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Abstract: The purpose of this study is to demonstrate how image processing and convolutional neural networks may be utilized to
efficiently classify a soil sample using the Unified Soil Classification System (USCS). The system is composed of five sections: jar
testing, picture capture, image processing, Convolutional Neural Network (CNN) training system, and outcome. The convolutional
neural network is a type of machine learning that enables quicker image processing while still providing accurate evaluation and output.
The system will be based on picture data collected from soil samples using the camera included in the hardware component. As the
default neural network tool through Google Colab, the breakdown will be 70% for training, 15% for testing, and another 15% for
validation. The application will then display the projected amount and proportion of each soil type — silt, sand, gravel, and clay — in a
given sample, before categorizing it according to the conditions specified for each classification. In all, this study classified soils and
was found to be 92.4% accurate.
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1. INTRODUCTION

Soil type is crucial in the determination of the founda-
tion types in construction and in agriculture. Soil present
in the surveyed land is needed to be analyzed whether
it is strong or weak in supporting foundations of houses
and buildings, or else a building developed may not last
through potential natural disasters. And if soil strength was
not identified, serious environmental hazards will be more
perilous. In order to measure soil quality, Soil Testing
should be performed [1]. Soil identification methods at
present are time consuming, mostly inaccurate or very
costly. As a result, the proponents have developed a machine
learning comparison for soil categorization that will aid
in the adoption of a system specifically designed for soil
evaluation.

There are different ways to classify soil types. Conse-
quently, there are different soil classification standards e.g.,
AASHTO, USDA, and USCS. The American Association
of State Highway and Transportation Officials or AASHTO
standards are mostly applied only on public highways
and transportation purposes. United States Department of
Agriculture is the simpler type of soil classification method
compared to the Unified Soil Classification System or USCS

and AASHTO. However, USCS offers more complexity on
classifying strength of soil. USCS focuses much more on
constructing buildings and land development [2].

Multiple algorithms have been used in analyzing soil
types conducted by Harlianto, Adji, & Setiawan. Their team
simulated several algorithms like SVM, CNN, naive bayes
and decision tree using 10 data sets of soils. Their study
[3] concluded that SVM, utilizing the linear function kernel
surpassed the other algorithms with 82.35% accuracy.

In a study in 2014 [4], a team of researchers used digital
image processing technique using pixel map alongside a
theory called “Cellular Automata” which assisted in the
identification of the soil rock mixtures. A photo of the
sample is taken and then converted it into a grayscale and
then, the image is imported into the CAD for its cellular
automata transform and continuous numerical model.

In 2018, a research [5] was conducted regarding four
different soil-rock mixtures with different rock rates of 0,
15%, 35%, and 45%, as well as soil-rock mixtures con-
taining different peak load of compression failures. Then,
the researchers used image processing in order to identify
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the cracks found on the soil rock mixtures and to determine
whether the cracks are in a normal to serious rate of damage.
The researchers concluded that the existence of rocks in
soil contents prevented highly cracked soil-rock mixtures
and its expansion, and that image processing of soil-rock
mixtures will greatly help in determining the geometric
stability of the environment. A similar study in 2014 [6] was
conducted in order to classify the rock types by its color
space using neural networks captured through images. The
rock was classified into four types according to its shape,
size, and color space. The researchers utilized machine
learning using 1000 images divided into its training, testing,
and verification. They also tested with a random image
sample of rocks to increase the accuracy of the neural
network data. The experiment resulted in a total of 95%
accuracy on the rock classification method done.

In another study [7], a research was conducted that
predicts the soil type that is suitable in planting certain
crops. The algorithm used are weighed k-Nearest Neighbor
(k-NN), Bagged Trees, and Gaussian kernel-based SVM.
Another study [8] was conducted to analyze soil data
sets through data mining techniques. This research is a
comparative study that focuses on soil classification using
several algorithms available through the data mining tool
WEKA such as Naive Bayes, J48 of the C4.5 algorithm,
and JRip.

Several machine learning algorithms intended for soil
classification using real soil data sets as well as to attempt
were tested to create a system in which soils and rocks
are applied into machine learning and classified according
to their types, particle size, grading and viability for con-
struction projects and applications. The algorithm involved
is Faster R-CNN.

Great image quality is needed for better accuracy and
result of an image sample. A study [9] conducted in 2017 in
order to assess the quality of soil and soil nutrients. In order
to gather quality image samples, the researchers decided
to develop a box in order to avoid interference from light
and shadows during photo capturing phase. And so, the
researchers came up with the dimensions for the controlled
light box based on the size of their test tubes and the desired
lighting the test tubes needed.

Another important parameter for a neural network is its
inference time. Inference time is the time it takes for a
neural network to analyze a sample in a real-time scenario.
A test [10] was conducted in order to measure the efficiency
of each type of R-CNN. The fastest inference time recorded
was the Faster R-CNN, a successor of R-CNN, for about
0.2 seconds. Aside from being the fastest, it can also be
applied on to real-time analysis.

The hydrometer and pipette methods are often used for
soil testing and categorization. Both procedures rely signif-
icantly on human engagement and time, which can result
in errors and incorrect findings. Inaccurate findings might

have dire repercussions if the incorrect sort of foundation is
utilized. Incorrect foundation types can result in structures
shifting, cracking, and becoming unstable. More precise
findings can be obtained by employing X-ray attenuation
or laser diffraction techniques, although these techniques
need highly specialized and hence expensive equipment.

The general objective of this study is to develop a
USCS-based soil classifier using digital image processing
and convolutional neural network. Specifically, the propo-
nents aim to:

(1) Design an illuminated box which will be used
for capturing soil sample images. (2) Develop an image
processing system and convolutional neural network for
differentiating soil samples. (3) Develop a graphical user
interface with necessary features to access the data from
the image processing system and; (4) Undergo in reliability
and accuracy validation of the system.

With those aforementioned above, the USCS standards
were implemented including the Main and Sub Classifi-
cations using CNN for the soil classification. The system
will undergo training for identifying the differences of soil
samples using its characteristics, whether large or small
particles, or light or dark saturation. The research will also
focus on using inorganic soils due to nature of soils in land
development.

This study aims to help determine strong foundations
that will translate into successful development of buildings
that can be durable for a long period of time. Also, this
study aims to be considered as a cost-efficient way of
analyzing soil-rock mixtures, an alternative for the main-
stream ways of costly laboratory tests. It will also help the
environment since classic soil analyzing techniques tend
to hamper the site in which soil samples are gathered.
Consequently, this study mainly focuses on the development
of USCS-based soil classifier using digital image processing
and convolutional neural network, in which it utilizes soil
samples for data collection, processing and learning. It
concentrates on determining soil classification especially
its strength for infrastructure foundation purposes. Lastly,
a system was developed in this paper in which soils and
rocks are applied into machine learning and classified
according to their types, particle size, grading and viability
for construction projects and applications.

2. METHODOLOGY

The methodology discusses important details about the
system. Convolutional Neural Network is the focal part of
the system. In Figure 1, the system’s process flowchart
is presented. Convolutional Neural Network is used for
training of the input data and HD Camera for gathering
of the data images. To measure the grading of soil, it is
obtained through the different stages of the system: Soil
Sample Gathering, Data Recording through Digital Image,
Image Processing, and Convolutional Neural Network. Soil
Sample Gathering served as the input data to be captured
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percentage of the soil sample. In completing the Jar Test,
these procedures should be followed:

1) Acquiring the materials. The materials needed for the
jar test are:

a) Mason Jar. These jars are transparent that has a lid
with a tight seal, creating a container without outside
obstruction. Figure 2 represents the mason jar.

b) Dishwashing Liquid. The brand of the dishwashing
Figure 1. Process owchart of USail liquid does not matter but the amount of liquid
mixed in with the soil. It is highly recommended to

) o ) use a dishwashing liquid that does not easily foam.
using the camera for data training of the Convolutional

Neural Network to make more accurate results. Image c) Clean Water. A clean source of water should be
Processing is the system of converting the gathered data acquired in order for the soil to settle within the

into image using dierent image processing techniques. The jar perfectly.

determination of soil strength for infrastructure development

using digital image processing and convolutional neural 2) The Procedure

network that results to physical properties and speci cation
of soil is completed through the following sections — Soil

Samples Gathering, Digital Image Recording, Digital Image ;) aAdd about a tablespoon of dishwashing liquid after
Processing, Data Training and Eiency Testing. the water has been placed.

a) Add about Z amount of clean water into the jar.

A. Soil Classi cation System c) The soil sample comes next. Make sure that the soil

In geotechnical engineering, one of the systems of sample does not have large organic materials mixed
texture classi cation of soil used by engineers is the Uni ed in with the sample (e.g., twigs, rocks, etc.).

Soil Classi cation System (USCS). USCS is widely used

by geotechnical engineers for measuring the patrticle size d) Leave some space inside the jar for the shaking

distribution, soil plasticity, liquid limit, and organic matter process.

concentrations needed to know the soil strength. USCS o )

is divided into two categories, the ne-grained soil and  €) Close the lid tightly and shake the jar for about three

the coarse-grained soil. Fine-grained soil is gravels (G) minutes.

and sands (S) that hasb0% passing through #200 sieve.

Coarse-grained soil are silts (M) and clays (C) that has
50% passing through #200 sieve [2].

f) Lastly, let the mixture settle for at least 24 hours.
Place it in an undisturbed place and prepare for the
soil sample image acquisition.

According to USCS, the results after surveying the
soil will be composed of two letters which stands for the
following:

Figure 3 shows the after-process of the Jar Testing
before the soil rearranges itself. Figure 4 shows the after-
process of the Jar Testing after the soil settles. The layers

Primary Labels: G for Gravel, S for Sand, M for Silt, C ¢an be seen clearly. This soil sample consists mostly of
for Clay, and O for Organic. gravel and sand, with some clay. In a normal occurrence,

sand will settle at the bottom since sand becomes heavier

Secondary Labels (Coarse Grained): M for Silty, C forwhen mixed with water, silt and clay at the bottom, and
Clayey, P for Poorly Graded (sizes of grain are relative)gravel at the top due to its bigger texture and grain size.

and W for Well Graded (varying sizes of grain). C. Gathering of Soil Sample Sets

B. The Jar Testing The authors gathered 30 training sets and 10 test sets
The main composition of loam normally consists of clay, in di erent locations in the Philippines such as LaBaBi

sand, and silt particles. But gravel occasionally comes intéity, Pardaque City, Manila, and Bacoor City for the data
consideration from time to time. These four compositionsneeded for this project to be successful. These will serve as
are common when acquiring samples from surveyed corthe repetitive data sets in dérent surface areas of soil for
struction sites. Most of the time, these four soil types domore accurate results. Some of the data sets are shown in
not particularly become equal all the time and typically areFigure 5.

not equal in distribution. From the statement before, th |
Jar Test helps in determining the soil percentage within i_') Hardware Development

soil sample [11]. The Jar Test will help in knowing the ~ To achieve the complete hardware development, nec-
essary things are needed to acquire. Figure 6 is the target
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Figure 2. The Mason Jar

Figure 3. Soil Mixture After-Process — Before Settling

Figure 4. Soil Mixture After-Process — After Settling

Figure 5. Soil Samples for Data Sets

process for the researchers to acquire in setting up the USoil
Hardware.

The following materials are considered in the develop-
ment of the hardware:

llluminated Box: Figures 7 and 8 shows the isometric,
front, and top layout design for the illuminated box.
The proposed illuminated box has a dimension of 22 x
18 x 17 inches. The width of the box was based on the
right distance of the webcam and the jar. The height
was measured to have a proper space for the light
source that is placed above the jar. For the materials in
the construction of the box, plywood was used to have
a closed system, preventing the disturbances outside.
Figure 8 shows also the illuminated box with labels.

White uorescent bulb: used to cover the area inside
considering the eld size, camera distance and surface
of the jars used for the soil samples.

Figure 6. Block Diagram for the Hardware Development.
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