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Machine learning for geotechnical properties and soil type mapping

Hyeong-Joo Kim" *Kevin Bagas Arifki Mawuntu?, Hyeong-Soo Kim?®, Tae-
Woong Park¥, James Vincent Reyes®), Jun-Young Park®, Yeong-Seong
Jeong”)

) Department of Civil Engineering, Kunsan National University, Gunsan 573-701, Korea
2).3). 9. 6). 7) Department of Civil and Environmental Engineering, Kunsan National
University, Gunsan 573-701, Korea
4 Renewable Energy Research Institute, Kunsan National University, Gunsan 573-701,
Korea

2) kbaqgasarifki@kunsan.ac.kr

ABSTRACT

Limited number of soil tests done for a construction project commonly leads to the
estimation of soil information on unexplored points across the site based on the civil
engineer’s knowledge and experience. Machine Learning (ML) has been proved as a
proper method for random values prediction based on available data set and can be an
alternative approach for doing the estimation. In this study, interconnected ML model
were developed to predict unexplored geotechnical soil data across the Saemangeum
Onshore Solar Farm, Gunsan, South Korea. The proposed ML model are constructed of
2 ML algorithms, Gaussian Process Regression (GPR) and K-nearest Neighbor (KNN).
The proposed ML model predicts unexplored soil data, SPT-N — soil type — percent
passing 0.105 mm and 0.0.75 mm sieve consecutively. The predicted data then
assembled for three dimensional mapping of geotechnical properties and soil types in
the study area. This study shows that the proposed ML model constructed from GPR and
KNN algorithm perform well for predicting and mapping unknown geotechnical properties
and soil type at a specific coordinates inside the project site, which can help engineers
to obtain a preliminary understanding of soil conditions during planning and construction
of a new structure.

1. INTRODUCTION

Boring and in-situ testing such as Standard Penetration Test (SPT) and soil tests
that commonly performed to investigate soil properties on a project site (Kim et al. 2019,
Itani & Najjar 2000) are usually performed in limited number across the site. This leads
to the estimation of soil information on unexplored points by civil engineers. Therefore,
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better methods are needed for the estimation improvement. An alternative approach for
doing this estimation is by using machine learning (ML) which has been proved as a
proper method for random values prediction based on limited available data set, including
geotechnical properties and soil type prediction (Kim et al. 2019, Itani & Najjar 2000). In
this study, this ML ability is employed to develop ML models designed for predicting and
mapping geotechnical properties and soil types across the Saemangeum Onshore Solar
Farm Area (Fig. 1). The proposed workflow of this study presented in Fig. 2.
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Fig. 1 Saemangeum Onshore Solar Farm Area 2 Location
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Fig. 2 Study Workflow
2. DATA COLLECTION AND PREPROCESSING

The soil investigation report of twelve borehole logs bored at Area 2 of
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Saemangeum Onshore Solar Farm (Fig. 1) were collected for this study. The GWL on
each borehole are identified at varied depth from 0.9 — 1.5 m. Drilling depth of these
boreholes are varied from 23.3 - 32.5 where most of the boreholes were drilled until the
depth around 30 m. The SPT-N data along these depth are available, while the average
available soil data from each boreholes only available until the depth £10 m. Therefore,
soil test data until the maximum depth of 10 m were used in this study. Three types of
soil based on Unified Soil Classification System (USCS) are identified in the study area,
which are sand with silty fines (SM), silt with low liquid limit (ML), and clay with low liquid
limit (CL).

There are two ML modeling done in this study. For the first model, the collected soil
investigation data are separated into training, validation, and test data. Data from
Borehole 1 and 5 from Area 2 were chosen as the test data, while other borehole were
used as the training and validation data. For the second model, all boreholes were used
for training and validation with no test data. All features/inputs for the ML modeling
obtained from the available data summarized as 1) Coordinate of performed tests and
samples in three dimensional space X, y, and z coordinate, 2) Ground Elevation, 3)
Ground Water Level (GWL), 4) Measured SPT-N value, 5) Soil types of obtained soil
samples, 6) Percent passing 0.105 mm and 0.075 mm sieve from each soil samples.

Before using the dataset for training the ML models, dataset normalization and
transformation need to be done. The data normalization formula shown in Eq. (1), where
Xnorm IS Nnormalized value from variable y, x is initial value from variable y, xmin is minimum
value of variable y and Xmax is minimum value of variable y (Kim et al. 2019).

X X~ Xmax
norm —
Xmin — Ymax

(1)

The log transformation is applied for features/inputs number 4, 6, and 7. The
transformation is done by replacing each data point z; with the transformed value y; =
log(zj) + 1, where 1 is mean to prevent log(0) condition for every O value in the
transformed dataset.

3. GAUSSIAN PROCESS REGRESSION (GPR) AND K-NEAREST NEIGHBOR (KNN)

Details on the GPR and covariance function can be found in Rasmussen and
Williams (2006). Application of Gaussian Progress Regression in Civil Engineering can
be found in Mahmoodzadeh et al. (2021). The Gaussian Processes Regression (GPR)
is a form of Bayesian nonlinear regression. It based on supervised learning algorithms
that derive a probability distribution from all possible values. Using the presumptions of
the Gaussian distribution, the known data can be represented as a sample of a
multivariate Gaussian distribution as shown in Eq. (2).
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Where T is matrix transpose. Given the data, the probability of y* is looked for. The
conditional probability p(y*| y) follows a Gaussian distribution as shown in Eq. (3) (Ebden
2008), while the mean in this distribution is the best estimate for y* as shown in Eq. (4).

y*ly ~ N(K*K ™y, K** — K*K~1K})
(3)

y'=KKy
(4)

The KNN algorithm is made up of four steps. First, the distance between the new
data and all data is calculated. The Euclidian distance calculation method is a commonly
used distance calculation method. As shown in Eq. (5), i and j are two points in Euclidean
n-space, xik and yi are Euclidean vectors, starting from the initial point, and n is n-space.
The distances are then sorted in the second step. The smallest k values are taken in the
third step, and the class is determined in the final step (Altay and Ulas 2018).

n
Euclidian; j = Z(-xik — YjK)?
k=1

(®)
4. PROPOSED MACHINE LEARNING MODEL

The proposed ML models constructed from the combination of Gaussian Process
Regression (GPR) and K-nearest Neighbor (KNN), assembled from several ML models
as can be seen in Fig. 2. The output of one ML model will be used as input for another
model. The proposed ML model in this study were designed and performed in MATLAB
R2021a. Each ML model explained in the Table 1. The prediction of Percent Passing
Sieve 0.105 mm and 0.075 mm are separated into two different models, with the same
input data and ML algorithm, while having different output.

Table 1. Details of Each Machine Learning Models

Ml\cfcli_el Input Data Algol\:'lilt_hms Output (Prediction)

1 X-Y Coordinates GPR Ground Elevation

2 X-Y Coordinates and Ground GPR Ground Water Level
Elevation (GWL)

3 X-Y-Z Coordinates and GPR SPT-N Value
Ground Water Level

4 X-Y-Z Coordinates, Ground KNN Soil Type
Water Level and SPT-N

5 X-Y-Z Coordinates, Ground GPR Percent Passing 0.105
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| | Water Level and Soil Type mm or 0.075 mm sieve |
5. MACHINE LEARNING MODEL PERFORMANCE ANALYSIS

As can be seen at the study workflow in Fig. 2, there are two ML modeling in this
study. The first ML modeling aims to give idea about the accuracy and reliability of the
ML model for predicting unexplored soil properties in the study area. This is done by
comparing the prediction result from the constructed ML model with the measured soil
investigation data from known borehole.
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Fig. 3 Scatter plot of the estimated output from the first ML modeling (prediction) with
respect to targets from test data (Borehole 1 and 5, Area 2)
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Fig. 4 Comparison of the estimated output from the first ML modeling (predicted) and
measured values from test data (Borehole 1 and 5, Area 2) along the depth

For the SPT-N prediction result, the model show that the prediction result has low
error from the target value for a low SPT-N value. As can be seen in Fig. 3, the error
gradually increase as the target SPT-N value increased. Fig. 4 shown that the SPT-N
value gets higher as the depth is getting deeper, as well as the error. The high variation
of SPT-N value at the deeper location used as the training data is considered as the main
reason of the lower prediction accuracy for the deeper location >10 m depth. This result
show that the proposed model perform well for predicting SPT-N value <10 m depth,
while the performance gradually decrease as the location is getting deeper and the SPT-
N value is getting higher. For the soil type prediction, proposed ML models perform well
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with high accuracy in predicting soil type for location <10 m as can be seenin Fig. 4. The
prediction from ML model shows a low error from the target value, with the maximum
error < £8 % and < 9 % for the percent passing 0.105 mm and 0.075 mm sieve prediction
respectively, as can be seen in Fig. 3. This shows that the model is reliable for predicting
percent passing No. 0.105 mm and 0.075 mm sieve. Fig. 4 shows another capability of
the model. The proposed ML model performed well for predicting percent passing No.
0.105 mm and 0.075 mm sieve of a soil located < 10 m depth in the study area.

The second ML modeling aims to create ML model for the geotechnical properties
and soil type mapping. For this second ML modeling, the collected soil investigation data
only separated into training and validation dataset without any test data due to relatively
limited number of available data for ML model training for such a huge study area. The
training and validation result of the ML model in this section and the test result analysis
from the previous section become a reflection of the reliability of this ML model and useful
in giving an idea about how well the proposed ML model could perform the geotechnical
properties and soil type mapping of the study area.
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Fig. 5 Scatter plot of the estimated output from the second ML modeling (prediction)
with respect to targets from training and validation data (all data)
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Fig. 6 Comparison of the soil type-class prediction from the second ML modeling
(Predicted Class) with the real soil type class (True Class) from training and validation
data (all data)

The training and validation result show similar result with the ML modeling of the
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previous section. For the SPT-N prediction result, the model show that the prediction
result has low error from the target value for a low SPT-N value <13 as can be seen in
Fig. 5. The error gradually increase as the target SPT-N value increased. Proposed ML
models perform well for predicting soil types from the available datasets with high
accuracy as can be seen from the confusion matrix in Fig. 6. The prediction from ML
model in Fig. 5 shows a low error from the target value, with the maximum error +8.5%
and £5.7% for the percent passing 0.105 mm and 0.075 mm sieve prediction respectively.
This shows that the model is reliable for predicting percent passing 0.105 mm and 0.075
mm sieve.

6. GEOTECHNICAL PROPERTIES AND SOIL TYPES MAPPING

From the previously created model, SPT-N, Soil Types, and percent passing 0.105
mm and 0.075 mm distribution across the Saemangeum onshore solar farm area are
mapped into a three dimensional space. Soil properties distribution maps generated from
the machine learning model are shown in Fig. 7. The reliability of this map is considered
from analysis in the previous sections.
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Fig. 7 Geotechnical cross section along X axis at Y coordinate = 1021 and top view at
depth Z = -5 m of SPTN value and soil types prediction (X and Y coordinate; 1 unit = 1
m)

7. CONCLUSION
In this study, the application of Machine Learning (ML) algorithms for predicting

unknown geotechnical properties and soil type in Saemangeum Onshore Solar Farm,
Gunsan, South Korea is presented. Two ML algorithms, Gaussian Process Regression
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(GPR) and K-nearest Neighbor (KNN) were used in this study. Interconnected ML model
assembled from several ML models were developed. Following are the key conclusions
of this study:

e GPR algorithm as ML method for predicting SPT-N value perform well for predicting
SPT-N value at the depth <10 m. The accuracy of the model gradually decreased as
the prediction location gets deeper and the real SPT-N value increased.

¢ KNN algorithm perform well as ML algorithm for predicting soil type across the study
area with high accuracy for predicting soil type at depth < 10 m inside the study area.

e GPR algorithm as ML method for predicting percent passing 0.105 mm and 0.075
mm sieve perform well, with the maximum error £8.5% and £9% for percent passing
0.105 mm and 0.075 mm sieve prediction respectively.

e ML model for soil type and percent passing 0.105 mm and 0.075 mm sieve prediction
perform well with a limitation. The ML model prediction considered reliable for
prediction at depth <10 m due to the training, validation, and test datasets used for
these ML models, which only available until 10 m depth.

e The proposed ML model are able to generate three dimensional geotechnical
properties and soil types mapping of the study area by considering limitation
mentioned in the previous points.

This study proves that the proposed ML model are capable for predicting and do
three dimensional mapping of geotechnical properties and soil types inside the project
site which is useful as a preliminary understanding of soil conditions during planning and
construction of a new structure.
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