
9.2 17.81 21 14.3 2.68 0.506 0.01
7.7 21.23 25.3 18.5 2.68 0.654 0.009
9.4 17.85 20.48 14.8 2.68 0.558 0.008
45.1 93.19 88.93 48 2.62 2.447 0.057
46.1 70.21 65.46 33.6 2.64 1.87 0.071
23.6 18.84 27.48 13.8 2.71 0.604 0.006
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4. Conclusion

In this paper, soft computing techniques comprising M5P
and Gaussian process (GP) were used for estimating soil
permeability coefficient and compared. �e results indicated
that it is possible to estimate the permeability coefficient (k)
of cohesive soil from basic soil parameters (water content,
density, liquid and plastic limits, void ratio, and clay con-
tent) by using the models of soft computing. Some con-
clusions of this study can be derived as follows:

(1) �e results of M5P and GP indicated that the per-
formance of models is high, with the determination
coefficients of M5P and GP being 0.766 and 0.700,
achieved from the correlation between actual and
computed values of k, respectively.

(2) �e M5P model’s estimation of the permeability
coefficient was found to be more reliable than that of
the GP model.

(3) �e results of this research also point out that these
machine learning techniques can be a potential
approach for estimating basic soil parameters like
soil permeability coefficient.

�is study reveals that M5P and GP can be applied for
predicting the permeability coefficient of soil with high
accuracy. However, the sample numbers as well as soil
types are limited. �us, this study should be extended to
more sample numbers and other soil types such as granular
soil or clay. Furthermore, future studies using other al-
gorithms such as genetic programming, gene expression

programming, and evolutionary polynomial regression
should be carried out to evaluate the effectiveness of the
used algorithms and to have a full picture of the techniques
used for predicting the consolidation coefficient of soil
(Table 2).
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