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Abstract

Agriculture is the main source of economy and survival in many countries. To ensure
sustainable agricultural development, it is crucial to promptly acquire soil fertility and
apply accurate fertilizers. However, traditional laboratory methods for analyzing soil
samples make it challenging to estimate soil fertility. Therefore, this research aims to
develop a reliable Machine Learning (ML)-based classifier that can classify soil fertil-
ity as LOW, or MEDIUM, or HIGH. Additionally, prescribes fertilizers based on the
classification results.

Soil fertility classification approach based on laboratory chemical parameters such
as Electrical Conductivity (EC), Organic Carbon (OC), potential of hydrogen (pH),
boron (B), copper (Cu), iron (Fe), manganese (Mn), phosphorus (P), potassium (K), sul-
phur (S), and zinc (Zn) have been proposed using ML approaches. The classifiers used
in this study included Random Forest (RF), bagging, Boosted Regression Tree (BRT),
J48 Decision Tree (J48), Logistic Regression (LR), Naive Bayes (NB), and Support
Vector Machine (SVM). The experiments were conducted with a split dataset (75% of
data for training and 25% for testing) and 10-fold cross-validation. The tree-based clas-
sifier RF, outperformed the other classifiers by producing an accuracy of 99.99% with

10-fold cross-validation test and a split dataset.

To avoid the need for laboratory analysis and obtain soil parameters specific to the
site, this research relied on Sentinel-2 spectral data to determine EC, pH, OC, and N.
The generated dataset was labeled using various clustering methods such as canopy,
density-based, expectation-maximization, farthest-first, fuzzy C-means, and k-means
and then compared with manual labeling. Among these, the canopy clustering ap-
proach achieved the highest accuracy of 75.99% on labeling dataset. Therefore, the
proposed method for labeling the dataset uses the canopy-centered fuzzy C-means
clustering. It was found that the proposed canopy-centered fuzzy-C-means clustering
method achieved the highest accuracy of 78.42% in labeling the dataset. Furthermore,
the performance of several ML-based classifiers, such as NB, SVM, J48, and RF were
compared using datasets labeled with different clustering approaches. The RF classifier
achieved the highest classification accuracy of 99.69% using the proposed approach and

on 10-fold cross-validation.

To determine the best fertilizer for a given soil, a new fertilizer prescription approach
was proposed. It uses an ensemble filter-based feature selection to classify soil fertility
and prescribe the appropriate fertilizer. It was tested on two datasets from regions with
varying climate conditions. Various tree-based classifiers, such as classification and
regression tree, extra tree, reduced error pruning tree, RF, NB, and SVM, were com-
pared using the first dataset with relevant soil parameters. The results showed that the

RF classifier with relevant soil parameters was the most accurate, achieving a 99.96%



accuracy with dataset-1 and a 99.90% accuracy with dataset-2.

A soil fertility classifier and fertilizer prescription approach was proposed by utiliz-
ing 2D Convolutional Neural Networks (CNNs). The experiments were conducted on a
split dataset with varying kernel sizes of 3x3 to 7x7 and input grid sizes from 11x11
to 13x13. The classifier showed an impressive accuracy of 97.24% and kappa statistics
of 0.0938 with an input grid size of 11x 11 and a kernel size of 3x3. To further improve
the accuracy, the training data was oversampled using the Synthetic Minority Oversam-
pling Technique (SMOTE). The proposed approach using oversampling achieved an
accuracy of 97.52% and kappa statistics of 0.1397, with an input grid size of 12x12
and a kernel size of 3 x3.

A 1D-CNN-based soil fertility classification approach was developed to simplify
the 2D CNN-based classifier used for soil fertility classification. To improve the per-
formance of the model, the dataset was normalized using Min-Max normalization, and
training data was oversampled using SMOTE. The proposed approach was compared
with the soil fertility classifiers based on Extreme Learning Machine (ELM) and Multi-
Layer Perceptron (MLP). The proposed approach, with normalization and SMOTE,
achieved an accuracy of 97.90% and kappa statistics of 0.2358.

A new method to classify soil fertility and prescribe fertilizers using symbolic deter-
ministic finite automata, to overcome the limitations of traditional ML-based classifiers,
which require large, unbiased datasets and are prone to errors. The proposed method
was compared using ML-based classifiers using data from Sentinel-2 satellite imagery
and laboratory-measured soil health data of Belgaum district. The data consisted of two
sets: one with four soil parameters (Soil-health-1 dataset) and the other with twelve
soil parameters (Soil-health-2 dataset). The results showed that the new approach was
able to classify soil fertility with 100% accuracy using the Sentinel-2 and Soil-health-1
datasets, and with 98.37% accuracy using the Soil-health-2 dataset.

Satellite revisits to a specific site location are infrequent, hence, soil sensors are used
to collect real-time values of EC, pH, N, P, and K in this study. The collected real-time
data is tested using trained and saved ML-based classifiers, such as Classification and
Regression Tree (CART), J48, RF, Reduced Error Pruning (REP), NB and SVM which
were trained using the Soil-health dataset of Belgaum district. For the real-time test
data RF and REP classifiers achieved highest test accuracy of 100%.

Keywords: Classification; Convolutional Neural Networks; Feature Selection;
Fertilizer Prescription; Machine Learning; Precision Agriculture;
Soil Fertility.
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CHAPTER 1
INTRODUCTION

Agriculture is the primary source of income in many countries. India’s development
is largely dependent on the agricultural sector. The variations in soil nutrients nega-
tively impact crop yield. The crops require a balanced proportion of macronutrients
such as calcium (Ca), magnesium (Mg), nitrogen (N), phosphorus (P), potassium (K),
sulfur (S), and micronutrients such as boron (B), chlorine (CIl), copper (Cu), iron (Fe),
manganese (Mn), molybdenum (Mo), nickel (Ni) and zinc (Zn) (Lambot et al., 2017).
In India, the traditional practice is to estimate soil fertility through laboratory analysis,
and fertilizers are applied randomly. The laboratory analysis is time-consuming and
also generates chemical residues. The variation in soil fertilization can either deterio-
rate or accelerate soil nutrients (Osman, 2012), and the excess fertilization and mineral
fertilizers cause environmental pollution (Liu et al., 2023). Agricultural productivity
can be improved by maintaining soil fertility balance. Sustainable crop production re-

quires accurate soil fertility estimation (Fao, 2020a).

A systematic review was conducted in accordance with the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines to identify pre-
vious research on soil fertility classification. Machine learning (ML)-based approaches
were widely used by researchers to predict variations in fertility levels of soil parame-
ters. Many authors predicted variations in soil chemical parameters and used remotely
sensed environmental indices derived from Landsat spectral bands to accurately predict
the organic carbon (OC) stock, OC, and salinity. Few authors derived soil parameters
such as OC, salinity, P, potential of hydrogen (pH), and Fe using satellite spectral bands
and predicted their variations based on climate. Additionally, ML-based regressors
were used to predict soil fertility based on laboratory values of phosphorous pentoxide
(P205) and potassium oxide (K>0), and based on organic matter (OM), pH, K, N, P, S,
B, Ca, Mg, and Zn. The use of Artificial Neural Networks (ANNs) was observed in pre-
dicting salinity distribution while Back Propagation Neural Networks (BPNN) predict
changes in the levels of K, N, and P.

Very few researchers have used ML-based classifiers to classify soil fertility. Sir-
sat et al. (2017) classified soil fertility as HIGH or MEDIUM or LOW using Decision
Tree (DT), K Nearest Neighbors (KNN), Random Forest (RF), Naive Bayes (NB), Re-
duced Error Pruning (REP), Support Vector Machine (SVM), Extreme Learning Ma-
chine (ELM), Multi-layer Perceptron (MLP), AdaBoost and Bagging based on pH,
Electrical Conductivity (EC), OC, nitrous oxide (N>0), potassium oxide (K,0), sul-
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fate (SOy4), Zn, Fe, Mn, and phosphorous pentoxide (P>0Os). In Fernandes et al. (2019),
fertility of OM was classified based on Ca, pH, potential acidity, K, P, and Mg. Gulhane
et al. (2023) classified soil fertility using MLP and pH, P, and Fe as low, normal, and
high. Khanal et al. (2018) employed MLP, RF, and SVM to classify soil fertility and
predicted variations in Cation Exchange Capacity (CEC), Mg, and OM using Linear
Regression (LinR), Cubic Regression (CR), and MLP.

Some researchers have recommended the use of fertilizers to improve the fertility of
the soil. Chougule et al. (2019) prescribed specific fertilizers to boost the levels of N, P
and K based on the predicted values of these nutrients. Ransom et al. (2019) suggested
the use of nitrogen fertilizer for corn to improve N. Coulibali et al. (2020) recommended
fertilizers based on variations in the fertility levels of these nutrients. Abera et al. (2022)
suggested fertilizers to increase K, P, N, and S. Sirsat et al. (2017) recommended the
use of fertilizers based on K,O, N>O, P,0s for bajra, cotton, and soybean. Precision
agriculture can optimize the use of fertilizers and water to enhance crop sustainability
and productivity (Méndez-Vazquez et al., 2019). Some researchers have also derived
Village-wise Fertility Indices (VFIs) or remotely sensed indices to classify soil fertility

more accurately.
1.1 Influence of Soil Properties

The soil properties are categorized into three main categories: biological, chemical, and
physical properties (Osman, 2012), as shown in Figure 1.1.

Biological Properties: Soil fertility is greatly influenced by the various organisms that
live in the soil. These organisms secrete enzymes that break down organic matter into
humus, providing essential nutrients to plants for their growth and development. More-
over, the presence of these organisms also affects several other soil properties. Several
types of soil organisms play a role in determining soil fertility, such as Arthrobacter,

Azospirillum, Bacillus, Enterobacter, Pseudomonas, and Serratia.

Chemical Properties: Soil is a mixture of organic and inorganic substances, soluble
and insoluble, solid, liquid, and gas particles. The pH level of soil determines its acidity
or alkalinity. The level of acidity or alkalinity is measured by its pH. The pH level of the
soil is crucial for growing crops. A neutral soil with a pH level 6.5-8.5 is fertile. If the
pH level is below 6.5, then the soil is acidic; if it is above 8.5, then the soil is alkaline.
Both alkaline and acidic soils are less fertile, which can lead to poor crop yields. The
soil is categorized as saline or non-saline based on the value of EC. Soil consists of OC
or inorganic carbon. The OC is formed due to the decomposition of plants, while the

inorganic carbon is from the reaction between soil minerals and carbon dioxide. The
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Figure 1.1: Soil property categorization

growth of crops depends on sixteen mineral elements, including carbon, hydrogen, oxy-
gen, aluminum (Al), B, Ca, Cl, Cu, Fe, K, Mg, Mn, Mo, N, P, S, and Zn. The essential
macronutrients, such as Ca, K, Mg, N, P, and S, are required in large quantities between
1 to 150 g/kg. The micronutrients, such as B, Cl, Cu, Fe, Mn, Mo, and Zn, are required
in lesser quantities between 0.1 to 100 mg/kg. It is important to identify nutrient defi-
ciencies early, as this can have a major impact on plant growth and yield.

Physical Properties: Soil characteristics include color, density, structure, texture, con-
sistency, and temperature. The soil color can change due to the presence of OM, water,
and redox conditions, while other properties depend on the type and arrangement of soil
particles. Soil particles can be primary or secondary. Primary particles, such as sand,
silt, and clay, are categorized based on their effective diameter, and their combination
creates secondary particles. Sand has a low capacity to hold water and nutrients; silt
soil has a medium capacity; and clay has a high capacity. Soil texture is determined
by sand, silt, and clay composition and can be classified as coarse, medium, or fine.
There are 12 subcategories: coarse (sand, loamy sand, sandy loam), medium (loam,
silt loam, silt), and fine (sandy clay loam, clay loam, silty clay loam, sandy clay, silty
clay, clay). Fine-textured soils typically contain nutrient holding capacity than coarse-

textured soils. Coarsely textured sand has a low nutrient-holding capacity and therefore



requires frequent application of small amounts of fertilizer (Osman, 2012).
1.2 Significance of Nutrients in Soil and Prevention of Deficits

The growth cycle of crops is heavily influenced by soil chemical properties, includ-
ing EC, pH, OC, macronutrients, and micronutrients (NRCS-USDA, 2020; Kalkhoran
et al., 2019; Osman, 2012), as depicted in Figure 1.2.
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Figure 1.2: Significance of soil chemical parameters

Proper soil nutrient management is crucial for healthy plant growth and development.
The soil EC, pH, and OC positively or negatively correlated to soil nutrients. The sig-
nificance of soil nutrients can be outlined as follows:

Calcium (Ca) is crucial for plant growth and development, as it forms an essential
component of cell walls. Insufficient levels of Ca can lead to leaf curling and stunted
root development. An overabundance of Ca can reduce the uptake of other important
nutrients such as B, Cu, K, P, Mg, Fe, and Zn.

Potassium (K) is essential for protein synthesis, enzyme and carbohydrate activation,
crop growth, and fruit development. Insufficient K levels can result in stunted growth,

reduced fruit color and sugar content. Conversely, excessive K levels can lead to re-
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duced Mg and Ca levels.

Magnesium (Mg) increases the amount of vitamin C in fruits. A deficiency of Mg re-
sults in leaf curling or paleness. Excessive Mg causes a decrease in K.

Nitrogen (N) is crucial for photosynthesis and gives leaves their green color. A lack
of N causes yellowing of leaves, reduced branching and leaves, and early fruiting and
flowering. Excess N causes late flowering or fruiting (Osman, 2012).

Phosphorus (P) controls respiration and photosynthesis. Decreased P reduces root or
shoot growth, photosynthesis, and leaf surface area. Increased P reduces Fe, K, and Zn.
Sulphur () is essential for chlorophyll production, protein synthesis, and activation of
enzymes. It also plays a role in pest control. A deficiency in S can lead to reduced seed
development and growth delays, while an excess can decrease Mo and N.

Boron (B) is a crucial element for the development of fruits and seeds, as well as for
cell division. Insufficient B reduces yield and quality, Excessive amount of B acts as an
inhibitor for the growth of roots and shoots as well as chlorophyll production, leading
to yellowed leaf tips (Reid, 2007; Blevins & Lukaszewski, 1998).

Chlorine (Cl) plays a crucial role in photosynthesis and disease prevention (Chen et al.,
2010). Insufficient CI results in highly branched roots, while increased CI reduces leaf
size and plant growth.

Copper (Cu) is essential for cell walls and photosynthetic electron transport
(Marschner, 2011). When there is not enough Cu, the leaves get twisted, and the yield
i1s reduced. On the other hand, when there is excess Cu, the leaves become discolored
(Osman, 2012).

Iron (Fe) is an essential element for plants as it plays a crucial role in the production of
chlorophyll and the transfer of electrons. A deficiency can cause chlorosis and reduced
leaf size, while excess can damage deoxyribose nucleic acid and lipids in plants.
Manganese (Mn), an essential nutrient for plants, plays a crucial role in the production
of chlorophyll, assimilation of carbon dioxide, and nitrate. It also plays a crucial role in
the process of germination and growth. A lack of Mrn can cause yellowing between leaf
veins, stunted roots, and stems. Meanwhile, excessive Mn results in leaves with red or
black spots.

Molybdenum (Mo) is essential for plant nitrogen metabolism, and its deficiency leads
to stunted growth and pale green leaves, while an excess of Mo leads to leaf browning
or yellowing.

Zinc (Zn) is an essential nutrient for plant growth and seed production. A deficiency
in Zn leads to stunted growth and smaller leaves, while excess Zn can affect other soil

nutrients.



Farmers can maintain soil nutrient balance by using appropriate fertilizers for the
crop type and location. Chemical and biofertilizers are both excellent sources of nutri-
ents (Fao, 2020b). To prevent Ca deficiency, lime can be added to acidic soils, while
gypsum or soluble calcium sources are suitable for non-acidic soils. Potassium lev-
els can be increased by using potassium chloride or potassium sulfate or by incorpo-
rating crop residues and manures. Using potassium chloride also increases chloride.
Adding dolomite limestone can improve Mg levels in the soil. Nitrogen levels can be
increased by adding organic matter, rotating crops, and using nitrogen fertilizers such as
neem-coated urea, ammonium nitrate, etc. Phosphorus fertilizers such as single super-
phosphate and diammonium phosphate increase soil P levels. Fertilizers such as single
superphosphate, gypsum sulfur, and ammonium sulfate can help to increase the levels
of S. B deficiency can be corrected by applying boric acid or borax. Copper levels in
the soil can be increased by using copper-based fertilizers. Ferrous and ferric sulfate
can increase Fe levels. Mn levels can be increased by applying a manganese sulfate
solution, and sodium ammonium molybdate can improve Mo levels. Zn can improved
by applying zinc sulfate (Kant & Kafkafi, 2020).

1.3 Impact of Climate on Soil Fertility

Climate change has the potential to negatively impact the fertility of soil. Figure 1.3
(Dutta & Rakshit, 2016) shows the effect of climate on soil quality and, thus, agricul-
tural production. A significant increase in precipitation leads to higher leaching, nu-
trient loss, and acidification. Elevated soil surface temperature accelerates soil organic
matter mineralization, reducing carbon and water retention and inhibiting plant growth
(Fao, 2021). Increased evaporation and transpiration rates can lead to erosion by water
and wind, resulting in reduced soil moisture levels. This can impact semi-arid or clay
soils (Dutta & Rakshit, 2016). A reduced rainfall can result in alkalization or saliniza-
tion of soil. Evaporation or drought increases alkalinity (raises pH) due to the higher
availability of Ca, Sodium (Na), and Mg (Rengel, 2011). Soil salinization occurs due
to high soil temperatures that increase evaporation rates, leading to the accumulation of
salts (such as sodium chloride, magnesium sulfate, and chloride) in the top soil layers.
This accumulation and soil dispersion or aggregation caused by rain can reduce soil
porosity, limiting water infiltration and hydraulic conductivity. The high temperatures
or increased carbon dioxide cause acidification of soil. Climate variability or change
impacts other soil nutrients (Day AD, 1993). The nutrients N, K, and S are less affected
by soil pH than other nutrients. In acidic soil, the solubility of Fe, Mn, Al, Zn, and

Cu increases, while the solubility of Mg, Ca, and Mo decreases. Alkaline soil, on the
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Figure 1.3: Impact of climate on soil

other hand, increases the solubility of Ca, Mg, and Mo but decreases the solubility of
Cu, Fe, Mn, Al, and Zn. Although Al is highly available in the soil, it is not essential
for plant growth. However, in soil with a pH less than 5, the solubility of Al with Fe
and Mn increases, making the soil toxic to most plants. Soil acidification decreases
essential minerals such as Ca and Mg in soils. The availability of P is also reduced in
both acidic and alkaline soils. Highly acidic and alkaline soils can cause a deficiency
in B. In highly acidic soils, macronutrients such as P, Mg, K, N, Ca, S, Mo, and B are
significantly less available, whereas micronutrients such as Cu, Fe, Mn, and Zn signif-
icantly increase. Soil salinity degrades soil fertility and increases the EC value of soil.
Salts may accumulate at the soil surface due to rainfall, increasing salinity. Soils with
a higher EC value are less fertile, leading to reduced crop health (NRCS-USDA, 2020;
Phonphan et al., 2014). An increase in soil EC results in an increase in hydrogen ions,
leading to soil acidity and a subsequent decrease in pH. On the other hand, a tempera-
ture rise has an inverse effect on OC, which in turn affects nutrient availability and the
soil’s ability to retain moisture (Gan et al., 2013). Higher levels of OC imply increased

carbon content in the soil, which can lead to a decrease in pH and an increase in EC.
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1.4 Discussion on ML-based Approaches

The generic steps of ML-based soil fertility classification are as shown in Figure 1.4.
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Figure 1.4: ML-based soil fertility classification

Data acquisition involves gathering data from various sources such as laboratory mea-
surements, satellite images, or real-time soil sensing for use by an ML-based classifier.
Data Preprocessing Data preprocessing refers to converting raw data into a more us-
able and appropriate format that can be analyzed easily. This step is crucial to ensure the
data is clean, consistent, and ready for further analysis. It involves several techniques,
such as cleaning, normalization, and reduction, to prepare the data for ML models or
other analytical tools. Data cleaning is the process of dealing with data that has ir-
relevant or missing values. The purpose of data cleaning is to ensure the accuracy
and completeness of the data before it is used for analysis. When multiple values are
missing, they can be excluded from the dataset, or the mean/median of the attribute
can replace the missing values. The missing data can be filled manually or through
regression. Data transformation prepares data for extraction. This involves data prepro-
cessing, which includes normalization and attribute construction. Normalization can
scale data values from -1 to 1 or O to 1. Data reduction can enhance storage efficiency
and decrease analysis costs for large datasets. It typically involves attribute selection,
dimensionality, and numerosity reduction. Attribute selection is used to select relevant
attributes. Using numerosity reduction, storing a data model instead of the entire dataset
is possible. This results in more efficient use of storage space. Dimensionality reduction
is a technique that reduces the number of attributes by using encoding mechanisms. It
helps to simplify complex data by transforming it into a lower-dimensional space with-

out losing important information.



Model Building: The model building involves labeling the dataset manually or using
clustering. The feature selection can be used to reduce the cost of the model (Pes,
2020). To ensure the accuracy and reliability of the model, the dataset is typically sepa-
rated into training and test data. The classifier is trained on the training data and tested
on the test data to evaluate performance (Miiller & Guido, 2016). To obtain the most
effective ML model, the model-building can be repeated several times through iteration.
Model Evaluation: The classifier performance can be evaluated by using widely used
performance metrics such as confusion matrix, accuracy, precision, recall, F1-Score,

and Root Mean Square Error (RMSE). Figure 1.5 shows various ML-based approaches.
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Figure 1.5: Various ML-based approaches

ML-based approaches can be broadly classified into generative and discriminative. Dis-
criminative models use conditional probability, whereas generative models use joint
distribution. Generative models can generate synthetic data using probabilistic distri-
bution, while discriminative models cannot. Two categories of ML algorithms: super-
vised learning and unsupervised learning. Supervised learning involves using labeled
data to train a model, while unsupervised learning involves finding patterns in unlabeled
data. Regression techniques such as LinR, Multiple Linear Regression (MLR), Elastic-
net Regression (ER), Ridge Regression (RR), Stepwise Regression (SR), Least Abso-
lute Shrinkage and Selection Operator (LASSO), CR, Principal Component Regression
(PCR), Partial Least Square Regression (PLSR), interval PLSR (iPLSR), Gaussian Pro-
cess Regression (GPR), cubist, and classification approaches such as LR, DT, Boosted
Regression Tree (BRT), RF, Classification and Regression Tree (CART), REP, M5 tree,
Extra Tree (ET), BRT, NB, KNN, SVM are commonly used in supervised learning.
Unsupervised learning is a type of ML that identifies hidden patterns in data without
any prior labeling or supervision. Unsupervised learning includes Principal Component

Analysis (PCA), and cluster analysis. Most generative models are created using unsu-
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pervised learning techniques, while discriminative models are developed using super-
vised learning. In contrast, Principal Component Analysis and k-means algorithms are
discriminative-unsupervised learning, while the NB classifier is generative-supervised
learning (Jebara, 2004).

The classification approaches used in this research work are:

LR characterizes the connection between one or more independent variables and a de-
pendent binary variable, primarily employed for classification tasks rather than regres-
sion. Its purpose is to model the probability of a binary outcome by transforming any
real value into a range between 0 and 1 using the Sigmoid function. This transformed
value signifies the probability of a data point belonging to a particular class. The learn-
ing algorithm iteratively adjusts the weights to precisely classify instances within the
training set (Belyadi & Haghighat, 2021).

J48 represents data in a tree structure where the leaf nodes symbolize the target at-
tribute, and decision nodes define tests to be conducted on specific observational char-
acteristics (Castelli et al., 2018). As the decision tree classifier progresses from ob-
servations (depicted as branches) to conclusions about the target value (represented in
the leaves), the decision node is evaluated until a leaf node is reached. The confidence
factor determines the degree of pruning; higher values result in less pruning, and more
folds are required to prevent overfitting. Randomly choosing a seed value can be ad-
vantageous to mitigate the risk of discarding valuable data during error pruning. Con-
structing the decision tree involves defining node attributes and conditions for splitting
at each node. The algorithm selects the optimal option at each step to minimize infor-
mation gain, employing equations based on entropy concepts to reduce entropy (Cohen,
2021).

BRT is an ensemble method that combines DTs and boosting techniques to enhance
the accuracy of ML models. By fitting multiple DTs, BRTs mitigate the risk of outliers
through repeated application. Each new tree is generated using a random subset of the
entire dataset, which is then returned to the dataset for future tree selection. Boosting
is a technique employed in BRTs to assign weights to input data in subsequent trees,
thereby improving accuracy. Following fitting the initial tree, the model retains errors
and utilizes them to construct subsequent trees. This involves assigning more weight to
incorrectly classified instances, ultimately enhancing classification accuracy (De’ Ath,
2007). The final classification is determined by the weighted majority of classifications
made across the sequence of trees.

RF combines multiple Decision Trees (DTs) to decrease variance and maintain ac-

curacy (Pham et al., 2020). During tree construction, the RF classifier identifies the
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best split among selected features for each intermediate node. Enhancements in per-
formance can be achieved by generating less connected and diverse trees (Han et al.,
2020). In J48 classification, each tree node can be a decision node or a leaf node,
with decision nodes specifying tests on individual features and leaf nodes specifying
the target. RF utilizes bootstrap aggregating to create multiple random samples and
aggregates them to enhance classification accuracy. From an initial dataset D1 with m
rows and n columns, a new dataset D2 is generated by randomly selecting m instances
with replacement. Approximately one-third of the rows from D1 are excluded to form
out-of-bag samples, providing an unbiased error estimate. The model is trained on D2,
and the out-of-bag samples are used for evaluation. The classification tree randomly
selects P less than n columns, typically \/n. RF generates multiple trees, and the final
prediction is determined by averaging or voting. These trees are trained simultaneously
through bootstrapping and aggregation, ensuring the uniqueness of each random forest
and minimizing overall variance. The final decision of the RF classifier is derived by
aggregating individual tree decisions. RF outperforms other classifiers without the risk
of overfitting, doesn’t require feature scaling, and is more reliable when training sam-
ples are selected (Misra et al., 2020).

CART is a data modeling technique that utilizes a tree-like structure, where each in-
ternal node represents a decision, and each leaf node represents a class label (for clas-
sification) or a continuous value (for regression) (Breiman et al., 2017). The tree’s
construction involves binary splitting at each internal node based on a chosen feature
and a threshold value. The objective is to partition the data to minimize impurity (for
classification) or error (for regression) in the resulting subsets. CART employs impurity
measures such as Gini impurity and cross-entropy for classification tasks, evaluating the
disorder or impurity of a set of class labels. For regression tasks, mean squared error
serves as the impurity measure. The tree structure is created through a recursive par-
titioning process, starting with the entire dataset and iteratively splitting it into subsets
based on selected features and thresholds until a stopping criterion is met. Stopping cri-
teria include maximum tree depth, minimum samples required for a split, or a minimum
impurity reduction threshold to prevent overfitting. Once these criteria are satisfied, the
tree-building process halts, generating a leaf node. After constructing the full tree,
CART may undergo pruning to enhance generalization by removing subtrees that do
not significantly improve predictive accuracy. To make predictions, a new data point
traverses the tree from the root to a leaf node.

REP constructs a decision or regression tree by employing information gain/variance

reduction and prunes it using reduced-error pruning (Witten & Frank, 2002). The REP
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tree features nodes representing decisions based on features and leaves representing
class labels or distributions. The unique strategy of reduced error-pruning in REPTree
involves eliminating branches that do not enhance performance on validation data after
building an initial DT with training data. This approach helps prevent overfitting, mak-
ing the tree more adaptable to new data. REPTree employs impurity measures such as
Gini impurity or entropy to identify the optimal feature for splitting.

ET method constructs an ensemble of unpruned decision trees using a top-down ap-
proach. In contrast to other ensemble-based classifiers that utilize bootstrap replicas of
the data sample, ET grows trees using the entire learning sample (Geurts et al., 2006).
The algorithm forms an ensemble model by iteratively splitting the original learning
sample. The key parameters governing the algorithm are k, denoting the number of
attributes randomly selected at each node, and nmin, specifying the minimum sample
size for node splitting.

NB classifier is a straightforward yet potent predictive modeling tool. It learns param-
eters by analyzing each feature individually and computing simple per-class statistics.
The model incorporates both the probability and conditional probability for each class
from the training data. Using the probability model, Bayes’ theorem is employed to
predict new data. When dealing with real-valued data, evaluating these probabilities
is facilitated with the assistance of the Gaussian distribution (Shobha & Rangaswamy,
2018).

KNN selects the K nearest data points from the training set based on the distance be-
tween the new data point and all data points in the set. In classification, it tallies the
class labels of these K neighbors and determines the most frequently occurring class
label, assigning it as the predicted class label for the new data point. In regression,
the algorithm calculates the average (mean) of the target values of these K neighbors,
designating the mean as the predicted target value for the new data point (Rasjid & Se-
tiawan, 2017).

SVM is a machine learning algorithm that employs decision planes to classify data
based on decision boundaries. Each sequence’s residual attributes are encoded to create
a specific feature vector. The input vectors are transformed into a high-dimensional
space during SVM model training. The algorithm then seeks to locate separating hy-
perplanes that maximize the margin between datasets for each available class in an
N-dimensional space (Castelli et al., 2018). SVM utilizes radial basis or polynomial
function kernels to transform input data into a higher-dimensional space. In regres-
sion, it focuses on fitting a hyperplane that captures a margin of error specified around

the data points. The training set comprises input-output pairs, with each input corre-
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sponding to a target value. The objective is to find the hyperplane that minimizes the
deviation of predicted values from actual values within the designated error margin.
SVM can use a kernel function to handle non-linear relationships between inputs and
targets. It is versatile, handling both linear and non-linear data, and has been shown to
outperform ANN and DT without requiring a large training dataset.

Bagging is an ensemble learning technique that helps reduce both dataset variance and
bias. The approach consists of creating several random subsets of training data. This
is achieved using bootstrap sampling, where data points are randomly selected from
the original training dataset with replacement. After generating these bootstrap sam-
ples, each decision tree model is trained independently. Each model captures varying
patterns and relationships in the data. During the prediction phase, each independently
trained model makes predictions based on the test data. The predictions from each
model are averaged for regression tasks, while a majority or weighted vote is used to
combine the predictions for classification tasks. The use of Bagging effectively im-
proves the model’s performance and robustness by leveraging diverse models trained
on different subsets of the data.

CNN is a deep neural network used for classification. It consists of one or more con-
volutional layers. The neurons in the convolutional layer perform discrete convolutions
on the output of the preceding layer. The input layer takes a matrix of input data values.
The dimensions of this matrix depend on the dataset. The convolutional layers apply fil-
ters (kernels) to the input to create feature maps. The pooling layers (e.g., max pooling)
can be used to reduce the spatial dimensions of the input. This helps in reducing com-
putational complexity and focusing on the most important features. The flattening layer
can be used to flatten the output of the preceding layer into a one-dimensional vector.
The fully connected layers or dense layers in which each neuron is connected to every
neuron in the previous layer and neuron weights are adjusted during training to learn
the patterns in the data. The output layer produces the final classification. The number
of neurons in the output layer corresponds to the number of classes in the classification
task. Common activation functions include softmax for multi-class classification. The
activation function can be applied at the convolutional, dense, and output layers to intro-
duce non-linearity. The activation function typically includes the Rectified Linear Unit
(ReLU), Sigmoid, and Softmax. The ReLU activation function is represented in Eq.
(1.1) (Tharsanee et al., 2021). If x is positive, it directly outputs the input, x; otherwise,

it outputs zero, and the neurons will be disconnected from the network.

ReLU(x):{x’ if x is positive} (L.1)

0, otherwise
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The Sigmoid activation function is represented by o (x) and is defined in Eq. (1.2)
(Chakraborty et al., 2018). It maps an input to a value between O and 1.

B 1
C l4e*

o(x) (1.2)
The Softmax activation function converts raw scores into probabilities, ensuring the
sum of probabilities is 1. It is denoted as in Eq. (1.3) ((Gao et al., 2021)), where x is
the vector of raw outputs from the neural network. The i entry in the output vector

indicates the predicted probability of input belonging to class i.

et

Softmax(x); = ———
1}[:1 e’i

(1.3)

ELMs builds an ensemble of unpruned decision trees using a top-down approach. It
splits nodes by selecting cut points completely at random. Unlike other ensemble-based
classifiers, rather than using a bootstrap replica of the data sample, the trees are grown
using the full learning sample (Geurts et al., 2006). ELMs are feedforward neural
networks with a single layer of hidden nodes or numerous layers, which converge faster
than traditional methods and produce promising results. The ELM does not require
hidden nodes/neurons to be adjusted, contrary to popular perception in neural network
generalization theory, linear theory, and control theory. Unlike ANN, which distributes
hidden nodes regularly, ELM assigns hidden nodes randomly, creates biases and input
weights for hidden layers, and uses least-squares methods to estimate output weights.
By randomly allocating weights, the ELM avoids iterative training that creates local
minima (Kouadio et al., 2018).

MLP is a feedforward neural network that utilizes interconnected neurons organized
into multiple layers. This architecture facilitates data flow from the input layer
through one or more hidden layers, culminating in the output layer. The input layer
comprises neurons representing the features of the analyzed data. Hidden layers, one
or more in number, can intervene between the input and output layers. The quantity
of hidden layers and neurons within each layer can be adjusted as hyperparameters.
The output layer generates the final predictions, with each output node representing
the probability of belonging to classes in classification tasks. In regression tasks, an
output node typically produces a continuous numerical prediction. Within an MLP,
each neuron conducts a weighted sum of its inputs, applies an activation function, and
generates an output. The activation function introduces non-linearity, enabling the

network to capture intricate relationships in the data. Available activation functions
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include Sigmoid, Softmax, and ReLU. Connections between neurons are associated
with weights, determining the strength of connections. Additionally, each neuron has
an associated bias term contributing to the weighted sum shift. Data is fed into the
network from input to output layers during the forward propagation phase. Neurons
calculate their weighted sum, apply the activation function, and produce outputs.
Backpropagation is employed to update weights and biases to train an MLP. This
involves computing gradients of a loss function based on the network’s parameters and

adjusting parameters using optimization algorithms like gradient descent.

1.5 Motivation for Soil Fertility Classification

Maintaining soil fertility is crucial for sustainable development, encompassing environ-
mental, economic, and social aspects. The decline in soil fertility and improper fertilizer
management can lead to food crises, affecting the global population. Fertile soil is es-
sential to support plant growth, yield and to produce healthy food. Each soil nutrient
plays a specific role during the crop growth cycle. Inadequate or excessive nutrition
can lead to crop diseases, reduced crop yield and quality, and the growth of bacteria
or pests, ultimately limiting crop yield. In addition, climate conditions can also impact
the soil parameters, reducing soil fertility and causing environmental pollution. An ad-
equate amount of fertilizers must be applied appropriately to improve crop productivity
and limit fertilization costs. While evaluating soil nutrient levels in the laboratory can
be costly and time-consuming and generate chemical residues, non-chemical methods
such as spectroscopy or hyperspectral airborne sensors require high initial equipment,
maintenance, and labor costs. Therefore, there is a need for a cost-effective and robust
approach to classify soil fertility.

1.6 Challenges in Classifying Soil Fertility

The soil fertility classification to increase agriculture productivity involves various chal-

lenges.

* Measuring soil nutrient levels in the laboratory can be time-consuming and ex-
pensive. It also has the potential to create chemical residues, which can harm
the environment. While non-chemical techniques like hyperspectral airborne and
multispectral sensors can measure soil nutrients, they require a significant ini-
tial investment in equipment, maintenance, and labor. Therefore, collecting data

using real-time proximal sensors is necessary to address these challenges.
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» The traditional practice of assessing soil fertility involves manual collection of
soil samples, followed by chemical analysis and manual data entry. This pro-
cess often results in missing values and irrelevant data, making data preparation

insignificant.

* Soil fertility varies based on soil properties, and using a global taxonomy for data

labeling is crucial.

* Soil testing is usually done before crops are cultivated using traditional methods.
However, this approach may lead to imbalanced data, which can cause overfitting
or underfitting of the learning model. The main challenge is to select an appro-
priate oversampling technique to increase the samples of the minority classes.
Choosing and fine-tuning the hyperparameters is also necessary to ensure accu-

rate classifications.

* Determining the right fertilizer prescription requires considering the region, crop
type, cultivation season, and climate conditions. Additionally, organic or chemi-
cal fertilizers may be necessary to address nutrient deficiencies in the soil. Choos-

ing the appropriate type and quantity of fertilizer can be a difficult task.

* Farmers need to receive early warning messages about soil fertility to ensure they
can take the necessary steps to produce high-quality crops in large quantities. Ad-
ditionally, there is a requirement for a low-cost and accurate model for estimating

soil fertility based on real-time data.

* Soil nutrients play a crucial role in the growth cycle of crops. Each nutrient has
specific functions, and both a deficiency and an excess of these nutrients can
lead to crop disease and a reduction in yield and quality. The application of
fertilizer depends on the crop type and the specific location. Therefore, applying
an appropriate amount of fertilizer at the right time for each crop and geolocation

is important.

16



1.7 Research Contributions

This research aims to analyze farming from the viewpoint of reducing the costs of soil
fertilization with high crop productivity and quality. In this context, the prime objec-
tive is to classify soil fertility as LOW, MEDIUM, or HIGH based on the chemical

parameters of the soil using ML-based and deep learning-based techniques.

The significant contributions of this research work are:

* It proposed ML-based soil fertility classifiers to classify soil fertility based on
soil chemical parameters. The ML-based classifiers such as NB, LR, SVM, J48,
Bagging, BRT, and RF were used to classify the soil as LOW, MEDIUM and
HIGH fertile soil. The classifiers were developed using laboratory-measured soil
chemical parameters such as EC, pH, OC, P, K, S, Zn, B, Fe, Cu, and Mn.

» The site-specific soil parameters are essential for precise soil fertility classifica-
tion. In this research values for soil chemical parameters such as EC, pH, OC,
and N are derived using Sentinel-2 data. The generated dataset is labeled us-
ing various clustering approaches. To increase the clustering accuracy, this study
suggests using Canopy Center-based Fuzzy-C-Means clustering and compared it
with manual labeling and other clustering techniques such as Canopy, Density-
based, Expectation-Maximization, Farthest-first, k-Means, and Fuzzy-C-Means
clustering. ML-based classifiers such as NB, SVM, J48, and RF were applied
on the generated dataset, to classify the soil fertility as LOW, or, MEDIUM, or
HIGH.

* This research work focuses on developing a robust machine learning-based clas-
sification approach by employing prominent features recommended by the en-
semble filter-based feature selection. To overcome the inconsistency in generat-
ing different feature scores, an ensemble filter-based feature selection is devised
using three different filter-based feature selection approaches: Information Gain
(InfoG), Gain Ratio (GainR), and Relief Feature (ReliefF). Two different datasets
of different climate zones were used to evaluate the robustness of the proposed
approach. The proposed method selects relevant features among 11 soil parame-
ters such as EC, pH, OC, B, Cu, Fe, Mn, P, K, S, and Zn present in the datasets.
Furthermore, ML-based classifiers such as CART, ET, J48, RF, REP, NB, and
SVM were employed to classify the soil fertility. The proposed method includes

fertilizer prescriptions based on classification results.
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* The research introduces a 2D CNN-based soil Fertility classifier and fertilizer
prescription. The soil fertility is classified as HIGH, MEDIUM, or LOW fertile
based on the chemical measurements of soil parameters, including pH, EC, OC,
P K, S, Zn, B, Fe, Cu, and Mn. The experiments were conducted by varying
kernel size from 3x3 to 7x7 and input grid size from 11x11 to 13x13. Further,
to improve the performance of the classifier the dataset was oversampled using
Synthetic Minority Oversampling (SMOTE) technique, and the experiments were

conducted using the oversampled dataset.

* To overcome the limitations of 2D CNN-based classifier, the research proposes a
1D CNN-based soil fertility classifier. To classify soil fertility, the classifier em-
ploys laboratory-measured soil data that encompasses EC, pH, OC, K, P, S, B, Cu,
Fe, Mn, and Zn. The proposed approach employs MinMax normalization and the
SMOTE to improve the classifier performance. The results of soil classification
are used to recommend fertilizers. The performance of the proposed approach

was compared with ELM and MLP classifiers.

* The Symbolic Deterministic Finite Automata (SDFA)-based soil fertility classi-
fier was proposed to classify soil fertility as LOW, or MEDIUM, or HIGH based
on pH, EC, OC, and N. The proposed approach was assessed using Sentinel-2 re-
motely sensed data and laboratory-measured soil-health data. The results of soil

fertility classification were used to recommend fertilizers.

* The real-time site-specific soil chemical parameter values are acquired using soil
proximal sensors such as NPK and EC-pH. The robustness of proposed ML-based

classifiers was tested using the collected real-time soil data.

1.8 Thesis Outline

This thesis work is organized into several chapters. Chapter 2 explores the method used
in the literature review and previous research on predicting or classifying soil fertility.
Problem definition and objectives of the research work are outlined based on observed
research gaps. In Chapter 3, ML-based classifiers for soil fertility classification are
discussed. Chapter 4 explores the automated fertilizer prescription modules developed
based on the classification results. Chapter 5 discuses on soil fertility classification

using Real-Time soil data. Chapter 6 delves into the conclusions and future works.
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CHAPTER 2
LITERATURE SURVEY

To identify nondestructive works dealing with soil fertility estimation, a review was
conducted by following the steps described in PRISMA (Moher et al., 2009; Page et al.,
2021). Using the following research questions, the study attempted to identify relevant

articles.

1.

2.

What are the different ways of assessing soil fertility?

Which are predominantly used soil properties in predicting or classifying soil
fertility?

What are the different ways of collecting soil data?
Which are different regions used for the study?

How was the performance of models evaluated?

This systematic review followed the methodology shown in Figure 2.1 (adapted
from Page et al. (2021)).

Identification: The relevant articles in the Scopus database were searched using the

following queries:

1.

TITLE-ABS-KEY (soil AND (fertility OR “spatial prediction””) AND (”machine
learning” OR “deep learning” OR artificial neural network” OR “remote sens-
ing”)) AND soil AND (chemical OR properties OR nutrient) AND (“machine

learning” OR “deep learning” OR “neural networks” OR 7statistical analysis™)

TITLE-ABS-KEY (("satellite image” OR “spectral features” OR ”’soil properties”
OR nutrient) AND (agriculture OR farming OR field OR agricultural OR agri-
culturally) AND (“remote sensing” OR sensing OR sensor) AND (estimation OR
prediction OR classification)) AND soil AND (chemical OR properties OR nu-
trient) AND (“machine learning” OR “deep learning” OR “neural networks” OR

“statistical analysis™)

. TITLE-ABS-KEY (soil AND fertilizer AND (recommendation OR regulation OR

prescription OR management) AND (“machine learning” OR “deep learning” OR
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sensing OR algorithm OR (precision AND model)) OR ”manure recommenda-
tion”) AND soil AND (chemical OR properties OR nutrient) AND (”machine

learning” OR “deep learning” OR “neural networks” OR ”statistical analysis™)

The queries filter articles based on approaches and soil properties used by searching
for a combination of terms such as soil and (machine learning/ deep learning/ neural
networks/ statistical analysis) and (chemical/ properties/ nutrient) in the article content.
Additionally, each query searches for specific keywords, abstracts, or titles. In query 1,
articles that discuss soil fertility or parameters derived from spatial prediction. Query
2 filters articles that use remote sensing or sensors to derive data and Query 3 searches
for articles on fertilizer prescription. The execution of these three queries on September
8t 2023, resulted in 492, 638, and 297 articles, respectively, resulting in 1427 arti-
cles from 2017 to 2023. Combining three queries removed the 105 duplicate articles.

Articles from database
a

£ 9 Springer
§ B I
S| >I1EEE “‘moenscmucs 8 _Exclusion
‘é é’ # of duplicate articles = 105
T (b4 Taylor francisOnling S 1 #of review articles = 143

arxiv.org| / B ° # of articles with irrelevant

Mbpy = | | ofaticles il
Wiley Online Library ~ ~ subject area = 323
-y : Exclusion
= . )
‘2 Screcning _1# of non-English articles = 40
g : # of articles with no full
5 # of articles screened = 856 01 articles with no
n access =222
Y
2z
= || Full text articles assessed for Full text articles excluded
’E,J eligibility > # of articles not focused on
2 # of articles = 594 soil fertility = 552
v

= | Articles included for Review
-% # of articles focused on soil
% fertility estimation or fertilizer
=
= recommendation = 42

Figure 2.1: Methodology used in review process

Furthermore, the 143 review articles were removed by searching for the document type

“Review” and terms in the title such as case study, literature, review, overview, study, or
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survey. The remaining 1179 articles were further analyzed for irrelevant subject areas
and 323 articles belonging to irrelevant subject areas were removed.

Screening: A screening of the 856 articles resulted in 40 non-English articles and 816
English articles. In addition, 594 full-text English articles were downloaded through
”Scopus Document Download Manager” (229 articles), followed by downloads from
publishers’ sites (365 articles).

Eligibility: The 594 articles were filtered to remove those not addressing soil fertility
estimation. There were 552 articles focused on irrelevant topics, such as soil moisture
landslides, crop yield, soil type, texture, and erosion.

Inclusion: A detailed study using 42 relevant articles was carried out to analyze pa-
rameters, study area, and methodology used. Figure 2.2 presents the number of articles

reviewed.

£

# of articles

0
2017 2018 2019 2020 2021 2022 2023
Publication Years

Figure 2.2: Number of articles reviewed

2.1 Overview on Prior Works on Estimation of Soil Fertility

The assessment of articles on soil fertility relies on the methodology employed for es-
timating soil fertility and the soil properties considered. Numerous studies applied ML
methods for soil fertility estimation. Table 2.1 presents an overview of soil fertility
prediction or classification research. Researchers utilized regression techniques such
as LinR, MLR, ER, RR, SR, LASSO, CR, PCR, PLSR, iPLSR, GPR, BRT, and Cu-
bist, along with classification approaches like LR and hybrid classification-regression
approaches such as DT, RF, CART, REP, M5 tree, ET, NB, KNN, and SVM to predict

variations in soil parameters or classify soil fertility.

Most prior works employed regression techniques to predict variations in soil pa-
rameters such as Cu, EC, K, N, OC, OC stock, OM, P, salinity, etc. Biichele et al.
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(2019) predicted variations in Fe and K, while Tavares et al. (2023) predicted variations
in Ca and K. Inoue et al. (2020) predicted soil fertility based on variations in OC and
N. Furthermore, Chougule et al. (2019) and Coulibali et al. (2020) predicted variations
in N, P, and K, while Abera et al. (2022) and Hu et al. (2023) predicted variations in N,
P K Sand N, P, K pH, CEC, OM, respectively. Hengl et al. (2017) predicted variations
in OC and total N, total P, and extractable P, K, Ca, Mg, S, Na, Fe, Mn, Zn, Cu, Al, and
B, whereas Kouadio et al. (2018) predicted soil fertility based on pH, B, Ca, K, Mg, N,
P, S, Zn, and OM. Keshavarzi et al. (2023) predicted variations in Fe, Mn, Zn, and Cu.
To enhance accuracy, Sirsat et al. (2018) utilized VFIs of Fe, Mn, P,Os, OC, and Zn.

Classification methods were also employed in soil fertility studies. For instance,
Sirsat et al. (2017) utilized various methods such as DT, KNN, RF, NB, REP, SVM,
MLP, RBF, bagging, and AdaBoost to classify soil fertility into low, medium, or high
categories based on laboratory measurements of several factors including EC, pH, N,O,
K>0, SOy, Zn, Fe, OC, Mn, and P,05. Bagherzadeh & Gholizadeh (2017) used MLP
to classify soil fertility as high, moderate, or marginal based on laboratory measure-
ments of EC, Calcium Carbonate (CaCO3), OC, and pH. Additionally, Khanal et al.
(2018) classified soil fertility using remotely sensed soil images, and Fernandes et al.
(2019) employed the MLP classifier to classify the fertility of OM as good or excellent.
Moreover, Delavar et al. (2020) classified soil fertility based on salinity into different
classes, and Gulhane et al. (2023) used the MLP classifier to classify soil fertility into
LOW, NORMAL, or HIGH categories based on laboratory measurements of P, Fe, and
pH. Few researchers suggest fertilizers to increase soil fertility. Chougule et al. (2019)
recommended fertilizers to increase N, P and K. Ransom et al. (2019) recommended
nitrogen fertilizer. Coulibali et al. (2020) suggested the N, P, K fertilizer dosage. Abera
et al. (2022) recommended fertilizers to improve N, P, K, and S. Sirsat et al. (2017)
recommended fertilizers based on N>O, K»0, P,0s5.

Table 2.2 summarizes the soil parameters employed in previous research. Re-
searchers commonly used laboratory-measured soil parameters such as EC, pH, OC,
soil minerals: Al, B, Ca, Cl, Cu, Fe, K, Mg, Mn, N, P and extractable P, S, Zn, OC
stock, salinity, OM, CEC, sodium (Na), N,O, K,0, SO4, and P,0s, potential acidity,
carbon (C), inorganic C, carbonate, bicarbonate, CaCQO3, Na absorption ratio. Some
researchers used multispectral images to predict variations in pH, K, Mg, OM, and CEC
(Khanal et al., 2018).

Few studies derived soil chemical parameters using satellite spectral bands. For
instance, Morgan et al. (2018), Gorji et al. (2020), and Delavar et al. (2020) derived
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salinity index (SI) using Sentinel-2 and Landsat-ETM+ spectral bands. Li et al. (2021)
derived OC using Sentinel spectral bands, while Peng et al. (2021) derived N, P, K using
hyperspectral data. Gulhane et al. (2023) used Sentinel-2 and Landsat-8 spectral band
information to derive P, Fe, and pH. Gholizadeh et al. (2018) compared soil texture and
mapping OC using Sentinel-2 satellite imagery data with those obtained from airborne
hyperspectral sensors and a spectroradiometer. Zia et al. (2019) proposed a real-time
low-dimensional prediction model to predict the total loss of N by measuring N in
fertilizer and manure using proximal sensors. In addition to soil chemical parameters,
researchers also considered the physical properties of the soil, including soil texture,

soil type, and soil density, among others.

Table 2.3 presents the study areas and auxiliary predictors used in the evaluated
works. Various auxiliary predictors such as the Enhanced Vegetation Index (EVI),
Canopy Red Edge Spectral Index (CRSI), Normalized Difference Vegetation Index
(NDVI), Enhanced NDVI (ENDVI), Enhanced Exaggerated Vegetation Index (EEVI]),
Soil-Adjusted Vegetation Index (SAVI), Green Difference Vegetation Index (GDVI),
Simple Ratio (SRatio), Enhanced Vegetation Index-2 (EVI2), Topographic Wetness In-
dex (TWI), Near-Infrared (NIR), and Visible-NIR (VNIR) were utilized to assess geo-

graphic regions and their impact on crop growth or yield.
2.2 Detailed Discussion on Review Articles

The researchers focused on the prediction or classification of soil fertility.

Bagherzadeh & Gholizadeh (2017) employed an MLP to predict land suitability for
alfalfa cultivation and classify its fertility. The predictors used in the model included
laboratory measurements of important soil parameters such as EC, CaCO3, OC, pH,
and soil texture. Additionally, climate parameters such as mean annual precipitation
and temperature and topological parameters, including depth, gravel content, slope,
gypsum presence, drainage conditions, and flooding, were considered. Based on these
predictors, the authors calculated a land suitability index that classified land fertility
as highly suitable, moderately suitable, marginally suitable, marginally not suitable,
or permanently unsuitable. The model’s performance was evaluated using correlation

coefficient values (R?).
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Table 2.2: Parameters used in previous research works

Author(s) Laboratory-measured soil chemical Satellite- Real-time Soil physical/ biological
parameters derived soil chemical parameters
soil parameters
chemical
parame-
ter
indices
Bagherzadeh & EC, CaCO3, OC, pH - - texture
Gholizadeh
(2017)
Hengl et al. OC, N, total P, and extractable P, K, Ca, - - -
(2017) Mg, S, Fe, Mn, Zn, Cu, Al, B, Na
Schillaci et al. oC - - texture
(2017)
Sirsat et al. (2017) | EC, pH, N>O, K,0, SOy, Zn, Fe, OC, Mn, - - soil type
P>0s
Deng et al. (2018) OC stock, pH, salinity, total N, P, K, CEC - - moisture, texture, soil type,
coarse fragment, and water
table depth, evaporation,
ground surface temperature
Khanal et al. pH, K, Mg, CEC, OM - - -
(2018)
Kouadio et al. pH, B, Ca, K, Mg, N, P, S, Zn, OM - - -
(2018)
Gholizadeh et al. oC oC - Texture: clay, silt, sand
(2018)
Morgan et al. salinity SI - -
(2018)
Sirsat et al. (2018) EC, OC, N,0, P,0s, K0, SOy, Cu, Fe, - - -
Mn, Zn, B
Wang et al. (2018) ocC - - -
Biichele et al. Fe, K - - texture: clay, loam, silt, and
(2019) sand
Chougule et al. N, K, P - - soil type
(2019)
Fernandes et al. OM, potential acidity, pH, Ca, Mg - - -
(2019)
Ghorbani et al. EC - - -
(2019)
Ransom et al. OC, N, CEC, C, inorganic C, OM, pH - - bulk density, texture: clay,
(2019) sand, silt,
Zhang et al. N - - soil type
(2019)

Zia et al. (2019)

N in fertilizer

and manure

soil moisture

Coulibali et al.
(2020)

pH, extractable P, K, Al, Mg, Ca

texture: clay, silt, and sand
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Table 2.2: Parameters used in previous research works Contd.

Author(s) Laboratory-measured soil chemical Satellite- Real-time Soil physical/ biological
parameters derived | soil chemical parameters
soil parameters
chemical
parame-
ter
indices
Delavar et al. EC, pH, Ca, CaCO3, K, soluble Na, Na salinity - -
(2020) absorption ratio indices:
SI1, S12,
S13
Gorji et al. (2020) Mg, Cl, carbonate, bicarbonate salinity - -
indices:
SI1, S12,
SI13
Inoue et al. (2020) OC, N - - -
Mahmoudzadeh ocC - - -
et al. (2020)
Zhang et al. K - - -
(2020)
Hossen et al. N - - -
(2021)
Li et al. (2021) ocC ocC - -
Parsaie et al. CaCO3, OC, N - - texture: sand, silt, clay
(2021)
Peng et al. (2021) N, P, K N,P, K - -
Shang et al. Cu - - -
(2021)
Shi et al. (2021) oM - - -
Abera et al. N,P K, S, OC, pH and CEC - - texture: clay, silt
(2022)
Aksoy et al. EC - - -
(2022)
Al Masmoudi OM, K>0 and P,0s - - -
et al. (2022)
Chang et al. oM - - -
(2022)
Xu et al. (2022) N - - -
Yang et al. (2022) ocC - - -
Chen et al. (2023) P - - -
Dos Santos et al. ocC - - -
(2023)
Gulhane et al. P, Fe, pH E Fe, ; -
(2023) and pH
Hu et al. (2023) oM, N, - - -
P, K
Keshavarzi et al. Fe,ZCu, Mn, - - clay, and sand
(2023) n pH
Tavares et al. Ca, K - - sandy-clay, sand-clay loam,
(2023) and sandy-loam
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Table 2.3: Region of study and auxiliary predictors used

Author(s) Study region Climate data Topographic Crop type, yield
used data used data, or other
satellite-derived
indices used
Bagherzadeh Joveyn plain, mean annual depth, gravel, Gypsum,
& Gholizadeh Khorasan-e- precipitation and slope drainage,
(2017) Razavi Province, mean annual flooding
northeast Iran temperature
Hengl et al. Sub-Saharan - - landform,
(2017) Africa lithologic and
land cover maps,
EVI
Schillaci et al. Sicily, Italy rainfall, soil erosion or Landsat-5
(2017) temperature decomposition, indices: NDVI,
land use EVI, SAVI,
MSAVI, NDMI,
NBR, NBR2,
NDSI
Sirsat et al. Marathwad, - - crops: bajra,
(2017) Maharashtra cotton, and
(State), India soybean
Deng et al. Zhejiang temperature, land cover, NDVI
(2018) Province, East precipitation, air topography,
China pressure, and geographical
sunshine location, and
farming practices
Khanal et al. Madison County, - aspect, elevation, corn
(2018) Ohio, USA roughness, slope,
flow direction
Kouadio et al. Central rainfall, - coffee
(2018) Highlands, temperature, and
Southern solar radiation
Vietnam
Gholizadeh Czech Republic - - -
et al. (2018)
Morgan et al. northwest Cairo - - NDVI, MSI, SI
(2018)
Sirsat et al. Marathwad, - - -
(2018) Maharashtra
(State), India
Wang et al. eastern Australia rainfall and slope, elevation, NDVI, EVI,
(2018) temperature SAVI, MSAVI,
NDMI, NBR,
NBR2, latitude,
longitude,

fractional cover
data, radiometric:

potassium,
uranium, thorium
Biichele et al. | 12 different study rainfall, and aspect, TWI, NDVI, EVI,
(2019) sites all across temperature partial SAVI,
Germany contributing area, modified-SAVI,
multi-resolution NDMI, NBR,
valley bottom NBR?2, fractional
flatness, cover data,
multi-resolution radiometric
ridge top flatness,
plan curvature,
profile curvature
Chougule Maharashtra - - -
et al. (2019) (State), India
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Table 2.3: Region of study and auxiliary predictors used Contd.

Author(s) Study region Climate data Topographic Crop type, yield
used data used data, or other
satellite-derived
indices used
Fernandes Sao Paulo - - -
et al. (2019) (State), Brazil
Ghorbani Soofiyan City, - - latitude and
etal. (2019) Tabriz regions longitude
Ransom et al. US Midwest precipitation, - -
(2019) rainfall, growing
degree days, corn
heat units, and
Shannon
diversity index of
precipitation
Zhang et al. North China - - -
(2019)
Zia et al. University of precipitation crop cover, total
(2019) Cork, Dripsey N applied, days
catchment, south since last
of Ireland application of N,
day of the year
Coulibali Quebec, Canada cumulative - Potato crops
et al. (2020) precipitation,
Shannon
Diversity Index
for rainfall
distribution,
mean
temperature, and
number of
growing degree
days
Delavar et al. South of Urmia - - NDVI
(2020) Lake, Iran
Gorji et al. Western part of - - NDVI
(2020) Urmia Lake, Iran
Inoue et al. paddy field in - - Paddy, RSI,
(2020) Tomioka-machi, NDSI
Fukushima
region in Japan
Mahmoudzadeh Kurdistan rainfall, valley depth and NDVI, and SAVI
et al. (2020) Province, temperature terrain surface
Western Iran texture
Zhang et al. Chaobai River - - Landsat TM and
(2020) alluvial plain, OLI bands

Beijing, Tianjin
City, and Hebei
Province, China
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Table 2.3: Region of study and auxiliary predictors used Contd.

Author(s)

Study region

Climate data
used

Topographic
data used

Crop type, yield
data, or other
satellite-derived
indices used

Hossen et al. Sturgis, South humidity and - NDVI and
(2021) Dakota, USA temperature multispectral
characteristics
(Red, NIR, and
Green)
Liet al. Ebinur Lake - slope, elevation, -
(2021) Basin, Eurasia and depth
Parsaie et al. Qorveh- - elevation, aspect, NDVI, B2, B11,
(2021) Dehgolan Plain, valley depth, SAVI,
Kurdistan channel network
province, Iran distance,
normalized
height,
convergence
index, direct
insulation, total
insulation,
midslope
position
Peng et al. Conghua district, - - -
(2021) Guangdong
Province, China
Shang et al. Dexing City, - - VNIR and SWIR
(2021) Jiangxi Province,
China
Shi et al. Guangxi - - Red, Fast data
(2021) State-owned lookup and
Huangmian Fraction of Data
Forest Farm, Remaining,
Liuzhou City, VNIR
China
Abera et al. Wheat growing precipitation, elevation and wheat
(2022) regions in maximum topographic
Ethiopia, East temperature, index.
Africa minimum
temperature, and
solar radiation.
Aksoy et al. Western part of - - NDVI, SAVI,
(2022) the Urmia Lake, EVI, GDVI,
Iran CRSI, SRatio,
EVI2, ENDVI,
and EEVI
Al Masmoudi Doukkala, - - -

et al. (2022)

Central Morocco
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Table 2.3: Region of study and auxiliary predictors used Contd.

(2023)

southeast and
central-west
region of Brazil

Author(s) Study region Climate data Topographic Crop type, yield
used data used data, or other
satellite-derived
indices used
Chang et al. northeast of - - Spectral
(2022) Jiamusi City, reflectance
Heilongjiang feature bands of
Province, different
Northeast China wavelengths
Xu et al. Kaifeng, north - elevation, and SWIR, NIR,
(2022) China Plain TWI MSI, NDSI,
NDVI
Yang et al. Aksu in Xinjiang, - - longitude and
(2022) northwestern latitude
China
Chen et al. Wheat and paddy temperature, - wheat, and paddy
(2023) farmlands in six humidity,
climate zones of | precipitation, and
China atmospheric
pressure.
Dos Santos Pernambuco, - - Spectroscopy
et al. (2023) Northeastern reflectance data:
Brazil VNIR and MIR
Gulhane et al. Baggi, - - NDVI
(2023) Ibrahimpur,
Mogra, and Wai
villages in
Amravati
(district),
Maharashtra
(State), India.
Hu et al. farmland soil of mean annual aspect, slope, population
(2023) Jiangxi Province, | temperature and TWI, and density
southern China precipitation multi-resolution
valley bottom
flatness
Keshavarzi Neyshabur Plain, mean annual elevation, slope, Sentinel 2A:
et al. (2023) Iran temperature, TWI, Flow MSAVI2, topsoil
precipitation, Accumulation, grain size index,
precipitation and Stream Saturation index,
seasonality, total power index Normalized clay
solar radiation index, NDVI, and
GNDVI
Tavares et al. Field at the - - VNIR

Hengl et al. (2017) used XGBoost to predict variations in soil parameters, including

OC, N, P, and extractable elements such as P, K, Ca, Mg, S, Fe, Mn, Zn, Cu, Al, B, and
Na in soil samples collected from Sub-Saharan Africa. To enhance prediction accuracy,
the researchers incorporated auxiliary predictors such as landforms, lithologic informa-

tion, land cover maps, and EVI. The performance of the XGBoost model was evaluated

using the R?.
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Schillaci et al. (2017) predicted the variation in soil OC. The study utilized a combi-
nation of laboratory measurements of OC, land use, and soil texture. Additionally, var-
ious environmental data, including Landsat indices, climate information (rainfall, tem-
perature), and topographical data collected through Global Positioning System, were
incorporated as predictors. The concentration of OC served as the target variable, and a
total of 25 predictors were considered, encompassing factors such as rainfall, tempera-
ture, soil texture, topographic indices related to soil erosion or decomposition, land use,
and Landsat-5 indices. Soil samples were collected from regions in Sicily, Italy, and
Geographic Information System was utilized to collect environmental parameters. The
performance of the approach was evaluated using standard deviation and pseudo-R?.
The results indicated that the remote sensing approach, incorporating factors such as
rainfall, soil texture, temperature, land use, and topographic indices, was less uncertain
compared to an approach without remote sensing. The study concluded that rainfall,
soil texture, temperature, land use, and topographic indices were identified as key de-
terminants of the concentration of soil OC. Moreover, remote sensing and topographic

indices were effective in accurately estimating the concentration of OC.

Sirsat et al. (2017) compared twenty classifiers, including AdaBoost, Bagging, DT,
KNN, RF, NB, and SVM. The aim of the study was to classify the VFI of four soil nutri-
ents: Fe, Mn, OC, and P,0O5. The classification was based on chemical measurements
of EC, K,0, N»O, pH, SOy, Zn, and soil type. The VFI for each soil nutrient was calcu-
lated by considering the number of patterns classified as LOW, MEDIUM, and HIGH
in each village. The objective was to determine the fertility level of soil nutrients to
provide recommendations for suitable crops and fertilizers. Fertilizer recommendations
were tailored for three prominent crops in Marathawada, Maharashtra, namely, bajra,
cotton, and soybean, based on measurements of K, O, N>O, and P,0s. The performance
of each classifier was evaluated using Cohen kappa statistics, confusion matrix, and the
Friedman rank test. The RF classifier demonstrated the highest accuracy in classifying

soil type and OC-VFI, indicating its effectiveness in predicting soil fertility levels.

Deng et al. (2018) employed various regression models to estimate the amount of
OC stock in the topsoil of cultivated regions in Zhejiang province, East China, through-
out the year. The regression models included BRT, General Linear Model, kriging, and
RF regressor. The study incorporated a wide range of predictor variables, encompassing
pH, salinity, total N, P, K, CEC, soil moisture, soil texture, soil type, coarse fragments,
water table depth, evaporation, ground surface temperature, air temperature, precipita-
tion, air pressure, sunshine, geographical features land cover, topography, geographical

location, and farming practices. The NDVI derived from Moderate-resolution Imag-
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ing Spectroradiometer spectral bands was also considered a predictor variable. The RF
model exhibited the best performance among the regression models, with the lowest
RMSE and a high R?. This indicates that RF was the most effective in estimating the

OC stock in the topsoil based on the given set of predictor variables.

Khanal et al. (2018) utilized site-specific precision agriculture to generate high-
quality and cost-effective yield and soil maps in a timely manner. They integrated ML
techniques with remotely captured soil image maps to enhance the accuracy of predict-
ing crop yield and fertility levels of pH, K, Mg, OM, and CEC in spatial dimensions
compared to conventional methods. The data collection involved using multispectral
aerial images captured by a Leica ADS80 airborne digital sensor and Lidar data. This
information was used to derive topographic and yield data for corn crops. The field-
based data included soil properties such as pH, K, Mg, CEC, and OM, collected from
various fields in 2013. Several machine learning methods were employed, including
LinR, CR, GB, MLP, and SVM with linear and radial kernels. Among these models,
the MLP model exhibited superior performance, achieving the highest R? and the low-
est RMSE. This indicates that the MLP model outperformed other machine learning
models in accurately predicting crop yield and soil fertility levels based on the provided

predictor variables.

Kouadio et al. (2018) aimed to assess the effectiveness of RF and MLR in analyzing
soil fertility and predicting coffee yield, specifically focusing on Robusta coffee. The
data collection spanned 2013 to 2014 and involved the analysis of various soil variables,
including pH, B, Ca, K, Mg, N, P, S, Zn, and OM. The goal was to develop different
models to select the most optimal soil parameters for predicting coffee yield. In ad-
dition to soil variables, the researchers considered climate variables such as rainfall,
minimum and maximum temperature, and solar radiation to enhance the accuracy of
yield predictions. Model performance was evaluated using several metrics, including
RMSE, Mean Absolute Error (MAE), Nash-Sutcliffe’s coefficient (NS), Willmott’s In-
dex (WI), and Legates-McCabe’s Index (LMI). The results of the evaluation indicated
that RF produced more accurate estimations compared to MLR. This suggests that the
RF model outperformed MLR in predicting coffee yield based on the provided soil and

climate variables.

Gholizadeh et al. (2018) compared the effectiveness of using different sources of
data, including Sentinel-2 satellite imagery, a spectroradiometer, and airborne hyper-
spectral sensors, for mapping soil texture and OC. The data were collected from four

agricultural sites situated in the Czech Republic. The researchers created a separate
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model for each site using Multivariate (MV) regression techniques. To assess the per-
formance of the models, they employed evaluation metrics such as the standard devi-
ation, covariance, and correlation matrix. The experimental results indicated that the
lab spectroscopy method yielded better prediction accuracy for OC data when com-
pared to the models developed using airborne and Sentinel-2 data. However, the study
emphasized the advantages of Sentinel-2 data, including frequent revisits and broader
coverage, which can improve the model’s performance. Despite the differences in pre-
diction accuracy, the research highlighted the potential of utilizing satellite imagery,

especially Sentinel-2 data, for soil mapping applications.

Morgan et al. (2018) employed MLR to monitor soil salinity. The study utilized
soil data and Sentinel-2 satellite imagery collected from northwest Cairo. Three differ-
ent approaches were employed for data preprocessing: reflectance data of six selected
Sentinel-2 bands, PCA of the selected bands, spectral indices derived from Sentinel-
2 bands. The researchers evaluated three spectral indices, including NDVI, Moisture
Stress Index (MSI), and the derived SI, for predicting soil salinity. The results indicated
that combining the reflectance data of the shortwave infrared band of Sentinel-2, NDVI
spectral index, and PCA provided the best performance when designing the ANN. The
accuracy of salinity estimation using MLR was compared with laboratory-measured

estimation using R?, and the results demonstrated promising performance.

Using a pedotransfer function, a mathematical relationship can be used to predict
soil properties that are missing, expensive, or time-consuming to measure (Yao et al.,
2015). Sirsat et al. (2018) utilized regression techniques along with pedotransfer to pre-
dict numeric values of VFI for various soil nutrients, including Fe, Mn, OC, P,05, and
Zn. The researchers employed regression techniques from 20 families, such as bagging,
boosting, LASSO, ET, RF, RR, SVM, and among others. To evaluate the performance
of the regression models for different nutrients, the researchers used various measures
such as RMSE, R%, WI test, and Friedman rank test. The results showed that ET per-

formed better than other regression techniques.

Wang et al. (2018) employed BRT and RF to estimate the stock of OC in eastern
Australia. They utilized field data and Geographic Information System-based environ-
mental variables, including climate, topography, and Landsat-5 indices. Feature se-
lection was performed using the SR method and Genetic Algorithms (GA) to identify
predictors for training the BRT and RF models. The results indicated that the RF model,
coupled with the GA for feature selection, outperformed the BRT model in predicting
OC stocks. The RF model exhibited the lowest RMSE and the highest R?, highlighting
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its superior performance in estimating OC stocks in the specified region.

Chougule et al. (2019) developed an ontology-based system to recommend fertiliz-
ers and crops. The recommendations were made by considering soil type, as well as the
levels of N, P, and K, along with historical data stored in an ontology. The system em-
ployed k-means clustering and RF regression to recommend crops and fertilizers. The
data used for the recommendations were collected from various regions in Maharashtra,
India. Crop recommendations were tailored to specific regions, while fertilizer recom-
mendations were based on the levels of N, P, and K. This approach aimed to leverage
ontology-based data storage and machine learning techniques to enhance the precision

of crop and fertilizer recommendations.

Fernandes et al. (2019) aimed to assess the accuracy of predicting OM levels using
different predictors, including potential acidity, pH, Ca, and Mg. The dataset for analy-
sis comprised 8556 soil samples collected from Sao Paulo state in Brazil. To predict OM
levels, the researchers employed a MLP with two hidden layers. The MLP had vary-
ing numbers of neurons in the hidden layers, ranging from 4 to 20. The performance
of the MLP was assessed using several evaluation metrics, including R2, RMSE, mean
error, and confidence coefficient. The results indicated that the MLP exhibited superior
performance compared to other models in both the calibration and validation phases.
It achieved the lowest RMSE and the highest R? values, suggesting its effectiveness in

predicting OM levels in the soil samples.

Ghorbani et al. (2019) aimed to predict EC using a hybrid model called MLP-FFA,
which combines a MLP with the Firefly Algorithm. The performance of this hybrid
model was compared with standalone MLP and kriging models. The study employed a
grid sampling scheme, collecting 126 soil samples to measure the EC in the Soofiyan
City, Tabriz regions. For evaluation, the researchers used different metrics, including
RMSE, NS, WI, and LMI. The results indicated that the hybrid MLP-FFA model out-
performed the other models in terms of accurately estimating EC, showing lower RMSE
and higher WI, NS, and LMI values.

Ransom et al. (2019) focused on enhancing N prediction for corn by utilizing soil
and weather data from 49 sites in the US Midwest. Their objective was to recom-
mend an optimal nitrogen fertilizer for corn. To achieve this, various statistical-based
approaches and machine learning-based regressors were compared to assess their per-
formance in predicting optimal N. The methods evaluated included ER, PLSR, LASSO,
RR, PCR, SR, DT, and RF. The results of the study indicated that the RF regressor out-

performed other methods when soil and climate data were considered. RF exhibited
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reduced RMSE and the highest R?, suggesting its effectiveness in predicting optimal N

for corn in the given context.

Zhang et al. (2019) aimed to determine the total N content in different types of soil
using spectral wavebands obtained through a spectrometer. The soil samples were col-
lected from various regions of North China. The researchers employed a method to
select sensitive wavebands based on their relevance to the target variables, spectral in-
formation capability, and waveband redundancy. The selection process involved using
the Mutual Information algorithm and a combination of Mutual Information and Ant
Colony Optimization. Subsequently, the researchers developed PLSR based on full-
spectral information, as well as MLR and SVM models based on the selected wave-
lengths. The comparison of these models was performed using metrics such as R? and
RMSE. The study’s results revealed that the MLR and SVM models outperformed the
PLSR in predicting total N content in the soil.

Zia et al. (2019) recommended using real-time low dimensional prediction mod-
els to accurately predict total loss of N, instead of relying on models developed using
large historical data sets with multiple parameters that are difficult to extract. They
developed models using four different algorithms, namely, M5 tree, MLR, MLP, and
REPTree. Villa-Vialaneix et al. (2012) utilized 11 parameters such as pH, precipitation,
temperature, bulk density, carbon, clay, N in fertilizer and manure, N from precipitation
and plant residue, and N from fixation to predict total N loss. Zia et al. (2019) used
an abstraction of the parameters employed in Villa-Vialaneix et al. (2012), reducing the
dataset parameters by 50%. They used parameters such as crop cover, precipitation, soil
moisture, N in fertilizer and manure, total N applied, days since last N application, and
day of the year. The real-time dataset they collected was from regions at the University
of Cork in the Dripsey catchment in the south of Ireland. The M5 tree-based model
outperformed the other algorithms, with high R?, least RMSE, and least RRSE.

Biichele et al. (2019) employed PLSR in combination with PCA to predict the levels
of Fe and K in soil samples. The soil samples were collected from twelve different
regions in Germany. The authors considered laboratory measurements of Fe and K and
soil texture variables, including clay, loam, silt, and sand. The predictive performance

of the model was assessed using metrics such as RZ, average deviation, and MAE.

Coulibali et al. (2020) compared the performance of the hierarchical Mitscherlich
model with ML regression models such as KNN, RF, ANN, and Gaussian processes.
The goal was to predict the appropriate dosage of N, P, and K fertilizers for potato

crops. The soil samples were collected from a field in Quebec, Canada. The laboratory
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measurements included pH, extractable K, P, Mg, Al, and Ca. Soil texture parameters,
such as clay, silt, and sand, were also considered. Additionally, various climate pa-
rameters, including cumulative precipitation, the Shannon Diversity Index for rainfall
distribution, mean temperature, and the number of growing-degree days, were included
in the analysis. The study found that the ML regression models, including KNN, RF,
ANN, and Gaussian processes, outperformed the Mitscherlich model, achieving higher

R? values.

Delavar et al. (2020) proposed a hybrid model that combined ANN and GA to pre-
dict soil salinity. The model utilized both supervised and unsupervised approaches.
Various data sources were incorporated into the model, including a 45-year soil salin-
ity map, remotely sensed data, SI, Salinity Ratio Index, and NDVI. The hybrid model
demonstrated high accuracy, evidenced by a high R? value and the least RMSE. Ad-
ditionally, the authors developed a time series salinity distribution map to predict the
variation in salinity over time. This suggests that the combined use of ANN and GA
provided an effective approach for predicting soil salinity and understanding its tempo-

ral dynamics.

Gorji et al. (2020) predicted salinity using LinR and MLR. The study focused on
the western part of Urmia Lake in Iran, and data sources included laboratory-measured
soil data and satellite data from Sentinel-2 and Landsat-8 OLI. The laboratory measure-
ments encompassed variables such as Mg, CI, carbonate, and bicarbonate. Additionally,
satellite-derived salinity indices and the NDVI were incorporated into the models. The
accuracy of the predictions was assessed using three performance indicators: RMSE,
R?, and MAE.

Inoue et al. (2020) compared PLSR and iterative iPLSR for evaluating soil fertility.
The study focused on soil samples collected from Tomioka-machi in the Fukushima re-
gion of Japan. Laboratory measurements included the levels of OC and N. Additionally,
Remote Sensing Indices and Normalized Difference Spectral Index were derived from
a portable spectroradiometer. The performance of the two regression methods, PLSR
and iPLSR, was assessed using metrics such as R?> and RMSE. The results indicated

that iPLSR outperformed PLSR in terms of accuracy for evaluating soil fertility.

Mahmoudzadeh et al. (2020) employed to predict variations in OC in the western
region of Iran. The research utilized a range of auxiliary predictors including air tem-
perature, rainfall, terrain surface texture, terrain vector roughness, and valley depth.
Various machine learning algorithms, including Cubist, KNN, SVM, XGBoost, and

RF, were compared in terms of their predictive performance. The results of the study
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indicated that RF provided the most accurate spatial distribution of OC, exhibiting the
lowest RMSE and higher R2. Furthermore, the study estimated that the total OC stocks
were highest in forest soils and lowest in bare land based on the spatial distribution
predicted by the ML models.

Zhang et al. (2020) employed MLR and ANN to estimate variations in the param-
eter K. Soil samples were collected from the Chaobai River alluvial plain, located in
the border area of Beijing, Tianjin City, and Hebei Province, China. Additionally, spec-
tral data were gathered from multispectral images acquired from Landsat TM and OLI
bands. The study focused on assessing the prediction accuracy of K over time using the
MLR and ANN models.

Hossen et al. (2021) used SVM and MLP to predict the amount of N present in soils
of Sturgis, South Dakota, USA. The researchers utilized laboratory estimations of N and
incorporated environmental predictors such as temperature and humidity. Additionally,
multispectral indices, including NDVI and multispectral bands (Red, NIR, and Green)
were used as features. The performance of the SVM and MLP models was evaluated
using the RMSE, and the results indicated that MLP outperformed SVM in terms of

accuracy.

Li et al. (2021) employed RF and Cubist models were employed to predict the
concentration of OC. The predictions were based on data collected from Sentinel-
1A/2A/3A satellites over the Ebinur Lake Basin in Eurasia. The researchers investi-
gated the variation in OC with respect to elevation, depth, and slope. The performance
of both algorithms, RF and Cubist, was evaluated using metrics such as Lin’s Concor-
dance Correlation Coefficient, MAE, RMSE, and RZ. The study findings indicated that

RF outperformed Cubist in terms of accuracy.

Parsaie et al. (2021) aimed to predict the amount of N using RF, DT, and Cubist.
The research was conducted in Kurdistan province, Iran, on the Qorveh-Dehgolan plain
lands. The researchers collected soil samples and obtained laboratory measurements of
key parameters, including CaCO3, OC, and N. Additionally, various soil characteris-
tics such as texture (sand, silt, clay), elevation, aspect, valley depth, channel network
distance, normalized height, convergence index, direct insulation, total insulation, mid-
slope position, and Sentinel-2 spectral data (NDVI, B2, B11, SAVI) were considered
as features for modeling. The results of the study indicated that RF exhibited the high-
est R%, lowest RMSE, and standard deviation among the models, suggesting that RF
outperformed DT and Cubist in predicting N levels.
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Peng et al. (2021) employed hyperspectral remote sensing to monitor soil nutrients,
specifically focusing on K, N, and P. The hyperspectral images used in the study were
acquired from the Huan Jing-1A satellite in October 2017, with a spatial resolution of
100 meters and a total of 115 bands. To estimate soil nutrient levels, the researchers
applied various regression models, including MLR, RR, SVM, and BPNN with a GA.
These models were used to predict the concentrations of K, N, and P in the soil. The per-
formance of these estimation approaches was evaluated using several metrics, including
R2, concordance correlation coefficient, ratio of performance to the interquartile range,
RMSE. According to the study’s findings, the BPNN with a GA demonstrated superior

performance as compared to the other approaches in estimating soil nutrient levels.

Shang et al. (2021) assessed the potential of satellite hyperspectral data in estimating
Cu levels in soil. To achieve this goal, the researchers employed GPR, BRT, bagging,
and SVM, to predict the levels of Cu. The soil samples used for the study were col-
lected from Dexing City in Jiangxi Province, China. Laboratory measurements were
conducted to determine the actual Cu levels in the soil samples. Additionally, multi-
spectral images were captured using the ZY1-02D satellite, which included bands in
the VNIR and SWIR regions. The performance of the different techniques was evalu-
ated using key metrics such as R? and RMSE. According to the study’s findings, GPR
exhibited the highest R? and the lowest RMSE, indicating that it outperformed the other

techniques in accurately predicting Cu levels in the soil.

Shi et al. (2021) employed PLSR, ANN, SVM, and RF to predict soil OM. Ad-
ditionally, Ranger and LASSO techniques were utilized for the selection of the most
relevant hyperspectral bands. The soil samples used for the study were collected from
Huangmian in Liuzhou City, China. The prediction of variations in OM was based on
laboratory-measured OM and hyperspectral data, including Red, Fast data lookup, and
Fraction of Data Remaining bands, as well as visible and near-infrared bands derived
from images captured by analytical spectral devices. According to the study’s findings,
the ANN with FDR performed the most accurately in predicting soil organic matter
(OM).

Abera et al. (2022) utilized a RF regressor to predict variations in nutrients, specif-
ically N (nitrogen), P, K, and S. The dataset used for building the model consisted of
yield response data collected over 31 years (1986-2017) from various wheat-growing
environments in Ethiopia. To enhance the prediction model, the researchers incorpo-
rated diverse climate variables such as rainfall, temperature, and solar radiation. Ad-

ditionally, topographic variables, including elevation and topographic index, were con-
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sidered. Soil parameters such as pH, OC, soil texture, and CEC were also included in
the dataset. The utilization of the RF regressor, combined with a comprehensive set
of variables, aimed to capture the complex interactions influencing nutrient variations
and provide accurate predictions for N, P, K, and S in wheat-growing environments in

Ethiopia.

Aksoy et al. (2022) focused on predicting soil salinity using CART, RF, and SVM.
Landsat-8 OLI and Sentinel-2A satellite bands were utilized to derive salinity and veg-
etation indices, with the primary goal of enhancing prediction accuracy. To assess and
compare the performance of the models, the authors employed five salinity indices (SI1,
SI2, SI3, SI4, and SIS) and nine vegetation indices (CRSI, EVI, EVI2, ENDVI, EEVI,
GDVI, NDVI, SAVI, and SRatio) in their analysis. The evaluation metrics used to
measure the performance of the models were RMSE and R?. The results of the study
indicated that the RF outperformed the other two algorithms, CART and SVM, in pre-
dicting soil salinity. The research contributes to the assessment of the suitability and
effectiveness of different ML algorithms in predicting soil salinity based on satellite-

derived data.

Al Masmoudi et al. (2022) focused on predicting the levels of OM, K,0, and P,05
in soil samples. To achieve this, they employed MLR, SVM, and RF. The soil sam-
ples were randomly collected from agricultural fields in Doukkala, located in central
Morocco. The accuracy of the models was assessed using two commonly used metrics
in regression tasks such as RMSE and the R%. The study’s findings indicated that all
three models: MLR, SVM, and RF produced promising R? scores when predicting OM

levels.

Chang et al. (2022) employed a combination of DPSO and BPNN to predict the lev-
els of OM in soil samples. The soil samples were collected from the northeast of Jiamusi
City, Heilongjiang Province, Northeast China. The methodology involved measuring
the spectral reflectance feature bands at various wavelengths and obtaining laboratory
measurements of OM. The combination of DPSO and BPNN was used as a predictive
model for estimating OM levels in the soil. The results of the study demonstrated that
the DPSO-BPNN method outperformed other approaches, achieving higher accuracy in
predictions. This was evidenced by having the least RMSE and the highest R2.

Xu et al. (2022) employed PLSR, RF, and SVM to estimate the spatial variability of
nitrogen (N) in the soil. The soil samples were collected from Kaifeng, a city located
in the North China Plain. The researchers utilized laboratory measurements of nitro-

gen (N) along with additional factors such as elevation, TWI, and satellite-derived data
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from various sources including Sentinel-2, Landsat-8, and WorldView-2. The satellite-
derived data encompassed bands such as SWIR, NIR, Multispectral Instrument, Nor-
malized Difference Snow Index, NDVI, Normalized Difference Red-edge Index, Red-
edge Chlorophyll Index, and MERIS Terrestrial Chlorophyll Index. The models based
on Landsat-8 and Sentinel-2 data exhibited higher accuracy compared to those based
on WorldView-2 data.

Yang et al. (2022) employed PLSR and BPNN to predict the OM content in soil
samples collected from Aksu, located in northwestern China. The authors utilized var-
ious feature selection algorithms, including Ant Colony Optimization, Particle Swarm
Optimization, and Simulated Annealing, to filter spectral features relevant to the pre-
diction of OM. The results indicated that BPNN with Particle Swarm Optimization out-
performed the other methods, achieving the highest R>.

Chen et al. (2023) aimed to predict the variation in P levels in soil using both Linear
Multiseriate and various ML regressors. The ML models included SVM, DT, RF, XG-
Boost, and LightGBM. Soil samples were collected from wheat and paddy farmlands
in China at different depths. Two datasets were used for model learning and testing:
Dataset 1, which included samples from all soil depths (0 to 170 cm), and Dataset
2, which only included samples from the topsoil layer (0 to 20 cm). The evaluation
of model performance involved several metrics, including RMSE, Mean Deviation,
MAE, and model effectiveness. The results indicated that ML methods, particularly
DT, RF, XGBoost, and LightGBM, outperformed Linear Multiseriate in estimating to-
tal P. These ML techniques demonstrated lower RMSE, Mean Deviation, and MAE,

indicating their effectiveness in predicting P levels compared to SVM.

Gulhane et al. (2023) employed Sentinel-2 and Landsat-8 data to derive indices for
three soil parameters: P, Fe, and pH. The yellowness index obtained through Sentinel-2
was utilized for calculating P, while the Ferrous and Carbonate indices derived from
Landsat-8 spectral bands were used for estimating Fe and pH, respectively. The re-
searchers predicted the soil parameter values for four villages—Baggi, Ibrahimpur,
Mogra, and Wai—in Amravati district, Maharashtra State, India. Soil fertility was clas-
sified into LOW, MEDIUM, or HIGH using MLP classifier. To assess the accuracy
of predicting the satellite-derived parameters, the results were compared to laboratory-

measured values, and the performance was evaluated using the R2.

Dos Santos et al. (2023) compared the performance of LASSO and PLS in estimat-
ing OC using spectroscopy reflectance data from soil samples in Pernambuco, North-

eastern Brazil. The study aimed to assess the ability of these two regression methods to
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predict OC levels in soil. The findings indicated that LASSO outperformed PLS in the
context of estimating OC. LASSO provided more accurate and reliable predictions of

OC content compared to PLS.

Hu et al. (2023) utilized RF to predict variations in soil nutrients, including OM,
N, P, K, pH, and CEC. The research was conducted in farmlands located in Jiangxi
Province in southern China. The authors collected laboratory measurements of soil
properties, including OM, N, P, K, pH, and CEC. Additionally, environmental variables
such as mean annual precipitation, mean annual temperature, slope, aspect, TWI, topo-
graphic position index, multi-resolution valley bottom flatness, and population density
were considered as predictors in the model. The study revealed significant spatial vari-
ability in soil properties, and the authors observed that climate factors had a dominant

effect on soil nutrients and organic matter.

Keshavarzi et al. (2023) employed RF and SVM to predict variations in soil proper-
ties, specifically Cu, Fe, Mn, and Zn. The research focused on the Neyshabur Plain in
Iran. The authors utilized a diverse set of predictors, including laboratory measurements
of soil properties such as Fe, Cu, Mn, and Zn, pH, and texture (clay and sand). Addi-
tionally, they incorporated various environmental and topographic parameters, such as
mean annual temperature, annual precipitation, total solar radiation, slope, profile cur-
vature, TWI, Flow Accumulation, Stream power index, and satellite-derived indices
from Sentinel-2: MSAVI2, topsoil grain size index, saturation index, normalized clay
index, NDVI, and Landsat 8 OLI indices: topsoil grain size index, saturation index,
normalized clay index, NDVI, GNDVI. The performance of the models was evaluated
using normalized RMSE, and the results indicated that RF outperformed SVM in pre-

dicting the variations in Cu, Fe, Mn, and Zn.

Tavares et al. (2023) aimed to predict the levels of Ca and K in soil. The authors
used regression models such as LinR, MLR, PLSR, and RF. The research focused on
soil samples collected from fields in the southeast and central-west regions of Brazil.
The laboratory measurements for Ca and K, and soil texture were classified as sandy-
clay, sand-clay-loam, or sandy-loam. Additionally, the researchers analyzed spectral
information in the VNIR range. The results of the study indicated that the RF model
outperformed the other regression models, achieving the highest R? and the least RMSE
in predicting the levels of Ca and K.
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2.3 Gaps in Literature

The literature study directed the way toward identifying some research gaps. To the best
of our knowledge, only a few research attempts have been made to classify soil fertility
using ML-based approaches. Thus, there is a need for significant research work in this

domain of research.

* Most of the research work has focused on using regression techniques to predict
changes in soil parameters, with very few researchers exploring soil fertility clas-
sification. Soil fertility is dependent on various chemical parameters such as EC,
pH, OC, macronutrients, and micronutrients. For optimal crop growth, soil nutri-
ents must be present in balanced proportions (Marschner, 2011). By accurately
classifying soil fertility, fertilizer recommendations can be tailored to meet spe-
cific soil needs. Previous research prescribed fertilizers to improve fertility levels
of some soil nutrients, but precise recommendations can be made through soil

fertility classification.

* The soil classification in previous studies involved N,O, P>0s, K>0, and SO;.
The estimation of N, P, K and S were performed using expensive methods such as
alkaline permanganate, Olsen’s, flame photometry, and atomic absorption spec-

trophotometry, respectively (Sirsat et al., 2017).

* The fertility of soil varies during the crop growth cycle. Previous research did not

measure soil parameters during dynamic crop growth.

* The previous works mainly used historical data collected using destructive meth-
ods for experimental purposes. In most former works, real-time soil sensor data

was not used.

* The fertility of soil varies based on climate The existing works have not measured
the performance of the classifiers by selecting soil data from different climate

zones.

* To reduce the cost of laboratory chemical analysis or the need for sensors, it’s

important to identify the most relevant soil parameters. Previous studies have
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used feature selection methods to determine the environmental factors that affect
soil fertility. However, studies did not use feature selection methods to select soil

parameters.

* Most previous works have not used soil fertility index, which is helpful for the

precise classification of soil fertility.

2.4 Problem Statement and Research Objectives
2.4.1 Problem Statement

“Design and development of Machine Learning-based soil fertility classification ap-

proach”.

2.4.2 Research Objectives

The research objectives are defined as:

1) To propose a soil fertility classification using Machine Learning-based
Classier(s). Conduct a set of experiments using a publicly available dataset(s)
and measure its performance using standard performance metrics such as Accu-

racy, F1-Score, Precision, and Recall.
2) Measure the robustness of the proposed approach by using real-time data.

3) To propose an automated fertilizer prescription approach based on the outcome

of the Machine Learning-based soil fertility classifiers.
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CHAPTER 3

MACHINE LEARNING-BASED SOIL FERTILITY
CLASSIFICATION

This research aimed to develop a non-destructive method for assessing soil fertility
instead of traditional laboratory analysis. It employed ML-based classifiers that use
soil chemical parameters to classify soil fertility as LOW, or MEDIUM, or HIGH. To
achieve the precise classification of soil fertility, this work used soil chemical parame-
ters, such as pH, EC, OC, macronutrients: N, P, K, S, and micronutrients: B, Cu, Fe, Mn,
and Zn. This chapter discusses the proposed soil fertility classification approaches using
ML-based classifiers. The performance of ML-based classifiers depends on the dataset
used. The laboratory-measured historical soil data and satellite-derived data were used

to train and test the proposed approaches.
3.1 Datasets Used

Initially, in the proposed method ”Soil Fertility Classification using Machine Learning-
based Classifiers” a ML-based classifiers were developed for Karnataka soil health
dataset (ICRISAT and Government of Karnataka, 2016) containing the laboratory-
measured soil data of farmlands of Karnataka (State), India. The dataset consists of
92832 instances with the attributes such as card_no, farmer_number, sampling authority
unit, state, district, taluk, village, farmer_name, survey_number, soil_type, pH, EC, OC,
P, K, S, Zn, B, Fe, Cu, and Mn. For experiments were conducted by using 11 soil chem-
ical parameters such as pH, EC, OC, P, K, S, Zn, B, Fe, Cu, and Mn. A large number of
values are missing values for the parameters such as Fe, Cu, and Mn. It is difficult to fill
a large number of missing values manually. MLR was used to fill the missing values in
the dataset. The dataset was labeled using Table 3.1, which resulted in 92794 instances
of LOW fertile, 36 instances of MEDIUM and 2 of HIGH fertile soil.

It was observed that laboratory measured dataset was unbiased with more number of
instances of LOW fertile and very less number of instances of HIGH fertile. In practice,
the soil fertility will be analysed before the cultivation. Thus, the soil data including
the chemical parameters such as pH, EC, OC and N was generated using Sentinel-2

spectral bands. The generated dataset was labeled based on values of pH, EC, OC and
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N using Table 3.1, and fertility level of remaining soil nutrients were determined based
on pH value using Table 3.2. The WEKA open source tool (WEKA, 2021) was used to
eliminate redundant and missing data. The preprocessed Sentinel-2 dataset consists of
329 instances. After labeling, the Sentinel-2 dataset consists of 293 instances of LOW
fertile, 25 of MED fertile, and 11 of HIGH fertile.

3.2 Dataset Labeling

Using Table 3.1, each instance of the dataset is labeled as LOW, or MEDIUM, or HIGH
according to soil chemical parameters. The pH value influences nutrient availability.
The value of N is proportional to OC; on the unavailability of N, the fertility level of N
is determined based on the fertility level of OC. Furthermore, the pH values influence
nutrient availability and are considered indicators of other soil parameters (Tharavathy,
2016). When the soil nutrient values are unavailable, their fertility levels can be deter-

mined based on pH value, using Table 3.2.
Table 3.1: Fertility level of soil parameters to label the soil data

Soil
Parameters LOW MEDIUM HIGH
EC (dS/cm) >2.5 >1.6, <=2.5 <=1.6
OC (%) <0.5 >=0.5, <0.75 >=0.75
pH >8.5,<6.5 - >=6.5, <=8.5
K (kg/ha) <141 >=141, <336 >=336
N (kg/ha) <280 >=280, <560 >=560
P (kg/ha) <10 >=10, <24.6 >=24.6
S (kg/ha) <10 >=10, <20.3 >=20.3
B (ppm) <0.6,>1.8 - >=0.6, <=1.8
Cu (ppm) <2 >=2, <4 >=4
Fe (ppm) <2.5 >=2.5,<4.5 >=4.5
Mn (ppm) <2 >=2, <4 >=4
Zn (ppm) <0.6, >0.8 - >=0.6, <=0.8

Table 3.2: Fertility level of soil parameters based on pH value

P Soil LOW MEDIUM HIGH
arameters
K pH<S5.5 5.5<=pH<5.9 pH>=5.9
N pH<S5.1 or pH>=8.75 8<pH<8.5 or 5.1<pH<5.9 5.9<=pH<=8
P pH<5.50r 8.5<pH<9.0 | 5.5<=pH<5.9 or 7.5<pH<=8.5 5.9<=pH<=7.5 or pH>=9
S pH<S5.5 5.5<=pH<5.9 pH>=5.9
B pH<5.1 or 8<pH<8.5 7.5<pH<=8 or 8.5<pH<=8.75 | 5.1<=pH<=7.5 or pH>=8.5
Fe pH>8 7.5<pH<=8.0 pH<=7.5
Mn pH<5 5<=pH<S5.4 or 7.5<pH<=8 5.4<=pH<=7.5
Cu, Zn pH<4.5 or pH>8 4.5<=pH<5 or 7.5<pH<=8 5<=pH<=7.5
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3.3 Performance Evaluation Metrics

The performance of proposed ML-based soil fertility classification approaches were
evaluated using different measures (Campesato, 2020). Some of which are:
Accuracy indicates percentage of correct predictions made by a machine learning clas-

sifier. It is defined as in Eq. (3.1).

Accuracy = (TP+TN)/N 3.1)

where, TP indicates true positive, TN indicates true negative and N is the total number

of instances.

Precision measures the frequency with which the model’s classification is correct and

is computed using Eq. (3.2).

Precision =TP/(TP+ FP) (3.2)

where, TP indicates true positive and FP indicates false positive.

Recall measures the frequency with which the classifier correctly identifies true posi-

tives and is calculated using Eq. (3.3).

Recall =TP/(TP+FN) (3.3)

where, FN indicates false negative.

F1-Score (or F-measure) is a harmonic mean of the Precision and Recall and is calcu-

lated as given in Eq. (3.4).

F1—Score = (2 Precision * Recall) / (Precision + Recall) (3.4)
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Per-class Precision, Per-class Recall, and Per-class F1-Score are calculated using

Eq. (3.5), Eq. (3.6), Eq. (3.7).

TP,
Per — class Precision = ———— 3.5
TP+ FP

where i indicates the class LOW, MEDIUM, or HIGH.

TP,
Per — class Recall = ————— (3.6)
TP+ FN;

Per —class F'1 — Score =

(3.7)

2xPer—class Precision;+xPer—class Recall;
Per—class Precision;+Per—class Recall;

FPR is the proportion of negative instances classified incorrectly and is computed using
Eq. (3.8).
FP

FPR= ——F+— (3.8)
FP+TN

Kappa statistic indicates how much better the classifier is performing based on the
frequency of each class. The value can be less than or equal to 1. If the value is O or
lesser than 0, it indicates that the classifier is not appropriate. It is calculated using Eq.

3.9).

3.9
N —prexp )

Kappa statistics =

where prons, prexp are observed and expected predictions, respectively and N is total
observations.
RMSE is the error difference between actual value and the predicted value (Bisonget al.

, 2019) and is calculated using Eq. (3.10).

N
RMSE = \/ZZ(Predictedi — Actual;)?/N) (3.10)
i=1

where, Predicted; indicates predicted value in ith observation, Actual; is actual value in

i observation and N is the total number of instances.
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RRSE is the differences between values predicted by a classifier and the values actually

observed and is defined as in Eq. (3.11).

N

N

RRSE = /(Y. (Pi—T:)*/ Y (T; — TMean)?) (3.11)
i=1 i=1

where, P; indicates the predicted value in i observation, 7; indicates the target value

in i observation, TMean is mean of target values, and N is the number of instances.

ROC indicates a trade-off between True and False Positive rates at different classifica-
tion threshold values. The Precision-Recall Curve (PRC) indicates a trade-off between

Precision and Recall for different probability threshold values.

3.4 Proposed Soil Fertility Classification using Machine Learning-based Classi-

fiers

A precise soil fertility classifier can be developed using several oxygen-free soil chem-
ical parameters. Sirsat et al. (2017, 2018) used ML-based classifiers to classify soil
fertility based on several soil parameters, including the oxidation forms of soil nutrients
such as K, N, and S. The emission of N, O relies on soil moisture, temperature, microbial
activity, aeration, and organic matter content (Wilson et al., 2013). The P>,0O5 and K>O
are available fertilizer contents in the soil (Sander & Wiese, 1973). SO, availability
is based on the distribution of S in the soil and soil microbial properties (Malik et al.,

2020).

In this work, ML-based soil fertility classification approaches are proposed by using
historical soil data of laboratory-measured chemical parameter values. The classifiers
such as bagging, BRT, J48, LR, NB, RF, and SVM are used to classify soil fertility as
LOW, MEDIUM, or HIGH. Karnataka (State) soil health dataset (ICRISAT and Gov-
ernment of Karnataka, 2016) containing the soil data collected from farmlands of Kar-
nataka (State), India, has been used to implement the proposed approach. The dataset
consists of 92832 instances with 22 attributes, namely, card no, farmer_number, soil
acquisition unit, state, district, taluk, village, farmer_name, survey_number, soil _type,
authority, and 11 chemical parameters: pH, EC, OC, K, P, S, B, Cu, Fe, Mn, and Zn.

The dataset was analyzed for irrelevant and missing data. For experimental purposes, 11
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chemical parameters were selected, and LinR was used to fill the missing values. Based
on the soil chemical parameter values, the dataset instances were labeled as LOW, or
MEDIUM, or HIGH. The dataset was split into training and test data. The classifiers
were trained using training data, and the performance of each classifier was measured

using the test data.

3.4.1 Performance Evaluation of the Proposed Approach

The experiments were conducted using the WEKA (WEKA, 2021) open-source tool
with 10-fold cross-validation and by dividing the dataset into 75% and 25% as training
data and test data (split dataset), respectively. Bagging, BRT, J48, and RF employed a
batch size of 100. BRT was configured with a bag size of 100 and number of folds set to
3. The process encompassed 10 iterations with a seed value of 1, a variance proportion
of 0.001, a maximum of three folds, and a seed value of 1. For J48, a fold of three and a
seed value of one were utilized, while RF utilized 100 bags and 100 iterations. LR, NB,
and SVM classifiers used a batch size of 100. The SVM classifier employed a radial
basis kernel function with a seed and cost value of 1, a gamma value of 0.1, epsilon
of 0.001, a loss value of 0.1, and a degree of 3. The performance of the classifiers
was evaluated using Accuracy, Precision, Recall, F1-Score, RMSE, RRSE, ROC, and
PRC. Table 3.3 and Table 3.4 shows the performance of classifiers with 10-fold cross-

validation and split dataset, respectively.

The bagging for 10-fold cross-validation achieved an Accuracy of 99.98% with
RMSE 0.0076 and RRSE 12.747%, and for the split dataset, Accuracy was found to be
99.99% with RMSE 0.0074 and RRSE 11.575%. BRT for 10-fold cross-validation ob-
tained an Accuracy of 99.98% with RMSE 0.0083 and RRSE 14.012%, and for the split
dataset, the Accuracy was found to be 99.98% with RMSE 0.0101 and RRSE 15.671%.
J48 classifier for 10-fold cross-validation achieved an Accuracy of 99.99% with RMSE
0.0079 and RRSE 13.220%, and using split dataset Accuracy was found to be 99.99%
with RMSE 0.0063 and RRSE 9.947%. LR using 10-fold cross-validation achieved
an Accuracy of 99.85% with RMSE 0.0026 and RRSE 43.747%, and for split dataset,
an Accuracy of 99.85% with RMSE 0.0269 and RRSE 41.875%. NB classifier for
10-fold cross-validation achieved Accuracy is found to be 99.80% with RMSE 0.0032
and RRSE 53.821%, and for the split dataset Accuracy of 99.84%, RMSE 0.0318, and
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Table 3.3: Performance of the proposed soil fertility classification using 10-fold cross-validation

Classifier | Accuracy (%) | RMSE RRSE Precision | Recall | F1-Score | ROC | PRC Class
1.000 1.000 1.000 1.000 | 1.000 LOW

Bagging 99.98 0.0076 | 12.747% 0.987 0.989 0.988 1.000 | 0.992 | MEDIUM
0.894 1.000 0.944 1.000 | 0.975 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

BRT 99.98 0.0083 | 14.012% 0.987 0.991 0.989 1.000 | 0.990 | MEDIUM
0913 1.000 0.955 1.000 | 0.934 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

J48 99.99 0.0079 | 13.220% 0.987 0.993 0.990 0.999 | 0.993 | MEDIUM
0.993 1.000 0.966 1.000 | 0915 HIGH
0.999 1.000 0.999 1.000 | 1.000 LOW

LR 99.85 0.0026 | 43.747% 0.889 0.799 0.842 1.000 | 0.843 | MEDIUM
0.998 0.999 0.998 1.000 | 0.999 HIGH
0.999 0.999 0.999 0.999 | 1.000 LOW

NB 99.80 0.0032 | 53.821% 0.777 0.845 0.810 0.999 | 0.756 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

RF 99.99 0.0053 | 8.862% 0.998 0.998 0..998 1.000 | 1.000 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
1.000 1.000 1.000 0.999 | 1.000 LOW

SVM 99.99 0.0046 | 7.804% 1.000 0.993 0.997 0.997 | 0.993 | MEDIUM
1.000 1.000 1.000 0.999 | 1.000 HIGH

Table 3.4: Performance of the proposed soil fertility classification using Split dataset

Classifier | Accuracy (%) | RMSE RRSE Precision | Recall | F1-Score | ROC | PRC Class
1.000 1.000 1.000 1.000 | 1.000 LOW

Bagging 99.99 0.0074 | 11.575% 0.992 0.992 0.9922 1.000 | 1.000 | MEDIUM
0.938 1.000 0.968 1.000 | 1.000 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

BRT 99.98 0.0101 | 15.671% 0.992 0.977 0.984 1.000 | 0.997 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

J48 99.99 0.0063 9.947% 0.994 0.994 0.994 1.000 | 0.999 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
0.999 0.999 0.999 1.000 | 1.000 LOW

LR 99.85 0.0269 | 41.875%. 0.900 0.837 0.867 1.000 | 0.868 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
0.999 0.999 0.999 0.999 | 1.000 LOW

NB 99.84 0.0318 | 49.574% 0.835 0.899 0.866 0.999 | 0.841 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

RF 99.99 0.0059 9.145% 0.999 0.999 0.999 1.000 | 1.000 | MEDIUM
1.000 1.000 1.000 1.000 | 1.000 HIGH
1.000 1.000 1.000 1.000 | 1.000 LOW

SVM 99.99 0.0054 8.356% 1.000 0.992 0.996 0.996 | 0.992 | MEDIUM
0.938 1.000 0.968 1.000 | 0.938 HIGH
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RRSE 49.574%. RF classifier with 10-fold cross-validation obtained an Accuracy of
99.99% with RMSE 0.0053 and RRSE 8.8622%, and for split dataset, an Accuracy
was found to be 99.99% with RMSE 0.0059 and RRSE 9.145%. The SVM classifier
for 10-fold cross-validation obtained an Accuracy of 99.99% with RMSE 0.0046 and
RRSE 7.804%, and the Accuracy was found to be 99.99% for the split dataset with
RMSE 0.0054 and RRSE 8.356%. The RF classifier with a split dataset outperformed
other classifiers with high Accuracy, Precision, Recall, F1-Score, ROC, and PRC val-
ues. RMSE and RRSE for the RF classifier are less than Bagging, BRT, J48, LR, and
NB. The Kappa statistic is used measure the robustness of the classifiers. With 10-fold
cross validation test Bagging, BRT, J48, LR, NB, RF, SVM achieved Kappa statistics
of 0.9889, 0.9899, 0.9909, 0.8553, 0.8243, 0.998, 0.997, respectively. With split data
set Bagging, BRT, J48, LR, NB, RF, SVM achieved Kappa statistics of 0.993, 0.9861,
0.9947, 0.8811, 0.8765, 1, and 0.997, respectively.

3.4.2 Summary

The ML-based classifiers such as Bagging, BRT, J48, LR, NB, RF, and SVM effec-
tively classified the soil fertility as LOW, MEDIUM, or HIGH. The laboratory mea-
surements of eleven chemical parameters were used as input to the classifiers. The
RF classifier outperformed other classifiers with an Accuracy of 99.99% using 10-fold
cross-validation and using a split dataset. With 10-fold cross validation test RF achieved

kappa statistic of 0.998 and with split dataset it achieved Kappa statistic of 1.
3.5 Proposed Soil Fertility Classification of Satellite-derived Data

An accurate soil fertility classification requires site-specific soil parameter values. Fur-
thermore, laboratory measurements leave behind chemical residues and take extra
time. The researchers have employed remotely sensed data to derive soil parameters.
Gholizadeh et al. (2018) utilized Sentinel-2 to derive OC, Li et al. (2021) derived OC
based on Sentinel-1A/2A/3A data. Delavar et al. (2020) and Gorji et al. (2020); Mor-
gan et al. (2018) derived SI using Landsat-ETM+ and Sentinel-2, respectively. Peng
et al. (2021) utilized Huan Jing-1A satellite images to derive K, N, and P. Gulhane et al.
(2023) derived Fe and pH using Landsat-8 and P using Sentinel-2 spectral images. The
multispectral Sentinel-2 satellite data offers an innovative method for collecting images

with high spatial resolution, 290 km swath width, and high repetition rate. Thus in
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this proposed method the experiments were conducted by generating the dataset using
Sentinel-2 satellite spectral band information. The Sentinel-2 satellite revisits for every
five days to a specific location. This is beneficial to collect more number of site-specific

soil data.

Figure 3.1 presents the steps involved in soil fertility classification using Sentinel-2

data.

Clustering Algorithms

Sentinel-2
Spectral Image  Extraction of

P - canopy, density-based,
Estimation of Soil - ( l:)’t y-ba G
Spectral bands | P " Data Preprocessing|—{€Xpectation maximization,
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fuzzy C-means, canopy

Sentinel-2 center-based fuzzy-C

means)

AR Labeled dataset
Sentinel-2
Spectral Image  Extraction of

Spectral bands
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Machine Learning-based
Classifier

Soil Fertility Classification

Figure 3.1: Steps to classify soil fertility using Sentinel-2 data

The study region employed in this work is located at Konaje, Mangalore town in
Dakshina Kannada (District), Karnataka (State), India, with a latitude of 12.80593353
and a longitude of 74.906469. With the help of Google Earth Engine code and using
the Python programming language Sentinel-2 (Sentinel-2, 2020), spectral band infor-
mation of the chosen study area was extracted. The retrieved data involves spectral
information from 14" November 2015 and 23 October 2021. Seven spectral bands,
B3, B4, B5, B8, B9, B11, and B12, were employed to get the soil parameters out of the
13 retrieved spectral bands. A combination of spectral bands was used to compute soil
parameters, including EC, pH, OC, and N. The WEKA tool (WEKA, 2021) was used
to preprocess data to remove redundant data. Various clustering methods were used to
label the dataset, including canopy, density-based, expectation-maximization, farthest-
first, fuzzy C-means, and proposed canopy center-based fuzzy C-means. Additionally,
the dataset was labelled used by employing the state-of-the-art clustering methods, and
using the proposed clustering method. Additionaly, the generated dataset was labelled
based on level soil parameters pH, EC, OC and N using Table 3.1. The labeled dataset
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Figure 3.2: Visualization of Sentinel-2 spectral bands

was divided into training and test data. The NB, J48, RF, and SVM were used to clas-
sify the data. The clustering and classification results were compared with the results

obtained using a manually labeled dataset.
3.5.1 Estimation of Soil Parameters using Sentinel-2 Spectral Bands

Sentinel-2, a multispectral satellite, offers 13 spectral bands: B1-Aerosol, B2-Blue, B3-
Green, B4-Red, B5-Red Edge 1, B6-Red Edge 2, B7-Red Edge 3, B8-Near Infra-Red,
B8A-Red Edge 4, B9-Water Vapor, B10-Cirrus, B11-Short Wave Infra-Red 1, B12-
Short Wave Infra-Red 2. Additionally, it provides three cloud masks, QA10, QA20, and
QA60, with pixel sizes of 10 meters, 20 meters, and 60 meters, respectively (Vaudour
et al., 2019). As illustrated in Figure 3.2, spectral bands B3, B4, B5, B8, B9, B11, and

B12 were utilized to estimate soil parameters along with cloud mask band QA60.

EC indicates the amount of salinity in soil (NRCS-USDA, 2020) and provides in-
formation on nutrient availability and loss, soil texture, and water availability (Al-Gaadi
et al., 2021). Fertile soils have an EC value of 1.6 dS/cm or less, whereas low fertility

soils have an EC value of greater than 2.5 dS/cm. Eq. (3.12) was used to get the EC
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values for the spectral bands B3, B4, BS, and B12.

B12 B4 B3
EC=25x B—8—16 BS +1.6 x 28 (3.12)

pH assesses the amount of hydrogen ions present in soil solutions (Tharavathy, 2016).
A pH of 7 in the soil indicates a neutral soil and is considered to be very fertile. Acidic
soil is caused by water or moisture in the soil, which lowers pH below 6.5. Low pH soil
is considered to be less fertile. The spectral bands used for pH calculation were B4, B9

and B12 (Hengl et al., 2021) as in Eq. (3.13).

B4 B9
pH=T7Tx ——6.5X

A
B12 BI2 (3-13)

To calculate OC, the spectral bands B4, BS, B11, and B12 (Hengl et al., 2021) were
used as shown in Eq. (3.14). Soils with OC values above 0.75% are considered very

fertile.

B12 B4
0C=0.75x BB 1 075 % B5 4 0.75 x B12
(3.14)
~0.05

Soil N is proportional to the Red to Green Index, B4/B3 (Xu et al., 2018). The vege-
tation increases with N (Mashaba-Munghemezulu et al., 2021). As a result, NDVI is
subtracted, and the normalized red edge index is added to the Red to Green Index. The
NDVI can be calculated using the equation (B8-B4)/(B8+B4) and the Normalized Red-
Edge Index by using (B8-B5)/(B8+B5). High fertility is defined as having a nitrogen
content of 560 kg/ha or more, while low fertility is defined as having a nitrogen content
of less than 280 kg/ha. Thus, as given in Eq. (3.15), N is determined using the spectral
bands B3, B4, B5, and BS.

N = 560 x &* _ 280 . (B8—B4) , 280 . (B8—BS) (3.15)

100 ™ (B8+B4) " 100 ~ (B8+B5)
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3.5.2 Comparision of Sentinel-2 data with Laboratory-measured Soil data

The results were compared to Soil-health data (Soil-health, 2021), which includes
laboratory-measured soil parameter values for the study area and three other re-
gions of Dakshina Kannada (District), including Marpadi, Mangalore with Longitude:
75.720343, Latitude: 14.360019, Beluvai, Mangalore with Longitude: 74.900180,
Latitude: 15.100230, and Attur, Mangalore with Longitude: 74.820230, Latitude:
15.100230 as shown in the Table 3.5.

Table 3.5: Comparision of derived values using Sentinel-2 with Soil-health data

Area Derived Values using Soil health Data Observed Variations
Used Sentinel-2 Data (Difference)

EC pH oC EC pH | OC EC pH | OC
0.533 | 6.34 | 2406 | 0.385 | 6.33 | 2.2 | 0.148 | 0.01 | 0.206
0975 | 644 | 1.522 | 0962 | 6.4 | 1.16 | 0.013 | 0.04 | 0.362
1.327 | 6.59 | 0.82 | 1.023 | 6.51 | 0.86 | 0.304 | 0.08 | 0.04
0.282 | 6.57 | 1.128 | 0.264 | 6.71 | 1.41 | 0.018 | 0.14 | 0.282
1.979 | 5.36 | 0.956 | 191 | 587 | 1.071 | 0.069 | 0.51 | 0.115
1.633 | 5.64 | 1.082 | 1.659 | 5.76 | 1.552 | 0.026 | 0.12 | 0.47
1.171 | 643 | 0.987 | 1.116 | 6.41 | 0.68 | 0.055 | 0.02 | 0.307
0.282 | 6.57 | 1.128 | 0.275 | 6.22 | 1.54 | 0.007 | 0.35 | 0.412
1.357 | 5.63 | 1.209 | 1.258 | 5.69 | 1.852 | 0.099 | 0.06 | 0.643
1.297 | 6.18 | 0947 | 1.82 | 6.13 | 1.606 | 0.523 | 0.05 | 0.659
1.161 | 5.74 | 1.039 | 1.329 | 5.77 | 1.21 | 0.168 | 0.03 | 0.171

Konaje

Marpadi e 5 e 0822 [ 1347 | 5.85 | 1.397 | 0.194 | 0 | 0.575
1129 | 5.99 | 0905 | 1331 | 5.9 | 1.312 | 0.202 | 0.09 | 0.407
0.935 | 8.66 | 1.595 | 1.639 | 851 | 1.921 | 0.704 | 0.15 | 0.326
1615 | 653 | 1.146 | 1.118 | 679 | 1.9 | 0497 | 0.26 | 0.754
1615 | 2.17 | 1.175 | 2.202 | 2.51 | 1.37 | 0.587 | 0.34 | 0.195
Beluvai | 1015 | 7:89 | 1.066 | 1263 | 7.63 | 198 | 0.352 | 026 | 0914
1615 | 572 | 2.679 | 1.024 | 5.81 | 2.469 | 0.591 | 0.09 | 0.21
1615 | 622 | 1.816 | 1.027 | 6 17 | 0588 ] 022 | 0.116
1615 | 5.99 | 1.825 | 1.367 | 5.93 | 1.496 | 0.248 | 0.06 | 0.329
1.846 | 558 | 1.03 | 124 | 547 | 1.924 | 0.606 | 0.11 | 0.894
Ay | 2089 | 436 | 1133 [ 212 | 484 | 2239 | 0.031 | 048 | 1.106

1.035 | 522 | 1.598 | 1.997 | 5.12 | 2.241 | 0.962 | 0.1 | 0.643
0944 | 2.64 | 2483 | 1.817 | 247 | 2.29 | 0.873 | 0.17 | 0.193

Eq. (3.16) is used to compute the observed variation.

Ob J Derived Values Soil health
serve oil hea
. . = |using Sentinel — 2 — (3.16)
Variations Data
Data
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3.5.3 Dataset Labeling using Clustering Methods

Various clustering techniques such as canopy, density-based, expectation-
maximization, farthest-first, fuzzy-C-means, and k means were used to group the
data points in the Sentinel-2 dataset. For each clustering algorithm, the number of
clusters was fixed to 3. Instances in the dataset were assigned a LOW, or MEDIUM,
or HIGH label based on the way the data points were clustered. The dataset was also
manually labeled using the estimated values of pH, EC, OC, N, and the fertility level
of the remaining eight parameters such as B, Fe, K, Mn, P, S, Cu, and Zn, determined
using the pH value. Using manual labeling, 293 instances in the dataset were labeled

as LOW, 25 as MEDIUM, and 11 as HIGH soil fertility.

Canopy clustering was implemented by calculating the approximate distances be-
tween data point pairs and a distance threshold (T1, T2) with T1>T2. The algorithm
starts with a set of data points, eliminates each at a time, and then repeats the process
over the remaining points to produce a canopy that includes the removed points. If the
farthest points are closer to the starting point than T1, they are included in the cluster.
Additionally, the point was eliminated from the set if the distance was less than T2.
The algorithm iterates until the initial set is empty, building a set of canopies, each with
one or more points. By using T1=1.25 and T2=0.75, we obtained the highest clustering
accuracy. The Canopy clustering resulted in 279 instances labeled LOW, 36 MEDIUM,
and 14 HIGH. It was observed that 250 instances were clustered accurately, resulting in

an accuracy of 75.99%.

Density-based clustering uses the local density of each data point to calculate an
outlier score. If the local density of a particular data point is low compared to its neigh-
bors, the data point is likely an outlier (Nozad et al., 2021). The data point with the
highest local density is chosen as the cluster center (Gu et al., 2020). Density-based
clustering identified 135 instances as LOW, 148 as MEDIUM, and 46 as HIGH. It was

found that 164 instances were clustered accurately, with an accuracy of 50%.

Expectation-maximization clustering uses the probability that each data point is
present in either cluster. This approach resulted in 126 instances classified as LOW,

161 as MEDIUM, and 42 as HIGH. This method of clustering correctly clustered 155

instances, with an accuracy of 47%.
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Farthest-first clustering selects a random data point as the initial cluster center. Dur-
ing the cluster assignment phase, the data point farthest from the first center is chosen
as the new center. This process is repeated until the ‘k’ number of centroids has been
chosen. Each remaining data point is assigned to the cluster characterized by the cen-
troid nearest to the data point, and the algorithm terminates. Farthest-first requires a
single pass to cluster a set of data points (Devi et al., 2020). This clustering method
resulted in 216 instances of LOW, 96 of MEDIUM, and 17 of HIGH soil fertility. This

clustering method clustered 182 instances accurately, with an accuracy of 55.32%.

The k-means clustering algorithm selects k random data points from the cluster cen-
troids, where k is equal to the number of clusters, and uses a distance metric (usually
Euclidean) to assign all the points with the closest distances to the centroid. The al-
gorithm iteratively computes the centroids of newly formed clusters and assigns the
remaining data points to the cluster with the closest centroid until clusters are stable
(Wang & Kumar, 2019). It is difficult to achieve ideal clusters since the k-means clus-
tering is sensitive to outliers (Guo et al., 2021)). Using k-means clustering resulted in
137 instances of low soil fertility, 146 as having medium soil fertility, and 46 as having
high soil fertility. This method of clustering has a 50.46% and correctly grouped 166

instances.

Fuzzy C-Means clustering is an unsupervised ML algorithm that assigns data points
to clusters, with points belonging to the same cluster being as similar as possible, and
each data point may belong to more than one cluster (Chen et al., 2022). The fuzz
clustering can improve the classification speed, whereas it is sensitive to initial cluster
centroids (Xue et al., 2016). The clustering is achieved by minimizing the objective

function in Eq. (3.17).
k
Z " — (3.17)

||M2

where N is the number of objects, and k is the number of clusters, u;; is the degree of
membership of instance x; in the j™ cluster, m is the fuzzy parameter, which indicates
the degree of fuzzy overlap, x; indicates i instance, and ¢j represents the center of the

i cluster. Initially, u;j is set randomly, then the c; and updated ;; are calculated by
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using Eq. (3.18) and Eq. (3.19), respectively.

N
AN i
cj= ]‘Vl—“’, (3.18)
Yiz1 M)
m 1

N (\x,»—cj| > mt
k=1 \ |xi—cxl
This clustering technique classified 155 instances as LOW, 90 as MEDIUM, and 84 as

HIGH. The highest accuracy attained by this clustering, with the correct clustering of
145 cases, was 44%.

3.5.4 Proposed Canopy Center-based Fuzzy-C-Means Clustering

This study evaluated and compared the clustering algorithms’ accuracy to manual label-
ing. The state-of-the-art fuzzy C-means clustering uses random cluster centers, which
will limit the accuracy of clustering. Hence, the proposed approach selects the cluster
centers using the best-performing clustering approach. From the experimental results, it
was observed that Canopy clustering achieved better accuracy. Hence, a canopy center-
based fuzzy C-means clustering is proposed to improve the clustering accuracy. Figure
3.3 and Algorithm 3.1 depicts the steps involved in the proposed approach. The fuzzy
parameter (m) was employed to enhance the fuzzification process. By varying “m”
from 1.1 to 1.9 with a 0.1 increment, the optimal values for ”m” were discovered. The
canopy approach was used to obtain the initial centroids employed in the membership
function. The membership function and cluster centroids were updated iteratively until
every data point had been allocated to a cluster. The clusters are also labeled as LOW,

MEDIUM, or HIGH.

Preprocessing

: Paramotor Initialize Initialize Cluster
Input Dataset > PO . Membership Centroids using

v | Initialization . - .

H Function Canopy Technique

Update Membership Function

Cluster Labels

Update Cluster Centroids

Figure 3.3: Proposed Canopy Center-based Fuzzy-C-Means clustering
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Algorithm 3.1 Canopy Center-based Fuzzy-C-Means Clustering

Initialize X with the given dataset and assign the number of clusters, k
Assign fuzzy parameter, m with 1 <m<?2

Initialize membership matrix M with random values [0,1]

1: procedure CANOPYFUZZYCMEANSCLUSTERING(X ,k, m,M)

2 cur_iter < 0

3 cluster_labels < {}

4: cluster_centers <— CALCULATECANOPYCENTER (X))

5: while cur_iter<MAX_ITER do

6 M <— UPDATEMEMBERSHIPMATRIX (M, cluster_centers)
7 clustercenters < CALCULATECANOPYCENTER (M)

8 for i=1to N do

9 idx < Indexo f_minimum_M]i|

10: cluster_labels = cluster_labels U idx
11: cur_iter < cur_iter +1
12: return cluster_labels

13: procedure CALCULATECANOPYCENTER(X)
14: Initialize threshold T1, T2 such that T1>T2

15: canopies = {}

16: dist[i, j| <~ EUCLIDEANDISTANCE(x;,X;), V(x;,x;) € X
17: canopy_points = (xi, X;)

18: while canopy_points # {} do

19: point < pop(canopy_points)

20: i < Length(canopies)

21: if dist[point] < T1 then
22: canopies|i| < point
23: if dist[point] < T2 then

24: X =X — point

25: return canopies

26: procedure UPDATEMEMBERSHIPMATRIX(M ,cluster_centers)
27: p < %

28: for i=1 to N do

29: for j=1tok do

30: distances = X [i| — cluster_centers| j]
31: for jink do

32: for g=1 tok do

33: sum = sum + %

34: Mi] + L

sum

35: return M
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Canopy centers were computed as initial centroids for the Fuzzy-C-Means cluster-
ing algorithm with a fixed number of clusters and fixed threshold values T1=1.25 and
T2=0.75. Soil fertility can be LOW, MEDIUM, or HIGH. Hence, the number of clus-
ters was fixed to 3 (k=3). We selected a value of fuzzy parameter m, such that 1.1<m
<2, and the algorithm obtained better accuracy for m=1.7. The membership matrix, M
(i.e., membership function), was initialized using random values and updated by calcu-
lating the Euclidean distance between a pair of data points and cluster centers using Eq.
(3.20).

1
M;; = : (3.20)

n(E)”
=1 (i—ee)

where M;; indicates the degree to which an observation x; belongs to cluster c¢;. The

value M;; is inversely proportional to the distance from x to the cluster center.

The algorithm used a maximum of 100 iterations to obtain optimal clustering. In
fuzzy C-means clustering, the fuzziness of the data point belonging to more than one
cluster was avoided by selecting a maximum value from the membership function. But,
soil fertility depends on the level of each soil parameter. The low fertility level of any
soil chemical parameters makes the soil less fertile. Thus, the algorithm selects the min-
imum membership value to avoid overlap. The proposed clustering technique produced
254 instances of LOW, 60 instances of MEDIUM, and 15 instances of HIGH fertile
soil. With an accuracy of 78.42%, this approach correctly clustered 258 instances. The
comparison of the accuracy of all clustering techniques used in the study is depicted in

Figure 3.4.

3.5.5 Performance of Classifiers using Dataset Labeled using Different Clustering Tech-

niques

The classification accuracy using the dataset labeled using different methods is assessed
using four ML-based classifiers, such as NB, SVM, J48, and RF. The classification
results obtained after applying Canopy clustering are shown in Table 3.6. The RF
classifier with a split dataset achieved the highest Accuracy of 98.78%, Precision of
0.989, Recall of 0.988, and F1-Score of 0.987. The classification results obtained af-
ter Density-based clustering are shown in Table 3.7. The RF classifier with a 10-fold
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Figure 3.4: Analyzing accuracy of different clustering techniques

cross-validation test achieved the highest Accuracy of 96.96% and Precision, Recall,
and F1-Score of 0.970. Table 3.8 displays the classification results achieved using
Expectation-Maximization clustering. The RF classifier attained the best Accuracy of
97.57% and Precision, Recall, and F1-Score of 0.976 using a 10-fold cross-validation
test. The results of classification obtained after the Farthest-first clustering are shown
in Table 3.9. The RF classifier with a 10-fold cross-validation test of the dataset ob-
tained the highest Accuracy of 97.87%, Precision, Recall, and F1-Score of 0.979. Table
3.10 displays the classification results achieved using k-means clustering. RF classifier
with a 10-fold cross-validation test performed better with an Accuracy of 96.05% and
with Precision, Recall, and F1-Score of 0.960. Table 3.11 depicts the classification re-
sults of fuzzy C-means clustering. The J48 classifier achieved the greatest Accuracy of
98.78%, Precision, Recall, and F1-Score of 0.988 using a split dataset as test data. Table
3.12 shows the classification results of the manually labeled dataset. The RF and J48
classifier with a 10-fold cross-validation test achieved the highest Accuracy of 98.48%,
Precision, Recall, and F1-Score of 0.985. The proposed method achieved the highest
clustering accuracy compared to other clustering methods. The results of applying clas-
sification are presented in Table 3.13. The RF classifier with 10-fold cross-validation of
the dataset obtained the highest Accuracy of 99.69%, Precision, Recall, and F1-Score
of 0.977.
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Table 3.6: Data classification after Canopy clustering

Mézggd Classifier Name | Accuracy | Precision | Recall | F1-Score
NB 95.44% 0.960 0.954 0.956
10-fold Cross- SVM 90.27% 0.913 0.903 0.882
validation J48 95.14% 0.955 0.951 0.953
RF 97.87% 0.980 0.979 0.979
75% Split NB 95.12% 0.953 0951 0.952
Training Data: SVM 91.46% 0.922 0.915 0.899
25% Split J48 96.34% 0.963 0.963 0.963
Test Data RF 98.78% 0.989 0.988 0.987

Table 3.7: Data classification after Density-based clustering

Mgsggd Classifier Name | Accuracy | Precision | Recall | F1-Score
NB 96.35% 0.964 0.964 0.964
10-fold Cross- SVM 86.63% 0.881 0.866 0.860
validation J48 97.87% 0.979 0.979 0.979
RF 96.96% 0.970 0.970 0.970
75% Split NB 96.34% 0.964 0.963 0.964
Training Data: SVM 85.37% 0.857 0.854 0.850
25% Split J48 96.34% 0.964 0.963 0.963
Test Data RF 96.34% 0.964 0.963 0.963

Table 3.8: Data classification after Expectation-Maximization clustering

Mézzgd Classifier Name | Accuracy | Precision | Recall | F1-Score

NB 95.44% 0.960 0.954 0.956

10-fold Cross- SVM 82.98% 0.842 0.830 0.823
validation J48 96.96% 0.970 0.970 0.970
RF 97.57% 0.976 0.976 0.976

75% Split NB 96.34% 0.965 0.963 0.964
Training Data: SVM 74.39% 0.784 0.744 0.738
25% Split J48 95.12% 0.956 0.951 0.951
Test Data RF 96.34% 0.966 0.963 0.963

Table 3.9: Data classification after Farthest-first clustering

Mgil((l)d Classifier Name | Accuracy | Precision | Recall | F1-Score

NB 89.67% 0.924 0.897 0.901

10-fold Cross- SVM 84.50% 0.809 0.845 0.826
validation J48 96.96% 0.970 0.970 0.970
RF 97.87% 0.979 0.979 0.979

75% Split NB 91.46% 0.954 0.915 0.926
Training Data: SVM 74.39% 0.750 0.744 0.718
25% Split J48 91.46% 0.925 0.915 0.912
Test Data RF 96.34% 0.964 0.963 0.963

Figure 3.5 shows the classification accuracy of different classifiers such as NB,

SVM, J48, and RF using the dataset labeled using different techniques.
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Figure 3.5: Comparision of clustering techniques based on classification accuracy achieved
using a) NB, b) SVM, ¢) J48, d) RF
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Table 3.10: Data classification after k-means clustering

Mgzggd Classifier Name | Accuracy | Precision | Recall | F1-Score
NB 95.74% 0.958 0.957 0.958
10-fold Cross- SVM 84.80% 0.866 0.848 0.839
validation J48 95.14% 0.951 0.951 0.951
RF 96.05% 0.960 0.960 0.960
75% Split NB 95.12% 0.952 0.951 0.951
Training Data: SVM 82.93% 0.839 0.829 0.825
25% Split J48 95.12% 0.952 0.951 0.951
Test Data RF 95.12% 0.952 0.951 0.951

Table 3.11: Data classification after fuzzy C-means clustering

Mé;l;:;d Classifier Name | Accuracy | Precision | Recall | F1-Score
NB 81.76% 0.947 0.818 0.813
10-fold Cross- SVM 86.93% 0.875 0.869 0.852
validation J48 98.18% 0.982 0.982 0.982
RF 97.57% 0.976 0.976 0.975
75% Split NB 80.49% 0.834 0.805 0.800
Training Data: SVM 84.15% 0.869 0.841 0.808
25% Split J48 98.78% 0.988 0.988 0.988
Test Data RF 97.56% 0.976 0.976 0.976

Table 3.12: Classification using manually labeled dataset

Mgzggd Classifier Name | Accuracy | Precision | Recall | F1-Score
NB 93.92% 0.940 0.939 0.939
10-fold Cross- SVM 89.06% 0.877 0.891 0.866
validation J48 98.48% 0.985 0.985 0.985
RF 98.48% 0.985 0.985 0.985
75% Split NB 93.42% 0.983 0934 0.953
Training Data: SVM 90.24% 0.912 0.902 0.877
25% Split J48 97.56% 0.984 0.976 0.976
Test Data RF 97.56% 0.984 0.976 0.976

Table 3.13: Data classification after proposed Canopy Center-based Fuzzy-C-Means clustering

Mgzzgd Classifier Name | Accuracy | Precision | Recall | F1-Score

NB 97.26% 0.973 0.973 0.973

10-fold Cross- SVM 95.14% 0.956 0.951 0.951
validation J48 99.39% 0.994 0.994 0.994
RF 99.69% 0.997 0.997 0.997

75% Split NB 96.34% 0.965 0.963 0.964
Training Data: SVM 92.68% 0.937 0.927 0.927
25% Split J48 98.78% 0.988 0.988 0.988
Test Data RF 98.78% 0.988 0.988 0.988

3.5.6 Summary

This study derived soil parameters such as EC, pH, OC and N from acquired Sentinel-2

spectral bands. The data points were clustered using a variety of cutting-edge cluster-
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ing techniques. It was found that Canopy clustering achieved a clustering accuracy of
75.99%, and by utilizing an RF classifier with 10-fold cross-validation, Canopy cluster-
ing achieved a classification Accuracy of 98.78%. It was observed that using the pro-
posed Canopy Center-based Fuzzy-C-Means clustering achieved the highest clustering
accuracy of 78.42%, and by utilizing an RF classifier with a 10-fold cross-validation
proposed approach obtained a classification Accuracy of 99.69%. The classification of
soil fertility using satellite-derived near real-time data is more accurate than classifica-

tion using laboratory-measured data.

68



CHAPTER 4

SOIL FERTILITY CLASSIFICATION WITH
AUTOMATED FERTILIZER PRESCRIPTION

The automated fertilizer prescription system was proposed and developed to prescribe
precise amounts of fertilizers for prevalent crops in specific districts of Karnataka
(State), India such as paddy, black pepper, cucumber, black gram/ green gram, turmeric,
and arecanut. The cereal crop paddy grows in coastal saline or alluvial soil. It is grown
during the Kharif and Rabi seasons, sowing in June-July and October-November and
harvesting in September-October and March-April, respectively (Reddy, 2018). Pulses
such as black gram/ green gram are commonly grown during the Kharif or Zaid season
in mixed red and black soil. Black pepper is a medicinal and spice crop cultivated in
the Kharif season. The vegetable crop cucumber is typically grown in the Zaid. The
arecanut is a horticulture crop that requires laterite or clay loam soil. The quantity of
fertilizers for different crops based on fertility levels of N, P, and K is shown in Table
4.1, Table 4.2, and Table 4.3, respectively. The fertilizer prescription for any crop, on
the deficiency of °S” and other micronutrients, is presented in Table 4.4. The study uses

classification results to prescribe the fertilizers.

4.1 Proposed Ensemble Filter-based Feature Selection for Soil Fertility Classifi-

cation with Fertilizer Recommendation

Soil fertility classifier needs to be robust to accurately classify soil fertility. The selected
features are inconsistent across different feature selection techniques and depend on the
datasets employed (Pes, 2020). This research aimed at developing a robust ML-based
classifier based on relevant features recommended by the ensemble filter-based feature
selection. An ensemble filter-based feature selection approach was created to address
the issue of inconsistent feature scores. It utilized filter-based feature selection methods
such as Information Gain (InfoG) (Beraha et al., 2019), Gain Ratio (GainR) (Pes, 2020),
and Relief Feature (ReliefF) (Chandrashekar & Sahin, 2014).
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4.1.1 Dataset Used

In this proposed method soil health data (Soil-health, 2021) collected from farmlands
in Dakshina Kannada and Gulbarga districts of Karnataka (State), India. Acidic soil
is the dominant type of soil in Dakshina Kannada. Gulbarga, a non-coastal district,
has either neutral or alkaline soil (Badrinath et al., 1995). The dataset consists of 19
attributes such as sample number, state name, district name, block name, village code,
village name, latitude, longitude, and 11 soil chemical parameters. The classifiers are
developed using EC, pH, OC, P, K, S. B, Cu, Fe, Mn, and Zn. The open-source WEKA
tool is used to eliminate redundant data, missing parameter values, and parameters with
a value of 0. The instances are labeled as LOW, or MEDIUM, or HIGH using the level
of soil parameters as discussed in Section 3.2. After preprocessing, the data collected
from Dakshina Kannada district (dataset-1) had 36796 instances of LOW fertile, 158
instances of MEDIUM, and 25 instances of HIGH fertile. The preprocessing of data
collected from the Gulbarga district resulted in 40929 instances, of which 36979 were
randomly selected as dataset-2. Dataset-2 contains 36775 instances of LOW fertile, 174
instances of MEDIUM, and 30 instances of HIGH fertile.

4.1.2 Proposed Approach

Figure 4.1 outlines the proposed soil fertility classification approach. In the proposed
method The laboratory-measured soil chemical parameters are acquired from farmlands
of two regions with different climate conditions. the features are ranked using three
filter-based feature selection techniques: InfoG, GainR, and ReliefF. The feature ranked
1 is considered more relevant, whereas the higher rank is considered the least relevant. It
was observed that the feature ranks depend on the datasets used, and the ranks obtained
for a dataset using three different techniques were not constant. Table 4.5 and Table 4.6
shows the feature ranking using InfoG, GainR, and ReliefF approaches for dataset-1
and dataset-2, respectively. The least relevant feature in dataset-1, according to InfoG
and GainR, was ‘S’, while ReliefF identified ‘B’ as the least relevant. In dataset-2, ‘P’
was identified as the least relevant feature by InfoG and GainR, while ‘S’ was the least
relevant based on ReliefF. Figure 4.2 shows the proposed ensemble filter-based feature
selection method designed to maintain stability in feature selection. The average of

ranks obtained by InfoG, GainR, and ReliefF for each soil parameter ‘x’ is calculated
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Figure 4.1: Steps involved in proposed ensemble filter-based soil fertility classification
approach

using Eq. (4.1).

Rankpy o6 (x) + RankGaing (x) + Rankgejie r (x)
3

Average Rank(x) = 4.1)

The features were arranged in ascending order of their rankings. The soil parameter
with the highest average rank was chosen as the parameter to be eliminated. The subset
of features by removing the feature with the highest average rank was given as input
to the tree-based classifier. ML-based classifiers such as CART, ET, J48, RF, REPTree,
NB, and SVM are employed to classify soil fertility. The robustness of the developed
classifier is evaluated using two different datasets. The tree-based classifier classifies
the input data instances as LOW, or MEDIUM, or HIGH fertility. Based on the classi-
fication results, the proposed model prescribes fertilizers for paddy, green gram/ black
gram, black pepper, and cucumber, which are predominant in Dakshina Kannada and

Gulbarga districts. The fertility level of N and S is determined based on pH value.

4.1.3 Experimental Results of Feature Selection

The open-source WEKA tool was employed for obtaining feature scores. The proposed
method assigns rank 1 to the feature having the lowest average rank and the highest rank
to the feature with the highest average rank. The generated feature rank is provided in

Table 4.7. Both datasets ranked the feature ’S’ as the highest, with a rank 11.
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Table 4.5: Feature selection scores and ranks for dataset-1

Features Average
ScorepmfoGx) | ScOregainrx) | ScoregeliefFx) | RanKpfogx) | Rankgainrx) | Rankgelier(x)
(x) Rank
EC 0.00238 0.00193 0.018103 9 8 4 7
pH 0.01207 0.01483 0.055469 2 2 2 2
oC 0.0021 0.00163 0.004477 10 9 7 8.67
0.00241 0.00157 0.058884 8 10 1 6.33
P 0.00414 0.00209 0.000824 6 7 9 7.33
0.00174 0.00139 0.016596 11 11 5 9
B 0.0071 0.00499 0.000107 4 4 11 6.33
Cu 0.01497 0.02021 0.003144 1 1 8 3.33
Fe 0.00351 0.00311 0.023297 7 6 3 5.33
Mn 0.00641 0.00481 0.012952 5 5 6 5.33
Zn 0.01097 0.01138 0.000107 3 3 10 5.33
Table 4.6: Feature selection scores and ranks for dataset-2
Features Average
® ScoremfoGx) | Scoregainrx) | ScoregeliefFx) | RanKmfogx) | Rankgainrx) | Rankrelierr(x) Rank
EC 0.02031 0.27375 0.012372 2 1 2 1.67
pH 0.01665 0.01017 0.032111 4 7 1 4
ocC 0.01643 0.00885 0.005453 5 8 5 6
0.01397 0.01033 0.00374 8 6 7 7
P 0.00435 0.00297 0.001717 11 11 8 10
0.01042 0.00629 0.000475 10 10 11 10.33
B 0.01187 0.00751 0.001393 9 9 9
Cu 0.02379 0.04659 0.007797 1 2 3 2
Fe 0.01563 0.01639 0.005312 6 4 6 5.33
Mn 0.01535 0.0242 0.006917 7 3 4 4.67
Zn 0.01828 0.01518 0.001236 3 5 10 6

4.1.4 Performance Evaluation of Classifiers

The fertilizer prescription module uses classifiers implemented in Google Collab with
Python and the python-weka-wrapper3 package (Python weka wrapper3, 2022). The

experiments were conducted using 10-fold cross-validation and using split datasets.

The tree-based classifiers were created using a batch size of 100. Initially, all soil
parameters from the datasets were included in the experiment. For dataset-1, CART
produced a tree with size 25 and 13 leaf nodes using 5-fold pruning and a seed value

of 1, and for dataset-2, CART produced a tree with size 39 and 20 leaf nodes. ET was
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Figure 4.2: Proposed ensemble filter-based feature selection

created with a split of a minimum of two instances per node, using seed value of 1, and
randomly selecting \/Zm — 1) attributes at each node. The tree generated for dataset-
1 had 1301 nodes, and 561 nodes for dataset-2. The J48, using a fold of three and a
seed value of one, generated a tree with 33 nodes and 17 leaves for dataset-1 and a tree
of the size of 45 and 23 leaves for dataset-2. Datasets-1 and dataset-2 were classified
using RF using 100 bags and 100 iterations. The REP used a variance proportion of
0.001, a maximum of three folds, and a seed value of 1. Using dataset-1 and dataset-2,
REP generated trees of 27 and 39 sizes, respectively. The experiments were repeated
without the feature ‘S’ in the datasets. With five folds of pruning and a seed value of
1, CART created a tree of size 25 with 13 leaf nodes for dataset-1 and a tree of size 43
with 22 leaves for dataset-2. ET created trees with 1033 and 655 nodes for datasets-1
and dataset-2, respectively. J48 produced a tree of size 33 with 17 leaves for dataset-1
and a tree of size 41 with 21 leaves for dataset-2. The RF classifier created the random
forest using 100 bags and 100 iterations. For dataset-1 and dataset-2, REP produced
trees with sizes of 27 and 45, respectively. NB and SVM classifiers used a batch size
of 100. A radial bias kernel function is utilized to create an SVM classifier with a seed
and cost value of 1, gamma value of 0.1, epsilon of 0.001, loss value of 0.1, and degree

of 3.

74



Table 4.7: Ranking of features using the proposed approach

Dataset-1 Dataset-2
Features Al‘;zr:lfe Rank | Features Al\;ear;lge Rank
pH 2 1 EC 1.67 1
Cu 3.33 2 Cu 2 2
Fe 5.33 3 pH 4 3
Mn 5.33 4 Mn 4.67 4
Zn 5.33 5 Fe 5.33 5
K 6.33 6 oC 6 6
B 6.33 7 Zn 6 7
EC 7 8 K 7 8
P 7.33 9 B 9 9
oC 8.67 10 P 10 10
S 9 11 S 10.33 11

Table 4.8 shows the performance of classifiers with 10-fold cross-validation on
dataset-1 without removing feature ‘S’. Without eliminating feature ‘S,” for dataset-1,
CART, J48, and RF classifiers obtained an Accuracy of 99.92% whereas REP, ET, NB,
and SVM classifier achieved an Accuracy of 99.91%, 99.19%, 76.99%, and 99.51%, re-
spectively. For dataset-2, J48, RF, and REP resulted in an Accuracy of 99.89% whereas
CART, ET, NB, and SVM classifier was 99.84%, 99.64%, 99.14%, and 99.45%, re-
spectively. The performance for dataset-1 and dataset-2 after removing feature ‘S’ are
given in Table 4.10 and Table 4.11, respectively. With relevant features for dataset-
1 CART, ET, J48, RF, REP, NB, and SVM classifier obtained an Accuracy 99.92%,
99.20%, 99.92%, 99.93%, and 99.92%, 76.45%, and 99.5%, respectively. For dataset-
2, CART, ET, J48, RF, REP, NB, and SVM classifier achieved an Accuracy of 99.84%,
99.67%, 99.88%, 99.91%, 99.88%, 89.73%, and 99.45%, respectively. The Kappa

statistic achieved by classifiers for dataset-1 and dataset-2 is depicted in Figure 4.3.

The performance of the classifiers with a split dataset for dataset-1 and dataset-
2 without removing feature ’S’ are as shown in Table 4.12 and Table 4.13, respec-
tively. Without removing feature ’S,” for dataset-1 CART, ET, J48, RF, REP, NB, and
SVM classifier obtained an Accuracy 99.96%, 99.29%, 99.96%, 99.94%, and 99.95%,
77.06%, and 99.56% respectively. For dataset-2, the CART, ET, J48, RF, REP, NB, and
SVM classifier achieved an Accuracy of 99.81%, 99.62%, 99.87%, 99.88%, 99.83%,

99.84%, and 99.47%, respectively. The performance of classifiers after removing
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feature ’S’ for dataset-1 and dataset-2 are shown in Table 4.14 and Table 4.15, respec-
tively. After removing the feature ‘S, for dataset-1 CART, ET, J48, RF, REP, NB,
and SVM classifier achieved an Accuracy 99.96%, 99.32%, 99.96%, 99.96%, 99.95%,
76.27%, and 99.56%, respectively. For dataset-2, CART, ET, J48, RF, REP, NB, and
SVM classifier achieved an Accuracy of 99.85%, 99.73%, 99.88%, 99.90%, 99.81%,
90.14%, and 99.47%, respectively. The Kappa static achieved for dataset-1 and dataset-

2 is shown in Figure 4.4.
4.1.5 Summary

The complexity of classifiers and lab chemical analysis costs can be reduced using a
limited number of soil parameters. Three different feature selection approaches (InfoG,
GainR, and ReliefF) were used to develop an ensemble filter-based feature selection-
based classifier. The proposed approach eliminates the least relevant feature. The per-
formance of the proposed soil fertility classifier was assessed using two datasets. The
performance of tree-based classifiers such as CART, ET, J48, RF, and REP are com-
pared with NB and SVM classifiers. The RF classifier achieved the highest Accuracy
of 99.96% for dataset-1 and 99.90% for dataset-2 by excluding the soil parameter ’S’
and using the remaining ten soil chemical parameters. Kappa statistics was improved by
removing the least relevant feature, ’S,” using 10-fold cross-validation and split datasets.
The RF classifier performed better than other classifiers when feature ’S’ was eliminated
from both datasets. Based on the classification results, a precise amount of fertilizers is

recommended.

4.2 Proposed 2D CNN-based Soil Fertility Classification with Fertilizer Prescrip-

tion

Despite widespread deep learning-based classifiers, few studies have employed MLP
and ANN for soil fertility classification. CNN outperformed in various applications,
such as sentiment analysis (Alatrash et al., 2022) and leaf disease (Zhang et al., 2019),

and more. Thus, this research work uses CNN for soil fertility classification.

In the proposed method Dakshina Kannada district dataset (dataset-1) consisting of
11 soil chemical parameters was used (discussed in Section 4.1.1). Figure 4.5 shows

the proposed CNN-based soil fertility classifier. The dataset consists of laboratory mea-
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surements of eleven soil parameters, including EC, pH, OC, K, P, S, B, Cu, Fe, Mn, and
Zn, collected from farmlands in Dakshina Kannada district, Karnataka (State), India.
After preprocessing, the soil health dataset is partitioned into 75% training and 25%
testing data. A SMOTE oversampling approach was implemented to mitigate class bias
for resampling the training data. The instances in class HIGH and MEDIUM are re-
sampled to 0.5% of the instances in class LOW. The resampled training data is used to

train the proposed CNN-based classifier.

Soil Data llss Data Cleaning Synthetic minority
- - / Oversampling
I Dataset Labeling v
A A fF Dataset Labeled CNN-based
Laboratory

using 11 Chemical Classifier
Analysis > Parameters ¢

Data collection \ Trained Classifier l

Geolocation Information—>

Raw Data

Fertilizer Prescription |_
Crop Information— Module

Fertilizer Prescription Fertilizer Prescription Fertilizer Prescription
for LOW for MEDIUM for HIGH
Fertile Soil Fertile Soil Fertile Soil

Figure 4.5: Steps involved in 2D-CNN-based soil fertility classification approach

Dense
Layer

Convolutional  Convolutional
Layer Layer Flatten  Dense

Input Grid 7 Layer ~ Layer

# of filters=5 # of filters=10

Figure 4.6: Proposed 2D-CNN-based soil fertility classifier

The proposed soil fertility classifier, shown in Figure 4.6 (adapted from (Ilango
et al., 2022)), consists of an input layer, two dense layers, two convolutional layers,

a flatten layer, and an output layer. The dense layer is connected to every neuron in
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the input layer. The neurons in the dense layer perform matrix-vector multiplication of
output received from the input layer and produce an output vector. The output vector is
transformed into a matrix through reshaping. In this research, the number of neurons in
the dense layer varied from 121 to 169 to produce an input grid of size 11x11, 12x12,
and 13x13. The convolutional layer utilizes Eq (4.2) (Xie et al., 2023) to perform

convolutions on the input matrix and extract feature maps.

Z Z

Ypa =F(Y Y WinnXpimgin+b) 4.2)

m=1n=1

where y,, is the output of node in the p" row and g column of the output feature
map; Xp4m,q+n 18 the value in the p'" row and ¢ column in the input matrix; Wnn 18 the
weight value of the m'" row and n" column in the convolution kernel; z is the size of the
convolution kernel, and b is the bias term of the convolution kernel. The convolutional

layers use the ReLLU activation function.

The proposed approach involves two convolution layers, with 5 and 10 filters, re-
spectively, a stride of [1,1], and padding. The flatten layer transforms the output of
convolutional layer-2 into 1D data. The output of the flatten layer is fed into a dense
layer that contains 20 neurons, which is further transmitted to an output layer compris-
ing three neurons. The output layer utilizes the Sigmoid activation function, sparse cat-
egorical cross-entropy as the loss function, and Adam optimizer. It randomly chooses
hidden nodes, calculates the output weights, and classifies the vector into LOW, or
MEDIUM, or HIGH. The summary for the proposed approach with kernel size 3x3
and input grid size 11x 11 is given in Table 4.16.

Table 4.16: Summary of the layers used in proposed approach

Layer Output Shape | Param #

Input [(None,11)] 0
Dense (None, 121) 1452
Reshape | (None, 11, 11, 1) 0

Conv2D | (None, 11,11,5) 50
Conv2D | (None, 11, 11, 10) 460

Flatten (None, 1210) 0
Dense (None, 20) 24220
Dense (None, 3) 63
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Figure 4.7: Training accuracy of 2D-CNN-based classifier without oversampling for 11x11
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Figure 4.8: Training accuracy of 2D-CNN-based classifier without oversampling for 12x12
input grid

Based on the classification results, the proposed model prescribes fertilizers for

crops grown in Dakshina Kannada, such as rice, black pepper, and cucumber.

4.2.1 Experimental Setup and Results

The experiments were carried out on the Google Collab platform using Python. The
dataset is split into 75% for training and 25% for testing. The proposed soil fertility
classifier was built using 500 epochs. The experiments involved varying the input grid
from 11x11 to 13x 13, using kernel sizes of 3x3, 4x4, 5x5, 6x6, and 7x7. Initially,
the experiments were performed without the use of oversampling. The training accu-
racy obtained for different kernel sizes is depicted in Figure 4.7, Figure 4.8, and Figure
4.9 for an input grid size of 11x11, 12x12, and 13x 13, respectively. The proposed
approach obtained the highest training accuracy of 99.95% for kernel size 3 x3 using
an input grid size of 11x11.  The performance of the proposed approach is com-

pared for different kernel sizes using the dataset without oversampling. The results are
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Figure 4.9: Training accuracy of 2D-CNN-based classifier without oversampling for 13x13
input grid

Table 4.17: Performance of proposed CNN-based Soil fertility classifier with 11x11 input grid

Kernel Size | Accuracy | Precision | Recall | F1-Score Ka.pp.a
Statistics

3x3 97.24% 0.987 0.974 0.980 0.0938

4x4 95.53% 0.986 0.960 0.973 0.0130

5x5 95.32% 0.986 0.962 0.974 0.0118

6x6 95.88% 0.986 0.957 0.971 0.0159

7x7 94.72% 0.986 0.916 0.950 0.0094

Table 4.18: Performance of proposed CNN-based Soil fertility classifier with 12x 12 input grid

Kernel Size | Accuracy | Precision | Recall | F1-Score Ka.pp.a
Statistics
3x3 96.51% 0.987 0.965 0.976 0.0776
4x4 91.66% 0.987 0.917 0.950 0.015
5x5 96.70% 0.986 0.968 0.977 0.0162
6x6 95.81% 0.986 0.958 0.972 0.0098
7x7 95.18% 0.986 0.920 0.952 -0.0011

shown in Table 4.17, Table 4.18, and Table 4.19 for input grid sizes 11x11, 12x 12, and
1313, respectively. The proposed approach achieved the highest test Accuracy, Pre-
cision, Recall, F1-Score, and Kappa statistics of 97.24%, 0.987, 0.974, 0.980, 0.0938,
respectively, for kernel size 3x3 using an input grid size of 11x11. It is observed that

using the dataset without oversampling, most of the instances of the test dataset were

misclassified as LOW fertile.
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Table 4.19: Performance of proposed CNN-based soil fertility classifier with 1313 input grid

Kernel Size | Accuracy | Precision | Recall | F1-Score Ka-pp‘a
Statistics

3x3 95.85% 0.986 0.959 0.972 0.0196

4x4 96.30% 0.986 0.967 0.977 0.0261

5x5 94.74% 0.986 0.949 0.967 0.0095

6x6 95.50% 0.985 0.867 0.916 0.0004

7x7 96.48% 0.986 0.965 0.975 0.0138
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Figure 4.10: Training accuracy of 2D-CNN-based classifier for the oversampled dataset with
11x11 input grid
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Figure 4.11: Training accuracy of 2D-CNN-based classifier for the oversampled dataset with
1212 input grid

The dataset was oversampled using SMOTE to enhance the classification perfor-
mance. The number of instances in MEDIUM and HIGH fertile classes was increased
to 138 instances each. The training achieved for the oversampled dataset is depicted in
Figure 4.10, Figure 4.11, and Figure 4.12 for an input grid size of 11x11, 12x12 and
13x 13, respectively. When using a kernel size of 3 x3 and an input grid size of 12x12,
the highest test results were achieved, with Accuracy, Precision, Recall, F1-Score, and

kappa statistics of 97.52%, 0.988, 0.978, 0.983, 0.1397, respectively.
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Figure 4.12: Training accuracy of 2D-CNN-based classifier for the oversampled dataset with
13x13 input grid

Table 4.20: Performance of proposed CNN-based soil fertility classifier using SMOTE over-
sampling with 11x11 input grid

Kernel Size | Accuracy | Precision | Recall | F1-Score Kapp.a
Statistics
3x3 97.03% 0.988 0.900 0.942 0.0361
4x4 95.91% 0.986 0.959 0.972 0.0047
5x5 94.22% 0.986 0.940 0.962 0.0131
6x6 96.48% 0.986 0.965 0.975 0.020
7x7 96.04% 0.985 0.817 0.893 -0.0045

Table 4.21: Performance of proposed CNN-based soil fertility classifier using SMOTE over-
sampling with 12x12 input Grid

Kernel Size | Accuracy | Precision | Recall | F1-Score Ka.pp'a
Statistics

3x3 97.52% 0.988 0.978 0.983 0.1397

4x4 93.96% 0.986 0.940 0.962 0.0195

5x5 95.73% 0.986 0.958 0.972 0.0190

6x6 97.32% 0.986 0.970 0.978 0.0359

7x7 95.67% 0.984 0.593 0.740 -0.0031

Table 4.22: Performance of proposed CNN-based soil fertility classifier using SMOTE over-
sampling with 1313 input grid

Kernel Size | Accuracy | Precision | Recall | F1-Score Ka-pp‘a
Statistics

3x3 94.99% 0.986 0.950 0.968 0.0167

4x4 94.59% 0.986 0.946 0.966 0.0124

5x5 94.84% 0.986 0.943 0.964 0.0077

6x6 94.42% 0.986 0.889 0.939 0.0061

7x7 91.99% 0.985 0.517 0.678 -0.0014
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4.2.2 Summary

The proposed 2D-CNN-based classifier achieved the training and test Accuracy of
99.95% and 97.24%, respectively, for kernel size 3x3 and an input grid size 11x11.
Furthermore, the performance of the classifier was improved using SMOTE oversam-
pling. The proposed approach using an oversampled training dataset achieved the high-
est training and test Accuracy of 99.98% and 97.52%, respectively, for kernel size 33
and an input grid size 12x12. The classification results are used to recommend suitable

fertilizers for specific crops.

4.3 Proposed 1D CNN-based Soil Fertility Classification and Fertilizer Prescrip-

tion

CNNs require specialized hardware due to their complex computations and are im-
practical, with limited data (Jain et al., 2019; Kiranyaz et al., 2019). 1D-CNN utilizes
cost-effective, simplified hardware for 1D convolutions (scalar additions and multipli-
cations). The 1D-CNN is efficient, with fewer hidden layers and scarce labeled data
(Kiranyaz et al., 2019). In this context, this research applied 1D-CNN to classify soil
fertility. In the proposed method Dakshina Kannada district dataset (dataset-1) consist-
ing of 11 soil chemical parameters was used (discussed in Section 4.1.1). Figure 4.13
presents the steps involved in 1D-CNN-based soil fertility classification. The research
utilized soil-health data (Soil-health, 2021) collected from the Dakshina Kannada dis-
trict of Karnataka (State), India. The experiment was performed using split dataset.
Further, the dataset was converted into a compatible format using the MinMax scaling
function (Jain et al., 2005; Lotfi & Pirnia, 2022)). Each feature ’x;’ value in this work is
transformed by the MinMax scaler to a range of [0, 1] using the Eq. (4.3) (Somu et al.,
2020).

x; = i Amin_ (4.3)

Xmax — Xmin
The minimum and maximum values in the column are denoted as x,,;;, and x;,,,x, respec-
tively. The dataset is split into 75% for training and 25% for testing without reshuffling.
SMOTE oversampling is applied to the training data, and the trained classifier’s effec-

tiveness is assessed using test data. The fertilizer prescription module uses classification
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Figure 4.13: Steps in 1D-CNN-based soil fertility classification

results to determine the suitable fertilizers for specific crops.

The proposed soil fertility classification approach, depicted in Figure 4.14, consists

of layers: input, convolutional, dense, 1D MaxPooling, flattening, and output. The

1x11 Lx4x64 (L/2)x4x64 1x1024
. 0 X
. SMOTE m O
Traning Duta “POversampling || — — O

O 0

Preprocessed Input 1D Convolutional Dense 1D MaxPooling Flatten Dense Oufput
Soil-health Dataset Layer Layer Layer Layer Layer ~ Layer Layer
ID-CNN Classifier
Test Data

» Trained classifier
Number of features=11

Number of filters=64

Filter size=4
Number of Layers =L Classification of
Soil fertility as
HIGH, MEDIUM
or LOW

Figure 4.14: Proposed 1D-CNN-based soil fertility classifier

ID-CNN classifier receives the training data as input. The input layer utilizes 11 neu-
rons, with randomly assigned weights for each connection. The method proposed uses
a convolution layer with 64 filters, a filter size of 4, a stride of 1, and zero padding.
The kernels slide over elements of a 1D input during convolution. Each 1D convolu-

tional layer creates kernels of dimension P x Q, where P is the temporal window (single
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Table 4.23: Layers used in proposed 1D-CNN soil fertility classifier

Layer (type) Output Shape | Param #
1D Convolutional | (None, 8, 64) 320
Dense (None, 8, 64) 4160
1D MaxPooling (None, 4, 64) 0
Flatten (None, 256) 0
Dense (None, 3) 771

spatial) covered by the filter and Q is the number of filters. The convolutional layer per-
forms convolutions and produces the output ‘y;” of the i node in the feature map using

the Eq. (4.4).
M 0

Yi= f( Z Z WingXi+m,i+q + b) 4.4)

m=1q=1

where ‘x’ represents the input overlapping to the filter, ‘w’ represents the random weight
of the convolutional filter connections, ‘b’ represents the bias, and ‘f’ represents the

activation function.

After each convolution, the filter moves by one step. The convolutional layer utilizes
the ReLLU activation function. A dense layer with 64 neurons is connected to the 1D
convolutional layer. Each neuron in the dense layer is connected to every neuron in the
previous layer. Matrix-vector multiplication is performed by the dense layer neurons
using the updated output from the preceding layer. Backpropagation is employed to
calculate the gradient of the loss function with respect to the network weights. To
reduce feature map size, the proposed approach employs L/2 max-pooling layers. By
taking the maximum feature response within a neighborhood, the max-pooling layer
reduces the output matrix to half of the input matrix. The flatten layer with four neurons
transforms the previous layer’s output into 1D data. The classification of the input is
performed by the output layer using the sigmoid activation function. The output weights
are determined by randomly selecting hidden nodes (Huang et al., 2006), and a vector
of size is reduced into three classes. The 1D-CNN employs an Adam optimizer and
a sparse categorical cross-entropy loss function. The layers used in the proposed 1D-

CNN-based classifier are shown in Table 4.23.

The proposed approach recommends fertilizers for paddy, black gram, green gram,

and arecanut based on the classification results.
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4.3.1 Experimental Setup and Results

The proposed soil fertility classifier is implemented using Python programming on
Google Collab. The soil fertility classification has been developed over 500 epochs.
The proposed approach is compared with the ELM and MLP. The experiments were
conducted: 1) using the raw dataset (i.e., without normalization and without oversam-
pling), 2) with normalization and without oversampling, 3) without normalization and

with oversampling, 4) with normalization and with oversampling.

The training and validation accuracy obtained using the raw dataset is as depicted in

Figure 4.15. The performance comparision between the proposed approach and other
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Figure 4.15: Comparision of training and validation accuracy using raw dataset

classifiers using a raw dataset is shown in Table 4.24. The proposed method obtained
an Accuracy of 98.96%, with Recall, Precision, and F1-Score of 0.990. The Kappa
statistics for the proposed approach and the MLP were extremely low. ELM obtained
negative Kappa statistics, which indicates that classification is not appropriate. MinMax
normalization was applied to the dataset to improve the classifier’s performance. The
training and validation accuracy of the proposed approach and the other two classifiers

with normalization and without oversampling is depicted in Figure 4.16.

Table 4.25 compares the performances of the classifiers with normalization and

without oversampling. The proposed approach outperformed ELM and MLP classi-
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Table 4.24: Performance of the proposed approach, ELM and MLP classifiers using raw dataset

Classifier Accuracy | Recall | Precision | F1-Score | Kappa Statistics
ELM 98.03% | 0.980 0.985 0.983 -0.0070
MLP 97.84% | 0.978 0.986 0.982 0.0014
Proposed approach | 98.96% 0.990 0.990 0.990 0.0319
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Figure 4.16: Comparision of training and validation accuracy with normalization and without

oversampling
Table 4.25: Performance of the proposed approach, ELM and MLP classifiers with normaliza-

tion and without oversampling

Classifier Accuracy | Recall | Precision | F1-Score | Kappa Statistics
ELM 98.05% | 0.981 0.987 0.984 0.0598
MLP 98.42% | 0.984 0.986 0.985 0.0449
Proposed approach | 99.13% | 0.991 0.988 0.990 0.1270

fiers with the highest Accuracy of 99.13%, Recall of 0.991, Precision of 0.998, and
F1-Score of 0.990. SMOTE oversampling is used to balance the dataset and reduce
bias. Figure 4.17 shows the training and validation accuracy of the proposed approach

and the other two classifiers without normalization and with oversampling.

Table 4.26 displays the performance comparision of classifiers without normaliza-
tion and with oversampling. The proposed approach outperformed ELM and MLP
classifiers with the highest Accuracy of 96.69%, Recall of 0.967, Precision of 0.992,
and F1-Score of 0.978. The proposed approach obtained the highest Kappa statistics of
0.2358.
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Figure 4.17: Comparision of training and validation accuracy without normalization and with
oversampling

Table 4.26: Performance of proposed approach, ELM and MLP classifiers without normaliza-
tion and with oversampling

Classifier Accuracy | Recall | Precision | F1-Score | Kappa Statistics
ELM 84.92% | 0.849 0.990 0.912 0.0402
MLP 95.88% | 0.959 0.989 0.973 0.1261
Proposed approach | 96.69% 0.967 0.992 0.978 0.2358

Furthermore, an experiment is performed with normalization and oversampling to
enhance the efficiency of the classifiers. Figure 4.18 illustrates the training and val-
idation accuracy of different classifiers using normalization and oversampling. The
proposed 1D-CNN-based soil fertility classifier achieved the highest training accuracy
of 99.91% and validation accuracy of 97.75%.

Table 4.27 shows the performance of the classifiers, with normalization and over-
sampling. The proposed approach outperformed ELM and MLP classifiers with an
Accuracy of 97.90%, Recall of 0.979, Precision of 0.992, and F1-Score of 0.984. The
Kappa statistics achieved for the classifiers are better than compared to the Kappa statis-
tics obtained without using data normalization or oversampling. Further, the proposed

1D-CNN-based classification approach achieved better Kappa statistics of 0.2358.
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Figure 4.18: Comparison of training and validation accuracy with normalization and
oversampling
Table 4.27: Performance of the proposed approach with normalization and with oversampling

Classifier Accuracy | Recall | Precision | F1-Score | Kappa Statistics
ELM 69.80% | 0.698 0.992 0.816 0.0264
MLP 87.06% | 0.871 0.991 0.925 0.0668
Proposed approach 97.9% 0.979 0.992 0.984 0.2358

4.3.2 Summary

In this research, a 1D-CNN-based soil fertility classification is proposed. Experiments

were performed to demonstrate the effectiveness of proposed approach with MinMax

normalization and SMOTE oversampling. The proposed approach achieved the highest

training and validation accuracies of 99.91% and 97.75% using the soil-health dataset.

The proposed approach performed better than ELM and MLP with a classification Ac-
curacy of 97.90%, Recall of 0.979, Precision of 0.992, F1-Score of 0.984, and kappa

statistics of 0.2358. Additionally, the classification results are used to prescribe the

fertilizers.

4.4 Proposed Finite Automata-based Soil Fertility Classification with Fertilizer

Prescription

Numerous scientists have employed machine learning techniques to evaluate soil fer-

tility. However, these approaches face significant challenges, including the need for
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unbiased and massive datasets, more time and resource, and are susceptible to errors.
Most ML-based classifiers exhibited low accuracy when applied to imbalanced datasets
(Neyestani et al., 2021). Finite automata have found application in various contexts,
including the design of lexical analyzer and test editor (Sunitha, 2013), malware detec-
tion (Ramesh & Menen, 2020), etc. The primary limitation of finite automata is their
inability to handle infinite sets of alphabets. Symbolic Finite Automata (SFA) addresses
this limitation by enabling the utilization of linear arithmetic predicates and functions
over an alphabet. Consequently, SFAs extend the capabilities of finite automata to op-
erate effectively over infinite alphabets (Van Noord & Gerdemann, 2001; Dalla Preda
et al., 2015). The values of soil parameters belong to an infinite set of alphabets. In this
study, SFA was employed to classify soil fertility and suggest fertilizers based on the

deficiency of soil nutrients.

4.4.1 Datasets Used

In the proposed method Sentinel-2 dataset generated for Konaje village of Dakshina
Kannada (District), Karnataka (State), India as discussed in Section 3.1. Addition-
ally, the study incorporated laboratory-measured soil-health data (Soil-health, 2021)
collected from farmlands of villages in Belgaum (District), Karnataka (State), India.
The collected soil-health data consists of 5015 instances with attributes such as sample
number, state name, district name, block name, village code, village name, longitude,
latitude, and 12 soil chemical parameters. Initially, the Soil-health-1 dataset was gener-
ated by selecting attributes EC, pH, OC, and N, from soil-health data. The Soil-health-2
dataset consists of all 12 attributes of soil-health data, namely pH, EC, OC, N, P, K,
S, B, Cu, Fe, Mn, and Zn. The WEKA open source tool (WEKA, 2021) was used to
eliminate redundant and missing data. The preprocessed Soil-health-1 dataset consists
of 4066 instances. After labeling, the dataset consists of 4,000 instances of LOW, 54
of MEDIUM, and 12 HIGH fertile soil. After preprocessing, the Soil-health-2 dataset
consists of 4529 instances. The Soil-health-2 dataset was labeled using the levels of 12
soil parameters: pH, EC, OC, N, K, P, S, B, Cu, Fe, Mn, and Zn. Estimating the pH,
EC, OC, and N levels was identical to the procedure for labeling the Sentinel-2 dataset.
After labeling, the dataset consists of 4517 instances of LOW fertile and 12 of MED

fertile.
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Figure 4.19: Proposed SDFA classification and fertilizer prescription approach
4.4.2 Proposed Fertilizer Recommendation System using SDFA

The sequence of steps in the proposed fertilizer recommendation system is depicted in
Figure 4.19.

Figure 4.20: State transition diagram of proposed SDFA soil fertility classifier

SDFA is SFA that consists of states and transitions, with the transition edges la-
beled with predicates specified in terms of boolean algebra (Dalla Preda et al., 2015).
Consider an infinite alphabet A = (Da, ya, A,V,), where Dy is set of infinite rational
numbers, Y is set of predicates which are closed under boolean operations A, V, and
Let ¢, and y are two predicates belonging to a set of predicates defined on alphabet A
(i.e., Wa), then Vo, yc W [@ Ayl=[@ Nyl [¢ V yI=[¢@ U yl, [~@]=[Da -¢].
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Table 4.28: Transition table of proposed approach

States INPUTS

il i2 i3 i4 i5 i6 i7 i8 i9 i10 i1l i12
s0 LOW | LOW | LOW | LOW | LOW | LOW sl sl sl LOW | LOW | LOW
sl s2 s2 s2 s2 s3 LOW | LOW | LOW | LOW | LOW | LOW | LOW
s2 LOW | LOW s5 s4 s4 s4 s4 s4 s4 s4 s4 s4
s3 LOW | LOW s5 s5 s5 s5 s5 s5 s5 s5 s5 s5
s4 LOW | LOW | LOW | LOW | LOW | LOW | LOW | LOW | LOW | LOW s7 s6
s5 LOW | LOW | LOW | LOW | LOW | LOW | LOW | LOW | LOW | LOW s7 s7
s6 LOW | LOW | LOW | LOW | LOW | LOW s8 s9 LOW | LOW | LOW | LOW
s7 LOW | LOW | LOW | LOW | LOW | LOW s9 s9 LOW | LOW | LOW | LOW
s8 LOW | HIGH | HIGH | HIGH | HIGH | HIGH | HIGH | HIGH | HIGH | HIGH | HIGH | HIGH
s9 LOW | LOW | MED | MED | MED | MED | MED | MED | MED | MED | MED | MED

SDFA model was designed using pH, EC, OC, and N. The transition diagram of
the SDFA classifier is shown in Figure 4.20, and the transition table is shown in Table
4.28. The transitions are made in accordance with the levels of soil parameters. Mov-
ing to a final state within a sequence signifies the predicted soil fertility. The proposed
SDFA classification approach uses Da={il, i2, i3, i4, i5, i6, i7, i8, 19, i10, 111, i12},
where ik indicates decimal input values such that 11=[0-0.2), 12=[0.2-0.5), 13=[0.5-0.75)
14=[0.75-1.6], i15=(1.6-2.5], 16=(2.5-6.5), 17=[6.5-7.5], i8=(7.5-8], 19=(8-8.5], i110=(8.5-
280), 111=[280-560), 112=[560-9999].

SDFA is defined using five tuples as M=(A, Q, s0, F, 0),

where A is the alphabet such that, A = (Da, @a.f, AV, 7),

D4 is a set of infinite decimal values indicating the possible soil parameters.

oA is set of predicates. the predicates used in the proposed model are:
oa={({7Vi8Vi9),(i1 Vi2Vi3Vid), i5,

—(11NI2A13A14AN15), ~(11Ai2Ai3), (11Vi2), 13,111, 112,

(i11Vil2), =(i11Ail2), 17, i8, ~(i7Ai8), i2, i3, —i2}.

Q is a finite set of states, Q={s0, s1, s2, s3, s4, s5, s6, s7, s8, s9, LOW, MED, HIGH,
REJECT}, where MED indicates MIDIUM.

s0 is an initial state.

F is a set of final states, F={LOW, MED, HIGH, REJECT}

0: Qx paA—Q is a finite set of transitions to a unique state.

The SDFA-based approach was designed by reading the pH value at the initial start
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state, sO. With valid input, the transition has the potential to reach any final acceptance
state: HIGH, MED, or LOW. Conversely, for invalid input values, the transition leads
to the REJECT state. Table 4.29 describes the transitions to different states.

The proposed method is applied to classify Sentinel-2, Soil-health-1, and Soil-
health-2 datasets. Using the classification results, the model suggests fertilizers for
commonly cultivated crops in Dakshina Kannada and Belgaum, including paddy, black
gram, green gram, and turmeric. The deficiency in § and micronutrients are determined

based on pH value to recommend the fertilizers.
4.4.3 Experimental Results

The proposed SDFA-based soil fertility classifier was implemented using Python pro-
gramming in the Google Collab platform.

4.4.3.1 Performance of Machine Learning-based Classifiers

The experiments involved ML-based classifiers such as NB, RF, J48, SVM, and KNN (k
varying from 2 to 7). The performance of ML-based classifiers utilizing 10-fold cross-
validation for the Sentinel-2 dataset, Soil-health-1 dataset, and Soil-health-2 dataset is
presented in Table 4.30, Table 4.31, and Table 4.32, respectively. Figure 4.21, Figure
4.22, and Figure 4.23 display the TPR versus FPR for various datasets. A reliable
classifier strives for a higher TPR and a lower FPR (Elfadel et al., 2019). In the case of
the Sentinel-2 dataset, both the RF and J48 classifiers achieved an Accuracy of 97.87%,
with Precision, Recall, and F1-Score reaching 0.979. Using Soil-health-1 dataset, J48
outperformed, with the highest Accuracy of 99.85%, with Precision, Recall, and F1-
Score of 0.999. Similarly, using Soil-health-2 dataset, J48 attained the highest Accuracy
of 99.85%, with Precision, Recall, and F1-Score values of 0.998.

4.4.3.2 Performance Evaluation of SDFA-based classifier

The confusion matrix for the proposed model employing the Sentinel-2 dataset is pre-
sented in Table 4.33, and the corresponding TP, FN, FP, and TN are shown in Table
4.34. The proposed classifier performed better with a TPR of 1.000 and an FPR of 0.
The confusion matrix obtained for the Soil-heath-1 dataset is shown in Table 4.35, and
the TP, FN, FP, and TN obtained are given in Table 4.36. SDFA performed better with a
TPR of 1.000 and an FPR of 0. The LOW fertility class of Sentinel-2 obtained TP=293,
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Table 4.29: Description of different transitions involved in the proposed approach

States Scenario

s0—>s1 Read pH value is highly fertile.
s0->LOW Read pH value is low fertile level, indicating soil is LOW fertile.
s0—>s1—>s2 pH level of the soil is high, and the read EC value is at the high fertile level.
s0->s1->s3 pH level of the soil is high and read EC value is at medium fertile level.

pH level of the soil is high and read EC value is at low fertile level,
s0—>s1->LOW

indicates the soil is LOW fertile.
$0->s1->s2->s4 pH, and EC level are high and read OC value is at high fertile level.
s0->s1->s2->s5 pH, and EC level are high and read OC value is at medium fertile level.

pH, and EC level of the soil are high and read OC value is at low
s0—>s1->s2->LOW

fertile level, indicates the soil is LOW fertile.

pH level of the soil is high, EC value is at the medium fertile level,
s0—>s1->s3->s5

and read OC value level is medium.

pH level of the soil is high, EC value is at the medium fertile level, and
s0—>s1->s3—>LOW

read OC value level is low, indicates the soil is LOW fertile.

$0->s1->82->s4->56 pH, EC, OC level of the soil are high and read N value is at high fertile level.

$0->s1->52->s4->57 pH, EC, OC levels of the soil are high and read N value is at medium fertile level.

pH, EC, OC levels of the soil are high, and the read N value is at low
SO—>s1->s2—>s4->LOW

fertile level, indicates the soil is LOW fertile.

pH level of the soil is high, EC and OC value levels are at medium,
$0—>s1->52—->55->57

and read N value is at the medium fertile level.

pH level of the soil is high, EC, and OC value level are at medium,
$O—>s1->82—>s5->LOW

and read N value is at low fertile level, indicates the soil is LOW fertile.

pH, EC, OC, and N levels of the soil are high, and other soil
SO—>s1->82—>84—>s6—>s8

parameter’s level based on pH is high.

pH, EC, OC, and N level of the soil are high and other soil
S0—>s1—>82—>s4—>s6—>s9
parameter’s level based on pH is medium.

pH, EC, OC, and N level of the soil are high, and any other soil
S0—>s1—>82—>s4—>s6—>LOW

parameter’s level based on pH is LOW.

pH, EC, OC level of the soil are high, N value is at medium fertile
s0—>s1->82—>s4—>s7->s9

level, and other soil parameter’s level based on pH is medium
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Table 4.29: Description of different transitions involved in the proposed approach

States

Scenario

$0—>s1—>82—>85->s7->s9

pH level of the soil is high, EC, OC, and N value level are at medium,

and other soil parameter’s level based on pH is medium.

$0—>s1->82—>s85->s7->LOW

pH level of the soil is high, EC, OC, and N value level are at medium,

and any other soil parameter’s level based on pH is LOW.

$0—>s1—>s2—>s4—>s56—>s8—>HIGH

pH, EC, OC, N, and other soil parameter’s level based on pH is high,

and soil is not highly non-saline, indicates the soil is HIGH fertile.

$0—>s1->82—>84—>56—>s8—>LOW

pH, EC, OC, N, and other soil parameter’s level based on pH is high,

and soil is highly non-saline, indicates the soil is LOW fertile.

$0—>s1->82—>s4—>56—>s9—>MED

pH, EC, OC, and N levels, of the soil are high, and other soil parameter’s
level based on pH is medium, and soil is slightly non-saline, indicates the

soil is MEDIUM fertile.

S0—>s1—>82—>84—>56—>s9->LOW

pH, EC, OC, and N levels of the soil are high, and other soil parameter’s
level based on pH is medium, and soil is moderately or highly non-saline,

indicates the soil is LOW fertile.

$O0—>s1->82—>s4—>s7->s9->MED

pH, EC, OC levels of the soil are high, N value is at a medium fertile level,
and other soil parameter’s level based on pH is medium, and soil is slightly

the non-saline indicates the soil is MEDIUM fertile.

$0—>s1->82—>54—>57->s9->LOW

pH, EC, OC level of the soil is high, N value is at a medium fertile level,
and other soil parameter’s level based on pH is medium, and soil

is moderately or highly non-saline, indicates the soil is LOW fertile.

s0—>s1—>82—>85->s7->s9->MED

pH level of the soil is high, EC, OC, and N levels are at medium, and
other soil parameter’s level based on pH is medium, the soil is slightly

non-saline, the indicates the soil is MEDIUM fertile.

S0—>s1—>82—>85->57->s9->LOW

pH level of the soil is high, EC, OC, and N levels are at medium, and
other soil parameter’s level based on pH is medium, the soil is moderate

or highly non-saline indicates the soil is LOW fertile.

FN=0, FP=0, and TN=36. The MED fertility obtained TP=25, FN=0, TN=304, and
FP=0. The HIGH fertility achieved TP=11, FN=0, TN=318, and FP=0. The LOW fer-
tility class of the Soil-health-1 dataset obtained TP=4000, FN=0, FP=0, TN=66. The
results for the MED fertility class indicate TP=54, FN=0, TN=4012, and FP=0, while
the HIGH fertility class achieved TP=12, FN=0, TN=4054, and FP=0. For the Soil-
health-2 dataset, the LOW fertility class recorded TP=4451, FN=8, TN=4, and FP=66,
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Table 4.33: Confusion matrix obtained for Sentinel-2 dataset

Reached State
(Predicted Class)

LOW | MED | HIGH
Actual LOW 293 0 0
Class MED 0 25 0
HIGH 0 0 11

Table 4.34: TP, FN, TN, and FP obtained for Sentinel-2 dataset

Class | TP | FN | TN | FP
LOW (293 | 0 | 36 | O
MED | 25 | 0 |304| O
HIGH | 11 | 0 |318| O

Table 4.35: Confusion matrix obtained for Soil-health-1 dataset

Reached State
(Predicted Class)

LOW | MED | HIGH
Actual LOW | 4000 0 0
Class MED 0 54 0
HIGH 0 0 12

Table 4.36: TP, FN, TN, and FP obtained for Soil-health-1 dataset

Class | TP | FN| TN | FP
LOW | 4000 | O 66 0
MED 54 0 [4012| O
HIGH | 12 0O [4054 | O

and the MED fertility class obtained TP=4, FN=52, TN=4455, and FP=8. In the HIGH
fertility class, TP=0, FN=14, TN=4515, and FP=0. Table 4.39 depicts the performance
of proposed approach. When applied to the Sentinel-2 and Soil-health-1 datasets, the
proposed model achieved a perfect Accuracy of 100%, with Precision, Recall, and F1-
Score values of 1.000. When evaluating the Soil-health-2 dataset, the proposed ap-
proach achieved an Accuracy of 98.37%, with Precision, Recall, and F1-Score values
of 0.984. Table 4.37 displays the confusion matrix for Soil-health-2, providing the TP,
FN, FP, and TN values presented in Table 4.38. The SDFA performed with a TPR of
0.984 and an FPR of 0.008.
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Table 4.37:
Accurate soil fertilization is essential for enhancing crop yields. In this research work,

an SDFA-based soil fertility classification approach is proposed to dynamically classify

44.4 Summary
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Figure 4.23: TPR versus FPR using Soil-health-2 dataset
Table 4.38: TP, FN, TN, and FP obtained for Soil-health-2 dataset

Class | TP | FN | TN | FP
LOW | 4451 | 8 4 66
MED 4 52 | 4455 | 8
HIGH | 0 14 | 4515 | O

Table 4.39: Performance of proposed SDFA

Dataset Used | Accuracy | Precision | Recall | F1-Score
Sentinel-2 100% 1.000 1.000 1.000

Soil-health-1 100% 1.000 1.000 1.000

Soil-health-2 | 98.37% 0.984 0.984 0.984

soil data as LOW, or MEDIUM or HIGH fertile. The effectiveness of the approach
is assessed using the Sentinel-2 dataset, which incorporates four soil parameters. It
is observed that an Accuracy of 100% was achieved using Sentinel-2 dataset. The
performance of the proposed method is further evaluated using laboratory-measured
soil-health data, resulting in a 100% Accuracy for the Soil-health-1 dataset and 98.37%
for the Soil-health-2 dataset. The performance of the proposed method is compared
with ML-based classifiers. It is observed that the proposed method outperformed ML-
based classifiers. The classification results are used to prescribe fertilizers for paddy,

black gram, green gram, and turmeric.

104



CHAPTER 5

SOIL FERTILITY CLASSIFICATION USING
REAL-TIME DATA

The revisit of the satellite to a specific location to gather data is infrequent. Revisit of
Sentinel-2 is for every five days, whereas Landsat is for ten days. Frequent satellite
revisits are necessary to increase the data samples and classification accuracy. The
proximal soil sensors allow for the dynamic collection of soil data to determine the
variation in soil fertility based on crop development and environmental factors. Thus,
this research uses soil sensors, namely the Soil NPK sensor and EC-pH sensor, to collect

real-time soil data.
5.1 Datasets Used

In this proposed method laboratory-measured Soil-health data (Soil-health, 2021) was
collected from the farmlands of Belgaum (District), Karnataka (State), India and used to
train the ML classifiers. The collected data had 5015 instances with 20 attributes such
as sample number, state name, district name, block name, village code, village name,
latitude, longitude, and 12 soil chemical parameters: EC, pH, OC, N, P, K, S. B, Cu,
Fe, Mn, and Zn. pH indicates the soil’s hydrogen ion concentration. EC, OC, macronu-
trients (N, P, K, and S) and micronutrients (B, Cu, Fe, Mn, and Zn) are measured in
deciSeimen/cm (dS/cm), percentage (%), kilograms per hectare (kg/ha), and parts per

million (ppm), respectively.

During data preprocessing, five soil parameters such as EC, pH, OC, N, P, K were
selected from the dataset. The duplicates were removed using WEKA open source tool
(WEKA, 2021). After removing duplicates, dataset consists of 4443 instances. The
datasets were labelled by determining the fertility level of EC, pH, OC, N, P, K based
on their value and fertility level of S. B, Cu, Fe, Mn, and Zn based on the value of
pH. After labelling the dataset, it consists of 3269 instances of LOW fertile, 1017 of
MEDIUM and 157 of HIGH.
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5.2 Proposed Soil Fertility Classification using Real-time data

Figure 5.3 depicts the proposed soil fertility classification. The proposed approach uses

Machine Learning-based Classifier
10-fold Cross-validation

a TTTTTTTT [
L[ [T

Laboratog-measured_) Data Preprocessing —> |
Soil data sl

ol TTTTTTTTT]
Read Soil Chemical
Soil | soil _ | Parameters using | TestData | Trained
Collection ’Sampling Soil Proximal | Classifier
Sensors

Figure 5.1: Proposed soil fertility classification using real-time test data

laboratory-measured soil data to train ML-based classifier. The ML-based classifier
with 10-fold cross-validation test were employed by using the Soil-health data. The
trained classifiers were utilized to test the real-time soil parameters acquired using soil

proximal sensors.
5.3 Steps involved in Real-time Soil data Collection

Based on the expert’s suggestion, the soil was collected after removing foreign materials
such as roots and stones. The sub-surface soil samples were collected at a depth of 15cm
from the bare land of a region in Dakshina Kannada (District) of Karnataka state, India,
having a latitude of 13.009506 and a longitude of 74.788982. The collected 58 soils
were placed in a transparent reusable plastics. The study uses soil sensors, namely the
Soil EC-pH sensor and NPK sensor, to collect soil parameters. The EC-pH sensor was
used to collect EC and pH values, and the NPK sensor was used to collect N, P, and
K values. The circuit designed to collect the soil chemical parameters is depicted in
Figure 5.2 and described in Table 5.1. Two serial communication ports are used, each
with the baud rate=4800, parity=none, Timeout=10000 msec, slave id=1, and Modbus

Remote Terminal Unit (RTU) protocol to read the data from the registers in sensors.

The pH and EC values were read from the register addresses 0x03 and 0x09 of
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Figure 5.2: Circuit to collect soil chemical parameters

Table 5.1: Components used to collect the data

I\SI:;. Components Used Quantity
1 | NPK 3-in-1 fertility sensor (output type RS485) 1
2 | EC-pH 2-in-1 fertility sensor (output type RS485) 1
3 | USB CH340/341 to RS485 Converter 2
4 | Arduino Uno 1
5 | DC 12V 2A Power Supply Adapter 1

the EC-pH sensor, whereas N, P, and K values were read from the register addresses

0x09, 0x0D, and 0xOE, respectively. The data was collected using Python programming

language with the MinimalModbus Python module. MinimalModbus is a module that

uses Modbus protocol to talk to instruments from a computer (Jonas, 2023). The data

read from sensors using Python programming are written to ThingSpeak as shown in

Figure 5.3 using the Urllib package of Python programming. The steps involved in

acquiring real-time soil parameters are:

1.
2.

A

Create ThingSpeak channel with 4 fields pH, EC, N, P, K.
Connect EC-pH sensor to port-1 using modbus-1
Connect NPK sensor to port-2 using modbus-2

Call minimalmodbus.instrument(port-1, slave_id=1)

Call minimalmodbus.instrument(port-2, slave_id=1)

Assign baud _rate, byte_size, parity, stop_bits, timeout for instrument]1 and instru-
ment2

Assign protocol for instrument, instrument2 as RTU
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8. Clear instrument]1 _buffer, instrument2_buffer before transaction

9. For each soil sample do
pH< instrument]l.read_register(0x03)
EC+ instrumentl.read register(0x09)
N+ instrument2.read_register(0x09)
P<— instrument2.read _register(0x0B)
K< instrument2.read_register(0x0D)
Write pH, EC, N, P, K to ThingSpeak fields

The accuracy of data values is tested using two simulators: CAS Modbus scanner
(CHIPKIN, 2023) and Generic Modbus/Jbus tester (Schneider, electric, 2023) as shown
in Figure 5.5 and Figure 5.7, respectively.

5.3.1 Unit Conversion of Soil parameters

This study used the trained model developed using laboratory-measured soil chemical
parameters. Separate testing was performed using laboratory-measured data and
real-time soil data using the trained classifier developed using laboratory-measred
Soil-health data. In Soil-health dataset, the EC was measured in dS/cm, whereas N, P,
and K used kg/ha. The EC-pH sensor measures EC in terms of mS/cm= 0.01dS/0.01m=
1dS/m. Hence, the EC value after unit conversion remains the same. The real-time
values of N, P, and K extracted using NPK sensor are measured in terms of mg/kg. To
mg/kg can be converted into kg/ha by calculating the mass of the soil layer in terms of

kg/ha using the Eq (5.1).

Mass of soil layer = volume of soil layer X soil density 5.1

where the volume of the soil layer can be calculated using Eq. (5.2), and soil density is

measured using Eq. (5.3).

Volume of soil layer (in m*) = area (in m*) x depth (in m) (5.2)

Weight of soil (in kg)
Volume of soil (in m3)

Soil Density(in kg/m>) = (5.3)

where area is 1 ha= 10,000m?, soil depth is 15 cm= 0.15m.
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5.3.2 Data preprocessing of Real-time data

The redundant data were removed using the WEKA open-source tool, resulting in 50
instances. The collected data instances are labeled as LOW, MEDIUM, or HIGH based
on the level of soil parameters. The fertility levels of pH, EC, N, P, and K are measured
based on their values. Each soil parameter plays a significant role in soil fertility. The
fertility level of remaining soil parameters such as S, B, Cu, Fe, Mn, and Zn is deter-
mined based on the value of pH. After labeling, 42 instances in the dataset were of

LOW ferrtile soil, 1 instance of MEDIUM and 7 instances of HIGH fertile soil.
5.4 Experimental Results and Discussions

The experiments were conducted using WEKA (WEKA, 2021) open source tool. The
ML-based classifiers such as CART, J48, RF, REP, NB, SVM were trained by using
laboratory-measured Soil-health data with 10-fold cross-validation. The collected real-
time data are tested using trained classifiers. The performance of the trained classifiers
were measured using performance metrics such a Accuracy, Precision, Recall, F1-score.
The dataset used in this study is imbalanced dataset. Thus, the performance of the
classifiers were measured using per-class precision, per-class recall, per-class F1-score,

kappa statistic and FPR.

A batch size of 100 was used to create the tree classifiers such as CART, J48, RF,
and REP. The CART and J48 created tree of size 31 with number of leaves 16. RF
was set with 100 iterations. For all nodes, REP utilized a minimum variance proportion
of 0.001, a maximum number of 3 folds, and a seed value of 1 and produced tree of
size 27. NB and SVM classifiers employed a batch size of 100. The SVM classifier was
constructed by utilizing a radial basis kernel function, featuring a seed and cost value set
at 1, a gamma value of 0.1, epsilon of 0.001, loss value of 0.1, and a degree of 3. With
10-fold cross-validation test on Soil-heath data CART, J48, RF, REP, NB and SVM
missclassified 14, 9, 7, 19, 2748, and 1160 instances, respectively. Using real-time data
as test data the trained CART, J48, RF, REP, NB and SVM classifier missclassified 7,1,
0, 0, 8, and 8 instances, respectively. The performance of the classifiers with 10-fold
cross validation test using laboratory-measured data and using real-time soil data as test
data are depicted in Table 5.2 and Table 5.3, respectively. The performance comparision

of classifiers based on kappa statistics, and FPR achieved is presented in Table 5.4.
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Using Soil-health data as test data CART, J48, RF, REP, NB and SVM classifiers
achieved an accuracy of 99.68%, 99.8%, 99.84%, 99.57%, 38.15%, 73.89%, respec-
tively. Using real-time soil data as test data CART, J48, RF, REP, NB and SVM clas-
sifiers achieved an accuracy of 86%, 98%, 100%, 100%, 84%, 84%, respectively. The
RF classifier achieved kappa statistic, TPR and FPR of 0.9961, 0.998 and 0.001 us-
ing Soil-health test data and it achieved kappa statistic, TPR and FPR of 1, 1.000, and
0.000, respectively. The soil parameter values are correlated to each other, resulting in
poor performance of NB classifier. The dataset utilized to create the classifiers is biased

dataset, resulting in reduced performance of SVM classifier.
5.5 Summary

Precise real-time soil fertility classification is essential for sustainable agriculture pro-
duction. In this research work ML-based classifiers such as CART, J48, RF, REP,
NB and SVM were developed using laboratory-measured soil data and 10-fold cross-
validation test was performed. Furthermore, real-time soil parameters were collected
and used as test data to evaluate the performance of trained classifiers. It was observed
that the tree-based classifiers such as CART, J48, RF and REP performed better as com-
pared to NB and SVM classifiers. The RF classifier outperformed other classifiers by
producing an accuracy of 99.84% using Soil-health data. The RF and REP performed

better than other classifiers using real-time soil test data.
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CHAPTER 6

CONCLUSIONS AND FUTURE WORKS

A balanced soil fertility is vital for crop growth and yield. Precise classification of soil
fertility is a significant requirement to enhance sustainable agricultural production. Us-
ing ML-based classifiers, soil fertility can be classified as LOW, or MEDIUM or HIGH
fertile without chemical analysis. The ML-based soil fertility classification saves time
and minimizes chemical analysis costs. The precise application of fertilizers reduces
the cost of fertilization and reduces environmental pollution. The aim of this research
work is to propose and implement a soil fertility classification approach with fertilizer
recommendation module. Precise classification of soil fertility is a significant require-

ment to enhance sustainable agricultural production.

Initially, various ML-based classifiers such as NB, LR, J48, Bagging, BRT, RF and
SVM were employed to classify soil fertility based on laboratory measurements of pH,
EC, OC, P K, S, Zn, B, Fe, Cu, and Mn. The experiments were conducted using 10-fold
cross-validation test and using split dataset. The study examined the performance of
aforesaid ML-based classifiers in classifying soil fertility levels as LOW, or MEDIUM,
or HIGH. It was observed that tree-based RF classifier achieved the highest Accuracy

0f 99.99% using 10-fold cross-validation test as well as using split dataset.

The laboratory-measured soil data that was used in the previous work was highly
imbalanced. To overcome this drawback, dataset was created using satellite spectral
bands. This study effort employed remotely sensed Sentinel-2 spectral bands to predict
soil parameters such as EC, pH, OC and N in order to overcome the limitations. The
data points were clustered using a variety of cutting-edge clustering techniques. It was
found that Canopy clustering achieved a clustering accuracy of 75.99%, and by utilizing
an RF classifier with 10-fold cross-validation, Canopy clustering obtained a classifica-
tion accuracy of 98.78%. It was observed that using the proposed Canopy Center-based
Fuzzy-C-Means clustering achieved the highest clustering accuracy of 78.42%, and by
utilizing an RF classifier with a 10-fold cross-validation proposed approach obtained a
classification accuracy of 99.69%. Decisions on soil fertility are more precise using the

proposed clustering technique.
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Using a limited number of soil parameters reduces the training time of the classifiers
and laboratory chemical analysis costs. An ensemble filter-based feature selection was
proposed using three different feature selection approaches: InfoG, GainR, and ReliefF.
The proposed approach removes the least relevant feature. The proposed soil fertility
classification approach’s performance is evaluated using two datasets. The performance
of tree-based machine learning classifiers such as CART, Extra Tree, J48, RF, and REP
are compared with NB and SVM classifiers. With the elimination of soil parameter 'S'
from both the datasets, and using a subset of features consisting of ten soil parameters,
EC, pH, OC, K, P, B, Cu, Fe, Mn, and Zn the RF classifier outperformed the other clas-
sifiers. The RF achieved the highest accuracy and kappa statistics of 99.96%, 0.9286 for
dataset-1 and the highest accuracy and kappa statistics of 99.90%, 0.9091 for dataset-2,
respectively. A significant improvement in kappa statistics were observed after remov-
ing the least relevant feature 'S', with both 10-fold cross-validation and split dataset.
Using both datasets, the RF classifier’s performance increased compared to other clas-
sifiers after removing feature 'S'. An adequate amount of fertilizers is recommended

based on the obtained classification results.

Recent studies have proven that machine learning-based classifiers and deep
learning-based classifiers such as ELM and MLP can successfully classify soil fertility
based on chemical parameters. In this research work, CNN-based soil fertility clas-
sification is proposed to classify soil fertility. It uses 11 soil chemical parameters as
input to classify soil fertility as HIGH, or MEDIUM, or LOW. The proposed approach
obtained the training and test accuracy of 99.95% and 97.24%, respectively, for kernel
size 3x3 and an input grid size 11x11. Using SMOTE oversampling, the proposed
approach achieved the highest training and test accuracy of 99.98% and 97.52%, re-
spectively, for kernel size 3x3 and an input grid size 12x12. The classification results

are used to recommend suitable fertilizers for specific crops.

This research proposes a 1D-CNN-based classifier to classify soil fertility based on
soil chemical parameters. The MinMax normalization and SMOTE oversampling tech-
niques are also used to improve the classifier’s performance. The proposed approach is
compared with ELM and MLP. Experiments were conducted to show the effectiveness
of a 1D-CNN-based classifier with MinMax normalization and SMOTE oversampling

for classifying imbalanced datasets. Based on the soil-health dataset results, the pro-
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posed approach attained the highest training and validation accuracies of 99.91% and
97.75%, respectively. The proposed approach performed better than ELM and MLP
with a classification accuracy of 97.90%, highest recall of 0.979, precision of 0.992,
F1-score of 0.984, and kappa of 0.2358. Furthermore, the fertilizers are prescribed us-
ing the classification results. The performance of the 1D CNN-based classifier is better
than the 2D CNN-based classifier. However, the performance of 1D CNN was degraded

compared to the tree-based classifier such as RF.

This work proposes an SDFA-based soil fertility classification approach to dynami-
cally classify soil data as HIGH, or MEDIUM, or LOW fertile. The Sentinel-2 dataset
containing four soil parameters is used to evaluate the efficacy of the proposed ap-
proach. It is observed that an accuracy of 100% was obtained using the Sentinel-2
dataset. The performance of the proposed approach is also measured using laboratory-
measured soil-health data. The accuracy was found to be 100% using Soil-health-1
dataset and 98.37% using Soil-health-2 dataset. Furthermore, the proposed method
outperformed machine learning-based classifiers. The fertilizers were recommended to

site-specific crops based on classification results.

Precise real-time soil fertility classification is essential for sustainable agricul-
ture production. In this research work ML-based classifiers were trained by using
laboratory-measured soil data. The ML-based classifiers such as CART, J48, RF, REP,
NB and SVM with 10-fold cross-validation test were employed to classify soil fertility.
Furthermore, real-time soil collected and used as test data to evaluate the performance
of trained classifiers. It was observed that the tree-based classifiers such as CART, J48,
RF and REP performed better compared to NB and SVM classifiers. The RF classifier
outperformed other classifiers obtaining an accuracy of 99.84% using Soil-health data.
The RF and REP were performed better than other classifiers using real-time soil test

data with accuracy of 100% with precision, recall and F1-Score of 1.000.

It is noted that classifiers based on decision trees outperformed other classifiers such
as NB, SVM, KNN, 1D-CNN, and 2D-CNN. NB classifier relies on the assumption of
feature independence, which does not hold true in datasets where soil parameters ex-
hibit correlations. Additionally, the dataset’s imbalance posed a challenge for SVMs,

which strive to establish a decision boundary that optimizes class margin. Similarly,
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KNN’s performance was hindered by class imbalance, as the prevalence of the major-
ity class could bias nearest neighbor computations, leading to skewed predictions and
diminished accuracy for minority classes. Moreover, CNNs, including both 1D and
2D variants, necessitate extensive training data for effective learning. In the context of
imbalanced datasets, CNNs may exhibit a bias toward the majority class. RF classifier
performed better than other classifiers in most of the cases. RF classifier, as an en-
semble learning method, combines the predictions of multiple decision trees trained on
different subsets of the data. This ensemble approach helps mitigate overfitting and im-
proves generalization performance compared to other classifiers. In very few scenarios

J48 performed better than RF because of dataset size and class imbalance.

There are numerous opportunities to work on soil fertility classification. As future
work, the spectral bands of different satellites can be used to derive more soil param-
eters. A fertilizer prescription can be developed to recommend different combinations
of fertilizers or manures for crops grown at different soil types and climatic conditions.
The real-time soil data can be collected during the growth period of crops, and fertil-
izers can be prescribed in real-time. A precise soil fertility classifier can be developed
using physical and biological soil parameters in combination with chemical parameters.
The early prediction of soil fertility based on climate conditions can help the farmers to

reduce the cost of fertilization and avoids environmental pollution.
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