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Abstract

Soil classification is necessary to optimize agricultural productivity, manage land use effectively, and protect the
environment. The soil features, including organic matter, chemical properties, composition, and other organisms,
collectively determine its type and enable its differentiation from other soil types. The problem emerges from poor soil type,
directly impacting agricultural crop cultivation and presenting a fundamental issue in farming practices. In response to
these concerns, this work classified soil based on chemical features such as pH levels, salinity, organic matter, nitrogen,
phosphorus, sulphur, and boron, which aim to refine the soil characterization process. There are many lands in Bangladesh
where the people think that cultivation is not possible at all. Due to these reasons, many lands are uncultivated in our
country every year. Considering these issues, this research aims to predict crop cultivation for a particular soil so that people
can select and cultivate various crops undoubtedly and correctly on their land. The soil types are determined first based on
their distinct characteristics for a particular zone, then the crop cultivation is ascertained according to the soil types. Various
machine learning (ML) techniques such as support vector machine (SVM), decision tree (DT), multilayer perceptron neural
network, random forest (RF), logistic regression (LR), and naive Bayes (NB) are used for prediction. The ML models are
selected through a literature-informed process and intended for comparative analysis to determine the most effective
techniques. A comparative analysis among different techniques is performed based on performance metrices. The results
indicate that the RF algorithm is the most effective for soil classification due to its outstanding accuracy of 96.48%. For
crop cultivation prediction, the SVM model outperforms other models with an accuracy of 94.95%. The outcomes of this
research endeavour serve as a valuable tool for enhancing farming practices and making substantial contributions to the

economy’s growth.
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1.Introduction

Soil is pivotal in supporting thriving agriculture by
providing the foundation for crop growth. The soil
composition that supports plant growth comprises a
variety of organic substances, minerals, living things,
air, and water. Soil type gives information about
morphological, physical, and chemical characteristics
and mineral content. Determining which crops flourish
in a particular soil type requires knowledge of the
features and characteristics of distinct soil types. Soil
classification links soil samples and natural entities on
the earth's land surface [1]. There are several varieties
of soil, and each has distinctive features.
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Based on these multiple features, several kinds of
crops are grown. Understanding the properties of
different soil types is crucial for selecting suitable
crops and ensuring healthy and productive agriculture.

Table 1 shows an overview of the major soil types and
the crops that thrive in each:

Agriculture is a cornerstone of human civilization,
bearing multifaceted significance beyond mere
sustenance. Agriculture ensures the fundamental
necessity of food security, underpinning the
nourishment of billions worldwide. Predicting and
analysing crop growth is integral to contemporary
farming practices, and machine learning (ML) has
emerged as a potent tool in this endeavor [2, 3]. Grains
(potato, sesame, wheat, pulse, rice, and other grains),
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vegetables, oil seeds, and root crops make up most of
the food crops grown on the arable regions of the
planet. The main cash crops include silk, rubber,
cotton, tea, jute, tobacco, sugarcane, and coffee. In
addition to this, the main food crops include maize,
rice, wheat, pulses, oil seeds, tomato, potato, fruit, and

Table 1 Different soil types and the crops that thrive in each

vegetables [4-6]. Seasonal variations, biological
processes, and economic considerations influence
crop production in agriculture. Weather affects the
growth and development of crops, resulting in
considerable fluctuations in yield within a season [7—
9].

Soil type Characteristics Suitable crops

Loam e Good drainage and water-holding capacity Tomato, maize, rice, wheat, pumpkin,
e High fertility and excellent structure gourd, bean.
e Rich in nutrients

Clay e Small, densely packed particles Cauliflower, brinjal, broccoli, carrots.
e Poor drainage and heavy when wet

Clay loam e Good structure for root growth when well-managed Pumpkin, linseed, gourd, rice, spiny

e  Excellent water-holding capacity

gourd, bean.

In precision and intelligent farming, soil's physical and
chemical properties act upon a significant rule. The
cultivation of crops is based on soil that has vital
nutrients. However, the increased usage of fertilizers
has led to a decline in several soil nutrients. As a result
of this, crop productivity is decreasing [10]. Farmers
lack the necessary understanding of the soil properties
and usage of the optimum quantity of inputs in their
crops, which are essential for increasing productivity
[11]. Rich in minerals, fertile soil is excellent for
farming. Farmers' conventional methods need to be
revised to fulfil the substantial demand. They injure
the land by intensifying the use of toxic pesticides. It
significantly impacts agricultural practices, so the land
remains unproductive and barren [12]. The formation
of soil is a lengthy process, and diverse soils are
generated in different locations due to humerous soil-
forming elements throughout the landscape [13]. Soil
attributes significantly impact soil improvement, land
consolidation, drainage management, soil erosion, and
irrigation. At larger dimensions (such as regional and
continental scales), climate, biota, and geological
history are the crucial variables influencing soil's
chemical and physical qualities. On the other hand,
geography and human activities may be the main
forces influencing soil characteristics at lower scales
[14].

Agriculture is closely related to the life and livelihood
of the people of Bangladesh. Numerous areas in
Bangladesh are perceived as unsuitable for cultivation,
leading to the notion that farming is not viable in these
regions. This perception has resulted in a significant
amount of land remaining unused and unexplored for
agricultural purposes. The current population of
Bangladesh is about 16 crores; the size of this country
is petite according to population. Moreover, the
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population is constantly increasing all over the world.
Food is the first and foremost basic need of human
beings. However, many lower- and middle-income
countries cannot provide enough food for their
population. This problem can be significantly solved
if we can produce more crops. Therefore, it is essential
to increase the use of technology in agriculture.

This research addresses the challenges facing
agriculture in Bangladesh, particularly the decreasing
arable land due to population growth and the
perception of specific areas as unsuitable for
cultivation. Artificial intelligence (Al) and intelligent
vertical farming methods represent a significant leap
forward in agricultural technology, especially for
urban areas with limited space. Vertical farming
involves growing crops in vertically stacked layers,
maximizing the use of urban spaces like skyscrapers
and repurposed warehouses. By integrating Al, these
systems benefit from automated monitoring and
control, utilizing sensors and 10T to maintain optimal
growing conditions, which ensures consistent crop
quality and higher yields. It is necessary to increase the
production of more crops on less land. For that,
farmers must understand what crops can be produced
according to the land. Plants require a specific kind of
soil to grow correctly. For example, a crop like rice
requires a very high moisture content in the soil. By
contrast, a crop like wheat prefers loamy soil rich in
organic material. Improper soil analysis can lead to
crop decline or outright failure. Due to improper soil
analysis, farmers do not get crops as expected.
Therefore, determining soil type is necessary.

This research aims to categorize soil types and forecast
agricultural crop cultivation based on soil type using
ML techniques.
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ML is employed in agriculture to enhance crop quality
and productivity. It is a scientific discipline that
enables machines to learn independently without
human intervention [15]. Precision farming, a
significant implementation of ML in agriculture,
entails using data and technology to refine agricultural
processes such as soil enrichment, watering systems,
and pest mitigation. This approach aims to enhance
both yield and quality of crops through optimized
strategies [16]. Through the examination of past
market trends and climatic conditions, ML algorithms
are useful for forecasting various crops and
recommending ideal planting schedules and locations
[17].

Determining which crops flourish well on the land
according to soil type is difficult. Farmers do not get
the desired yield of crops because of improper analysis
of the soil. In response to difficulties farmers
encounter when cultivating crops, this research
provides an excellent tool for enhancing farming.
However, predicting crop cultivation from its
parametric point of view is a very critical task. Our
accomplished research differs from previous works by
utilizing multiple ML techniques, such as support
vector machine (SVM), decision tree (DT), multilayer
perceptron neural network (MLPNN), random forest
(RF), naive bayes (NB), and logistic regression (LR).
This paper introduced effective methodologies for
crop cultivation systems according to soil class.

The following are the contributions of our study-

e This study trained and tested distinct ML models
using the collected soil and crop data. The datasets
used in this study are authentic.

o This research classified soil based on soil features
such as pH levels, salinity, organic matter, nitrogen,
phosphorus, sulphur, and boron.

e This study carries out crop cultivation prediction
based on soil type.

e This study compares the performance of six ML
techniques to find an optimal model for predicting
crop cultivation by classifying soil.

The findings obtained for soil classification convey
pertinent insights that the RF method is the best
classifier for classifying soil due to its promising
results, with a fascinating accuracy rate of 96.48%. In
addition, the results we obtained for predicting crop
cultivation show that the SVM algorithm is the best
performer compared to the others, with an accuracy
rate of 94.95%.
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The paper is organized as follows: Section 1 covers the
research background, significance, problem analysis,
and contribution. Section 2 explores the literature
review. Section 3 outlines the research methodology.
Section 4 explores the experimental findings, and
section 5 discusses the study results and its
implication.  Lastly, section 6 furnishes a
comprehensive conclusion.

2.Related works

In this particular section, this paper explores
noteworthy studies that focus on predicting crop
cultivation through soil classification. Towards the
conclusion of this section, this study conducts a
comparative analysis between our experimental work
and existing research to underscore our study's
distinctive contributions and novelty.

Palanivel and Surianarayanan stated that crop
cultivation prediction is highly connected with
variabilities such as weather (temperature, rainfall,
and coldness), heat radiation, crop density, irrigation,
fertilizers, water supply, soil class, farmhouse density,
and soil chemical features [18]. The chemical
measurements of the soil, such as manganese, organic
matter, phosphorus, nitrogen, potassium, and soil pH,
are used to recommend appropriate amounts of
fertilizers and preferred crops [19, 20]. Kiran et al. take
parameters such as climate, soil category, water
density, chemical fertilizers, compost, and crop data
collection to improve the production of crops [21].

Numerous researchers have endeavoured to forecast
crop cultivation by employing soil classification
methodologies. In a study by Cai et al., salt-affected
soil was classified using an enhanced SVM classifier.
The data for SVM classification was derived from
multi-spectral characteristics and texture features. The
researchers selected optimal texture features,
including mean, variance, and homogeneity, to
improve the accuracy of the classification process
[22]. Jiang et al. (2024) present a detailed study on the
changes in regional cropping structures over time and
space and the factors that drive these changes [23].
Inazumi et al. used image processing to classify soil.
These research projects are efficiently completed
using deep learning and neural network (NN)
methods. An Al model was developed for classifying
clay, gravel, and sandy soils through images of
practical soil textures [24]. Agarwal et al. proposed a
novel and very effective automated technique for
predicting soil types using soil images and soil
characteristics. Moreover, the proposed classification
approach has also been evaluated and tested on a
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dataset of soil images. The results of the experiments
indicate that it has an accuracy of 80.58%, which is
higher than that of other methods [25]. Kodikara et al.
used soil data from mountainous areas to train and
evaluate the predictive power of ML classification-
based models. Their main goal was to classify
mountain soils based on soil properties [26]. Mallick
et al. examined the performance of ML models by
using Bangladesh's Sunamganj district soil data.
Furthermore, they proposed a hybrid artificial neural
network (ANN) based model using complex wetland
mapping data [27]. Azmin et al. (2024) describe the
challenges of using ML for soil classification,
including consistency issues and the availability of
human specialists. Despite these difficulties, they note
that ML models could replace traditional, labor-
intensive methods for categorizing soil samples [28].

The essential components of soil are sand, clay, and
silt. The sand, silt, and clay percentage in a particular
soil can be checked by using a hydrometer test [29].
Ghadge et al. proposed a new method for testing soil
quality that will be helpful for farmers. This system
helps forecast suitable crops according to soil qualities
and recommends the necessary fertilizers [30].
Angelaki et al. try to estimate the cumulative
infiltration of soil. They used four ML algorithms to
do this work and evaluated the performance through
correlation coefficient (cc) and root mean square error
(RMSE). According to the results, the adaptive Neuro-
fuzzy inference system (ANFIS) worked best [31].
Aydin et al. are investigating novel ML
techniques/algorithms that automatically classify soil
to reduce process time and expense [32]. In a different
study, Nguyen et al. created ML models for classifying
soil using 15 input parameters related to soil
characteristics, resulting in 5 soil classes. They utilize
a database containing soil property data gathered from
several sites in Vietnam [33].

Guo et al. (2024) discussed the factors influencing the
current crop planting patterns and predicted future
trends in this context using ML and the hierarchical
linear model (HLM) [34]. Farmers must select suitable
crops to increase their crop production and financial
gain. Kumar et al. proposed a crop selection method
(CSM) approach so that farmers can increase the
annual  production of crops and thereby
simultaneously increase the country's economic
growth [35]. Farmers can also choose crops based on
the season, soil type, weather, location, and cost.
However, these traditional methods are risky in being
profitable [36]. Goswami et al. (2024) utilized ML
models to categorize different soil series and
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recommend appropriate crops based on their
geographic characteristics [37]. Waikar et al. built a
user-friendly web-based system to forecast crop
yields. They assert that their system helps increase the
net yield rate of crops [38]. Using a weather-based
crop dataset, Bhojani and Bhatt constructed an
updated MLP, NN with a new activation function for
agricultural production estimation [39]. Additionally,
research has been done to predict agricultural
cultivation utilizing various techniques, including
ANN, SVM, RF, multilayer perceptron, and advanced
DT [40-43]. Many researchers have tried to employ
fuzzy-based techniques to classify soil and crops [44].

Dash et al. concentrated on linking weather factors to
soil micronutrients. Then, using SVM and DT
techniques, the crop type is classified based on the
micronutrients [45]. Waghmare and Jhare emphasized
predicting the choice of crops and enhancing the soil
quality. This study is carried out by gathering many
soil testing samples to determine soil fertility indices
and pH values, constituting a detailed overview of the
application of ML in agriculture [46]. To quickly
classify rice seeds using variety purity, Ansari et al.
developed an automated vision system that worked
with multivariate analysis methodologies [47]. To
preserve the best crop health, Priya and Yuvaraj
proposed a method to increase crop productivity
through data analysis and the internet of things (10T)
[48].

Patil et al. developed a method to provide information
regarding the ideal timing for planting, plant growth,
and plant harvesting [49]. Chakrabarty et al. created a
smartphone application available for managing and
accounting for agricultural crop yield on a modest
scale [50]. Shastry and Sanjay developed a cloud-
based farm ecosystem that enables farmers to access
relevant agricultural data [51]. Using data from
various agricultural research organizations and
Bangladesh's meteorological department, Hasan et al.
concentrated on creating a learnable dataset on
agricultural crop production prediction [52]. A paper
presents a statistical analysis of the features and
suggests the optimal crop type based on the specified
features in the context of the Indian smart town [53].
A system developed by Singh et al. [54] suggests
health improvement guidelines for the selected soil
sample to increase the profitability of the most suitable
crop. Several ML algorithms [55], such as SVM [56],
RNN [57], and ANN [58], are used by researchers to
classify soil and predict crop cultivation. ML is also
used in several medical fields, such as liver disease
[59], heart disease, covid-19 prediction [60], and
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others. For promising crop yield prediction, Shetty et
al. built a basic web application using Python [61].

In previous related works, researchers classified soil in
various ways. Moreover, most of the existing works
consider systematic categorization of soils. Few
researchers focus on classifying soil based on
chemical features. On the other hand, this research
takes significant soil attributes like pH, salinity,
organic matter, nitrogen, phosphorus-B, sulfur, and
boron, which are used for soil classification. From the
researchers' previous work, which crop is cultivated in
a particular soil type needs to be clarified. In addition,
previous researchers have either classified soils or
predicted crop cultivation. However, this research has
been done to predict soil classification and crop
cultivation. This research aims to classify soil and
predict crop cultivation depending on soil class. This
paper focuses on various supervised classification
algorithms for crop cultivation prediction.

3.Methodology

This research aims to ascertain the cultivation of the
crops based on soil classification using the soil and
crops dataset. The dataset was collected from
agricultural fields of Noakhali district in Bangladesh.
This research method and materials are organized into
several sections: parameter selection, data collection,
Al techniques, data proportion, and performance
metrics. Figure 1 depicts the research undertaking's
workflow. At first, this study collects soil and crop
data. For the algorithm training, it is necessary to
preprocess the collected data. Afterward, the training
and testing phase makes use of the processed data.
Various algorithms are employed for crop cultivation
prediction, including SVM, DT, MLPNN, RF, LR, and
K-nearest neighbor (KNN).

3.1Attributes selection and data collection

For the proper soil classification, it is necessary to
select significant soil attributes. Organic matter, pH,
salinity, potassium, sulfur, zinc, boron, nitrogen,
calcium, phosphorus, manganese, magnesium, copper,
iron, sand, silt, clay, CaCos, and other elements are
relevant to soil properties. Seven input parameters
were chosen for this work from this list of features;
additional information is provided in Table 2. These
input attributes are pH, Salinity, Organic matter,
Sulfur, Nitrogen, Phosphorus(B), and Boron. Data
from Begumganj, Sonaimuri, Hatiya, Senbag, and
Subarnachar Upazilla of Noakhali District in
Bangladesh has been collected.
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Figure 1 Workflow diagram

This research investigates chemical measurements of
soil. Measuring existing chemical features is necessary
to categorize soil, and determining the soil's chemical
composition is essential. The total number of soil data
used in this work is 1542. Soil samples were
appropriately collected from agricultural land.
Samples were taken six inches below the field's
surface from the upper level of soil. Then, these soil
samples were tested in Bangladesh's soil resource
development institute (SRDI) laboratory.

For the proper prediction of crop cultivation, it is
necessary to select significant attributes for crops. For
crop cultivation, the soil is an essential attribute.
Different types of crops grow on different types of soil.
On various types of soil, many crops can flourish.
There are several soil types in Bangladesh, including
clay, clay loam, loam, sandy clay, sandy loam, sand,
silty clay, silty clay loam, silt loam, silt, and others.
Three types of soil classes—clay, clay loam, and loam
are used in work from these different soil types. Four
input attributes are selected for the prediction of crop



Fardowsi Rahman et al.

cultivation, and the details are shown in Table 3. Here,
input attributes are location, soil class, season, and pH.

Table 2 Attributes list and description of soil dataset

Attributes Description

pH pH value of soil

Salinity D S\m

Organic matter Percentage

Sulfur Microgram/per gram soil
Nitrogen Percentage

Phosphorus-B Microgram/ per milliliter soil
Boron Microgram/per milliliter soil
Soil class Clay, clay loam, and loam

Table 3 Attributes list and description of crop dataset

Attributes Description

Location Different zones of Noakhali

Soil class Clay, clay loam, and loam

Season Rabi, kharif, and all_season

pH pH level of soil

Crops Rice, maize, wheat, potato, tomato,
and others.

3.2Data preprocessing

Variables of different ranges are seen in the dataset, so
it is necessary to preprocess the data. Data
normalization is the name of a technique used to
preprocess data. The data is normalized using the
following Equation 1:

X—Xmin
Xnew =

Xmax—xmin (1)
Where Xnew is the updated normalized value.

For each feature, a value is assigned between '0' and
'1', with '0" being the lowest value and '1' representing
the highest value. Accordingly, all other features are
transformed between '0" and '1".

This work uses the mean and median imputation
methods to handle missing values. Missing values in

Table 4 Soil sample raw dataset portion

the dataset are replaced with substituted values. Mean
imputation involves replacing missing values with the
mean (average) of the non-missing values in the
column. Median imputation involves replacing
missing values with the median (the middle value) of
the non-missing values in the column.

To balance the dataset, we use the oversampling
method. Oversampling is a technique used to address
class imbalance in datasets by increasing the number
of instances in the minority class. This technique helps
to balance the class distribution and ensures that the
ML model can learn effectively from all classes.

Table 4 shows the snapshot of the soil sample raw
dataset. Here, pH, Salinity, Organic matter, Sulfur,
Nitrogen, phosphorus-B, and Borer are input
parameters and soil class is used as output. Figure 2
shows the data variation of two areas through the
probability distribution plot using two preprocessed
soil sample data.

3.3 Distinct techniques for soil classification and
crops cultivation prediction

Several techniques are used to classify soil and predict
crop cultivation. Techniques such as MLPNN, DT,
SVM, NB, RF, and LR were used for prediction.
Those algorithms are selected based on various factors
such as the problem domain, previous literature
review, data  characteristics, interpretability
requirements, computational resources, and the need
for accuracy. Understanding each algorithm's
strengths and weaknesses helps to select the most
appropriate model. Additionally, experimenting with
multiple algorithms and comparing their performance
using cross-validation will help choose the best-
performing model for this crop prediction task.

pH  Salinity  Nitrogen  Phosphorus(B) Sulfur  Boron Organic matter  Soil class  Location
7179 0.07 3 106 2 1.34 Loam Sudaram

6.4 133 0.18 21 18 1.35 2.48 Loam char panaullah

59 7.22 0.16 22 65 1.69 3.23 Clay loam  dakshin char majid
76 43 0.08 3 148 1.6 1.66 Loam Sudaram

48 0.68 0.04 2 33 0.51 3.2 Clay loam  Begumgonj

54 0.73 0.11 16 44 0.62 2.98 Clay loam  Noakhali

78 15 0.08 3 96 0.91 1.35 Loam Noakhali

6.4 6.25 0.13 20 117 1.02 2.68 Clay Noakhali

6 0.96 0.1 105 20 0.85 2.93 Clay uttar kachapia

75 042 0.05 0 42 0.56 0.96 Loam Subarnochar

7 1.43 0.14 14 27 0.73 2.89 Clay loam  dakshin char majid
54 17 0.1 1 40 0.62 0.1 Loam Sonaimuri

6.5 0.63 0.12 11 24 1.12 341 Clay char vagga
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Figure 2 Probability distribution plot shows the data variation in two areas

a)Multilayer perceptron neural network

A MLP is a type of ANN model. It consists of multiple
layers of neurons organized feedforward, meaning the
data flows in one direction—from the input layer,
through one or more hidden layers, to the output layer.
Each neuron in a layer is connected to every neuron in
the next layer, making MLPs fully connected
networks. The input layer receives the raw input

Table 5 MLP structure

features and passes them to the first hidden layer. Each
hidden layer then performs computations using
weighted sums and activation functions, introducing
non-linearity into the model. The output layer
produces the final predictions [62]. The detailed
network structures of the MLP model are shown in
Table 5.

Content Input unit Hidden layer 1 & 2 Activation function Output unit

Soil Classification 7 neurons 8 to 50 neurons Rectified Linear Unit Soil class
(Relu)

Crop Cultivation 4 neurons 8 to 50 neurons Relu Various crops

Prediction

For soil classification, this research uses the input,
hidden, and output layers of MLP. The input layer is
composed of the previously mentioned seven separate
soil features. Three soil types are included in the
output layer: clay, clay loam, and loam. This MLP
model has seven neurons in the input layer, two hidden
layers, each with eight neurons, and an output layer
with three neurons, as illustrated in Figure 3. The
number of hidden layers can be adjusted as necessary,
either reduced or increased. For crop prediction, the
MLP model is composed of four neurons in the input
layer, two hidden layers, each with eight neurons, and
an output layer with 12 neurons. The network structure
of MLP for crop prediction is shown in Figure 4.

b)Support vector machine (SVM)

SVM is a powerful supervised ML technique that
works best on classification problems. It can also be
used for regression problems. The SVM model tries to
find a hyperplane that best distinguishes between the
two groups. The best hyperplane is the one that has the
farthest distance from both groups. This process
involves identifying multiple hyperplanes that classify
1149

the data optimally and selecting the best hyperplane,
typically the one farthest from the data points or with
the most significant margin. The data points closest to
the hyperplane are support vectors [63]. Kernel
functions are a technique for transforming data from
its input form into the format needed for processing it.
SVM can employ kernels such as linear, polynomial,
radial basis function (RBF), and sigmoid. Each kernel
is suitable for different types of data and tasks. In this
work, a linear kernel SVM is used.

Linear Kernel SVM: 1t is simple, efficient, and
beneficial for high-dimensional data. The linear
kernel's formula is expressed as follows in Equation 2:
k(xixj) =X x; X X; 2

In the Equation 2, the product between two vectors,
such as xi and x;, is calculated as the sum of the
products of each corresponding pair of input values.
In the SVM model, the random search technique is
employed for hyperparameter tuning. This technique
involves randomly selecting combinations of
hyperparameters to evaluate the performance.
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Figure 3 MLPNN structure for soil classification

c)Random forest

The RF algorithm operates through an ensemble
learning approach, combining the strengths of DTs
with the principles of randomness and aggregation. At
its core, RF constructs multiple DTs independently on
random subsets of the training data using a process
called bagging (bootstrap aggregating). During the
construction of each tree, a random subset of features
is selected at each node split, introducing further
randomness to the learning process. This random
feature subsampling ensures that each tree learns to
make decisions based on different subsets of features,
thereby diversifying the trees in the forest [64]. RF
constructs DTs using diverse data samples and
aggregates their maximum votes for soil classification
and crop prediction tasks. The following steps are
involved in the RF model:

Hidden Layer

Figure 4 MLPNN structure for crop prediction
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Step 1: N random records are sampled from a dataset
containing K total records. These random subsets, also
known as bootstrap samples, are created by randomly
selecting data points with replacements from the
original dataset.

Step 2: Individual DTs are constructed using different
subsets of the data.

Step 3: Each tree independently generates an output
based on the subset of data it was trained on.

Step 4: The final output is determined based on
majority voting for classifying soil and crop
prediction.

d)Decision tree

The DT is a tree-structured supervised learning
approach primarily employed for addressing
classification and regression tasks, with a predominant
application in classification  problems. This
hierarchical tree structure comprises a root node,
branches, internal, and leaf nodes. The root node,
serving as the starting point of the DT, lacks incoming
branches. Branches connect to decision nodes
extending from the root node to internal nodes. These
internal nodes serve as decision points. The leaf nodes
within the tree represent the potential outcomes of the
dataset [65].

Here, the DT model is trained using the pre-processed
soil data for classification. During training, the DT
algorithm recursively splits the data based on the
values of different attributes to create a tree-like
structure. At each tree node, the algorithm selects the
attribute that best separates the data into homogeneous
groups (i.e., groups with similar soil types). The
splitting process continues until a stopping criterion is
met, such as reaching a maximum tree depth, having a
minimum number of samples in each leaf node, or

achieving a certain purity level (e.g., Gini impurity or
entropy). The entropy or information gain is calculated
through the following Equation 3:

E(S) = Xiz1—pilog,p; 3)

Where, pi is the probability of i event occurring. The
goal is to find splits that maximize the reduction in
entropy, leading to more homogeneous data groups at
each node.

e) Logistic regression

LR is a statistical model used in ML for classification
tasks, mainly for solving predictive analytics
problems. When the target (output) variable is
categorical, it is applied. It makes the relationship
between a set of independent variables and dependent
variables. The Logistic function (sigmoid function)
converts anticipated values to probabilities. It maps
any real value between 0 and 1 into another value.
Since the LR's value must lie within the range of 0 and
1, it can never go above or below this limit, resulting
in a curve shown in Figure 5.

LR is a valuable tool for soil classification and crop
cultivation prediction. The model analyzes various soil
attributes, such as pH levels, salinity, and other
nutrient contents, to categorize soil class. Through
training, LR estimates the probability that a soil
sample belongs to a specific class, offering insight into
which attributes influence soil type classification.
Similarly, LR predicts the likelihood of successful
crop growth based on soil type in crop cultivation
prediction. Farmers can make informed choices about
crop selection and land use by examining the
relationship between soil class and crop suitability.

0.3
0.7
0.6
0.5
04 4
0.3 -
0.2 4
01 -+

Probability

S-curve

0 10 20 3o 40
Input variables

Figure 5 An example of a logistic function
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f)Naive bayes (NB)

NB stands as a probabilistic supervised ML algorithm
crafted on the principles of Bayes theorem. Its primary
application lies in addressing diverse classification
problems, particularly prominent in text categorization
scenarios with substantial training datasets. The Naive
Bayes Classifier facilitates the rapid development of
ML models, enabling precise predictions. At the core
of this algorithm, Bayes Theorem assesses the
probability of an event transpiring based on the
likelihood of a prior event. The mathematical
expression for Bayes' theorem is as follows in
Equation 4:

P(B|A).P(A
P(A|B) = —IL(B)( )

(4)
Here, P(A|B) denotes how often A occurs provided
that B occurs, P(B|A) denotes how often B occurs
given that A occurs, P(A) is how probable A is on its
own, and P(B) denotes how likely B is on its own.

For soil classification, the NB model used soil samples
as feature vectors. Using the training data, it estimated
the likelihood of observing the feature values given
each soil type. To classify a new soil sample, Naive
Bayes computes the posterior probability of each soil
type given the observed features using Bayes' theorem.
The class with the highest posterior probability is
assigned as the predicted soil type.

3.4 Training and testing

Various ML techniques—including SVM, DT,
MLPNN, RF, NB, and LR—have been used to classify
soil and ascertain crop cultivation. The total soil data
used in this work is 1542, and the total crop data is
1162. The entire dataset is partitioned into training and
testing sets, as outlined in Table 6. All models undergo
training utilizing 70% of the data. Testing is done on
30% of the data.

Table 6 outlines the configuration and parameters used
in all models training for classifying soil and
predicting crops. The training process is set to run for
100 iterations, allowing the model to adjust its
parameters to improve accuracy repeatedly. A random
state value of 42 is used to initialize the random
number generator, ensuring reproducibility of results.
These random processes will yield identical outcomes
every time the code is executed.

Additionally, 5-fold cross-validation is employed,
dividing the dataset into five equal parts. The model is
trained and tested five times, each with a different part
as the test set and the remaining parts as the training
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set. This technique provides a more reliable
assessment of the model's performance and helps
prevent overfitting.

The verbose parameter is set to 2, meaning detailed
information about the training process will be printed
in the output logs. Finally, the n_jobs parameter is set
to -1, indicating that all available CPU cores are used
for computation.

Table 6 Train-test ratio and other parameters value

Contents Measurement
Training part 70%

Testing part 30%

Iteration 100

Random state 42
Cross-validation(cv) 5

verbose 2

n_jobs -1

3.4.1 Hyperparameter optimization

A random search technique is used to choose the
parameters for each algorithm. This hyperparameter
tuning technique is used in ML to optimize model
performance by randomly sampling from a specified
range of hyperparameters. Unlike grid search, which
exhaustively evaluates all possible combinations,
random search randomly selects a subset, making it
more efficient. The process involves defining a
hyperparameter  space, randomly  sampling
combinations, and training and evaluating the model
for each sample using cross-validation or a validation
set. The hyperparameter space for the RF model is
shown in Table 7. The hyperparameter space for the
MLP model is shown in Table 8.

Table 7 Hyperparameter tunning of RF
Parameters Values
'n_estimators' randint(10,200)
'max_features' ['auto’, 'sgrt', 'log2']
'max_depth' randint(1,50)
'min_samples_split' randint(2, 20)
'min_samples_leaf’ randint(1, 20)
'bootstrap’ [True, False]

Table 8 Hyperparameter tunning of MLPNN

Parameters Values
‘hidden_layer_sizes' 8 to 50 neurons
‘activation’ (‘relu’)

'solver' (‘adam’, 'sgd")
‘alpha’ uniform(le-5, le-1)

'learning_rate_init'
'batch_size'

uniform(le-5, 1e-1)
randint(16, 256)
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3.5Performance analysis

This study was carried out to assess the performance
and usefulness of different classification algorithms
for predicting crop cultivation through classifying soil.
A model's effectiveness is evaluated based on several
performance metrics. The essential performance
parameters in this case are the confusion matrix,
receiver operating system (ROC), precision, recall, F-
measure, accuracy, and error. We will select the best
method by comparing the performance metrics of
different models.

a) Confusion matrix

The confusion matrix is a widely adopted and
straightforward metric employed to assess the
accuracy and correctness of a model. It finds particular
utility in classification problems featuring two or more
possible class outputs. In the case of binary
classification problems, the confusion matrix consists
of a two-dimensional table encompassing "Actual
class" and "Predicted class" in each dimension. Rows
correspond to actual classifications, while columns
correspond to predicted classifications. Table 9 is a
structure of the confusion matrix for the two classes.

Table 9 Confusion matrix

Predicted
Positive (Class Negative (Class
1) 2)
Positive TP FN
= (Class 1)
2 Negative FP TN
< (Class 2)

Four basic features (numbers) constitute the confusion
matrix, determining the classifier's measurement
parameters. These are the four features are:

True positives (TPs): TPs are instances when the
anticipated result and the actual class of the data unit
are both accurate.

True negatives (TNs): TNs are instances in which
both the expected and actual classes of a data point are
incorrect.

False positives (FPs): FPs occur when the anticipated
outcome is accurate, but the actual class of the data
point is incorrect.

False negatives (FNs): FNs occur when the projected
outcome is false, but the actual class of the data point
is accurate.

b) Precision

The percentage of correctly classifying positive cases
from those predicted to be positive is known as the
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precision value. It is the accuracy of the optimistic
prediction is shown in Equation 5.
True Positive(TP) 5
True Positive(TP)+ ( )
False Positive(FP)

Precision =

For the prediction of crop cultivation, TP indicates the
number of accurately predicted crops. Moreover, FP
shows that the predicted class is correct, but the actual
class of the data point was false. For crop cultivation

prediction, precision is as follows in Equation 6:
Total number of accurately
predicted actual crops 6
Total number of ( )
predicted crops

Precision =

¢) Recall or true positive rate
The recall is the percentage of cases correctly
classified as positive TP out of those actually positive

as shown in Equation 7.

True Positive(TP)
True Positive(TP)+ (7)
False Negative(FN)

Recall =

d)F-measure
F-measure combines recall and precision. It is also
known as the F1-score. It is expressed as in Equation

8.F1 —2x Prec.is‘ion*recall (8)
Precision+recall

e)Accuracy

The number of correct forecasts divided by the overall

dataset size vyields accuracy (ACC). Accuracy is

compared based on how well each of the four Features

(TP, TN, FP, FN) performs in Equation 9.

Accuracy = (TPATN)
Y= (TN+FP+FN+TP)

)
f)Area under the curve (AUC) and ROC curve
The ROC curve depicts the TP (recall) against the FP
ratio. To evaluate the overall performance of a
classification model, metrics such as the AUC are
employed and calculated based on the region under the
ROC curve.

g)Training and validation loss:

Training loss is the error between the model's
predictions and the actual values on the training
dataset. Validation loss is the error between the
model's predictions and the actual values on a separate
validation dataset, which is not used for training. It is
computed at the end of each epoch, using the same loss
function as the training loss. An example of training
and validation loss is shown in Figure 6.
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Figure 6 An example of training and validation loss plot

3.6Tools

This work utilizes Jupyter Notebook (version 6.5.4)
and Google Colab to implement and evaluate ML
models. Google Colab extends this functionality by
offering free access to GPU and TPU acceleration,
which can significantly speed up training times for
deep learning models.

4.Results
The findings of the research are discussed in detail in
2 sections. The first section presents the results of soil
classification. The second section shows the results of
crop cultivation prediction based on soil classification.
This study used ML methods for soil classification and
crop cultivation prediction. Distinct Methods like
SVM, DT, MLPNN, RF, NB, and LR are used.
Performance parameters like precision, recall, F-
measure, ROC, confusion metrics, and accuracy are
used to compare the output of each chosen method. We
discuss the results after comparing the performance of
different methods.
4.1Soil classification
This section discusses the results of soil classification.
Soil features pH, salinity, organic matter, nitrogen,
phosphorus-B, sulfur, and boron, which are used as
inputs. Six distinct ML techniques are used to classify
soil accurately. The experimental results from the
SVM, DT, MLPNN, RF, NB, and LR techniques are
described below.
4.1.1Performance of distinct techniques for soil
classification
Six different approaches are used to classify soil. In
this part, the efficiency of each approach is
determined.

a)Support vector machine (SVM)
Training and testing are done on the pre-processed soil
data with a SVM algorithm. The confusion matrix
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produced by SVM is depicted in Figure 7. According
to the confusion matrix figure, the output class
matches the target class when the cells are green, and
the opposite is true when the cells are white.

Confusion Matrix using SVM
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Figure 7 SVM exhibits this confusion matrix

The SVM model's confusion matrix, a reliable tool for
evaluating classification accuracy, is described as
follows.

o Clay: 24 were correctly classified as clay, 21 were
classified as clay loam, and O were classified as
loam.

e Clay Loam: 189 were correctly classified as clay
loam, 11 were classified as clay, and 6 were
classified as loam.

o Loam: 192 were correctly classified as loam, 2 as
clay, and 9 as clay loam.

Some samples are wrongly classified. The

misclassifications reasons:

e Some clay samples were classified as clay loam or
loam. Because some clay loam and loam samples



International Journal of Advanced Technology and Engineering Exploration, Vol 11(117)

may have similar characteristics to clay in terms of
feature composition, leading to misclassification.

o Similar reasoning applies to clay loam and loam
samples being misclassified as clay or each other.

Figure 8 shows the ROC curve obtained from SVM.
In the ROC curve, the actual positive rate is depicted
on the y-axis, while the FP rate is represented on the
x-axis. As depicted in Figure 8, the AUC value is 0.86
for clay, 0.92 for clay loam, and 1.00 for loam. The
ROC value encompasses 92.65% of the region.

5VM 50IL_CLASS ROC CURVE

10 { jmrem=====pame==ee=————-—- --=mmmnmnnaaa-
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g ]
06 H
b=l !
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= ]
02 u: === tlay (AUC=0.88)
. clay loam (AUC=0.92)
=== loam {AUC=1.00)
0.0 : ; ; ;
0.0 02 04 06 038 10

False positive rate

Figure 8 ROC curve obtained from SVM

Table 10 presents the results obtained from classifying
soil using the SVM method. Notably, the SVM
method achieves an accuracy of 89.21% in soil
classification.

Table 10 Results of performance matrices obtained
from SVM

Designation Points

Precision 88.95%
F1-score 88.98%
Recall 89.21%
Accuracy 89.21%

b)Decision tree

After preprocessing, the collected soil dataset is
trained and tested using the DT algorithm. Then, the
confusion matrix built after running the model is
shown in Figure 9. In the confusion matrix, the output
class matches the target class when the cells are green,
and the opposite is true when the cells are white.
Figure 10 shows the ROC curve obtained from DT. In
the ROC curve, the y-axis represents the actual
positive rate, while the x-axis indicates the false
positive rate (FPR).
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Figure 9 DT exhibits this confusion matrix

Figure 9 displays the confusion matrix for three soil
classes: clay, clay loam, and loam. The DT algorithm
demonstrates strong performance across three soil
classes, namely clay, clay loam, and loam, as
evidenced by the high number of TPs in the confusion
matrix.
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Figure 10 ROC curve obtained from DT

As shown in Figure 10, DT vyields an AUC value of
0.88 for clay, 0.95 for clay loam, and 0.99 for the loam
class. The ROC value encompasses 94.08% of the
region. Table 11 presents the soil classification results
obtained using the DT algorithm, which indicates an
impressive accuracy rate of 91.63%. Figure 11 shows
how decisions are made within the model for soil
classification.
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Table 11 Results of performance matrices obtained
from DT

Designation Points

Precision 91.46%
Recall 91.63%
F1-score 91.53%
Accuracy 91.63%

Figure 12 depicts the significant soil attributes that
have a major impact on the DT model. It visually
represents the prominent factors that guide the
classification process, clearly understanding the
variables driving the model's decisions.

Table 12 presents the outcomes regarding the feature
significance impact for both the DT and RF models.
Numerical values represent the significance of each
feature in separate columns for DT and RF models.
"Organic matter" and "Phosphorus™ exhibit notably
high significance values across both the DT and RF

3
oy

Organic Matter <= 2.505
gini = 0.604
samples = 1058
value = [136, 465, 457]
class = clay loam

pH<=T.35
qini = 0.097
samples = 356

Table 12 Soil feature significance impact on DT and
RF model

Features For DT For RF

Organic matter 0.675120 0.597527
Phosphorus(B) 0.125441 0.110246
Salinity 0.063658 0.065968
Boron 0.047141 0.061432
pH 0.043273 0.061189
Nitrogen 0.034594 0.059580
Sulfur 0.010773 0.054058

c)Multilayer perceptron neural network

Training and testing are done on the preprocessed soil
data with a MLPNN. Then, the confusion matrix built
after running the model is shown in Figure 13. In the
confusion matrix, the output class matches the target
class when the cells are green, and the opposite is true
when the cells are white. Figure 14 shows the ROC
curve obtained from MLPNN. In the ROC curve, the
y-axis represents the actual positive rate, while the x-
axis indicates the FP rate.

Posporus(B) <= 1.5

gini = 0.366
samples = 606

value = [136, 463, 7]
class = clay loam

value = [15, 338, 3]
class = clay loam

Organic Matter <= 2.985
gini = 0.515
samples = 250
value =[121, 125, 4]

class = clay leam

gini = 0,069
samples = 338
value = [10, 326, 2]
class = clay loam

value = [0, 1, 0]
class = clay loam

- 5

gini = 0.475
samples = 18
value =[5,12,1]
class = clay lnam

qgini = 0,435
samples = 100
value = [32, B, 0]
class = clay loam

gini = 0.503
samples = 150
value = [89, 57, 4]
class = clay

samples = 1
Figure 11 Decision tree for soil classification
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Significant features of soil impact Decision Tree model
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Figure 12 Impact of soil features on DT model

The MLPNN demonstrates strong performance across
two soil classes, clay loam, and loam, as evidenced by
the high number of TPs in the confusion matrix.

The AUC values presented in Figure 14 further
highlight this excellence, with values of 0.90 for clay,
0.95 for clay loam, and 0.98 for the loam class. The
ROC value encompasses an impressive 94.59% of the
region.

Table 13 provides a comprehensive performance
analysis of the MLPNN, showcasing an accuracy rate
of 85.68% achieved by the MLPNN algorithm.

Confusion Matrix_MLPNN
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g
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Figure 13 MLPNN exhibits this confusion matrix
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Figure 14 ROC curve obtained from MLP

Tablel3 Results of performance matrices obtained
from MLP

Designation Points

Precision 85.05%
Recall 85.68%
F1-score 84.64%
Accuracy 85.68%

d)Random forest

After preprocessing data, the collected soil dataset is
trained and tested using the RF algorithm. Then, the
confusion matrix built after running the model is
shown in Figure 15. In the confusion matrix, the
output class matches the target class when the cells are
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green, and the opposite is true when the cells are white.
Figure 16 shows the ROC curve obtained from RF. In
the ROC curve, the y-axis represents the actual
positive rate, while the x-axis indicates the FP rate.
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Figure 15 RF exhibits this confusion matrix

Figure 15 showcases a confusion matrix that compares
the actual soil class labels with the predicted labels
produced by the RF algorithm. This matrix includes
three categories of soil: clay, clay loam, and loam. The
high number of TP and the low number of FP and FN
in the confusion matrix indicate that the RF algorithm
is highly effective at accurately classifying each soil

type.

As illustrated in Figure 16, RF achieves remarkable
AUC values: 0.99 for clay, 0.99 for clay loam, and a
perfect 1.00 for the loam class. Additionally, the ROC
value covers an extensive 99.24% of the region. Table
14 summarizes the results of soil classification using
the RF algorithm, showcasing an impressive accuracy
rate of 96.43%.

ROC Curve from RF
B T

0.8 1

0.6

0.4 4

True positive rate

0.2 1 -—- clay (AUC=0.99)

clay loam (AUC=0.99)
—-—- loam (AUC=1.00)

0.0

T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

Figure 16 ROC curve obtained from RF
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Table 14 Results of performance matrices obtained
from RF

Designation Points

Precision 96.43%
Recall 96.48%
F1-score 96.35%
Accuracy 96.48%

e)Logistic regression

Training and testing are done on the pre-processed soil
data with a LR method. Then, the confusion matrix
built after running the model is shown in Figure 17. In
the confusion matrix, the output class matches the
target class when the cells are green, and the opposite
is true when the cells are white. Figure 18 shows the
ROC curve obtained from LR. In the ROC curve, the
y-axis represents the actual positive rate, while the x-
axis indicates the FPR.
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Figure 17 LR exhibits this confusion matrix
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As depicted in Figure 18, the AUC values are 0.84 for
clay, 0.94 for clay loam, and 0.98 for the loam class.
Furthermore, the ROC value covers a substantial
92.18% of the region. The results of soil classification
using the LR algorithm is presented in Table 15.

Table 15 Results of performance matrices obtained
from LR

ROC Curve_NB
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0.6 !

True positive rate

0.4

0217 --- clay (AUC=0.91)

) clay loam (AUC=0.91)
—=- loam (AUC=0.96)

Designation Points

Precision 80.9%

Recall 83.7%

F1-score 81.58%

Accuracy 83.7%
f)Naive bayes

After preprocessing data, the collected soil dataset is
trained and tested using the NB algorithm. Then, the
confusion matrix built after running the model is
shown in Figure 19. In the confusion matrix, the
output class matches the target class when the cells are
green, and the opposite is true when the cells are white.
Figure 20 shows the ROC curve obtained from NB. In
the ROC curve, the y-axis represents the actual
positive rate, while the x-axis indicates the FPR.

As demonstrated in Figure 20, NB provides AUC
values of 0.91 for clay, 0.91 for clay loam, and 0.96
for the loam class. Additionally, the ROC value covers
a substantial 92.51% of the region.

The results of soil classification using the NB
algorithm are detailed in Table 16.
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Figure 19 NB exhibits this confusion matrix
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Table 16 Results of performance matrices obtained

from NB
Designation Points
Precision 78.11%
Recall 77.75%
F1-score 77.41%
Accuracy 77.75%

4.1.2Comparison of distinct techniques for soil
classification

Comparisons among the performances of different ML
algorithms- SVM, DT, MLPNN, RF, LR, and NB- are
carried out in this section. Accordingly, Table 17
compares different methods' prediction accuracy,
error, and ROC. Table 17 shows that the RF algorithm
provides more accuracy than other algorithms in soil
classification, at 96.48%. The ROC score for RF is
also higher than that of other classifiers. Table 18
compares the performance of the SVM, DT, MLPNN,
RF, LG, and NB algorithms regarding prediction
accuracy, precision, recall, and F1-score. Table 18
demonstrates that the RF algorithm outperforms the
other algorithms regarding maximum accuracy,
precision, recall, and F1-score (performance metrics).
Therefore, based on the discussion in this section, the
RF algorithm is selected for soil classification.

Table 17 Comparison of accuracy, error, and roc
between different algorithms

Name of Accuracy Error ROC
algorithm (%) (%)
SVM 89.21 10.79 92.65
DT 91.63 8.37 94.08
MLPNN 85.68 14.32 94.59
RF 96.48 3.52 99.24
LG 83.7 16.2 92.18
NB 77.75 22.25 92,51
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Table 18 Comparison
different algorithms

of performance between

Name of Accuracy  Precision Recall F1-
algorithm (%) (%) (%) score
(%)
SVM 89.21 88.95 89.21 88.98
DT 91.63 91.46 91.63 9153
Multilayer  85.68 85.05 85.68 84.64
Perceptron
NN
RF 96.48 96.43 96.48  96.35
LR 83.7 80.90 83.7 81.58
NB 77.75 78.11 7775 7741

Multi- Accuracy: 91.37%

class SVM

[29]

Hybrid Kappa:89.4% and RMSE:0.13
ANN [27]

SVM [11]  Accuracy: 82.55%

4.2Crop cultivation prediction

Several ML techniques are applied to ascertain
agricultural crop cultivation. SVM, DT, MLP, RF, LR,
and NB are used for prediction. In this part, the
effectiveness of each technique is assessed. The
visualization of different types of soil is shown in
Figure 21.

a) Clay
Figure 21 Visualization of different types of soil

Clay soil is sticky and smooth when wet. Hard and

compact when dry. Clay loam is a mix of fine clay,

coarser silt, and sand particles. To identify soil,

moisten a soil sample and try to form a ball.

Clay: Forms a hard, durable ball.

Clay Loam: Forms a firm ball but is slightly crumbly.

Loam: Forms a loose, crumbly ball.

4.2.1Performance of distinct techniques for crop
cultivation prediction

Six distinct techniques are applied for forecasting crop

cultivation, and their efficiencies are assessed in this

segment.

b) Clay loam

Confusion Matrix_SWM

¢) Loam

a)Support vector machine (SVM)

After preprocessing data, the crop dataset is trained
and tested using the SVM algorithm. The predicted
crop list includes rice, maize, beans, brinjal, potato,
tomato, cauliflower, gourd, pumpkin, and others.
Figure 22 shows the confusion matrix generated by
the SVM model for predicting crops. In this matrix,
green cells indicate that the output class matches the
target class, while white cells indicate a mismatch
between the output and target classes. Figure 23
exhibits the ROC curve derived from SVM model. On
the ROC curve, the y-axis denotes the true positive
rate, while the x-axis represents the FPR.
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Figure 22 Confusion matrix using SVM
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ROC Curve from SWVM
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Figure 23 ROC Curve using the SVM model

Table 19 shows the results after crop cultivation Figure 25 exhibits the ROC curve derived from the
prediction using the SVM algorithm. The SVM SVM model. The y-axis denotes the true positive rate,
algorithm achieves a promising accuracy rate of while the x-axis represents the FPR.
94.95%.

Table 19 Results of performance matrices obtained
b)Decision tree from SVM
After preprocessing data, the crop dataset is trained Designation Points
and tested using the DT algorithm. Figure 24 shows Precision 93.53%
the confusion matrix generated by the DT. In this Recall 94.95%
matrix, green cells indicate that the output class Fl-score 93.55%
matches the target class, while white cells indicate a Accuracy 94.95%

ROC 99.19%

mismatch between the output and target classes.
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Figure 25 ROC Curve using the DT model

The results obtained after crop cultivation prediction
using the DT algorithm are given in Table 20.

Table 20 Results of performance matrices obtained
from DT

Designation Points

Precision 93.01%
Recall 93.07%
F1-score 92.85%
Accuracy 93.07%
ROC 99.06%

c)Multilayer perceptron neural network

After preprocessing data, the crop dataset is trained
and tested using the MLPNN algorithm. The results
we get after crop cultivation prediction using the MLP
algorithm are given in Table 21.

Table 21 Results of performance matrices obtained
from MLP

Designation Points

Precision 89.62%
Recall 91.87%
F1-score 90.11%
Accuracy 91.87%
ROC 95.13%

d)Random forest

After preprocessing data, the crop dataset is trained
and tested using the RF algorithm. The results we get
after crop cultivation prediction using the RF
algorithm are given in Table 22.

Table 22 Results of performance matrices obtained
from RF

T
0.8 1.0

Recall 93.85%
F1-score 93.68%
Accuracy 93.85%
ROC 99.03%

Designation Points

Precision 93.60%
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e)Logistic regression

After preprocessing data, the crop dataset is trained
and tested using the LR algorithm. The results we get
after crop cultivation prediction using the LR
algorithm are given in Table 23.

Table 23 Results of performance matrices obtained
from LR

Designation Points

Precision 69.21%
Recall 70.35%
F1-score 69.22%
Accuracy 70.35%
ROC 97.60%

f)Naive Bayes

After preprocessing data, the crop dataset is trained
and tested using the NB algorithm. The results we get
after crop cultivation prediction using the NB
algorithm are given in Table 24.

Table 24 Results of performance matrices obtained
from NB

Designation Points

Precision 88.12%
Recall 88.34%
F1-score 88.03%
Accuracy 88.34%
ROC 98.56%

4.2.2Comparative analysis among distinct techniques
Table 25 compares the performance of SVM, DT,
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MLPNN, RF, NB, and LR regarding prediction
accuracy, error, and ROC.

Table 25 demonstrates that the SVM algorithm's
prediction accuracy, which is 94.95%, is higher than
that of other algorithms. Table 26 compares the
performance of the SVM, DT, MLPNN, RF, LG, and
NB algorithms regarding prediction accuracy,
precision, recall, and F1-score. It demonstrates that the
SVM algorithm outperforms the other algorithms
regarding maximum accuracy, precision, recall, and
F1-score (performance metrics). So, based on the
discussion in this section, the SVM model is selected
for crop cultivation prediction.

Table 25 Comparison of several algorithms' accuracy,
error, and roc

Name of Accuracy (%) Error ROC
algorithm (%)

SVM 94.95 5.05 99.19
DT 93.07 6.93 99.06
Multilayer 91.87 8.13 98.91
Perceptron NN

RF 93.85 6.15 99.09
LR 70.34 29.65 99.60
NB 88.34 11.66 98.56

Table 26 Comparison of performance between
different algorithms

Name of Accuracy Precision Recall F1-
algorithm (%) (%) (%) score
(%)
SVM 94.95 92.53 94.95
93.55
DT 93.07 93.01 93.07 92.85
Multilayer 91.87 89.62 91.87 90.11
Perceptron
NN
RF 93.85 93.60 93.85 93.68
LR 70.34 69.21 70.34  69.22
NB 88.34 88.12 88.34  88.03
5.Discussion

This study implemented the research using several ML
models, such as SVM, DT, MLPNN, RF, LR, and NB.
These methods played a leading role in completing our
research. Peoples can now easily understand how to
determine the soil class and ascertain crop cultivation
according to soil type.

5.1Summary of key findings

The performance, such as precision, recall, F1-score,
ROC, accuracy, error, roc curve, confusion matrix,
and other metrics of distinct techniques, is determined,
analyzed, and discussed here. For soil classification, it
is found that the SVM, DT, MLPNN, RF, NB, and LR
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methods results are 89.21%, 91.63%, 85.68%,
96.48%, 77.75%, and 83.7% accuracy, respectively.
Figure 21 shows performance metrics representation
graphically. The RF method has the highest prediction
accuracy of 96.48% and is the best algorithm for
classifying soil, according to all algorithms'
experimental data analysis. On the other hand, the DT
also performed well. MLPNN, SVM, and LR models
provide adequate, promising accuracy. In contrast, NB
are not treated well for classifying soil. Meanwhile,
the RF method gives better accuracy so that it can be
selected for soil classification prediction.

For crop cultivation prediction, it is found that SVM,
DT, MLPNN, RF, NB, and LR methods provide
perspective results of 94.95%, 93.07%, 91.87%,
93.85%, 88.34%, and 70.35% accuracy, respectively.
The SVM method is the most effective technique for
crop cultivation prediction because of its maximum
prediction accuracy, 94.95%, based on the
comparative analysis of experimental data of all
algorithms. On the other hand, RF also performed
well. DT, MLP, and NB provide promising accuracy.
In contrast, LR is not treated well in this study.
Ultimately, we can conclude that SVM gives better
accuracy so that it can be selected for crop cultivation
prediction.

5.2Interpretations

The high accuracy rates achieved by the RF and SVM
algorithms indicate their robustness and efficiency in
handling soil and crop data complexities. The RF
model superior performance in soil classification can
be attributed to its ability to handle large datasets with
higher dimensionality and its effectiveness in reducing
overfitting through ensemble learning. Similarly, the
SVM model effectiveness in crop cultivation
prediction is due to its capability to construct
hyperplanes in a high-dimensional space, effectively
separating different classes.

5.3Implications and limitations

These findings have significant implications for
precision agriculture. Accurate soil classification
allows for more tailored and efficient use of fertilizers
and water resources, potentially leading to increased
crop yields and sustainability. Similarly, precise crop
cultivation predictions can aid farmers in selecting the
most suitable crops for their soil type, ultimately
improving agricultural productivity and profitability.

Despite the promising results, the study acknowledges
that it has limitations. The dataset size and diversity
might limit the generalizability of the findings across
different regions and soil types.
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5.4Recommendations and comparative analysis

A comparative analysis of the different algorithms

based on their performance metrics reveals:

o RF stands out in soil classification due to its highest
accuracy (96.48%) and lowest error rate (3.52%). It
also performed well in crop cultivation prediction
with a high accuracy (93.85%).

e SVM excels in crop cultivation prediction with the
highest accuracy (94.95%) and performs well in soil
classification (89.21%).

e The DT performs strongly in both tasks, making
it a reliable alternative with high accuracy in soil
classification (91.63%) and crop prediction
(93.07%).

e MLPNN performs moderately in both tasks,
indicating room for improvement, especially in
handling complex soil-crop relationships.

e LR and NB showed lower accuracies, suggesting

they are less effective for these specific
applications.
Based on the comparative analysis, the study

recommends using the RF algorithm for soil
classification and the SVM for crop cultivation
prediction.

Table 27 Comparison with existing works

5.5Result impact and overall analysis

The results of this study have significant implications
for precision agriculture. By leveraging the power of
advanced ML techniques, farmers and agronomists
can make more informed decisions that enhance
productivity and sustainability. The comparative study
highlights the strengths and weaknesses of each
algorithm, providing valuable insights into their
applicability in different agricultural contexts. Overall,
the findings indicate the potential of ML to
revolutionize agricultural practices, leading to more
efficient and sustainable food production systems.
Table 27 illustrates a comparative analysis between
our experimental research and several existing works.

This study also concentrated on the various constraints
faced by farmers during cultivation. Farmers don't get
the desired crop production due to the prior traditional
methods. In response to difficulties faced by farmers,
this study classifies the soil and predicts crop
cultivation based on soil class.

The findings from this study can found to be helpful in
enhancing cultivation and making a substantial
contribution to the economy. The complete list of
abbreviations is shown in Appendix .

Author, year Dataset Methods Results

Mallick et al. [27], Wet-land RF, SVM, KNN, The proposed fused ANN-based hybrid model

2021 mapping dataset ANN. outperformed well than others in terms of accuracy
(89.4% kappa and RMSE: 0.13)

Barman and Soil texture SVM 91.37% accuracy

Choudhury [29], dataset

2020

Dash et al. [45],2021  Crops data set

ML techniques.

SVM provides the highest accuracy in terms of F1-
score 91%.

Waiker et al. [38], Crops dataset ANN, NB ANN gives 92% accuracy, and NB gives 76% accuracy
2020 for crop yield prediction.
Harlianto et al. [11], Soil related data SVM, NN The result shows that SVM, using a linear function
2017 kernel, outperforms the other algorithms. The SVM
provides an accuracy of 82.35%.

Our Research  Soil data SVM, DT, MLPNN, RF outperforms others with 96.04% accuracy for soil
Experiments RF, LR, NB classification.

Crops data SVM, DT, MLPNN, SVM demonstrates superior performance, achieving

RF, LR, NB

an accuracy of 94.95% in predicting crop cultivation
compared to other methods.

6.Conclusion and future work

This research has been done to classify soil and predict
crop cultivation based on soil type. This research
concentrated on various supervised classification
methods to classify soil and forecast crop cultivation.
Soil is an essential ingredient of agriculture. Here is
the real-time dataset of soil and crops collected from
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different zones of Bangladesh. The algorithm used for
prediction is SVM, DT, MLPNN, RF, LR, and NB.
For soil classification, the prediction accuracy of RF is
higher (96.48%) than the remaining five algorithms
and a lower error rate (3.52%) than the other
algorithms. All the models are trained and tested using
the same input data (dimensions, features, and samples
are all the same). Among these six techniques, DT
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yields the second-best performance for soil
classification.

On the other hand, the SVM algorithm has a greater
prediction accuracy (94.95%) than the remaining five
algorithms for crop cultivation prediction and a lower
error rate (5.05%) than the other algorithms. Among
these six techniques, NB yields the second-best
performance for crop cultivation prediction.

Future work will focus on expanding the dataset to
include more diverse soil types and crops from various
regions to improve model generalizability. Additional
soil features and advanced ML techniques like deep
learning will enhance prediction accuracy. Developing
real-time soil and crop monitoring systems using 10T
devices will facilitate continuous data collection and
dynamic updates. Integrating climate and weather data
into prediction models will provide more context-
specific  recommendations.  Collaborating  with
agricultural experts to create user-friendly decision-
support systems will ensure practical and beneficial
applications for farmers.

The results of this research, focused on predicting crop
cultivation based on soil type, will be disseminated to
farmers through multiple channels to ensure practical
usage of the information. Local workshops and
training sessions will provide hands-on training and
demonstrations to educate farmers on interpreting and
applying the predictions. A user-friendly mobile
application will also be developed to deliver crop
cultivation  predictions  directly to  farmers'
smartphones, offering real-time updates, personalized
recommendations, and alerts.
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Appendix |

S. No. Abbreviation Description

1 Al Artificial Intelligence

2 ANFIS Adaptive Neuro-fuzzy
Inference System

3 ANN Artificial Neural Network

4 AUC Area Under the Curve

5 CSM Crop Selection Method

6 DT Decision Tree

7 FN False Negative

8 FP False Positive

9 FPR False Positive Rate

10 HLM Hierarchical Linear Model

11 KNN K-Nearest Neighbor

12 LR Logistic Regression

13 ML Machine Learning

14 MLPNN Multilayer Perceptron
Neural Network

15 MSE Mean Squared Error

16 NB Naive Bayes

17 NN Neural Network

18 RBF Radial Basis Function

19 RF Random Forest

20 RMSE Root Mean Square Error

21 ROC Receiver Operating System

22 SRDI Soil Resource Development
Institute

23 SVM Support Vector Machine

24 TN True Negative

25 TP True Positive
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