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Abstract 

 Due to the rising of human population, in correlation the need for food increases 
making new issues emerge because not only for climate change but also for 
depletion of natural resources. Agricultural sustainability is now a worldwide 
problem, and in order to sustain agricultural productivity, soil health is crucial 
because it promotes crop growth, water retention, nutrient availability and 
ecosystem stability. Traditional techniques for evaluating soil health are time-
consuming, frequently expensive and challenging to consistently implement over 
broad agricultural regions. Additionally, agricultural systems produce a 
multiplying volume of data that cannot be effectively analyzed using traditional 
methods as technologies continue to advance. Because of this, machine learning 
surfaced as one of the most useful tools humans use to evaluate complicated soil 
data and help with more trustworthy agriculture decision making. This study aims 
to analyze multiple soil health indicators by machine learning methods in order 
to identify the most influential indicators related to agriculture sustainability and 
provide a more efficient and reliable way to have sustainable soil management. 
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Chapter 1: Introduction 

1.1Overview 

The need for agricultural sustainability has grown to a significant issue globally 
as food demand has risen and climate change and natural resource depletion have 
become a concern. Soil health considered as one of the most crucial aspects to 
ensure the productivity of agriculture, as it affects many processes including 
nutrient availability, crop growth, water retention and ecosystem stability. Hence 
soil health is a key ingredient of sustainable agriculture over the years. With 
growing demands for sustainable agriculture, the need for ongoing soil 
monitoring and soil management has become even more critical over the past few 
years [1]. 

 

Soil health meaning describes the soil to support plants, animals and humans, and 
function in an environmentally healthy way as a living biota [2]. Commonly used 
measures of soil health include: soil moisture, pH, organic carbon, nutrients, 
electrical conductivity, microbial activity and soil structure [1]. These indicators 
give information of the state of soils and their capacity to support agriculture [2]. 

 

Soil health assessment is often done traditionally using field observations and 
laboratory testing methods. These have the advantage of being accurate but they 
are time consuming, expensive and hard to apply to large agricultural areas on a 
continuous basis [1]. In addition, sensor use, remote sensing and precision 
agriculture systems have led to tremendous amounts of agricultural data that need 
to be analyzed and interpreted effectively. Such data can be very difficult to 
analyses using traditional approaches and can delay timely agricultural decisions 
[3]. 

 

The combination of  Artificial Intelligence (AI) and Machine Learning (ML) has 
provided effective approaches for improving soil analysis and agricultural 
management [3]. Large amounts of agricultural data analysed using ML 
techniques, uncover intricate connections between soil markers, and make precise 
soil condition predictions [1]. Models such Random Forest, Neural Networks, 12
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and Support Vector Machines have indicated promising outlook in soil data 
analysis and in decision-making processes related to agriculture [3]. 

 

Although soil science has made significant strides towards using machine 
learning to benefit agriculture, much of the existing literature is limited to specific 
soil characteristics, including soil fertility, soil moisture, or soil texture [1]. There 
is relatively little focus on the holistic examination of many soil health indicators 
and how they all contribute to agricultural sustainability [1][3]. Furthermore, the 
relative weightage of various soil indicators is difficult to be determined because 
of the complexity of soils and the interaction between the different biotic, 
chemical and physical, properties of soil [2]. 

 

This research aims to examine the relationships between the various soil health 
indicators, determine the most significant indicators and facilitate sustainable 
agricultural management practices by applying machine learning analysis to soil 
health indicators. 

 

 

1.2 Problem Definition 

Soil health evaluation is critical for sustainable farming in order to keep the 
productivity of agriculture [2]. The traditional way of analyzing the health of soils 
has been to use laboratory analysis and field measurements of many biological, 
physical, and chemical measurements. While important, these methods also are 
time-consuming, expensive, and hard to apply on a continuing basis over large 
agricultural areas [1]. 

 

Apart from soil health moisture, pH, nutrient availability, organic matter, and 
microbial activity,  several indicator parameters also affect the soil health factors 
[2]. All of these interactions are complex, which makes it difficult to accurately 
monitor soil conditions using traditional analytical methods [1]. With the growing 
development of precision agriculture, sensor technologies and remote sensing 

3
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systems, there is an increasing volume of soil data with the need for more efficient 
and intelligent analysis [1][3]. 

 

Although several studies have been performed on the applications of machine 
learning in agriculture, most of them have been developed to address a single soil 
property and not for the simultaneous evaluation of several soil health indicators. 
In addition, it is difficult to identify what are the most influential indicators that 
can contribute to agricultural sustainability [1][3][4]. 

 

From the discussion above, it is obvious that the main challenge in this thesis is 
the absence of an integrated machine learning solution that can analyze multiple 
soil health indicators, determine their relative importance and enable the 
implementation of sustainable agriculture decisions. 

 

 

 

1.3 Thesis Objectives 
This research aims to analyze soil health indicators using machine learning 
techniques and support agricultural sustainability through improved soil 
management practices. 

o The objectives of this study are: 
● To identify and investigate the key soil health indicators associated with 

agricultural sustainability. 
● To collect, preprocess, and analyze soil data obtained from available 

datasets. 
● To apply machine learning techniques to analyze the relationships among 

soil health indicators. 
● To identify the most influential soil health indicators affecting agricultural 

sustainability. 
● To evaluate and compare the performance of different machine learning 

models for soil health analysis. 

2
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● To provide data-driven insights that support sustainable agricultural 
decision-making and soil management practices. 

 
 
 

1.4 Thesis Contribution 
This thesis is expected to contribute to the fields of sustainable agriculture and artificial 
intelligence through the following: 

● Developing a machine learning-based framework for analyzing multiple soil 
health indicators. 

● Identifying the relative importance of different soil health indicators and their 
impact on agricultural sustainability. 

● Providing a comparative evaluation of machine learning techniques used for soil 
health analysis. 

● Supporting farmers and agricultural decision-makers through data-driven 
recommendations for sustainable soil management. 

● Contributing to the growing application of artificial intelligence in precision 
agriculture and environmental sustainability. 

 
 

1.5 Thesis Organization 
The rest of this thesis is organized as follows. 

Chapter 2 discusses the theoretical background and relevant research areas. 

Chapter 3 presents the proposed methodology. 

Chapter 4 analyzes the experimental results. 

Chapter 5 concludes the study and suggests directions for future work. 
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Chapter 2: Background and Related Work  
2.1 Introduction 

This section presents a brief introduction and background information of previous 
studies about Soil health assessment and machine learning applications in 
agriculture sustainability. In this chapter we will show some of the most important 
concepts of soil health, soil health indicators, and agriculture sustainability. In 
addition to the machine learning methods that have been used for soil analysis 
and agriculture decision-making. 
 
Effective Soil fertility management plays acritical role in achieving sustainable 
agricultural production. It helps the farmers to maintain the ability of the soil to 
provide the appropriate amount of nutrients to the plants when it is needed. 
Machine learning techniques have been applied for soil analysis recently. These 
techniques can process large amounts of agricultural data and help in making 
decisions related to soil and crop management [6]. 
 
However, many existing studies focus on some specific soil properties such as 
soil fertility, soil moisture, or nutrient prediction. In addition, different machine 
algorithms have been used with different datasets and evaluation methods, 
making it difficult to find the best approaches for soil health assessment.  
 
Therefore, this chapter discusses the background concepts of soil health, 
agricultural sustainability, and machine learning techniques that are used in 
agriculture. In addition, it reviews   previous work in detail in terms of 
methodologies, datasets used, and evaluation techniques in order to identify their 
strengths, limitations, and potential research gaps related to soil health analysis.  
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2.2 Background 
 
Soil health has a significant role in plant growth, maintains environmental health 
quality, and improves sustainable agriculture production. Healthy soil improves 
crop productivity, nutrient cycling, water availability, and ecosystem stability. 
Overall, soil health is important not just for crops and food production but also 
for protecting the environment and assisting in climate change. 
  
The functions of healthy soil are critical for environment protection and 
sustaining agriculture systems. It gives the  plants essential nutrients, improves 
water filtration and storage, promotes biological activity, and  maintains a stable 
soil structure [2]. 
  
Soil health is influenced by many biological, physical, and chemical factors. 
Physical factors such as water holding capacity, soil texture, and soil structure. 
The chemical factors such as potential pollutants, soil pH, organic carbon, 
nutrient availability, and electrical conductivity. Biological factors are also 
essential in maintaining soil functions. Examples of biological properties include 
microbial biomass and microbial activity. Based on this there is no single 
indicator that can fully describe soil health.  For this reason, soil health 
assessment usually depends on evaluating a group of different indicators to give 
a more reliable assessment [2]. 
  
Soil health is measured by using some indicators including the biological, 
chemical, and physical condition of the soil, which are used to provide 
information about the soil ability to support plants growth and maintain 
ecosystem services. Different indicators are combined to provide accurate 
assessment of soil condition [2]. 
   
Sustainable agriculture aims to provide enough food as demands continue to grow 
while protecting natural resources. It focuses on improving agricultural 
productivity through the efficient use of soil and other resources without affecting 
the needs of people in the future. Sustainable agriculture now has progressively 
adopted advanced technologies. These technologies include precision agriculture, 
the internet of things (IOT) and remote sensing to improve farm maintenance and 
support informed decision making [3].   

23

123

129

138

147 162

Page 27 of 56 - Integrity Submission Submission ID trn:oid:::2945:406442040

Page 27 of 56 - Integrity Submission Submission ID trn:oid:::2945:406442040



13 

The management of agricultural systems has been changed because of the rapid 
development of digital technologies. Modern farming generates large amounts of 
data from drones, satellites, sensors, and other smart devices. Traditional methods 
are no longer sufficient for analyzing these data. Thus, ML has integrated as an 
effective method for processing agriculture data, identifying hidden patterns, and 
supporting accurate and timely decision making in sustainable agriculture [3]. 
  
Researchers have used different machine learning algorithms in agriculture to 
study complex data and make predictions more accurate. These algorithms 
examples are Decision Tree, Support Vector Machine,Extreme Gradient 
Boosting (XGBoost), multilayer perceptron (MLP) neural networks, Artificial 
Neural Networks (ANN), and Random Forest. These algorithms have been 
applied in various agricultural practices, such as soil analysis, disease detection,  
crop yield prediction, and precision farming. These algorithms are useful tools 
for assisting with sustainable agriculture management since they can examine big 
information and find intricate linkages. [3].Additionally, smart agriculture is 
being revolutionized by the integration of IoT and ML. Researchers have recently 
looked into using these technologies to automate agricultural tasks like pest 
control, irrigation management, weather monitoring, and soil condition 
monitoring. [3]. 
 
 

2.2.1 Soil Health Indicators 
soil indicators are measurable soil properties The indicators used to evaluate the 
state of  the soil and help evaluate how well it supports plant growth, maintain 
environmental quality. These indicators provide valuable information about the 
biological, chemical, and physical characteristics of the soil. To assess soil 
condition, a combination of different indicators is used. [2] 
 
 
 
 
 
 

 
 
2.2.2 Physical Indicators 

3
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 It describes the physical condition of  the soil such as soil moisture, soil texture, 
soil structure, and bulk density. These indicators effect water movement, root 
development, soil aeration, and resistance to erosion. [2] 
 
1- Soil Moisture. It refers to how much water is stored in the soil. Its directly 
affects seed germination, nutrient transport, root development, and crop 
productivity.[2] 
2- Soil Texture. Soil texture describes how soil particles are organized and how 
large the space between them. [1], [2] 
3- Bulk Density. It is defined as what is the mass of the dry soil per unit volume 
which used to evaluate soil compaction, which impact air movement within the 
soil, root penetration, and water infiltration.[2] 
4- Soil Structure. Its describes how soil particles are arranged  into aggregates 
to enhance root penetration, water infiltration, aeration, and resistance to 
erosion.[2] 
 

2.2.3 Chemical Indicators 
 
Chemical indicators describe the chemical composition of soil and provide 
information about its fertility and nutrient availability. These indicators including  
soil organic carbon, soil pH, potassium, nitrogen, phosphorus, and electrical 
conductivity (EC) impact both microbial activity and plant growth.[1][2] 
 
1- Soil pH. It is an important indicator that describes the acidic or alkaline of soil. 
Extreme pH values can reduce nutrient uptake and negatively influence crop 
productivity. [2] 
2- Soil Organic Carbon (SOC). It represents the amount of organic carbon that 
stored in the soil  it is essential in the global carbon cycle and climate change.[2] 
3- Nitrogen (N). Nitrogen is essential for both photosynthesis and the production 
of proteins. Insufficient nitrogen levels can reduce crop yield.[2] 
4- Phosphorus (P). Phosphorus is an essential nutrient that supports root 
development, energy transfer, and flowering.[2] 
5- Potassium (K). It is a crucial nutrient that controls a number of plant functions, 
including as water balance, enzyme activity, and stress tolerance.1[2] 
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6- Electrical Conductivity (EC). It is used to evaluate soil salinity, which can 
have an impact on the amount of water that plants absorb, by measuring the 
concentration of soluble salts in the soil.[2] 
 

2.2.4 Biological Indicators 
It evaluates the living components and provides information about microbial 
activity. Common biological indicators include soil respiration, soil organic 
matter, and microbial activity. [1], [2]. 
 
1- Soil Organic Matter (SOM). It consists of decomposed animal and plant  
residues found in the soil and it improves soil structure. 
2- Microbial Activity. Microbial activity refers to the activity of microorganisms 
like fungi and  bacteria in the soil high microbial activity mean healthy soil.[2] 
3- Soil Respiration.The amount of carbon dioxide released by soil 
microorganisms during the breakdown of organic materials is measured by soil 
respiration. 
 
 

2.2.5 Machine Learning Algorithms (ML) 
 The management of agricultural systems has been changed because of the rapid 
development of digital technologies. Modern farming generates large volumes of 
data from satellites, drones, sensors, and other smart devices. Traditional methods 
are no longer sufficient for analyzing these data. Thus, machine learning has 
become an effective method for processing agriculture data, identifying hidden 
patterns, and supporting accurate and timely decision making in sustainable 
agriculture [3]. 
  
 In agricultural research many machine learning (ML) techniques have been used 
to  improve prediction accuracy and evaluate difficult information. These 
techniques examples are Decision Tree, Support Vector Machine, Random 
Forest, multilayer perceptron (MLP) neural networks, Artificial Neural Networks 
(ANN), and Extreme Gradient Boosting (XGBoost). 
 
These algorithms have been applied in various agricultural applications, such as 
soil analysis, crop yield prediction, precision farming, and disease detection. 
They can be helpful tools for supporting sustainable agriculture management that 
analyze large volumes of data and uncover complex relationships [3]. In addition, 
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the integration of IoT with the ML is revolutionizing smart agriculture. More 
recently, researchers have explored applying these technologies to automate other 
activities on the farm such as pest control, irrigation management, weather 
monitoring, and soil condition monitoring [3]. 
 
1. Random Forest (RF)  
An ensemble algorithm is an aggregation of multiple decision trees with the aim 
of boosting the accuracy of data classification and prediction. This approach is 
particularly reliable as it can handle noisy data, is not prone to overfitting and is 
good for large data and input variables.  
When using an ensemble algorithm, the following formula can be used to 
calculate the regression results: 

                                    𝑦ො =
1

஻
∑஻

௕ୀ1 𝑓௕(𝑥)     (1)  

where 𝐵 is the total number of trees and 𝑓௕(𝑥) represents the estimation of the  𝑏-
th decision tree.  

 
Figure 2.1: Random Forest architecture 

 
  
 
 
 
 
 
2. Support Vector Machine (SVM)  

is a type of supervised ML algorithm that is applied for regression and 
classification analysis. It is based on determining the best separating hyperplane 
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that divides the space of classes SVM uses kernel functions for the best 
approximation of the surface between the categories. In the linear model case. 

the following expression gives the function: 

                                𝑚𝑖𝑛௪,௕,క(
1

2
∥ 𝑤 ∥2+ 𝐶 ∑௡

௜ୀ1 𝜉௜)  (2) 

 
subject to the constraints𝑦௜(𝑤 ⋅ 𝑥௜ + 𝑏) ≥ 1 − 𝜉௜  and 𝜉௜ ≥ 0 where 𝑤represents 

the weight vector 𝑐 is the regularization parameter and 𝜉௜ represents the slack 

variables for margin violations.  

 
Figure 2.2: Support Vector Machine optimal hyperplane 

 
 
 
 
 
 
 
 
 
 
3. Decision Tree (DT).  
Is considered as a supervised learning method which models the data as a decision 
tree based on a few decision rules. This algorithm is quite simple to interpret and 
it needs little data preparation and is frequently applied for the soil classification 
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and prediction problems. For the classification tasks. The decision trees pick the 
best splitting criteria. according to the lowest Gini Impurity. 
which is calculated by the equation below: 
 
                                                𝐺𝑖𝑛𝑖 = 1 − ∑௖

௜ୀ1 (𝑝௜)2     (3) 
Where  𝑝௜ is the probability of an item belonging to class 𝑖, 𝑐 = the total no. of 
classes.  

 
Figure 2.3: Decision Tree structure 

 
 
 
 
 
 
4. Artificial Neural Network (ANN).  
This artificial neural network consists of the input layer, hidden layer and output 
layer. Artificial neural networks (ANNs) can well capture the intricate nonlinear 
interactions of various chemical  and physical characteristics of soil health 
indicators. 
A single neuron's output is given by the following formula: 
 
                                                𝑦 = 𝑓(∑௡

௜ୀ1 𝑤௜𝑥௜ + 𝑏 )     (4) 
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where 𝑏 is the bias term, 𝑥௜ represents the input features 𝑤௜ denotes the 
corresponding weights and 𝑓 is the activation function (such as ReLU or 
Sigmoid).  

 
Figure 2.4:  Artificial Neural Network structure with input, hidden, and output 

layers 
 

 
 
 
 
 
5. Deep Neural Network (DNN). 
is an advanced form of ANN having many layers, enabling it to learn multiple 
levels of representation from data. The network involves more than one hidden 
layer in order to learn nonlinear combinations of the input data better thus 
allowing the algorithm to automatically learn intricate functions from high-
dimensional agricultural data. 
The output of any given layer 𝑙 in the network can be defined by the equation 
below:  

                                ℎ௟ = 𝜎(𝑊(௟)ℎ(௟ି1) + 𝑏(௟))       (5) 
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where ℎ௟ represents the activations of layer 𝑙 and 𝑊(௟) is the weight matrix for 

layer 𝑙 and 𝑏(௟)is the bias vector and 𝜎 is the non-linear activation function.  

 
Figure 2.5: Deep Neural Network architecture with multiple hidden layers  

 
 
 
 
 
 
 
 
 
 
6. Extreme Learning Machine (ELM). 
The Extreme Learning Machine (ELM) is a type of feed-forward neural network 
where the weights of the hidden layers are fixed and random, and the weights of 
the output layer are computed analytically. since there is no need for iterative 
training. The calculation becomes extremely fast. Compared to classical 
algorithms ELM can be several times faster which makes it suitable for large sets 
of data such as the soil data set discussed above. 
The formula that is used for calculation of weights is expressed below: 
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                                                           β=H†Y        (6) 
where H is the hidden layer output matrix H† its generalized inverse and Y the 
target matrix.  
 

 
 
 
 

Figure 2.6: Extreme Learning Machine structure 
 
 
 
 
 
 
7. Gradient Boosting Machine (GBM). 

It builds trees sequentially in which every subsequent tree is trained to fix the 
mistakes of the one before it. As opposed to the random forest algorithm, GB 
sequentially enhances the prediction accuracy by concentrating on minimizing 
residuals from the trees and therefore can capture complex relationships that exist 
between soil indicators. 

The model is updated by decreasing the loss function: 

               𝑓௠(𝑥) = 𝑓௠ି1(𝑥) +𝑎𝑟𝑔  𝑚𝑖𝑛ℎ ∑௡
௜ୀ1 𝐿(𝑦௜ , 𝐹௠ି1(𝑥௜) + ℎ(𝑥௜)      (7) 
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 where 𝑓௠(𝑥) is the model at iteration m and ℎ(𝑥) is the weak learner fitted to 
the residuals.  

 
Figure 2.7: Gradient Boosting Machine workflow 

 
8. XGBoost. 
It is an optimized regularized application of gradient boosting which is 
primarily designed to be highly efficient and accurate. It includes built-in 
regularization to prevent model complexity and overfitting and automatically 
manage missing data. An important feature for many real-life applications such 
as agricultural yield prediction which is the main goal of this research. 
The objective function minimized at every step is: 
 

                           𝑂𝑏𝑗(௧) = ∑௡
௜ୀ1 𝐿(𝑦௜ , 𝑦పෝ (௧ି1) + 𝑓௧(𝑥௜)) + 𝛺(𝑓௧)      (8) 

where L = the loss function ftf_t ft the new tree and Ω(ft)\Omega(f_t) Ω(ft) 
penalizes tree complexity. 
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Figure 2.8: XGBoost tree structure 

 
9. Convolutional Neural Network (CNN)  
It is a deep learning model used to structured data processing as a grid, be it 
images or, in this case, soil data. They can be successfully applied to data mining 
problems such as the one with the hyperspectral soil readings since they allow to 
automatically learn important features or filters and without performing an 
explicit search. 
The convolution operation works as the sliding of the filter above the data matrix:     
 
                          𝑆(𝑖, 𝑗) = (𝐼 ∗ 𝐾)(𝑖, 𝑗) =  𝑚𝑛𝐼(𝑖 − 𝑚, 𝑗 − 𝑛)𝐾(𝑚, 𝑛)    (9) 
 
where 𝑆(𝑖, 𝑗)  is the resulting output feature map.  
 

 
2.2.6 Evaluation Metrics 

To accurately evaluate the performance and prediction capabilities of the 
implemented ML models, specific evaluation metrics will be utilized. These 
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mathematical metrics provide a better understanding of the error margins and the 
precision of the model predictions: 

● Coefficient of Determination (𝑅2): Evaluates how good the model 

predicts the variance of the target variable. A higher 𝑅2 indicates a better 
fit. 

                                     𝑅2 = 1 −
∑೙

೔స1 (௬೔ି௬ഢෝ )2

∑೙
೔స1 (௬೔ି௬̄)2

            (10) 

Root Mean Square Error (RMSE): determines the square root of the average 
of the squared differences between the actual values and predicted. It is highly 
sensitive to huge errors. 

 

                                    𝑅𝑆𝑀𝐸 = ට
1

௡
∑௡

௜ୀ1 (𝑦௜ − 𝑦పෝ)2               (11) 

 
 
 
 
Mean Absolute Error (MAE): determins the average of the absolute differences 
between the actual valuesand the predicted values, offering a linear evaluate of 
the average error. 

  

                                𝑀𝐴𝐸 =
1

௡
∑௡

௜ୀ1  |𝑦௜ − 𝑦పෝ|                       (12) 

Accuracy: this metric refers to the ratio of the number of correct classifications 
made by the algorithm and the total number of classifications:  
 

                                   𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
்௉ା்  

்௉ା்ேାி௉ାி
        (13) 

 
Precision: defines the ratio of samples predicted as a specific class correctly 
predicted by the algorithm. if the precision is high, it is less likely that the soil 
health is predicted healthy when it is not: 
 

                                              𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
்௉

்௉ାி௉
         (14) 
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Recall: is the ratio of samples of a specific class predicted correctly by the 
algorithm. In other words. it indicates whether the algorithm predicts healthy 
soils as healthy and unhealthy soils as unhealthy: 
 

                                               𝑅𝑒𝑐𝑎𝑙𝑙 =
்௉

்௉ା
              (15) 

 
F1-Score: represents the harmonic mean of Precision and Recall and is used 
when the distribution of classes is not equal: 
 

                                                𝐹1 = 2 × 
௉௥௘௖௜௦௜௢௡×ோ௘௖௔௟௟ 

௉௥௘௖௜௦௜௢௡ାோ௘௖௔  
         (16) 

 
 
 
2.3 Related work 
 
Several studies have applied machine learning techniques in agriculture and soil 
health analysis. These studies focused on different soil properties. While the 
results were promising, most of these studies focused on specific soil parameters 
rather than analyzing multiple soil health indicators together. This makes it 
important to review these studies to understand the existing research gap and 
current research trends.  
  
2.3.1 Classification-Based Approaches for soil health assessment 
 
Rao and Reddy (2026) proposed the AgriMind Intelligent Fertility Predictor 
(AMIFP) for classification of the soil fertility using deep learning techniques. The 
proposed framework integrated a novel preprocessing method (SIC), an attention-
based deep learning model (ALADN), and a genetic hyperparameter optimization 
algorithm (GPSHO). The study used 880 soil samples from the Kaggle dataset, 
the dataset was divided into testing ,training, and validation,(10,70,20). The 
results show that the model achieved accuracy of 98.65%, precision 98.73%, 
recall98.65%, and F1-score98.70%, demonstrating high performance in soil 
fertility classification. However, the evaluation was limited to a single public 
dataset which may affect in generalize the model to different soil conditions.[7] 
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Behera et al. (2026) conducted a comparative study to assist the performance of 
multiple machine learning classifiers for prediction of soil fertility. This study 
compared 16 machine learning classifiers for soil fertility prediction, including   
ensemble-based ,learner-based, probabilistic-based, and instance-based models. 
The study used 880 soil samples from publicly available Kaggle dataset described 
by 12 physicochemical soil properties. The result showed that the RM model 
achieved the best result by 90.91% for accuracy compared to the other models. 
However, the model showed relatively low performance for one of the minority 
classes, indicating challenges associated with class imbalance and overlapping 
feature distributions. [8] 
 
 
Kullayamma and Venkatanaresh (2024) proposed a deep learning model for 
automatic crop recommendation based on soil, fertilizer, and climatic conditions. 
The study used Kaggle datasets and real-time collected Maharashtra datasets. The 
study proposed the Concurrent Excited Gated Recurrent Unit (CEGRU) model. 
To improve the model performance, the Hunter–Prey Optimization (HPO) 
algorithm was employed for parameter optimization. The proposed approach was 
evaluated by using many performance metrics, including positive predictive 
value (PPV), accuracy, kappa, time complexity, RMSE, recall, and sensitivity. 
The result showed that the framework achieved high classification results with an 
accuracy values of 99.2% and 99.3% for Maharashtra and Kaggle dataset. 
However, the study focused on recommending suitable crops according to the  
climatic conditions and soil fertilizer, while the proposed research focuses on 
analyzing multiple soil health indicators.[9] 
 
 
Badshah et al. (2024) proposed ML models for agricultural prediction tasks using 
both classification and regression frameworks based on two different datasets. 
The first was a crop recommendation, the authors used a Kaggle dataset 
containing soil and environmental attributes, including soil pH, humidity, 
temperature, and nutrient levels. Several classification algorithms were 
compared, such as Decision Tree (DT), Extra Tree Classifier (ETC), Random 
Forest (RF), K-Nearest Neighbor (KNN), Logistic Regression (LR), Support 
Vector Machine (SVM), and Gaussian Naive Bayes (GNB). The Random Forest 
(RF) model provide the highest classification results with an accuracy of 99.7% 
by using the K-fold cross-validation, feature engineering, and Explainable AI 
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(XAI).in addition the study applied regression models for wheat yield prediction 
using World Bank and Food and (FAO) datasets. The result showed that hyper 
parameter optimization with K-fold cross-validation, Support Vector Regressor 
(SVR) achieved best performance with an accuracy of 99.9% with R² Score. In 
addition, Explainable AI techniques, including Feature Importance and LIME, 
were applied to interpret model predictions. However, the study focused mainly 
on crop recommendation and yield prediction, where soil parameters were used 
as input features, while the proposed research focuses on analyzing multiple soil 
health indicators and identifying the most influential factors affecting agricultural 
sustainability using machine learning techniques.[10] 
 
 
Sarangi et al. (2024) developed a machine learning-based approach for soil 
fertility assessment using soil and environmental characteristics, including 
Nitrogen, Phosphorus, potassium, Ph, nutrient level, moisture, temperature, 
rainfall, and topographic information. The study utilized a publicly available 
Kaggle dataset. The objective of the study was to classify soil into fertile or non-
fertile categories. Four classifications algorithms, including Logistic Regression 
(LR), K-Nearest Neighbors (KNN), Naive Bayes (NB), and Decision Tree (DT) 
are used to identify the most effective classifier. The results indicated that the 
Decision Tree classifier achieved the highest accuracy of 89%, while Logistic 
Regression and KNN achieved approximately 90% performance in some 
evaluation metrics. However, the study focused on binary soil fertility 
classification and did not analyze multiple soil health indicators or identify the 
most influential factors affecting agricultural sustainability. [11] 
 
 
Chandra et al. (2023) discussed the implementation of an explainable AI (XAI) 
model for soil fertility prediction by using Random Forest classification. It used 
several soil characteristics including nitrogen, pH, potassium, phosphorus, 
electrical conductivity, and organic carbon. In this study the LUCAS 2018 
Topsoil dataset was used.  The authors combined k- means clustering, Random 
Forest, and SHAP to explain the result. The result showed an accuracy of 97.02%, 
demonstrating the effectiveness of the explainable machine learning in soil 
fertility assessment. However, this study focused on soil fertility prediction only, 
and did not analyze multiple soil health indicators [12]. 
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2.3.2 Regression-Based Approaches for soil health assessment 
 
Ghahremani et al. (2026) introduced a high-resolution soil inorganic carbon (SIC) 
(30 m) CONUS map approach using machine learning models trained with the 
ISRIC World Soil Information Service (WoSIS) database together with climate 
and land surface variables. Two machine learning models, Random Forest 
Regression (RFR) and Random Forest Classification (RFC), both applied to 
estimate SIC distribution. The Random Forest Regression model provided the 
best prediction performance with an RMSE of 15 kg/m², while the Classification 
model achieved an accuracy of 0.56. The study identified soil pH as an important 
factor influencing soil inorganic carbon distribution. However, the study focused 
on mapping soil inorganic carbon while the proposed research aims to analyze 
multiple soil health indicators to better understand their contribution to 
sustainable agriculture.[13]  
 
 
Sun et al. (2026) proposed a self-supervised multi-fidelity learning framework for 
predicting multiple soil properties from spectral information. The study used the 
dataset from the (USDA-NRCS-NSSC-KSSL) database, a paired NIR–MIR 
dataset, and the North American Proficiency Testing (NAPT) dataset. The 
proposed framework combined Self-Supervised Learning (SSL) with a Multi-
Layer Perceptron (MLP) and compared its performance with conventional MLP 
and Partial Least Squares Regression (PLSR) models. The MIR-SSL-MLP model 
achieved best prediction performance for several soil properties, obtaining R² of 
0.95 for total carbon, 0.91 for total nitrogen, 0.93 for estimated organic carbon, 
and 0.79 for pH. However, the proposed framework relied mainly on soil spectral 
datasets and did not integrate environmental or remote sensing variables for soil 
health assessment. [14]  
 
 

Khatun et al. (2026) explored the capability of 

spectroscopy integrated with machine learning as a non-

destructive and efficient alternative to predict soil 

organic carbon (SOC) based on mid-infrared spectroscopy 

(MIR) data within the spectral range of 600–4000 cm−1. The 

study utilized the Open Soil Spectral Library (OSSL), which 
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integrates soil spectral data from several international 

databases, including KSSL, LUCAS, RaCA, AfSIS, and ICRAF–

ISRIC. Partial Least Squares Regression (PLSR) and Random 

Forest (RF) models were developed using mid-infrared 

(MIR) spectral data, while (Shapley Additive Explanations) 

SHAP was employed to interpret the contribution of 

individual spectral wavelengths. After hyperparameter 

optimization using Grid-Search the RF model achieved the 

best performance with R² of 0.98 and RMSEP (a root mean 

square error) of 1.45%. However, the study focused on 

predicting soil organic carbon from spectral information 

while the proposed search focuses on using Machine 

Learning Algorithms to analyze multiple soil health 

indicators and identifying the most effective factors in 

agricultural sustainability.[15] 

 
 
Aouabed et al. (2026) focused on capability of machine learning approaches to 
estimate soil microbial community composition at functional and taxonomic level 
by analyzing the data from two publicly available soil microbiome datasets: (1) 
Data collected by Averill et al., and (2) Data extracted from the NEON database, 
and evaluated several machine learning and deep learning models. Several 
machine learning models, including Support Vector Regression (SVR),Gradient 
Boosting (GB), Multilayer Perceptron (MLP),Random Forest (RF), Ridge 
Regression, Lasso Regression, and k-Nearest Neighbors (k-NN), were evaluated 
and compared. The experimental results showed that ML models generally 
achieved better performance than the deep learning model across most prediction 
tasks, particularly when training data were limited. The best prediction 
performance was obtained by Gradient boosting for the bacterial dataset with an 
R² value of 0.57, while Random Forest and Gradient boosting models achieved 
an R² value of 0.45 for the fungal functional groups. However, the study focused 
on predicting soil microbiome composition as a biological indicator of soil health, 
whereas the proposed research analyzes multiple physical and chemical soil 
health indicators to identify the most influential factors affecting agricultural 
sustainability.[16] 
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Kassai et al. (2025) developed pedotransfer functions (PTFs) to estimate the 
particle size distribution from the soil properties. The study utilized the publicly 
available NATASA database, which contains 1,372 soil profiles, while the 
Hungarian Detailed Soil Hydrophysical Database, comprising 3,970 soil profiles, 
was used for training end evaluation the prediction models by using the Random 
Forest method. The Random Forest Kriging (RFK) was used to generate high-
resolution digital soil maps for sand, silt, and clay fractions. The developed model 
showed that the R² values of the PTFs are 0.69 for clay, 0.58 for silt, and 0.74 for 
sand content. In addition, the RFK models achieved R² values ranging from 0.19 
to 0.67 for clay, 0.49 to 0.62 for silt, and 0.69 to 0.74 for sand. However, the study 
focused on soil texture mapping rather than analyzing multiple soil health 
indicators affecting agricultural sustainability.[17] 
 
 
Liu and Ma (2024) focused on predicting soil field capacity (FC) and permanent 
wilting point (PWP) based on parameters obtained from WoSIS database. The 
study used Artificial Neural Network (ANN) and Gene-Expression Programming 
(GEP) models to predict the soil hydraulic properties. The model showed that the 
ANN model achieved the best performance for PWP prediction with a normalized 
root mean square error (NRMSE) of 19.9%, while the GEP model performed best 
for FC prediction with an NRMSE of 29.9%. In addition, the mean absolute error 
(MAE) was reduced by 51.54% for the FC and 56.38% for the PWP by the ANN 
model, compared with the conventional linear models. However, the study 
focused only on soil hydraulic properties and did not analyze multiple soil health 
indicators that affect agricultural sustainability.[18] 
 
 
Nauman et al. (2024) developed predictive digital soil property maps for the 
conterminous United States using a Random Forest-based digital soil mapping 
framework with hybrid training sets. The study integrated publicly available 
datasets, including the National Cooperative Soil Survey (NCSS) Soil 
Characterization Database, the Soil Survey Geographic Database (SSURGO), 
and the National Soil Information System (NASIS), to generate 100 m resolution 
maps for several soil properties, including various, physical parameters, chemical 
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parameters, carbon, depth to restrictions, and textural fractions. A hybrid training 
strategy used to increase training data.  Model performance varied considerably 
across properties, depths, training data types, and validation approaches. The 
developed models achieved generally strong prediction performance, with R² 
values ranging between 0.5 and 0.7 under cross-validation. However, the study 
focused on digital soil mapping for the United States and did not investigate the 
relationships among multiple soil health indicators for agricultural 
sustainability.[19] 
 
 
Zhai et al. (2024) focused on simultaneously predicting multiple soil properties 
by a partially shared multi-task learning model (PS-MTL-LUCAS). The study 
proposed a multi-task deep learning architecture combined with SHapley 
Additive exPlanations (SHAP) to improve prediction performance and interpret 
important spectral features. LUCAS Topsoil Dataset (2009) was used to predict 
seven soil properties, such as pH, nitrogen (N), phosphorus (P), potassium (K), 
cation exchange capacity (CEC), organic carbon (OC), and calcium carbonate 
(CaCO₃). The results showed high prediction performance, achieving R² values 
of 0.945, 0.936, 0.413, 0.624, 0.837, 0.952, and 0.956 for pH, N, P, K, CEC, OC, 
and CaCO₃, respectively. However, the model was evaluated only on the LUCAS 
Topsoil Dataset using Vis–NIR spectroscopy data, and did not evaluate other soil 
datasets or under real field conditions.[20] 
 
 
Saberioon et al. (2024) focused on Enhancing soil organic carbon prediction by 
applying deep learning techniques. The study used 11441 samples collected from 
LUCAS Soil Database. The study compared several models, including One-
Dimensional Convolutional Neural Network (1DCNN), Fully Connected Neural 
Network (FCNN), Stacked AutoEncoder (SAE), and Random Forest (RF) model 
was implemented for comparison. The SAE-1DCNN model achieved the best 
prediction performance with an R² value of 0.784 and an RMSE of 3.94. 
However, the study focused only on predicting Soil Organic Carbon (SOC) and 
did not analyze multiple soil health indicators affecting agricultural 
sustainability.[21] 
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Liu et al. (2023) investigated the prediction of Soil Organic Carbon (SOC) by 
using the Visible and Near Infrared Diffuse Reflectance Spectroscopy (Vis-NIR 
DRS) tool. The study used the LUCAS EU-wide Topsoil Database for comparing 
several prediction approaches, including Global Partial Least Squares Regression 
(PLSR), Local PLSR, k-means clustering with PLSR, and hierarchical clustering 
with PLSR. The results showed that the best performance were provided by the 
local PLSR approach with R² of 0.75, root mean squared error of prediction 
(RMSEP) of 13.38 g/kg and ratio of performance to interquartile range (RPIQ) 
of 2.846, but the algorithm running time was 30.05 s. same performance were 
provided by the k-means clustering method with R² of 0.75, RMSEP of 14.61 
g/kg and RPIQ of 2.844, at only 4.52 s. However, the study focused only on Soil 
Organic Carbon prediction while the proposed research aims to analyze multiple 
soil health indicators to better understand their contribution to sustainable 
agriculture. [22] 
Omondiagbe et al. (2023) proposed an automated deep learning model for soil 
texture prediction. The study used Deep Convolutional Neural Networks (CNNs) 
with Adapted Population-Based Training (Adapted-PBT) and Bayesian 
Optimization to improve model performance. LUCAS Soil Library and the 
Kellogg Soil Survey Laboratory (KSSL) Used as a dataset. The result showed 
that the PBT model provides the best prediction performance, with model 
efficiency coefficient (MEC) values of 0.90 for clay, 0.81 for sand, and 0.78 for 
silt. However, the study focused on predicting soil texture properties (sand, silt, 
and clay) and did not investigate other soil health indicators or their 
relationships.[23] 
 
Piccoli et al. (2023) proposed an adaptive deep neural architecture for the 
prediction of multiple soil characteristics from the analysis of hyperspectral 
signatures. The study used the LUCAS soil dataset and a simulated PRISMA 
hyperspectral dataset to evaluate the model. The model relies on a flexible neural 
architecture able to automatically adapt to the spectral library during analysis and 
allows for backtracking the spectral bands that most contribute to the prediction 
of a given variable. The model achieves an overall R² of around 0.75. In detail, 
R² values exceeding 0.90 for pH and CaCO₃, while organic carbon, nitrogen, clay, 
sand, silt, and cation exchange capacity achieved R² values between 0.70 and 
0.89. However, the study relied mainly on hyperspectral information and did not 
include additional environmental or management factors 
.[24] 
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Rahmani et al. (2022) developed digital maps of soil organic matter (SOM) and 
cation exchange capacity (CEC) using LiDAR-derived terrain attributes and 
compare the prediction accuracy of SOM and CEC maps created by universal 
kriging, Cubist, and random forest with Soil Survey Geographic (SSURGO) 
database. The result showed comparable performance With R² values from 0.44 
to 0.45 for SOM and from 0.39 to 0.44 for CEC. However, the study focused on 
mapping two soil properties within a local study area and did not investigate 
multiple soil health indicators or employ large-scale global soil datasets relevant 
to agricultural sustainability.[25] 
 
 
 
Ramcharan et al. (2017) described a model to develop a soil bulk density 
pedotransfer function (PTF) using the Random Forest. The study used 45,818 soil 
horizons extracted from the publicly available National Cooperative Soil Survey 
(NCSS) Soil Characterization Database in the United States.  The data included 
surficial materials and hierarchical ecosystem land classifications. The results of 
a five-fold cross-validation showed that the model (RMSPE) was 0.13 g cm–3 in 
average, while the (MPE) was –0.001 g cm–3.  In addition, the developed PTF 
was also applied to support soil organic carbon (SOC) stocks estimation by 
addressing missing bulk density information. However, the study focused on 
predicting soil bulk density only and did not analyze multiple soil health 
indicators or evaluate their relationships. [26] 
 
 
 
 
 
Related work summery 
 
Machine learning methods have been shown to be effective in studying various 
soil properties and in the decision-making process in agricultural practices. Most 
regression based studies have been conducted to predict an individual soil 
property such as soil organic carbon, soil texture and hydraulic properties from 
spectral data or environmental variables. Most of these studies focused on a small 
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number of soil indicators rather than on soil health in its entirety.These methods 
have had promising prediction performance, but most studies tested a small 
number of soil indicators, not soil health as a whole. 
 
However, on the other hand, classification-based approaches have been used in 
soil fertility assessment and agricultural recommendation tasks. The machine 
learning classifiers were found to be capable of correctly categorizing soil 
conditions in these studies. However, there are many existing works that were 
limited to predefined classes (e.g., fertile/non-fertile classes) and did not 
investigate the contributions of each indicator of soil health. 
 
Thus, there is a need for a holistic assessment approach that takes several soil 
health indicators simultaneously and establishes the most significant factors that 
are associated with sustainable agriculture. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 2.1: Summary of Related Work on Machine Learning Applications 
for Soil Health Assessment 
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Ref Author Year Technique Used Accuracy Dataset Comparison with This Research 

[7] Rao and 
Reddy 

2026 SIC 
ALADN 
GPSHO 

accuracy 
=98.65%, 
precision=98.
73%, 
recall=98.65
%, and F1-
score=98.70
% 

Kaggle 
dataset 
containing 
880 soil 
samples 

using only one publicly available 
dataset 

[8] Behera et al. 2026  16 machine 
learning 
classifiers 
 

Random 
Forest with 
an accuracy 
90.91% 

Kaggle 
dataset 
containing 
880 soil 
samples  

the model showed relatively low 
performance for one of the 
minority classes 

[9] Venkatanare
sh and 
Kullayamma 

2024 CEGRU 
HPO 
 

accuracies of 
99.2% and 
99.3% 

Kaggle + 
Maharasht
ra 

focused only on recommending 
suitable crops based on soil, 
fertilizer 

[10] Badshah et 
al 

2024  (ETC), (LR), 
(DT), (RF), 
(KNN), (GNB), 
and (SVM). 

best 
performance 
by Random 
Forest with 
an accuracy 
of 99.7% 
using K-fold 
cross- 

crop 
recommen
dation 
dataset 
obtained 
from 
Kaggle, 
 
FAO 

study focused mainly on crop 
recommendation and yield 
prediction 

[11] Sarangi et al. 2024 Logistic 
Regression, K-
Nearest 
Neighbors, Naive 
Bayes, Decision 
Tree.  

the DT best 
accuracy of 
89% 

Kaggel focused on binary soil fertility 
classification 

[12] Chandra et 
al. 

2023 k-means 
clustering 
Random Forest 
classifier, Shap 

~97% LUCAS 
2018 
topsoil 
dataset 

Limited to fertility prediction 

 
[13] 

Ghahremani 
et al. 

2026 RFR 
RFC 
 

RFR with an 
RMSE of 15 
kg/m², while 
RFC 
accuracy of 
0.56. 
 
 

ISRIC 
World Soil 
Informatio
n Service 
(WoSIS) 
database 

Limited to mapping soil 
inorganic carbon 

[14] Sun et al. 2026 SSL, MLP 
compared 
performance with 
PLSR 
and conventional 
MLP models. 
 

MIR-SSL-
MLP model 
best 
performance 
R² of 
0.95 carbon, 
 0.91 
nitrogen, 
0.93 organic 
carbon, 

(USDA-
NRCS-
NSSC-
KSSL) 
database 
Testing 
(NAPT) 
dataset. 
 

relied mainly on soil spectral 
datasets and did not integrate 
environmental or remote sensing 
variables for soil health 
assessment. 

3

21

21
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0.79 for pH 
 

[15] Khatun et al. 2026 PLSR 
RF 
SHAP 
 

R² = 0.98 
RMSEP = 
1.45% 
 

(OSSL) 
including 
KSSL, 
LUCAS, 
RaCA, 
AfSIS, and 
ICRAF–
ISRIC 
 

study only focused on predicting 
SOC from spectral information 

[16] Aouabed et 
al. 

2026 RF 
KNN  
GB 
SVR 
Ridge Regression 
Lasso Regression 
Multilayer 
Perceptron 
(MLP) Regressor 

The best 
overall 
R²=0.57 by 
(GB) 

Averill et 
al. Dataset 
 
NEON 
Dataset 

focused on predicting soil 
microbiome composition 

[17] Kassai et al. 2025 Random Forest 
Random Forest 
Kriging (RFK) 

PTF R² 
Clay = 0.69 
Silt = 0.58 
Sand = 0.74, 
RFK R² 
Clay0.19–
0.67 
Silt 0.49–0.62 
Sand0.69–
0.74 
 

NATASA 
database 
 

focused only on soil texture 
mapping rather than analyzing 
multiple soil health indicators 

[18] Liu and Ma 2024  (ANN) 
 (GEP) 
LinearRegression 
for comparison 

ANN model 
made the best 
for PWP  
with NRMSE 
(19.9%) 
while GEP 
with an 
NRMSE 
(29.9%) 
 

WoSIS 
database. 

focused only on soil hydraulic 
properties 

[19] Nauman et 
al. 

2024 Random Forest R² 
between 
0.5 and 
0.7 under 
cross-
validation. 

NCSS  
SSURGO / 
gSSURGO 
NASIS 
 

focused only on digital soil 
mapping for the United States 
and did not investigate the 
relationships among multiple soil 
health indicators 
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[20] Zhai et al. 2024 PS-MTL-LUCAS 
SHAP 
 

 achieving R² 
values of 
0.945(Ph), 
0.936(N), 
0.413(P), 
0.624(k), 
0.837(CEC), 
0.952(OC), 
and 
0.956(CaCO₃) 
 

LUCAS 
Topsoil 
Dataset 
(2009) 

only on the LUCAS Topsoil 
Dataset using Vis–NIR 
spectroscopy data  

[21] Saberioon et 
al. 

2024 1DCNN 
FCNN 
SAE 
RF 
 

SAE-1DCNN 
made the best 
result with an 
R² of 0.784 
and an RMSE 
of 3.94. 

11441 
samples  
collected 
from 
LUCAS 
Soil 
Database 

Limited to predicting (SOC) 

[22] Liu et al. 2023 Global PLSR 
Local PLSR 
k-means 
clustering + 
PLSR 
Hierarchical 
clustering + 
PLSR 
 

best results  
for local 
PLSR 
R² = 0.75, 
(RMSEP) is 
13.38 g/kg 
RPIQ) is 
2.846 
 

LUCAS 
EU-wide 
Topsoil 
Database 

focused only on SOC prediction 

[23] Omondiagbe 
et al. 

2023  (Adapted-PBT) 
Bayesian 
Optimization 
 (CNN) 
  

PBT 
best 
prediction 
with 
(MEC) 
f 0.90 for 
clay, 
0.81 for sand, 
and 0.78 for 
silt. 
 

LUCAS 
and 
KSSL 
 

Limited to predicting soil texture 
properties (sand, silt, and clay) 

[24] Piccoli et al. 2023 Adaptive Deep 
Convolutional 
Neural Network. 
Neural 
Architecture 
Search (NAS). 
 

Overall R² 

≈ 0.75. 

LUCAS 
dataset. 
PRISMA 
simulated 
dataset. 
 

relied mainly on hyperspectral 
information and did not include 
additional environmental or 
management factors. 

3
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[25] Rahmani et 
al. 

2022 Random Forest 
(RF), Cubist, 
Universal Kriging 
(UK) 
 

SOM 
from 0.44 to 
0.45, 
CEC 
from 0.39 to 
0.44 
 

(SSURGO) limited to mapping two soil 
properties within a local study 
area and did not investigate 
multiple soil health indicators 

[26] Ramcharan 
et al. 

2017 Random Forest RMSPE was 
0.13  gcm–3 in 
average 
MPE was 
0.001 gcm–3. 
 
 

45,818 soil 
(NCSS 
 

focused on predicting soil bulk 
density only 
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