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Abstract

Permeability is the ability of a soil to allow liquids to pass through. Of course the soil has a physical characteristic that can be known
by laboratory testing. This study aims to determine the physical properties that most affect the coefficient of cohesive soil permeability
using the Artificial Neural Network (ANN) tool, the results obtained will later be matched with actual conditions according to the context
of engineering geology. The research method begins with an influence or sensitivity analysis using ANN which will produce a correlation
coefficient (R). Then, these results will be compared with the influence analysis based on the value of the coefficient of determination (R?).
After that, accuracy and error tests will be carried out using the Mean Absolute Percentage Error (MAPE), the highest accuracy values is
categorized as the most influential physical property of the 7 physical property parameters, namely liquid limit, plastic limit, plasticity
index, %sand, %fines, %silt, and %clay. Based on the result of the analysis, %fines is the parameter that most influences permeability and
is able to make very strong predictions with an R value using an ANN of 0.9941875, an R? value of 0.6336, an accuracy of 99.6962%, and a
MAPE of 0.3038%. These results are compared with the existing empirical equations with an accuracy of 96.4393% and MAPE of 3.5607%.
It can be concluded that ANN is more effective and optimal in making predictions. In this case, in the context of engineering geology, the

more %fines, the smaller the permeability coefficient of the soil.
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1. Introduction

In the world of geotechnical engineering, soil has a very
important role. Apart from being a buffer, soil can also
function as the constrcution material itself (Padagi et al.,
2015). Planning a good construction requires some testing
of soil data such as physical and mechanical properties, the
data is obtained of the results of soil investigations in the
field and in the laboratory (Naim et al, 2019). Soil is a
porous medium through which liquid can pass. Of course,
this soil has physical properties that can be known by
several tests. For example, atterberg limit and grainsize. Soil
permeability is one of the parameters of soil physical
properties to predict the movement of water in the soil
(Maharani et al., 2015). Permeability is the ability of a soil
to pass fluid. Permeability will be smaller if the pore space
in the soil particles is filled so that the pore space will be
smaller (Yantrapalli et al,, 2018).

Recently Artificial Neural Networks (ANNs) have
become a popular and useful model for classification,
clustering, pattern recognition, and prediction in many
disciplines (Abiodun et al., 2018). According to Amanda,
(2022) research the empirical correction model of physical
properties with soil permeability using ANN (Artificial
Neural Network) with the results of a very strong
correlation coefficient (R). This means that there is a
relationship between physical properties and soil
permeability using parameters liquid limit (LL), plastic
limit (PL), plasticity index (PI), %sand, %fines, %silt, and

%clay. However, the research has not explained the most
influential parameters so as to produce a very high R or
produce a very strong relationship. In this research, it will
be developed from Amanda, (2022) research, namely
analyzing the physical properties parameters that have the
most influence on the permeability coefficient of cohesive
soil with the ANN tool.

The use of Artificial Neural Networks (ANNs) as an
approach for permeability modeling in soil offers several
advantages over traditional methods. The background and
significance of utilizing ANN for this purpose can be
explained as follows:

1. Nonlinearity: Soil permeability is a complex parameter
influenced by various factors such as soil type, grain size
distribution, compaction, and organic content. ANNs are
well-suited for capturing nonlinear relationships and
patterns in data, allowing them model the intricate
relationships between these influencing factors and
permeability accurately.

2. Data-driven approach: ANNs excel at learning from data
patterns and making predictions based on the learned
knowledge. By training an ANN with a substantial
dataset of soil properties and corresponding
permeability values, the model can identify hidden
correlations and patterns that may not be easily
captured by traditional analytical models. This data-
driven approach enhances the accuracy and reliability
of permeability predictions.
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3. Flexibility and adaptability: ANN models can be easily
adjusted and fine-tuned to accommodate various soil
types and conditions. They have the ability to generalize
well from training data to predict permeability for
unseen soil samples. This flexibility makes ANNs a
versatile tool that can be applied across different soil
types and locations, making them applicable in a wide
range of geotechnical engineering projects.

4. Time and cost efficiency: Conducting laboratory
experiments or filed tests to measure permeability can
be time-consuming and costly. By developing an ANN-
based model, researchers can expedite the prediction
process and reduce the reliance on extensive
experimental campaigns. This saves both time and
resources, making the permeability modeling more
efficient and practical.

The research focusing on using ANN for permeability
modeling in soil is important and applicable because it
addresses the challenges faced by traditional anlalytical
models. By harnessing the power of machine learning and
data-driven approaches, ANN models provide a more
accurate and efficient way to estimate soil permeability.
This has significant implications for various geotechnical
engineering applications, including groundwater flow
analysis, soil remediation, slope stability assessment, and
designing effective drainage systems. Ultimately, the
utilization of ANNSs in permeability modeling contributes to
improved engineering designs, cost-effective solutions, and
sustainable infrastructure development.

2. Literature Review

Soil is a material consisting of solid mineral aggregates
that are not bound to each other from decomposed organic
matter accompanied by liquids and gas that fills the pore
spaces (Rochmawati et al., 2020). Soil has various physical
property tests such as atterberg limit, grainsize, and also
has mechanical property tests such as permeability. The
size of soil particles varies greatly with considerable
variation. Soils can generally be referred to as gravel, sand,
silt, and clay, depending on the size of the particles that are
most dominant in the soil (Das, 1995).

The atterberg limits consist of LL, PL, and PI. The LL is
defined as the limit of water content in the transition state
between liquid and plastic. The PL is defined as the limit of
water content in the transition state between plastic and
semi-plastic. Pl is defined as the difference between LL and
PL. Liquid limits and plastic limits do not directly provide
figures that can be used in planning calculations. Obtained
from the Atterberg boundary experiment si an outline of the
properties of the soil in question. Soils with high liquid
limits usually have poor engineering properties, namely
low carrying capacity, high compressibility, and difficult to
compact (Soedarmo & Punomo, 1993). Rochmawati et al,,
(2020) grainsize is the determination of the size of the grain
contained in a soil sample in the laboratory. Permeability is
the speed of water seeping into the soil pore space (Pratama
et al, 2017). Grainsize affects soil permeability, poorly
graded soils have higher porosity and permeability values
than well graded soils where in well graded soils smaller
soil grains fill the cavities between large soil grains.
Permeability is a complex property controlled by the
physical properties of the soil and the liquid that passes
through the soil (Long & Boylan, 2021).

Artificial intelligence (AI) is defined as intelligence
demonstrated by an artificial entity. Such systems are
generally considered computers. Intelligence is created and

incorporated into a machine (computer) in order to do
work as humans can (Nasution, 2020).

Soft computing is defined as a collection of
computational techniques in computer science, which seeks
to study, model, and analyze a particular phenomenon in
order ti exploit the tolerance fot inaccuracy, uncertainty,
and partial truth to be solved easily, robustness, and low
cost of completion. Soft computing deals with partial truth,
complex problems (Ibrahim, 2016). In its development, soft
computing can provide implementation solutions in solving
problems that were previously very difficult to solve by
conventional computing methods. Some of the methods
contained in soft computing, namely fuzzy logic, artificial
neural network, evolutionary computation, probabilistic
reasoning, genetic algorithm (Sutojo et al,, 2011). In this
study, the authors use the method artificial neural network.

Artificial Neural Network (ANN) is a type of artificial
intelligence for information processing that has been
developed by imitating the biological network of the human
brain and its structure and operation inspired by the study
of the structure neurons and the internal functions of the
human brain (Raei et al., 2021). The human brain has a
neural network consistingof several neurons that have
connections with one another (Setiawan et al., 2017).

3. Methods

The research methodology begins with the collection of
soil physical properties and permeability data. There is no
specific selection of data collection. The data collected is
data that has been tested before. then a training process
with ANN is carried out to find the best network
performance for testing and simulation. The ANN
simulation results will be tested for accuracy and error. The
results of high accuracy and small error are the most
influential physical property parameters. As a control, the
results of the ANN, namely the correlation coefficient (R)
will be compared with a sensitivity analysis using the
coefficient of determination (R2). If the sensitivity results
are the same, then the next stage will be compared with the
existing empirical equations to determine which one is
more optimal.

The forcasting models carried out are then validated
using a number of indicators. Commonly used indicators
are the mean of the Root Mean Square Error (RMSE), Mean
Abosulute Percentage Error (MAPE), Mean Absolute Error
(MAE), Mean Absolute Deviation (MAD), Mean Square Error
(MSE), tracking signal, and stability testing (Fernando et al,
2021).

The research method uses 3 prediction indicators, with
the correlation coefficient (R) using the ANN tool, with
accuracy testing and MAPE (Mean Absolute Percentage
Error), and with the coefficient of determination (R%). The R
value obtained from the ANN results is the most sensitive
physical property parameter. If the value of R is close to 1,
it is categorized as the most sensitive parameter and very
strong predictive ability, see in Table 1.

Table 1. Standard for R Value

R Value Explanation
0.80 - 1.00 Excellent
0.60 - 0.79 Good
0.40 - 0.59 Medium
0.20-0.39 Poor
0.00 - 0.19 Very poor

Source: (Sugiyono, 2007)

Then the R value obtained from ANN will be taken as a
prediction value for accuracy and error testing. Predicted
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values that are close to the test value (actual) will have high
accuracy and small error. Tha MAPE value range can be

seen in Table 2.

Accuracy (%) = 100% — MAPE (%)
MAPE (%) = — i,

Description:

y =testvalue

y' = predicted value

(D
2

n =number of data

Table 2. MAPE Value Range

Range MAPE Discribtion
>50% Poor prediction ability
20% - 50% Prediction ability feasibel
10% - 19.99% Good predictive ability
<10% Excellent prediction ability
Source: (Kusuma et al,, 2021)

After that, to strengthen the research results, a
sensitivity analysis was carried out based on the Rz The
criteria for the R2 see in Table 3.

Table 3. Criteria for R2

R? Explanation
80% - 100% Excellent
60% - 79.99% Good
40% - 59.99% Medium
20% - 39.99% Poor
0% - 19.99% Very poor

Source: (Sugiyono, 2007)
3.1 Data Collection

Data is taken from research by Irawan et al. (2013) as
much as 80 data. The data used are data on soil physical
properties, namely LL, PL, PI, %sand, %fines, %silt, %clay,
and also permeability. The soil was taken from various
locations in Riau province, namely Duri, Balam, Dumai,
Minas, Rantau Bais, Lindai, Libo, Bekasap, Petapahan, Kota
Batak, and Tandun.

3.2 Equipment

The tools or software used in this research are Microsoft
Word 2016, Microsoft Excel 2016, and MATLAB 2017b.

4. Results and Discussion
4.1 Sensitivity Analysis Based on R Value

The R value obtained from ANN will be tested with the
MAPE indicator. The results see in Table 4.

Table 4. Ranking of Soil Properties Based R Value

Parameters R Average
%Fines 0.9941875
%Sand 0.9923775

%Silt 0.9898575
%Clay 0.94655
Liquid Limit 0.87059
Plasticity Index 0.784485
Plastic Limit 0.736235
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Fig. 1. ROC Curve with Physical Properties Parameters %Fines

Based on the sensitivity analysis based on the R value
obtained from ANN, it can be seen that the most sensitive
physical property parameter is %fines with an R value of
0.9941875. The  following  Receiver = Operating
Characteristic (ROC) curve of the %fines parameter can be
seen in Figure 1.

Based on Figure 1, it can be seen that the training:
R=0.99862, validation value: R=0.99965, test value:
R=0.99979, and the value of all: R=0.97879. The R value in
Table 4 is the average of the four R values in Figure 1. With
the average R that has been obtained, it means that the ANN
with the %fines parameter is very strong in making
predictions.

4.2 Accuracy and Error Testing

The R value obtained from ANN will be tested with the
MAPE indicator. The test results see in Table 5.

Table 5. MAPE and Accuracy Testing

Parameters MAPE (%) Accuracy (%)

%PFines 0.3038 99.6962
%Sand 0.3142 99.6858
%Silt 0.4212 99.5788
%Clay 0.8001 99.1999
Liquid Limit 0.9392 99.0608

Plastic Limit 1.0030 98.997

Plasticity Index 1.4605 98.5395

Based on accuracy and MAPE testing, it is found that
%fines has a major influence on permeability values using
ANN with an accuracy rate of 99.6962%. This means that
the prediction ability using ANN is excellent, meaning that
the permeability valued based on prediction is almost close
to the permeability value based on testing.

4.3 Sensitivity Analysis Based On R2

Sensitivity analysis based on the R2 value by creating a
linear curve with the abscissa of the soil physical properties
parameter, the ordinate of permeability. The highest R2
value will be categorized as the most sensitive or most
influential physical property parameter.
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Fig. 2. Permeability Vs LL
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Fig. 8. % Clay Vs Permeability

Figure 2 to Figure 8 is a sensitivity analysis based on the
R2 of each soil physical properties parameter. The

followong recapitulation of the R2 see in Table 6.

Table 6. Ranking Based on R?

Parameters R?
%Fines 0.6723
%Sand 0.6723
%Clay 0.4408

%Silt 0.2938
Plasticity Index 0.0802
Liquid Limit 0.0596

Plastic Limit 0.0184

Based on Table 6. It can be concluded that %fines has a
strong correlation to permeability. This proves with the R
indicator, accuracy and error testing, as well as with R?,
producing the same results, namely %fines which has great
correlation. The following recapitulation of the three

indicators see in Table 7

Table 7. Recapitulation of Prediction Indicators
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Fig. 6. Permeability Vs %Fines

Parameter R
%Fines 0.9942
%Sand 0.9924
%Silt 0.9899
%Clay 0.9466
Liquid Limit 0.8706
Plasticity Index 0.7845
Plastic Limit 0.7362

Parameter MAPE (%)
%PFines 0.3038
%Sand 0.3142
%Silt 0.4212
%Clay 0.8001
Liquid Limit 0.9392
Plastic Limit 1.0030
Plasticity Index 1.4605

Parameter R2
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%Fines 0.6723
%Sand 0.6723
%Clay 0.4408
%Silt 0.2938
Plasticity Index 0.0802
Liquid Limit 0.0596
Plastic Limit 0.0184

4.4 Comparison of ANN Results with Empirical
Equations

The prediction results generated by ANN using the
%fines parameter will be compared to the empirical
equation for calculating permeability using %fines data
found by Irawan et al., (2013) research with the equation:
k = (205.209 EXP (—0.081f))x 10=® incm/sec (3)
Description:

k = permeability coefficient (cm/sec)
f = percentage of fine grains (%)

The accuracy and error results of the ANN and empirical
equation can be seen in Table 8.

Table 8. Comparison of ANN Accuracy and Error with Empirical

Equation
MAPE MA.P E
Parameter Accuracy (Empirical Accuracy
(ANN) .
Equation)
%Fines 0.3038%  99.6962% 3.5607% 96.4393%
0.0008
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0.0006
. 0.0005
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0

0 20 40 60 80 100
Number of Sample

Fig. 9. Comparison of Permeability Values Based on Testing, ANN,
and Empirical Equations

In Table 8, it can be seen that the prediction using ANN
produces high accuracy and small error. In figure 9. It can
also be seen the comparison of permeability curves
between testing, ANN, and empirical equation, on the test
curve and ANN, both are almost the same compared to the
empirical equation. It can be concluded that ANN is more
effective and optimal in predicting a value.

5. Conclusion

% Fines is the most influential physical property
parameter on the permeability coefficient of cohesive soils,
both using the correlation coefficient with the ANN tool and
analysis based on the coefficient of determination (R2). Both
produce high values or close to 1 from other physical
property parameters. The prediction ability using %fines is
considered excellent in predicting compared to other soil
physical properties parameters, which have accuracy
values close to 100% and very small errors. After being
compared with existing empirical equations, which have
been found by (Irawan et al,, 2013), ANN is more effective
and optimal in predicting a value, seen from the comparison
graph of permeability values and also from accuracy and
error tests. The %fines data applies to the range of 14.82%

to 98.36%, while the permeability data applies to the range
of 4.1819E-08 to 6.6325E-04.
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