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ABSTRACT

IMAGE-BASED MACHINE LEARNING FOR SOIL TYPE
CLASSIFICATION AND IMPLICATIONS FOR CROP STRATEGY

ALI, Momtaz Hasan

M.Sc., Electrical and Computer Engineering, Altinbas University,
Supervisor: Asst. Pro. Dr. Oguz KARAN
Date: December / 2023

Pages: 70

Soil classification is a vital task in various fields such as agriculture, construction, and
environmental studies. The present thesis harnesses the power of Artificial Intelligence (Al)
to develop a robust and efficient soil classification system. Utilizing a curated dataset of 592
images representing five different soil types, the study explores different deep learning (DL)
frameworks, including Convolutional Neural Networks (CNNs), InceptionV3, and
MobileNetV2, to process and classify these soil images. The methodology involves a pre-
processing phase, ensuring uniformity across the dataset, followed by the application of the
selected models. Among the models tested, MobileNetVV2 stood out, achieving an
unparalleled accuracy rate of 95%, while CNN and InceptionV3 each reached 85% and 93%
accuracy, respectively. The comprehensive evaluation included the use of confusion
matrices and other performance metrics, validating the exceptional proficiency of the
MobileNetVV2 model. This work not only advances the field of soil classification but also
illustrates the broader applicability of Al and DL techniques in environmental analysis and

beyond.
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1. INTRODUCTION

1.1 BACKGROUND AND MOTIVATION

In contemporary times, the discipline of soil science stands as a pivotal cornerstone for
various sectors which hold significant societal and economic implications, including but not
limited to, natural resources, energy production, agriculture, climate change response, and
infrastructure construction. Essentially, soil science is devoted to the comprehensive study
and assessment of soil in its native settings. The examination of the current soil condition is
integral for the design and execution of effective crop management strategies. The
agricultural sphere, and by extension the state of soil, is profoundly influenced by climate
change [1]. As climate change leads to a rising occurrence of extreme weather conditions
like droughts and floods, there are marked variations in soil moisture and density. These
fluctuations play a crucial role in crop development, with the soil's moisture content and dry
density being identified as vital factors influencing growth. Since the rate of crop
evapotranspiration is directly dependent on the level of soil moisture, it consequently exerts
a significant effect on the overall growth of the crop [2]. Furthermore, elements such as the
structure of the soil and the level of soil compaction are known to directly influence crop
growth [3].

Classifying soils according to common characteristics or features is an important way to
organize soils with comparable engineering attributes. Soil, as opposed to other engineering
materials like steel or concrete, has distinct qualities derived from its natural beginnings,
geological past, and particle composition [4]. Comprehending these characteristics and soil
behaviour are fundamental elements of geotechnical engineering. When classifying soil,
variables such as the distribution of particle sizes, liquid limit, and plasticity index are
frequently crucial [5]. As far as engineering is concerned, accurate soil categorization is
critical. A thorough examination of the different soil qualities is required for the process. For
example, sieve analysis, which takes into account both the size of the sieve apertures and the
amount of material retained on the sieve, is a frequently used technique to measure the size
of soil particles. The soil's plasticity is yet another important factor to take into account while
classifying the soil [9].



The purpose of soil classification is not only to categorize soils sharing similar characteristics
but also to simplify the differentiation of various soils. Using soil classification, soils can be
arranged according to the comparable traits they demonstrate under load [6]. Soil
classification is an essential step prior to beginning foundation design. The identification and
categorization of soil become vital during the investigation and design stages of geotechnical
engineering projects.

Methods for measuring soil properties can essentially be bifurcated into two main categories:
experimental procedures and sensor-based techniques. The usage of sensor technology for
soil management has particularly gained prominence within the realm of precision
agriculture [7]. For instance, the measurement of soil density is typically carried out through
an in-situ density test. However, prevailing techniques for soil moisture and density
determination are laden with challenges, primarily in terms of being time-intensive and cost-
prohibitive. These hurdles have hampered their widespread adoption [8]. In this context, the
advent of remote sensing has heralded a new era in soil management techniques. Remote
sensing brings the distinct advantage of being able to consistently gather data across
extensive geographic areas [8]. Despite these advances, remote sensing does present some
limitations. Due to its inherent characteristic of capturing data over large regions, it becomes
a challenge to utilize this information for detailed, localized field management. Hence, while
remote sensing technology has broadened the horizons of soil management practices, its
utility for granular, field-specific applications remains an area that requires further
exploration and innovation.

Recently, an upsurge in research focused on the utilization of digital imagery for predicting
soil properties has been observed, aiming to expedite the determination of the existing
conditions of soils. High-resolution digital images procured through precise tools X-ray
tomography have made exhaustive soil analyses viable. However, these instruments have
inherent limitations in terms of their time-consuming nature and cost implications,
particularly when employed in agricultural lands that necessitate numerous analyses. This
underscores the requirement for developing a method to ascertain the current state of soil
utilizing commercial-grade digital cameras.

DL, a variant of machine learning (ML), trains computers to learn from a multitude of
examples in a manner akin to natural human learning. At this juncture, the machine starts

emulating human patterns of learning by discerning specific patterns from various data



pieces [10]. In the past, DL had problems with long training periods and insufficient
precision. However, these issues have been resolved by new algorithm development and
faster computing times thanks to contemporary technology developments. As a result,
several different sectors have adopted DL for analysis.

In the past, managing image data sets used to be a complex and time-consuming task. But
now, thanks to the emergence of high-speed computing power through GPUs, the analysis
of these datasets can be done quickly. Within the realm of image classification, CNN, a form
of DL technology, have surmounted the limitations of the preceding methodologies [11].
Thus, leveraging CNNs and other advancements in DL presents promising potential for

improved soil classification and management.
1.2 REREARCH MOTIVATION

The motivation driving this research is rooted in addressing the shortcomings and limitations
of current soil analysis techniques, and exploring the transformative potential of ML in
agricultural and geotechnical practices. In the context of the pressing global challenges,
including environmental sustainability and food security, the need for innovative and
effective solutions is ever more urgent. Traditional soil analysis methods, while reliable,
often lack the scalability, speed, and cost-effectiveness required to address these challenges
at a global scale. Consequently, this creates a gap in our ability to understand and manage
soil in an efficient and holistic manner, potentially hindering crop yield optimization and
effective infrastructure development. Despite the recent adoption of remote sensing
technology in soil management, there still exists a pressing need for more precise, field-level
soil data analysis. The current inability to quickly process detailed, localized soil data
represents a significant challenge in optimizing crop strategies and geotechnical engineering
processes. The field of ML, specifically image-based ML, presents a compelling solution to
these challenges. Leveraging ML in conjunction with high-resolution digital imagery could
offer an innovative approach to soil classification, providing faster, more detailed insights at
a reduced cost. This has the potential to revolutionize soil management practices, offering
benefits not only in agricultural productivity but also in sustainable resource management
and infrastructure development. Thus, the motivation behind this research is to contribute to
the transformative potential of technology in soil science. It aims to harness the power of

ML and digital imagery, to create a novel, effective, and efficient approach for soil type



classification and its implications for crop strategy. This study represents a stride towards
more sustainable, efficient, and informed agricultural and geotechnical practices that are
poised to address the challenges of the 21st century.

1.3 PROBLEM STATEMENT

Despite the pivotal role of soil science in sectors such as agriculture and geotechnical
engineering, current soil classification and analysis methods have inherent limitations.
Traditional techniques are often labour-intensive, costly, and time-consuming, thereby
constraining their widespread implementation. Additionally, these methods often fail to
deliver real-time, detailed data, which is crucial for optimizing agricultural practices and
efficient infrastructure planning.

While remote sensing technology has facilitated broad-scale soil data acquisition, its
capabilities for providing detailed, localized soil analysis are limited. This restriction creates
a gap in our ability to manage soil effectively on a granular level, thereby potentially
hampering the optimization of crop growth strategies and geotechnical engineering
processes.

Further compounding the problem is the absence of a method that marries the wide-ranging
data acquisition capability of remote sensing with the detailed, specific analysis of traditional
soil classification methods. This lack of an efficient, cost-effective, and scalable method for
comprehensive soil analysis and classification forms the crux of the problem this research
aims to address.

In the era of digital transformation, advanced technologies like ML offer promising potential
to revolutionize soil analysis. However, the application of image-based ML for soil type
classification and its implications for crop strategy is an under-explored area. The lack of
research in this domain poses a significant problem, leaving the potential of these
technologies untapped in the context of soil science.

Therefore, the problem statement of this research revolves around the development and
validation of an image-based ML model for soil type classification, and subsequently
investigating its implications for crop strategy. The goal is to address the identified gaps and
limitations in the current soil analysis methods and contribute to more sustainable and

efficient agricultural and geotechnical practices.



1.4 RESEARCH OBJECTIVES

The objective of this research is to develop and validate an innovative and cost-effective
method for soil type classification using image-based ML techniques. It aims to design a
model utilizing high-resolution digital imagery to make soil analysis accessible, especially
in agricultural lands. The research focuses on adapting DL techniques, specifically CNN, to
accurately classify soil types based on digital imagery data, surpassing existing methods'
limitations. Validating this model extensively will compare it with traditional soil
classification methods, establishing its efficacy and real-world applicability. Furthermore,
the study explores how this image-based ML model can optimize crop growth strategies and
agricultural practices, offering insights for sustainable resource management and
infrastructure development. Ultimately, the research endeavors to enhance soil science
through the integration of ML and digital imagery, providing more efficient solutions for

soil type classification and its implications on crop strategy.
1.5 REPORT STRUCTURE

The report is structured into several key sections, each serving a specific purpose in
presenting the research and findings. The typical structure of the report is as follows:
Chapter 1: Introduction: This chapter offers an overview of the research topic, outlining its
objectives and motivation. Additionally, it briefly explains the research methodology
adopted in the study. Chapter 2: Literature Review: Here, a comprehensive review of
existing literature and relevant research on the topic is presented. The researcher
demonstrates their understanding of the current knowledge and identifies gaps that the study
aims to address. Chapter 3: Methodology: This chapter describes the research design, data
collection methods, and data analysis techniques employed in the study. It ensures
transparency and allows for the replication and reliability of the research. Chapter 4: Results
and Discussion: In this section, the obtained results from applying the image-based ML
model to the soil data are presented. The accuracy and performance metrics of the model, as
well as any significant findings from the analysis, are included. The results are interpreted,
compared with previous studies, and their implications are discussed. Chapter 5: Conclusion:
The final chapter summarizes the main findings of the research, emphasizing its significance
in the broader context. Practical applications may be highlighted, and recommendations

based on the results are proposed.



2. LITERATURE REVIEW

2.1 INTRODUCTION

The literature review chapter of this work delves into various critical aspects related to soil
classification and the application of ML and DL methods in this domain. It begins with an
examination of related works, offering an overview of the current state of research in the
field. The chapter then moves on to soil classification, discussing different profiles, horizons,
and classification systems. Subsequent sections explore ML techniques, such as RF, SVM,
GTB. The latter part of the chapter focuses on more advanced methods, introducing ANN,
followed by detailed explorations of specific CNN including VGG, MobileNetV2, and
InceptionV3. The chapter aims to provide a comprehensive foundation, highlighting relevant
methodologies and their applications in soil analysis.

2.2 LITERATURE REVIEW

In [36], researchers used DL with stereo-pair images to classify aggregates of any size into
specific classes without the need for manual feature extraction. They trained CNNSs including
VggNet16, ResNet50, and Inception-v4 architectures. The networks achieved classification
ACC above 95%, with ResNet50 performing best at 98.72%. This demonstrated the
effectiveness of DL for aggregate classification, providing precise estimation of mean
weight diameter (MWD) for aggregates in field conditions.

In [37], researchers proposed a method that involved collecting 50 soil samples from west
Guwabhati, India, and capturing images using a 13 MP Android camera. The soil samples
were then subjected to hydrometer tests to determine sand, silt, and clay percentages, and
the US Department of Agriculture soil classification triangle was employed for final
classification. The collected soil images underwent pre-processing, region extraction, and
texture analysis to generate feature vectors. These feature vectors were subsequently used as
input for a SVM classifier with a linear kernel, resulting in an impressive ACC of 91.37%.

The classifier's performance closely aligned with the USDA soil classification results.

Researchers in [38], introduced a classification method for essential soil features based on
soil test report values. They classified village-specific soil parameters using the Extreme ML

(ELM) technique with various activation functions. This had a number of benefits, including



lower fertilizer costs, more profitability, less time spent by chemical soil analysis experts,
and better environmental and soil health. The gaussian radial basis function outperformed
the other examined activation functions in four of the five cases, obtaining an astounding
accuracy rate of more than 80%. Furthermore, for pH classification, the hyperbolic tangent
activation function emerged as the most effective, achieving an ACC rate close to 90%.
Researchers in [39] propose a novel soil classification approach using a liquid crystal tunable
filters (LCTF)-based method and a 3D-CNN. They improve soil hyperspectral images with
compressive sensing (CS) and utilize PCA for spectral domain dimensionality reduction.
The introduced 3D-CNN framework, along with a differential perception model, achieves
an impressive 99.59% ACC in multi-soil classification, outperforming conventional
methods.

Researchers use ML and DL models, such as the multi-Stacking ensemble model and the
unique feature selection algorithm Q-HOG, to present a multiclass soil classification
technique in [40]. The study intends to enhance the identification of soil type while utilizing
Al developments for intelligent farming. To improve ACC categorization, soil pictures are
gathered from the vriddhachalam exploration site. ML techniques like NB, KNN, and SVM
are tested with DL models like RNN, LSTM, GRU, and VGG16. In soil classification, the
suggested multi-Stacking ensemble model performs better than alternative models, obtaining
an amazing ACC of 98.96%, PRE of 96.14%, REC of 99.65%, and F1-S of 97.87%.

Three popular classification algorithms: SVM, RF, and MLP were compared by researchers
in [42]. Their study concentrated on forecasting the likelihood of soil erosion using Sentinel-
2 pictures by utilizing ground truth samples that were provided by Iceland's Soil
Conservation Service department and collected from different parts of the country. The
research conducted on validation datasets demonstrated the efficacy of both SVM and RF
techniques in simulating soil erosion, with average accuracies of 0.917+0.001 and
0.931+0.002, respectively.

Researchers in [43], aimed to accurately classify soil images using pre-trained weights with
Tensorflow and Keras DL frameworks. They used a dataset of 903 soil images of four types,
dividing it into training and validation sets. Augmented images were employed to enhance
model performance. The CNN achieved 99.86% ACC for training and 97.68% for
validation. The CNN model demonstrated superior performance over the DCNN models and

previous works. Evaluation involved using a CM and K-fold technique.



A portable smartphone-based machine vision system using CNN for the classification of soil
texture images was proposed by researchers in [44]. The first block in the CNN model was
for feature extraction, and the second block was for classification. Both blocks had several
layers. In addition, comparison was done using the ANN, SVM, RF, and KNN algorithms.
High accuracy of 99.89%, 99.81%, and 99.58% were attained by the suggested CNN model
for 20 cm, 40 cm, and 60 cm distances, respectively. The study found that the optimum
performance was achieved with fully preprocessed photos at a height of 20 cm. For soil
texture prediction based on the CNN model, an intuitive graphical user interface was created,
showcasing the method's promise as an accurate and efficient substitute for expensive and
time-consuming laboratory techniques in large-scale farming.

Researchers suggested using hyperspectral imaging in [45], to quickly screen and categorize
microplastics (MPs) in soil from farms. They obtained 600 hyperspectral images from 180
soil samples, which they then preprocessed using PCA to reduce dimensionality and the S-
G smoothing filter. For the MP polymer classification (PE, PP, and PVC), three models (DT,
SVM, and CNN) were developed. The maximum ACC of 92.6% was attained by the CNN
model with S-G smoothing, outperforming the DT and SVM models with 87.9% and 85.6%
ACC, respectively.

In [46], researchers propose an automated soil classification technique called FCMCSO-
ASC, which uses Fuzzy Cognitive Maps with Cat Swarm Optimization. The technique aims
to classify seven different types of soil and utilizes the local diagonal extrema pattern
(LDEP) as a feature extractor. The FCMCSO model optimizes the weight values for soil
classification. The technique was evaluated on a benchmark dataset, achieving a maximum

ACC of 96.84%, outperforming recent techniques.

2.3 SOIL CLASSIFICATION

Soil is a crucial part of the Earth's crust, comprising the topmost layer that starts at the surface
and extends downwards to a depth usually accessible to plant roots, which is typically around
2 meters, unless specified otherwise [12]. It serves as the foundation and nurturing ground
for a wide array of terrestrial life forms, providing vital support to vegetation and playing a
pivotal role in ecological processes. The classification of soil, a key aspect in soil science,
involves the systematic organization and categorization of soils based on their distinctive

properties and characteristics. For classification purposes, the typical consideration is the



depth of the soil, with the standard limit set at 2 meters, unless specific conditions dictate
otherwise [12, 13]. This delineation serves as a fundamental criterion in the study and
assessment of various soil types and their relevance to specific ecosystems, agricultural
practices, and engineering applications. By comprehending the depth-based variations in soil
properties and behavior, soil scientists, ecologists, and agronomists can derive valuable
insights to better understand and manage soil ecosystems for sustainable resource utilization

and environmental preservation.
2.3.1 Profiles and Horizons

A soil's profile, or a vertical portion of the soil at a particular site, is usually used in soil
science to classify soil. Different layers, or horizons, are seen in this profile. We will refer
to these distinct strata as "horizons” and "layers" respectively throughout this paper.
Excavation of a vertical section is frequently necessary in order to conduct a comprehensive
profile study, which is necessary in order to properly classify the soil. The number of strata
in this profile may differ, but it contains every horizon connected to the earth at that
particular place.

The analysis of these horizons involves the assessment of properties that can be observed in
the field, such as the color or width of each layer. Additionally, some properties are
determined through scientific laboratory tests, including pH levels and electrical
conductivity. Thoroughly exploring all the layers within the profile allows for informed
decisions on the appropriate classification of the soil to which they belong. By considering
a multitude of observable and measurable characteristics, soil scientists can derive valuable
insights into the soil's composition, behavior, and overall suitability for various ecological,
agricultural, and engineering purposes. The accurate classification of soil profiles is a crucial
step in soil science, enabling more effective soil management, sustainable land use planning,
and informed decision-making for environmental preservation and resource conservation.
Two illustrations of soil profiles with distinct horizons are shown in Figure 2-1. This specific
profile was gathered from a Chinese location. The dark red Durisol soil profile, which
originates in South Africa, is seen on the right. The graphic highlights the diversity and
importance of soil classification in understanding soil behavior and its implications for
various environmental and agricultural applications. It also offers visual insights into the

varying soil compositions and layering observed in different places.



Chernozem Phaeozem «

Chernozem and Phaeozem Durisols

Figure 2.1: Examples of Soil Profiles [14][15].
2.3.2 Soil Classification Systems

The classification of soil presents a multitude of methods, with each country often employing
its unique system [16][12]. Consequently, communication and comparison of soil attributes
between different countries can be intricate, as direct translation between various
classification systems may not be straightforward without comprehensive knowledge of how
both systems operate.

Particular classification systems have been developed to address the problem of cross-
country communication in soil categorization. Among the most popular systems are the
USDA Soil Taxonomy and the World Reference Base. Although the USDA Soil Taxonomy
was initially developed in the US, many other countries now employ it as a standard
classification system. By offering a common framework for soil classification, these systems
promote international collaboration and research endeavours, leading to a more cohesive
comprehension of soil properties and behaviour across diverse geographical regions.

The World Reference Base for Soil Resources (WRB), an internationally recognized soil
classification system established by the International Union of Soil Sciences (1USS), builds
upon the FAO Legend and incorporates concepts from the Soil Taxonomy. Its main objective
is to provide a simple classification method based on observable field data, ensuring
compatibility with various national soil classifications for enhanced international

communication. The WRB is not designed to replace local soil classification systems but
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rather serves as a supplementary tool to facilitate global soil assessments and promote better
understanding across different regions.

This classification system operates at two levels of detail. The first and broader level is
referred to as the Reference Soil Group (RSG). For instance, as seen in Figure 2.1, the soil
profile is identified as a Phaeozem, distinguished by a dark horizon with a high concentration
of organic material, among other specific characteristics [18]. The second level, which
combines the RSG with a number of prefix and suffix qualifiers, provides a more detailed
description of the soil and its layers. For example, the profile depicted in Figure 2.1 might
also be classified as a Mollic Phaeozem, where the word "Mollic" serves as an additional
descriptor to further characterize the surface horizon, which is identified by its abundance of
organic components and dark colour.

Since there are a great deal of RSG and their corresponding qualifiers, which leads to an
excessive number of alternatives, it would be difficult to anticipate the most precise level,
therefore we will only address the RSG level in this dissertation [17]. We will focus on the
current RSG, which each represent unique classes of soil defined by the World Reference
Base for Soil Resources [19], and including comprehensive characteristics, attributes, and
requirements. Classifying soil is a difficult task best left to professionals due to the large
number of quantifiable factors, the subjectivity of some features, and the vast range of
possible attribute values within each horizon. Successful classification necessitates
significant expertise in the field and an understanding of the nuanced and intricate

characteristics of different soil profiles.

2.4 MACHINE LEARNING METHODS

In recent years, ML methods have emerged as powerful tools in the field of soil
classification. These advanced techniques offer the potential to revolutionize traditional
approaches, enabling more accurate, efficient, and scalable classification of soil types based
on various data sources. By harnessing the power of ML algorithms, researchers can explore
complex relationships between soil attributes and make predictions with unprecedented
precision. In this section, we delve into the application of ML methods in soil classification,
exploring their capabilities, challenges, and the opportunities they present for advancing our

understanding of soil behaviour and management.
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2.4.1 Random Forest (RF)

An ensemble of decision trees is used in the RF technique, and each tree is trained using a
unique, random subset of training data and characteristics [20]. By selecting data points at
random from the original set, this technique referred to as bagging allows for the possibility
of duplicate selections. As a result, it produces training data in a variety of random groupings,
increasing the variance between the different trees. Out-of-bag samples are the data points
that were not utilized during a tree's training process. Moreover, RF introduces further
randomness by restricting the features available during the training of each tree. Although
this may introduce some bias, as certain trees may lack the best feature splits, it also provides
an opportunity for other features to contribute valuable insights to the data. Because the RF
ensembles typically produce better predictions when using this method than when utilizing
the whole set of variables, it effectively addresses overfitting issues [20].

Furthermore, the model uses the Gini Importance metric to determine which factors are the
most influential during the training phase [21]. The significance measure for each feature is
computed as the sum of the Gini reduction averaged over all ensemble trees, weighted by
the number of samples the feature separates. It is simpler to recognize and eliminate less
important features when using the Gini Importance metric, which provides insightful
information about the problem’'s most important factors. This procedure guarantees that the

model's performance is maintained while also cutting down on processing time.
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Figure 2.2: Random Forests [27].
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2.4.2 Support Vector Machines (SVM)

SVM stands as another prominent ML approach frequently utilized in soil classification.
SVM focuses on using a subset of training data termed support vectors to create partition
boundaries or hyperplanes within the feature space of co-variables. This approach does not
rely on specific statistical distributions of the training data, providing greater flexibility in
delineating class boundaries.

SVMs employ optimization algorithms to generate these partition boundaries, effectively
separating classes within the selected feature space or between co-variables. However,
SVMs do require specific user input, necessitating the specification of parameters, including
the choice of kernel, kernel-specific parameters, and regulation parameters. These parameter
choices significantly influence the outcomes of the inference, making the selection of
optimal parameters crucial to achieve the best classification results [22][23] [24]. Therefore,
considerable attention must be given to parameter tuning to ensure accurate and effective

soil classification results [25].
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Figure 2.3: Support Vector Machine [28].
2.4.3 Gradient Tree Boosting

Another ensemble technique that uses decision trees but differs from RF is called Gradient
Tree Boosting (GTB). To achieve diversity, GTB gradually improves the ensemble's
performance rather than adding unpredictability [26].

The GTB approach starts by using the dataset to train a basic decision tree. Then, iterating
over the dataset and creating a residual error based on the mistakes committed. A new tree

is then trained to fit the residual error from the previous iteration, with its primary focus
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being the data points that the previous model misidentified. This iterative process, known as
gradient boosting, computes the residuals using the gradient of the user-specified loss
function [26]. After giving the new tree a weight and adding it to the ensemble, the procedure
is repeated until a classifier that minimizes overfitting to the training data and fits the data
optimally is obtained.

Figure 2.4 illustrates the progression of GTB, beginning with a basic tree and subsequently
constructing additional trees, each relatively simple but collectively capable of solving the
problem effectively. Although individual decision trees introduce considerable bias and
make numerous mistakes due to their focus on specific data points, the combined model
attains consistently superior performance. To mitigate the risk of overfitting, two approaches
can be implemented: pruning and early stopping. In the case of pruning, it involves applying
modifications to the decision tree after the training phase to simplify its structure and reduce
complexity, which helps prevent overfitting. On the other hand, early stopping involves
monitoring the out-of-bag error during training. Overfitting to the training data is indicated
when the out-of-bag error begins to steadily rise while the training error keeps becoming
smaller. To prevent more overfitting, the algorithm responds by stopping the training process
[26].
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Figure 2.4: Gradient Tree Boosting [29].
2.5 ARTIFICIAL NEURAL NETWORKS

Artificial neural networks (ANNSs) are computational models that are modelled after the
networked structure of animal brains, in which neurons process inputs and send out signals
to other cells [30]. The core component of an ANN is the perceptron [31], a node that
receives inputs (each with a weight) and uses an activation function to produce an output.
The perceptron modifies its weights during training in order to maximize predictions on the
training set.

However, when dealing with nonlinearly separable functions, a single perceptron might
encounter challenges in accurately classifying data [32]. To overcome this limitation,

multiple perceptron’s are organized into different layers, giving rise to a fully connected
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MLP [32]. These hidden layers are essential to the evolution of DNN and can be rather
numerous. Although training a single perceptron entail modifying input weights in
accordance with the error function's gradient, this method is not directly relevant to MLPs
because of the intricate relationships between nodes and how differently each one
contributes to the final prediction. The back-propagation algorithm is used to solve this
problem. Based on each perceptron's contribution to the outcome, it distributes the estimated
error between the MLP's output and the expected output back to each one. This enhances the
MLP's ability to classify data by enabling it to change its internal biases and weights.

Hidden layer

Figure 2.5: Artificial Neural Networks.

Moreover, ANN models can handle and model multiple outputs simultaneously, making
them particularly beneficial for predictive tasks such as soil property mapping [30]. Recent
advancements have introduced specialized architectures like CNN, highly effective in image
analysis by detecting basic patterns through convolutions and then combining them to
identify complex patterns [33]. CNNs excel in image-related tasks due to their ability to

learn from the abundant patterns found in natural images.
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2.6 CONVOLUTIONAL NEURAL NETWORKS

CNN represent a powerful and highly effective class of DL models, specifically designed
for tasks involving image and pattern recognition [50]. CNNs have gained significant
popularity due to their outstanding performance in a wide range of visual tasks, including
object detection, image classification, and segmentation.

The architecture of a CNN is inspired by the visual processing mechanism of the human
brain [51]. It consists of multiple layers, each responsible for different operations on the
input data. The fundamental building blocks of CNNs are convolutional layers (CL), where
small filters or kernels slide over the input image to detect specific patterns or features. These
convolutional operations enable the network to learn essential visual features in a
hierarchical manner. The pooling layer is a crucial element of CNN architecture that
minimizes the spatial dimensions of the data while preserving crucial information. The
network becomes more computationally efficient and resilient to changes in input size or
position when pooling is used to down sample the feature maps [53]. CNNs may
progressively transition from low-level information to high-level representations by
processing data through numerous layers, which enables them to capture abstract and
complicated properties. The fully connected layers, which function as conventional neural
network layers for additional processing and classification, receive the flattened output of
the convolutional and pooling layers.

The architecture of CNNs allows them to automatically learn hierarchical feature
representations from raw data, making them highly adaptable to diverse tasks without the
need for manual feature engineering. This characteristic, along with their ability to handle
large datasets and exploit spatial locality, contributes to their success in image-related

applications.
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Figure 2.6: Convolutional Neural Networks [34].

a. Convolutional Layers (CL): CLs are fundamental building blocks of CNN, a type of DL
model extensively used in image processing tasks [52]. These layers function by sliding
small, receptive fields or "filters’ across the input data, which could be an input image or the
output from a previous layer.

Each filter is associated with a set of weights and a bias, and as it slides across the input, it
performs a mathematical operation called convolution. This operation involves element-wise
multiplication of the filter's weights with the pixel values of the input data it currently covers,
followed by summing up these products and adding the bias. The result is a single value in
a new matrix known as a ‘feature map' [54].

The process is repeated for each position the filter can occupy on the input, resulting in a full
feature map. When multiple filters are used, each one learns to recognize different features

of the input data, such as edges, corners, or more complex patterns in higher layers of a deep
CNN.
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Figure 2.7: Convolutional Operation.
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b. Activation Layers: The activation layer in a neural network plays an essential role in
transforming the linear outputs from previous layers into a nonlinear format, enabling the
network to learn complex patterns and make better predictions. Each neuron in the network
has an activation function which takes in the weighted sum of its inputs and produces an
output, often a value between a specified range, that is then passed on to the neurons in the
next layer. Activation functions that are frequently used are the rectified linear unit (ReLU)
function, which outputs the input directly if it is positive and O otherwise; the sigmoid
function, which squashes its inputs to a range between 0 and 1; and the hyperbolic tangent
(tanh) function, which produces outputs between -1 and 1. The kind of problem being
addressed and the particular needs of the model determine which activation function should
be used [55].

The activation layer, therefore, serves as a kind of gateway, controlling the flow of
information through the network. By introducing non-linearity into the model, activation
functions allow the network to capture and learn from the complex, nonlinear relationships
inherent in many real-world datasets. Without activation functions, no matter how deep the
network is, it would still behave like a single-layer perceptron as all layers would be
performing linear transformations on the inputs. Activation functions are, therefore, a crucial

component in enabling the DL models to solve sophisticated tasks.
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Figure 2.8: The Activation Functions of the Neural Networks.

c. Pooling Layer: The pooling layer is an essential component in CNN and serves a critical
role in the process of feature extraction and dimensionality reduction. A pooling layer
operates by systematically scanning small regions of its input - typically the output of a
previous CL - and summarizing the information in these regions into a single value. The

exact nature of this summary depends on the type of pooling operation being used |56].
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Max pooling is the most popular kind of pooling; it takes the maximum value out of each
zone. The key traits are efficiently preserved while less significant information is discarded.
Additional pooling methods include L2-norm pooling, which determines the square root of
the sum of all squares in a region, and average pooling, which determines the average value
of each region [57]. Pooling layers minimize the spatial dimensions of its input by
summarizing parts of the feature map, which results in a more compact and manageable
representation of the input data. Because fewer parameters must be trained, this
dimensionality reduction helps the model become less prone to overfitting and more
computationally efficient. Despite this decrease, the pooling procedures usually maintain the
most important features for the job at hand, enabling the network'’s next layers to function

on a concentrated, condensed representation of the original input.
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Figure 2.9: Example of Pooling Operation.

d. Dropout Layer: The dropout layer is a unique type of layer employed in neural networks
to prevent the phenomenon of overfitting, which happens when a model learns the training
data too well and performs poorly on unseen data. It was introduced as a simple yet effective
regularization technigue to enhance the generalization capability of DL models [58].

In a dropout layer, a fraction of the neurons in the layer are randomly "dropped out” or

deactivated during each training iteration, meaning that they do not contribute to the forward
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pass and their weights are not updated during the backpropagation. The fraction of neurons
to be dropped is determined by a hyperparameter, typically set between 0.2 and 0.5 [59].
This random omission of neurons forces the network to learn more robust and generalized
features. Instead of relying heavily on a specific set of neurons, the network is encouraged
to distribute the learned representations across all neurons, leading to a more robust model

that is less likely to overfit the training data.
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Figure 2.10: Dropout mechanism [48].

e. Batch Normalization: Batch Normalization is a technique widely used in DL models to
accelerate training, stabilize the learning process, and reduce the sensitivity to the initial
weights. It is typically applied to the outputs of a layer before the activation function [60].
The central idea behind Batch Normalization is to normalize the activations of each layer
(i.e., make them have zero mean and unit variance), similar to how input data is usually
standardized. This normalization is performed on each mini-batch separately, hence the
name 'Batch Normalization'. The motivation for doing this is to combat the so-called
"internal covariate shift”, the phenomenon where the distributions of layer activations
change during training, slowing down the learning process [61].

However, Batch Normalization does more than merely standardize the activations. After the
normalization step, Batch Normalization adds two learnable parameters to each neuron: a
scale factor and a shift factor. These parameters allow each neuron to undo the normalization

if it turns out to be beneficial for learning.

21



f. Flatten Layer: The flatten layer in a neural network serves a specific yet crucial purpose,
acting as a connector between convolutional and dense layers. As the name suggests, this
layer 'flattens' its input without affecting the batch size [62][63].

In the context of an image classification task, after several rounds of convolutional and
pooling layers, the output is a high-dimensional array that encapsulates the extracted features
of the input image. However, this high-dimensional output cannot be directly fed into the
FCLs that often follow, as these layers expect data to be in a 1-dimensional array format.
The flatten layer comes into play at this juncture. It reshapes or flattens the high-dimensional
input into a 1-dimensional array, while preserving the integrity of the input data. Each pixel

from the previous layer becomes an individual input neuron in the next layer.
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Figure 2.11: Example of Flatten Layer.

g. Fully Connected Layer (FCL): The fully connected layer, often abbreviated as FCL, is a
crucial component in various neural network architectures. As the name suggests, each
neuron in a FCL is connected to every neuron in the previous layer, with each connection
having a weight [64].

In the context of CNNSs, which are widely used in image processing tasks, the FCL typically
follows a series of convolutional and pooling layers. These preceding layers are responsible
for the extraction and processing of features from the input data. The FCL then uses these
processed features for classifying the input data into various classes, thus acting as a

classifier.
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The FCL works by computing the dot product of its input and weights, adds a bias term, and
then passes the result through an activation function. In essence, each neuron in a FCL learns
a separate weight for every single input and can thus make complex decisions based on the
entire input [65].

The final FCL, often followed by a SoftMax activation function, produces the output
probabilities for each class in a multi-class classification problem. These probabilities sum
to one, and the class with the highest probability is usually taken as the model's prediction.

Hidden layer

Figure 2.12: Fully Connected Layer [49].

With advancements in DL and ample computational resources, researchers have extended
the use of CNNs beyond image tasks to various other domains. Among these, ResNet,
Mobile Net, and VGG have gained widespread attention and become popular choices in the

research community.
2.6.1 VGG Method

The VGG (Visual Geometry Group) architecture is a deep CNN that was proposed by the
Visual Geometry Group at the University of Oxford [66]. It gained significant attention after
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its participation in the ILSVRC in 2014, where it achieved remarkable results in image
classification tasks [67].

The key characteristic of the VGG architecture is its simplicity and uniformity. It consists of
a series of stacked CLs, each followed by a max-pooling layer for spatial down sampling.
The CLs use small 3x3 filters with a stride of 1, which helps in capturing local features in
the input image. This repeated use of 3x3 filters allows VGG to learn hierarchical
representations of increasing complexity as the layers deepen [68] [69]. VGG comes in
various configurations with different depths, commonly denoted as VGG16 and VGG19,
depending on the number of CLs. VGG16 has 16 CLs, while VGG19 has 19. Despite the
simplicity of its architecture, VGG achieved impressive performance on image classification
tasks, demonstrating that deeper networks can learn more complex features, thus improving
accuracy [70].

Layer_1 Layer_2 Layer_3 Layer_4 Layer_5 Dense_1

Figure 2.13: Example of VGG 16 Architecture [35].
2.6.2 MobileNetV2 Method

MobileNetV2 is a CNN architecture that was designed with the aim of achieving efficient,
high-performance models that can be deployed on mobile and embedded systems. The
MobileNetV2 architecture is notable for its use of depth wise separable convolutions, an
operation that significantly reduces computational cost by dividing the standard convolution
operation into a depth wise convolution and a pointwise convolution [71].

A typical MobileNetV2 model follows the structure of a traditional CNN architecture, where
an input image passes through a series of convolutional, non-linear, pooling, and
normalization layers to produce an output, typically a class label [72]. However, it diverges
in its use of a unique module called the "inverted residual with linear bottleneck”. The

structure of this module is what gives MobileNetV2 its efficiency and power.
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The inverted residual block consists of three layers: a 1x1 expansion convolution, a 3x3
depthwise convolution, and a 1x1 projection convolution. This design differs from the
traditional residual block as it initially expands the number of channels in the input tensor,
then applies the depthwise convolution, and finally reduces the number of channels back to
its original size. The term "linear bottleneck™ arises because there is no non-linear activation
function applied after the final 1x1 convolution. Utilizing these blocks enables the model to
learn more complex features with fewer parameters, resulting in reduced computational and
memory requirements [73]. The architecture begins with a standard CL with 32 filters,
followed by 19 inverted residual blocks of varying filter sizes and strides. Upon traversing
all the residual blocks, the tensor undergoes a 1x1 convolution, followed by average pooling.
Finally, the tensor is passed through a FCL with SoftMax activation to generate the output
classes [74].

Moreover, MobileNetV2 also introduces two important hyperparameters, width multiplier
and resolution multiplier, which allow the model to be scaled for different resource
constraints. The width multiplier alters the number of channels available in each layer, while
the resolution multiplier changes the input image resolution. By adjusting these multipliers,

it's possible to create smaller and more efficient models, which makes MobileNetV2 highly

i

flexible and adaptable for various applications.
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2.6.3 InceptionV3 Method

InceptionV3 is a CNN architecture that was a part of the third iteration of Google's Inception
project, under the umbrella of the Google Net series [75]. This architecture is well-regarded

for its innovative design that substantially reduced the computational burden of training
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DNN, while achieving high accuracy in image classification tasks. The defining
characteristic of the Inception architecture is the 'Inception Module', a building block that
comprises multiple convolution operations with various kernel sizes (such as 1x1, 3x3, and
5x5) operating in parallel on the same input, followed by concatenation of their outputs [76].
The beauty of this design lies in its ability to capture both local and global features in the
input by varying the size of the receptive field across the parallel branches. It also enables
the network to adaptively select the spatial scale of the features, enhancing its performance
on tasks with high intra-class variability. InceptionV3, specifically, introduced several
enhancements over its predecessors. The architecture used factorization to reduce the
computational cost of larger convolutions. Instead of directly applying 5x5 or 7x7
convolutions, it broke them down into smaller, sequential convolutions - for instance, a 5x5
convolution was replaced by two 3x3 convolutions. This technique not only led to
computational efficiency but also deepened the network, making it capable of learning more
complex patterns [77].

The architecture also embraced asymmetrical convolutions. Instead of using a square 3x3
convolution, it used a combination of a 1x3 convolution followed by a 3x1 convolution. This
was done to exploit the correlation between spatially closer features while reducing
computational complexity. Further, InceptionVV3 featured 'Auxiliary Classifiers' placed at
intermediate layers to propagate the signal of label information and address the vanishing
gradients problem, which tends to occur in deep networks [78]. Lastly, the network
employed efficient 'Grid Size Reduction’, where instead of using pooling operations,
convolution strides were used to reduce grid sizes, preserving more information in the
process [79]. InceptionV3 is usually composed of 48 layers, although the effective depth
could be much higher due to the inception modules. Its design principles have influenced
many subsequent architectures in the DL field, making it a significant milestone in the
evolution of CNN.

2.7 CONCLUSION

The literature review has provided a comprehensive understanding of the multifaceted
aspects of soil classification and the evolving technological approaches used to address this
complex subject. By exploring traditional classification systems, ML techniques, and state-

of-the-art DL methods, this chapter has laid a solid foundation for understanding the existing
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frameworks and their applications. This understanding is essential to the development of
new methodologies, reflecting the advancements in the field and catering to the specific
needs and challenges associated with soil analysis.
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3. METHODOLOGY

3.1 INTRODUCTION

The methodology chapter of this thesis provides a detailed account of the approach adopted
to conduct the soil classification study using DL models. This chapter describes how the
image dataset was prepared and processed, including image resizing and label encoding, to
be fed into the models. It then delves into the specifics of the proposed models, explaining
the choice of architectures, which are CNN, InceptionV3, and MobileNetV2, and their
configurations. Furthermore, it discusses how these models were trained and evaluated,
shedding light on the process of fine-tuning the models, selecting appropriate parameters,
and validating the performance of the models.

3.2 THESIS APPROACH

The proposed model for soil classification is a multi-phase process involving image pre-
processing and the application of advanced DL models. Initially, a pre-processing stage is
employed, where soil images are resized to fit the requisite input dimensions for the DL
models. This ensures consistency in the data, making it compatible with the models’
architecture. Subsequently, DL models are applied to the processed images to identify and
classify distinct soil types. Models such as CNNs are utilized due to their proficiency in
image-based tasks, effectively identifying patterns and features in the soil images. Further,
advanced pre-trained models like InceptionVV3 and MobileNet V2 are integrated, leveraging
their capacity for high-level feature extraction. They can classify soil types more accurately
by exploiting their intricate, hierarchically-structured learning capacity. Ultimately, the
synergy between pre-processing and these DL models fosters an efficient and effective

framework for soil classification.
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Figure 3.1: Framework for Soil Classification.

3.2.1 Data Description

The dataset under study encompasses a wide variety of soil images sourced from both
Kaggle and an extensive scraping process from Google Images. Initially, the dataset from
Kaggle, meticulously curated to bridge the gap in accessible and reliable image datasets
focusing on soil types, consisted of distinct classes with varying image counts. The 'Peat
Soil' class contained 30 images, exhibiting the dark coloration typical of soils with a high
organic matter content. The 'Laterite Soil' class, signifying the reddish clay-rich soil
predominantly found in tropical regions, also comprised 30 images. The 'Yellow Soil’
category, with its distinctive yellow hue attributed to oxidized iron compounds, incorporated
29 images. Meanwhile, the '‘Black Soil' class, synonymous with fertile lands and unique for
its high clay content and moisture retention ability, presented the largest subset with 37
images. Lastly, the 'Cinder Soil' class, derived from volcanic activities and characterized by
a significant portion of volcanic ash or cinder, included 30 images.

Upon enhancing this collection with images scraped from Google, the dataset expanded
considerably. The 'Cinder Soil' category now boasts 77 images, while the "Yellow Soil' class
includes 70 images. The 'Peat Soil' category grew to encompass 93 images, and 'Laterite
Soil' increased its count to 87 images. The most significant augmentation was observed in
the '‘Black Soil' class, which now houses a total of 265 images.

Combining these two sources, the entire dataset comprises a total of 592 images distributed
across the five soil classes. This combined dataset not only augments the quantity but also

likely introduces a broader variety of visual features, textures, and nuances associated with
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each soil type. Such a comprehensive collection offers a robust foundation for DL models,

facilitating the extraction of unique features to ensure precise soil classification.
3.2.2 Data Pre-processing

Data pre-processing is a crucial initial step in any ML or DL project, ensuring the seamless
integration of the data with the model. For the soil classification project, pre-processing

primarily involved resizing images and converting classes to categorical.
3.2.2.1 Resize images

Resizing images is a fundamental step in the data pre-processing phase, especially for ML
and DL applications that deal with image data. In the context of this study, the dataset, which
comprises diverse soil type images, is resized to a consistent dimension of 200 by 200 pixels.
This means each image, regardless of its original size, is transformed into a standardized
format with dimensions of 200 pixels in height and 200 pixels in width. This ensures a
uniform input size for the subsequent DL models, like CNNs, InceptionV3, and MobileNet
V2, facilitating the seamless processing of these images. Resizing also assists in mitigating
computational constraints and speeding up the learning process, as smaller images require

less computational power and memory.
3.2.2.2 Label encoding

Once the images are appropriately resized, the next crucial step involves converting the soil
class labels into a categorical format. In this study, the classes include 'Black Soil', ‘Cinder
Soil', 'Laterite Soil', 'Peat Soil', and "Yellow Soil', representing the five distinct soil types
within the dataset. Each of these classes is assigned a unique numerical identifier, creating a
mapping as follows: 'Black Soil': 0, 'Cinder Soil": 1, 'Laterite Soil": 2, 'Peat Soil": 3, "Yellow
Soil: 4. This transformation is typically referred to as categorical encoding, wherein class
labels are translated into a format understandable by the ML models.

This categorical representation of the soil classes enables the models to perform binary
classification for each class during the learning process. This methodological setup allows
for a more nuanced understanding of the patterns and characteristics within each soil class.

Moreover, this transformation not only optimizes the model's ability to understand the
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associations between the input images and their respective soil classes but also aids in

producing a more accurate soil classification output during the prediction phase.
3.2.2 Data Splitting

An integral aspect of the proposed model's methodology is the division of the dataset into
two distinct subsets: the training set and the testing set. This procedure, commonly known
as data splitting, is crucial for assessing the model's performance and its ability to generalize
to unseen data.

The data split in this investigation was done using an 80-20 ratio. This suggests that the
training set, which forms the basis of the model's training, received 80% of the available
data. The remaining 20 percent comprised the testing set, which is crucial in providing an
objective assessment of the final model fit on the training set.

w“ Testing set

é Training set

l
LU

Figure 3.2: Data Splitting.
3.2.3 Deep Learning

Shifting focus to the DL methods employed in the proposed model, it's important to
underscore the value these methods bring to complex tasks like soil classification.
Leveraging advanced models such as CNN, InceptionV3, MobileNetV2 allows for a robust

and in-depth analysis of the soil image dataset.
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3.2.3.1 Convolutional neural networks architecture

The CNN used in the proposed model for soil classification is constructed using a DL
technique known as a sequential model. The Sequential model is a linear stack of layers
where each layer has exactly one input tensor and one output tensor. This type of model is
particularly useful when building a straightforward stack of layers, as is common in most
DL architectures.

The model's initial layer is a CL with 32 filters that are each 3 by 3 in size. This layer receives
an application of the relu activation function, which effectively adds non-linearity to the
model without changing the convolved features' receptive fields. After the CL, a 2x2 max
pooling layer is applied, which takes the maximum value over the window that the pool size
defines, hence minimizing the spatial dimensions of the input.

The following set of layers consists of a MaxPooling2D layer and another Conv2D layer
with 64 filters, both of which function in the same way as previously mentioned. Next,
another MaxPooling2D layer is added, and a third Conv2D layer with 128 filters and the'relu’
activation function is added. By merging the simpler elements, it learnt in the earlier layers,
the network's hierarchical design enables it to detect more complex features in the later
layers.

After the convolutional and max pooling layers, the model flattens the structure to create a
single long feature vector to be fed into the dense layers, via the Flatten layer. This flattening
step is necessary for transitioning between the CLs and the FCLs.

Following the Flatten layer, a FCL with 128 units is introduced. Again, ‘relu’ activation is
used, providing non-linearity without the vanishing gradient problem. This is then followed
by a Dropout layer, which randomly sets 0.5 of the input units to 0 at each update during
training time. This helps prevent overfitting by providing a way to reduce the complexity of
the model and improve its generalization capabilities.

The last layer is a dense layer that employs the ‘SoftMax' activation function and has as
many units as there are classes in the dataset. The output of the model can be understood as
the likelihood that each class that the input image belongs to, as this function creates a
probability distribution over the target classes. The class predicted by the model is the one

with the highest probability.
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Figure 3.3: Convolutional Neural Networks Architecture.
3.2.3.2 MobileNet V2 architecture

The MobileNetV2 architecture in the proposed model is an advanced DL model designed to
provide excellent accuracy for image classification tasks while being highly computationally
efficient. MobileNetV2 is particularly suited to applications where resources are constrained,
such as in mobile or edge computing devices. In this instance, the model leverages the pre-
trained MobileNetV2 as a base model, applying it to the task of soil classification.
Importantly, the base model is initialized with weights pre-trained on ImageNet, a large
dataset consisting of over 14 million images belonging to 1000 classes. By leveraging these
pre-trained weights, the model can effectively make use of the feature extraction capabilities
learned from this broad, diverse image dataset. The model is set to exclude the top, or final,
layers of the original MobileNetVV2 network as these layers are more task-specific, being
trained to classify the 1000 classes of ImageNet.

For this specific task, the weights of the pre-trained MobileNetV2 layers are frozen. This
ensures that the knowledge encapsulated in these layers, which captures generic features

across a multitude of image classes, remains unaltered during the training process on the soil
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dataset. In other words, the pre-existing knowledge is preserved, while the model is fine-
tuned to the specific task of soil classification. To adapt the network to the task at hand,
several specialized top layers are added after the base model. Initially, the output of the basic
model is subjected to a Global Average Pooling 2D (GAP2D) layer. In this way, the
existence of learned features in the image is successfully summarized, and the spatial
dimensions of the 3D feature maps are reduced while maintaining depth. After that, a 128-
unit dense layer with the activation function "relu™ is added. This layer gives the model a
degree of complexity and learning ability that enables it to pick up patterns unique to the
task of classifying soil types. Lastly, a dense output layer is added, the number of units of
which equals the number of soil classifications. This layer generates a probability
distribution over the target classes using a ‘SoftMax' activation function, so that the output
can be understood as the probability that the input image belongs to each class. The end
result of this design is a potent model that combines the specificity of the top layers with the

strength of a pre-trained network to produce a very useful tool for soil classification.

Input (200, 200, 3)

\ 4
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Based Model P y

A
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—) i

TR — Pooling Layer

Figure 3.4: MobileNetV2 Architecture.
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3.2.3.3 InceptionV3 architecture

The InceptionV3 architecture in the proposed model is another advanced DL model that has
been widely recognized for its remarkable accuracy in image classification tasks. Originating
from the Google Brain Team, InceptionV3 is characterized by its complex design and ability
to efficiently utilize computational resources by employing a network-in-network
architecture.

In this specific instance, the model utilizes a pre-trained InceptionVV3 model as a base. The
model is initialized with weights trained on ImageNet, an expansive dataset consisting of
millions of images from a thousand different classes. This allows the base model to
effectively leverage the intricate feature extraction capabilities that the InceptionV3 model
learned from this wide-ranging dataset. They include top parameter is set to False, thus
excluding the FCL at the top of the network, which was originally designed to perform
classification on the 1000 ImageNet classes.

The weights of the pre-trained InceptionV3 layers are frozen in order to tailor the model to
the particular soil categorization problem at hand. This means that these weights, which
capture generalized features useful for a wide array of image classes, are preserved during
the training process on the soil dataset. By freezing these weights, the model is able to
maintain the advantageous feature detection capabilities of the base InceptionV3 model
while being fine-tuned to the specific task of soil classification.

A number of unique top layers are added to the underlying model once it has been modified
to fit the particular soil type categorization task. A first step involves feeding the basic
model's output into a GAP2D layer. By down sampling the spatial dimensions of its input,
this layer produces an output that is essentially a summary of the feature maps that the
underlying model produced.

After that comes a Dense layer with 128 neurons and the'relu’ activation function. With the
help of this layer, the model can pick up on more intricate characteristics and patterns unique
to the soil photos. It adds a layer of learning capability that is more tuned to the soil dataset,
and 'relu’ activation ensures non-linearity in the learning process.

The last step involves adding an output Dense layer, which has as many neurons as there are
soil classifications in the dataset. This layer basically predicts the chance that an input image
will belong to each of the classes by using the 'SoftMax' activation function to provide a

probability distribution over the various soil classes.
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Altogether, the InceptionV3-based model combines the strength of the pre-trained network,
with its vast knowledge and ability to extract generalized features, with the custom top layers'
focus on the specifics of the soil dataset. This makes it a robust tool for soil type

classification.
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Figure 3.5: InceptionVV3 Architecture.
3.3 CONCLUSION

The methodology chapter has comprehensively presented the systematic approach adopted
for this study, starting from the detailed description of the soil image dataset, progressing
through the pre-processing techniques, and culminating with the implementation of the DL
models. The data pre-processing stages, including image resizing and categorical encoding
of labels, have been instrumental in readying the dataset for the training process. The
application of three distinct DL models - CNN, MobileNetVV2, and InceptionV3 - has
showcased the potential of each model in recognizing and differentiating among different
types of soil based on image data. The diverse techniques and strategies outlined in this

chapter have provided a robust foundation for the soil classification task, paving the way for
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the subsequent results and discussions that will delve into the effectiveness of the proposed

model and its potential implications.
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4. RESULTS AND DISCUSSION
4.1 INTRODUCTION

This chapter offers an in-depth examination of the software environment and the Python
libraries employed to implement various DL models. Focusing on three architectures,
namely CNN, MobileNetV2, and InceptionV3, the chapter details the evaluation metrics
used to assess their performance. The analysis includes individual evaluations, leading to a
comparative study that highlights the distinctions and efficiencies of each model. An
overarching view of this section provides readers with a comprehensive understanding of
the methodologies and results, enabling insights into the practical applications and
effectiveness of the chosen models.

4.2 SOFTWARE ENVIRONMENT

This research utilizes two prominent tools in the data science and ML field: Google Colab
and Python. Google Colab, an abbreviation for Collaboratory, is a free cloud-based platform
that allows the execution of Python code and provides an environment where ML models
can be built and trained efficiently. With Google Colab, there's no need for complex setup
procedures or powerful hardware as it provides a pre-configured environment with GPU
access for high-speed computations, making it an ideal choice for this research. Python, is a
popular, high-level programming language known for its readability and extensive range of
libraries, especially for data analysis and ML tasks. Python's versatility, combined with
Google Colab's easy-to-use and powerful computational platform, formed the primary
software environment for the development and execution of the proposed soil classification

models in this study.
4.3 PYTHON LIBRARIES

The proposed soil classification model made use of several Python libraries, each
contributing distinct functionalities towards the development, training, and evaluation of the
model. These libraries encompassed a broad range of tasks, from data manipulation and

visualization to the actual implementation and tuning of ML models.
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TensorFlow: ML platform available as open-source. With its extensive and adaptable
ecosystem of tools, libraries, and community resources, academics can advance machine
learning while developers can create and implement ML-powered applications with ease.
Pandas: an analysis and manipulation software library. It provides procedures and data
structures for working with time series and numerical tables.

NumPy: A library that enhances the Python programming language by providing a vast
number of high-level mathematical functions to manipulate big, multi-dimensional arrays
and matrices.

Matplotlib: The Python programming language and its NumPy numerical mathematics
extension come with a charting library. Plots can be embedded into programs using its
object-oriented API.

Seaborn: A matplotlib-based Python library for data visualization. It offers a sophisticated
drawing tool for creating eye-catching and educational statistical visuals.

Scikit-learn: Python programming language ML library available for free. There are

numerous clustering, regression, and classification algorithms available.

import tensorflow as tf

from tensorflow.keras.preprocessing.image import ImageDataGenerator
import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.model_selection import train_test_split

from sklearn.metrics import confusion_matrix, classification_report

Figure 4.1: Python Libraries.
4.4 EVALUATION METRICS

In order to evaluate the performance of the proposed soil classification models, a set of
evaluation metrics were utilized. These metrics provide quantifiable measures that allow us
to assess the efficacy and reliability of the model's predictions, offering insights into areas
of strengths and potential improvements.

Accuracy (Acc): indicates the percentage of the model's total number of predictions that

were accurate. In cases where the target classes are balanced, it is a useful metric.
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ACC = —_TPHTN (4.1)
TP+TN+FP+FN

Precision (PREC): is a metric for the accuracy of a classifier. It is defined as the ratio of
genuine positives to the total of true positives and false positives for a particular class.

TP
PR = (4.2)
TP+FP

Recall (REC): An indicator of a classifier's completeness is recall, sometimes referred to as
sensitivity. The ratio of true positives to the total of true positives and false positives for a
particular class is its definition.

TP
RE = (4.3)
TP+FN

F1-score (F1-S): is a harmonic mean that assigns equal weight to the precision and recall
measures. It has a range of 0 to 1, with 1 representing the optimal F1-score. Since the F1-
score aims to strike a compromise between recall and precision, it is particularly helpful in

scenarios when the class distribution is unbalanced.

2xRecall*Precision
Fl1Score = (4.4)
Recall+Precision

Confusion Matrix (CM): is used to show how well an algorithm performs, usually one that
involves supervised learning. It's an effective method for figuring out how effectively a
classification model predicts things and what kinds of mistakes it makes. In the matrix, the
examples in a predicted class are represented by each column, and the occurrences in an
actual class are represented by each row, or vice versa. The concept behind the name is that

the matrix simplifies the process of determining whether the system is misunderstanding two

classes.
Table 4.1: Confusion Matrix.

True Positives (TP) The model accurately predicted the positive class in these
instances.

True Negatives (TN) In these instances, the model accurately predicted the negative
class.

False Positives (FP) In these situations, the model predicted the positive class
inaccurately.

False Negatives (FN) These are instances where the model predicted the negative class
erroneously.
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45 EVALUATION RESULTS

The evaluation results of the proposed soil classification models, specifically those based on
CNN, MobileNetV2, and InceptionV3, provide crucial insights into their performance and
effectiveness. Each of these models was trained and tested on the same soil image dataset,
allowing for an equitable comparison of their respective capacities in accurately classifying
soil types. The evaluation process also illuminates the unique strengths and potential areas
of improvement for each of these DL architectures within the context of soil classification.

45.1 CNN Results

The evaluation of the CNN model is a vital aspect of understanding its performance and
efficiency in soil classification. This process involves assessing the model's predictive and
analysing the resulting CM to determine its true strengths and areas for potential

improvement.

The figure 4.3 illustrates the performance of a CNN method deployed for soil type
classification over a series of training epochs. The left panel of the figure showcases the
training accuracy progression, which begins at approximately 0.4 during the initial epoch
and steadily increases, reaching close to 0.8 by the eighth epoch. This upward trajectory
indicates that the model is gradually refining its predictions and achieving better congruence
with the training data.

Concurrently, the right panel of the figure presents the training loss, which offers insights
into how well the model's predictions align with the actual outcomes. Beginning with a
relatively high loss value of around 1.6 in the first epoch, this metric exhibits a consistent
decrease, descending to a value slightly above 0.5 by the eighth epoch. This declining trend
in the training loss underscores the model's improving ability to predict soil types with

diminishing error margins.
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Figure 4.2: Accuracy and Loss of CNN.

Table 4.1 presents the classification report of the CNN for soil type classification, detailing
the model's performance across different metrics. For each soil type, the table provides three
key evaluation metrics: Precision (PRE), Recall (REC), and the F1-Score (F1-S).

For "Black Soil", the CNN exhibits a PRE of 0.87, indicating that 87% of instances predicted
as "Black Soil" were correctly classified. The REC stands at a perfect 1.00, signifying that
the model identified all actual "Black Soil" instances in the dataset. This results in an F1-S
of 0.93, showcasing the model's excellent performance for this category. "Cinder Soil" has
a high PRE of 1.00, meaning every prediction made for this soil type was correct. However,
the REC is 0.57, suggesting that the model missed several true "Cinder Soil" instances. The
resulting F1-S for this category is 0.73. For "Laterite Soil", both PRE and REC are at 0.78,
leading to an F1-S that's also 0.78, revealing a balanced performance. "Peat Soil"
classification results in a PRE of 0.86 and a REC of 0.60, yielding an F1-S of 0.71. This
implies that while most of the predictions for "Peat Soil" were accurate, the model could
only correctly identify 60% of the actual "Peat Soil" instances. Lastly, "Yellow Soil" sees a
PRE of 0.78 and an impressive REC of 1.00, resulting in an F1-S of 0.88.

Conclusively, the overall ACC of the CNN model across all soil types stands at 85%,

highlighting its commendable capability in distinguishing and classifying various soil types.
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Table 4.2: Classification Report of CNN.

PRE REC F1-S

0.87 1.00 0.93

Cinder Soil 1.00 0.57 0.73
Laterite Soil 0.78 0.78 0.78
Peat Soil 0.86 0.60 0.71
Yellow Soil 0.78 1.00 0.88

The figure 4.4 illustrates the CM of a CNN method applied for soil type classification. The
matrix visually represents the accuracy of predictions, displaying the count of predicted
labels against the true labels for various soil types.

The diagonal from the top left to the bottom right of the matrix represents correct predictions.
For "Black Soil," the model perfectly predicted 27 instances without any misclassification,
as depicted by the deep blue square in the top-left corner. "Cinder Soil" had 4 correct
predictions, but there were instances where it was mistakenly classified as other soil types.
Specifically, "Cinder Soil" was confused with "Laterite Soil" and "Peat Soil" once each. For
"Laterite Soil,” 7 instances were correctly predicted. However, it was misclassified once as
"Yellow Soil" and once mistaken for "Black Soil." The "Peat Soil" category saw 6 accurate
predictions, but two instances were misclassified as "Black Soil,” one as "Laterite Soil," and
another as "Yellow Soil." Lastly, "Yellow Soil" was predicted with the highest PRE among
all categories, with all 7 instances correctly classified and no misclassifications.

The CM effectively visualizes the model's proficiency and areas of potential improvement
in soil type classification. The shades of blue in the matrix provide an intuitive understanding
of the magnitude of predictions, with deeper shades indicating higher counts. Through this
matrix, one can deduce both the strengths and the areas where the model might need

refinement to reduce misclassifications.
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Figure 4.3: Confusion Matrix of CNN.

45.2 MobileNetV2 Results

To thoroughly understand the performance of the MobileNetVV2 model used in this study, it
is essential to explore the model's evaluation metrics. This will provide insights into how
well the model was able to classify different types of soil and guide future iterations and
improvements.

The figure 4.5 illustrates the training progression of the MobileNetVV2 method applied for
soil type classification across multiple epochs. The graphs distinctly present the trajectories
of training accuracy and loss, providing insights into the model's learning behaviour.

On the left, the training loss graph vividly portrays a sharp decline as epochs progress.
Starting with a loss value of approximately 1.2 in the first epoch, the curve tapers off to a

value close to 0 by the twelfth epoch. This downward trend implies that the model's
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predictions are continuously improving and becoming more aligned with the actual
outcomes as training progresses.

Conversely, the graph on the right, representing training ACC, showcases an upward trend.
Beginning at an ACC of around 0.6 in the initial epoch, the curve steeply ascends, nearing a
perfect ACC of 1.0 by the twelfth epoch. This trajectory reflects the model's enhancing
capability to correctly classify the soil types with each subsequent training iteration.
Complementing these visual insights, the provided logs detail the model's performance
across specific epochs. For instance, by the twelfth epoch, the model boasts a remarkable
ACC of 1.0000 on the training data, with an associated loss of 0.0318. On the validation set,
the model achieves an ACC of 0.7500 with a corresponding loss of 0.8995.
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Figure 4.4: Accuracy and Loss of MobineNetV2.

Table 4.3 provides a comprehensive classification report of the MobileNetV2 method
applied for soil type classification. The table enumerates the model's performance across
various evaluation metrics, specifically PRE, REC, and the F1-S, for each of the soil types.
For "Black Soil," the model demonstrates an impressive PRE of 0.96, suggesting that 96%
of instances predicted as "Black Soil" were correctly identified. It has a perfect REC value
of 1.00, indicating that every actual "Black Soil" instance was captured by the model. This
culminates in an F1-S of 0.98, reflecting a harmonious balance between PRE and REC for
this soil category. "Cinder Soil" showcases a flawless PRE of 1.00, denoting complete ACC

in its predictions. With a REC of 0.86, the model captures a significant majority of actual
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"Cinder Soil" instances, resulting in an F1-S of 0.92. "Laterite Soil" displays a balanced
performance with both PRE and REC pegged at 0.89, leading to a consistent F1-S of 0.89 as
well. "Peat Soil" emerges as a standout category, with both PRE and REC registering perfect
scores of 1.00. This translates to an F1-S of 1.00, underscoring impeccable model
performance for this soil type. Lastly, "Yellow Soil" reflects consistent values across
metrics, with both PRE and REC at 0.86, and an F1-S matching this value.

Conclusively, the model's overarching ACC across all soil categories stands at a notable
95%. This table effectively encapsulates the MobileNetVV2 model's adeptness in soil type
classification, highlighting its PRE, comprehensiveness in capturing true instances, and the
balance between these two metrics.

Table 4.3: Classification Report of MobileNetV2.

PRE REC F1-S

Black Soil 0.96 1.00 0.98
Cinder Soil 1.00 0.86 0.92
Laterite Soil 0.89 0.89 0.89
Peat Soil 1.00 1.00 1.00
Yellow Soil 0.86 0.86 0.86

The figure 4.6 illustrates the CM of the MobileNetV2 method applied for soil type
classification. The matrix provides a visual representation of the model's predictions
juxtaposed against the true labels for the different soil types.

For "Black Soil," labelled as 0, the model exhibits exemplary PRE by correctly predicting
27 instances without any misclassifications. Moving to "Cinder Soil," labelled as 1, there are
6 accurate predictions. However, there's one instance where "Cinder Soil" was misclassified
as "Black Soil." The "Laterite Soil" category, labelled as 2, witnessed 8 accurate
classifications. Yet, a single misclassification occurred, where the model incorrectly
predicted it as "Yellow Soil," labelled as 4. The "Peat Soil" class, labelled as 3, is
characterized by perfect PRE, with all 10 instances being correctly classified without any
errors. Lastly, the "Yellow Soil" category, labelled as 4, had 6 accurate predictions, but a

single instance was mistakenly identified as "Laterite Soil."

46



The depicted confusion matrix offers a comprehensive snapshot of the MobileNet\VV2 model's
performance in soil type classification. The gradient of blue shades intuitively indicates the
number of predictions, with deeper shades representing higher counts. Through this visual
representation, it becomes clear where the model excels and which areas might benefit from

further refinement.
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Figure 4.5: Confusion Matrix of MobileNetV2.
4.5.3 InceptionV3 Results

The evaluation of the InceptionVV3 model's results marks an important part of the analysis in
our study. With its distinct architecture, InceptionV3 provides a unique approach to
classification. The following sections delve into the detailed metrics and assessments,
showcasing how this model performs in accurately predicting different soil types.

The figure 4.7 illustrates the training loss and ACC for the InceptionV3 method when applied
to soil type classification over multiple epochs. On the left graph, which represents the
training loss, we observe a steady decline. Starting from a loss of about 1.4 in the first epoch,
it smoothly descends to below 0.2 by the 14th epoch, indicating a progressively refined

model with diminishing errors. Conversely, the graph on the right showcases the training
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ACC, which consistently improves as epochs progress. Beginning at an ACC slightly below
0.5 in the first epoch, the model demonstrates significant learning capabilities, achieving an
ACC close to 1.0 by the 14th epoch. This suggests that the InceptionVV3 model has become
highly adept at correctly classifying soil types based on the given dataset.

The juxtaposition of these two graphs provides a comprehensive view of the model's
performance over time. The consistent reduction in loss coupled with a steady increase in

ACC accentuates the efficacy of the InceptionVV3 method in soil type classification.
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Figure 4.6: Accuracy and Loss of InceptionV3.

Table 4.4 presents the classification report for the InceptionV3 method when used for soil
type classification.

For "Black Soil", the PRE, REC, and F1-S are all at 0.96, indicating a high level of ACC
and consistency in its predictions. "Cinder Soil" boasts a perfect PRE of 1.00, with a REC
of 0.86, leading to an F1-S of 0.92. This suggests that while all predictions of "Cinder Soil"
were accurate, some actual "Cinder Soil" samples were not identified as such. "Laterite Soil"
has a PRE of 0.82, but a perfect REC of 1.00, resulting in an F1-S of 0.90. This indicates
that while not all predictions for "Laterite Soil" were correct, all actual "Laterite Soil"
samples were identified. "Peat Soil" showcases a balanced performance with a PRE, REC,
and F1-S all at 0.90. Lastly, "Yellow Soil" achieved a perfect PRE of 1.00, with a REC of
0.86, culminating in an F1-S of 0.92. This means every prediction of "Yellow Soil" was

correct, but some actual "Yellow Soil" samples were misclassified.
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The model achieved an ACC of 93%, indicating a strong performance in the classification

of soil types using the InceptionV3 method.

Table 4.4: Classification Report of InceptionV3.

PRE REC F1-S

Black Soil 0.96 0.96 0.96
Cinder Soil 1.00 0.86 0.92
Laterite Soil 0.82 1.00 0.90
Peat Soil 0.90 0.90 0.90
Yellow Soil 1.00 0.86 0.92

The figure 4.7 illustrates the confusion matrix for the InceptionV3 method when applied to
soil type classification. The matrix offers a visual representation of the model's predictive
performance across various soil types. The rows represent the true labels, while the columns
represent the predicted labels.

For "Black Soil" (label 0), 26 samples were correctly classified, with only 1 sample being
incorrectly classified as "Laterite Soil". The "Cinder Soil" (label 1) had 6 correct predictions,
but there was an instance where it was mistaken for "Black Soil". "Laterite Soil" (label 2)
saw a precise classification with 9 correct predictions and no errors. For "Peat Soil" (label
3), 9 samples were accurately classified, but there was an instance where it was misclassified
as "Laterite Soil". Finally, "Yellow Soil" (label 4) had 6 correct classifications, with one
sample each mistakenly predicted as "Peat Soil" and "Laterite Soil".

The majority of predictions fall on the diagonal, indicating that the InceptionV3 model has
a commendable ACC in classifying soil types, with only a few misclassifications across the

categories.
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Figure 4.7: Confusion Matrix of InceptionV3.
4.5.4 Comparison Results

The evaluation of three different models on the same dataset provides an insightful view into
their comparative performance in soil classification. Utilizing a dataset comprising five
distinct classes of soil, three models were tested: CNN, MobileNetV2, and InceptionV3. The
CNN and InceptionV3 models achieved an ACC rate of 85% and 93% respectively,
reflecting commendable capabilities in recognizing and differentiating the soil types.
However, the MobileNetVV2 model stood out with a flawless 95% ACC rate. This significant
accomplishment underscores the superiority of the MobileNetV2 architecture in this
particular application, revealing its exceptional ability to generalize and classify the soil
types with perfect PRE. The results emphasize the importance of selecting the most suitable
DL model for a given dataset and problem domain, as the choice of architecture can

substantially influence the outcome.
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Table 4.5: Comparison Results with Same Dataset.

Model ACC %
MobileNetV2 95%
InceptionV3 93%
CNN 85 %

46 CHAPTER SUMMARY

In conclusion, this chapter provided a methodical investigation into the design,
implementation, and evaluation of three prominent DL models: CNN, MobileNetV2, and
InceptionVV3. By utilizing a specific dataset and applying carefully selected evaluation
metrics, the analysis revealed the unique characteristics and performance capabilities of each
model. The comparative study offered valuable insights into their relative efficiencies, with
InceptionV3 achieving the highest ACC. These findings contribute to the understanding of

model selection based on requirements and the targeted application, setting the stage for

further research and development in the field of soil classification.
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S. CONCLUSION AND FUTURE WORK

5.1 CONCLUSION

The thesis embarked on an ambitious journey to explore the applications of Artificial
Intelligence and DL in the realm of soil classification, a vital task that has far-reaching
implications in sectors such as agriculture, environmental science, and construction.
Utilizing a dataset of 592 images, representing five distinct soil types - Black Soil, Cinder
Soil, Laterite Soil, Peat Soil, and Yellow Soil, various DL models were examined. The
models chosen for this investigation were CNN, MobileNetV2, and InceptionV3, each of
which contributes uniquely to the field of image recognition and classification.

The proposed model was divided into two critical stages, with the first being image pre-
processing. This phase was instrumental in ensuring that all images were consistently resized
and formatted to match the input dimensions required by the DL models. The uniformity
established in this stage laid a solid foundation for the application of the selected models.
The second stage involved implementing the chosen DL models. CNNs were utilized for
their known effectiveness in handling image-based tasks, while MobileNetV2 and
InceptionV3 were chosen for their advanced feature extraction capabilities. Among the
models implemented, MobileNetV2 demonstrated exceptional proficiency, achieving a
perfect ACC rate of 95%. In comparison, both CNN and InceptionV3 reached an ACC of
85% and 93%, respectively. These results were comprehensively analysed using various
evaluation metrics, including confusion matrices, to offer a detailed insight into the
performance of each model. The comparative analysis provided in the thesis underscores the
superior performance of MobileNetV2 over other models and literature-reported works. It
also paved the way for understanding how pre-trained models can be fine-tuned to specific

tasks such as soil classification.
5.2 FUTURE WORK

The work conducted in this thesis, exploring DL models for soil classification, opens a
multitude of exciting opportunities for future research and application. Expanding upon the
existing methodologies, there is considerable scope to refine the models by using a large and

diverse dataset, including various soil images from different geographical regions and
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conditions. Such an extensive dataset would not only enhance the models' robustness and
adaptability but also foster their universal applicability across different soil types.

In addition to utilizing a larger dataset, the future work could delve into the exploration of
advanced DL architectures, or even a fusion of various models, to uncover more
sophisticated insights into soil characteristics. Such advances may lead to a more precise and
comprehensive soil analysis. The integration with other cutting-edge technologies like
remote sensing or loT devices could facilitate real-time soil analysis, which could be
invaluable for applications such as PRE agriculture, environmental stewardship, and
infrastructure development. The fusion of these technologies with a comprehensive approach
to data collection may usher in a new era of soil science, driving innovation and efficiency
in the field.
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