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ABSTRACT – 

Soil classification is the systematic categorization of soils based on their physical, chemical, and mineralogical properties, as well as their behavior under various 

conditions. The primary goal of soil classification is to organize soils into groups that have similar characteristics and performance, enabling easier prediction of 

their behavior for agricultural, engineering, environmental, and land-use planning purposes. Instead of using the Random Forest algorithm, this study employs the 

XGBoost algorithm to enhance the accuracy and efficiency of soil classification.It uses XGBoost algorithm which leverages a powerful gradient-boosting approach 

to accurately categorize soils based on features like texture, composition, and moisture content. XGBoost builds an ensemble of decision trees, each correcting the 

errors of the previous ones, allowing it to learn complex patterns in the data. Its efficiency, ability to handle missing data, and prevention of overfitting make it 

ideal for precise soil classification, benefiting agricultural planning, environmental management, and civil engineering. 

Keywords – Soil classification,XGBoost(Extreme Gradient Boosting), Missing data handling, Model Evaluation. 

1. Introduction 

Soil classification plays a critical role in various fields, including agriculture, engineering, environmental management, and land-use planning. By 

systematically categorizing soils based on their physical, chemical, and mineralogical properties, it enables accurate predictions of soil behavior under 

different conditions. This process helps optimize decisions related to crop growth, infrastructure development, and ecological conservation. Traditionally, 

machine learning techniques like the Random Forest algorithm have been used for soil classification. However, this study introduces the XGBoost 

algorithm, a more advanced gradient-boosting approach, to improve the accuracy and efficiency of soil categorization. XGBoost excels in handling 

complex data patterns, missing values, and overfitting issues, making it highly effective for precise classification of soils based on features such as texture, 

composition, and moisture content. Its implementation offers significant advantages for agricultural planning, environmental sustainability, and civil 

engineering projects, ensuring better-informed decisions and more efficient resource management. 

II. LITERATURE SURVEY 

2.1 Babalola, E. O., Asad, M. H., & Bais, A. (2023). Soil surface texture  classification using RGB images acquired under uncontrolled field 

conditions. IEEE Access. 

The paper "Soil Surface Texture Classification Using RGB Images Acquired Under Uncontrolled Field Conditions" focuses on classifying soil textures 

using RGB images taken in real-world, uncontrolled environments. Traditional methods often depend on laboratory settings, making them less useful in 

practical, field-based scenarios. This study introduces an innovative approach using image processing techniques, texture-enhancing filters, and a 

Convolutional Neural Network (CNN) to overcome challenges like varying lighting and shadows. The method shows promise for scalable and high-

resolution soil texture mapping, benefiting agricultural and environmental monitoring. 

Objectives: 

1. Soil Texture Classification. 

2. Image Processing Techniques. 

Limitations: 

1.Lighting Variability. 

2.Image Quality Dependency. 

http://www.ijrpr.com/
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2.2 Zhou, Y., Wu, W., Wang, H., Zhang, X., Yang, C., & Liu, H. (2022). Identification of soil texture classes under vegetation cover based on 

Sentinel-2 data  with  SVM and SHAP techniques. IEEE Journal of Selected Topics in Applied Earth  Observations and Remote Sensing, 15, 

3758-3770. 

The paper "Identification of Soil Texture Classes Under Vegetation Cover Based on Sentinel-2 Data With SVM and SHAP Techniques" investigates the 

use of Sentinel-2 satellite imagery and machine learning to map soil texture classes in vegetated areas. Support Vector Machines (SVM) serve as the 

classification model, while SHAP (SHapley Additive exPlanations) is employed to interpret the model's predictions and assess the significance of various 

Sentinel-2 bands. The study highlights that Sentinel-2 data, combined with SVM and SHAP, effectively classifies soil textures under vegetation, offering 

valuable insights for agriculture and environmental management. 

Objectives: 

1. Soil Texture Mapping. 

2. Model Interpretation. 

Limitations: 

1.     Computational Demands. 

2       Vegetation Interference. 

2.3 Sharma, A., Jain, A., Gupta, P., & Chowdary, V. (2020). Machine learning applications for precision agriculture: A comprehensive 

review. IEEE Access, 9, 4843-4873. 

The paper "Machine Learning Applications for Precision Agriculture: A Comprehensive Review" examines the use of machine learning (ML) techniques, 

such as SVM, random forests in improving efficiency and sustainability in agriculture. It covers applications like crop yield prediction, soil classification, 

and pest detection, and reviews case studies on accuracy, scalability, and adaptability. The paper also addresses challenges like data availability, 

computational costs, and model interpretability, highlighting the need to integrate ML with IoT and remote sensing for real-time decision-making in 

precision farming. 

Objectives: 

➢ ML in Agriculture. 

➢ Case Study Evaluation. 

Limitations: 

➢ Data Availability. 

➢ Model Interpretability. 

2.4 Uddin, M., & Hassan, M. R. (2022). A novel feature based algorithm for soil type classification. Complex & Intelligent Systems, 8(4), 3377-

3393 

The paper “A novel feature-based algorithm for soil type classification” highlights the transition from traditional chemical methods to more efficient 

image-based and machine learning techniques. By utilizing soil properties like color and texture, methods such as RGB, HSV, and CIELab spaces, along 

with models like SVM and neural networks, have shown promise. Despite advancements, challenges include limited datasets and feature extraction issues. 

Combining color and texture features has improved classification, but further refinement in deep learning and genetic programming is needed for broader 

use. 

Objectives: 

➢ Shift to Image-Based Techniques. 

➢ Feature Combination. 

Limitations: 

➢ Cost of Imaging Methods.  

➢ Dataset Limitations. 

2.5 Khurshed, I. S., Mustafa, Y. T., & Fayyadh, M. A. (2023). Assessing Spatial Patterns of Surface Soil Moisture and Vegetation Cover in Batifa, 

Kurdistan Region-Iraq: Machine Learning Approach. IEEE Access, 11, 130406-130417. 

The paper "Assessing Spatial Patterns of Surface Soil Moisture and Vegetation Cover in Batifa, Kurdistan Region-Iraq: Machine Learning Approach" 

discusses the transition from traditional methods to advanced remote sensing and machine learning techniques for improved spatial accuracy. It employs 

satellite imagery alongside algorithms like Random Forest and Support Vector Machines to model soil moisture and vegetation cover. The study integrates 
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vegetation indices (e.g., NDVI) and terrain data to enhance prediction accuracy, emphasizing the use of multispectral data and computational models for 

environmental monitoring in complex terrains, addressing climate and land management challenges. 

Objectives: 

➢ Shift to Remote Sensing. 

➢ Soil Moisture and Vegetation Modeling. 

Limitations: 

➢ Model Generalization. 

➢ Computational Demands. 

III. METHODOLOGY 

Soil surface texture classification using RGB images  

Data Source:The study utilized RGB images of soil surfaces captured under uncontrolled field conditions, providing real-world variability in soil texture 

and color. 

Data Preprocessing:Texture-enhancing filters were applied to improve texture visibility and reduce noise in the images. This preprocessing step ensured 

that essential soil characteristics were highlighted for analysis, even in challenging field environments. 

Predictive Modeling:Convolutional Neural Networks (CNNs), a deep learning approach, were employed for soil texture classification. The RGB color 

model was used to represent soil surfaces, leveraging variations in red, green, and blue channels to capture distinct soil texture patterns. CNNs effectively 

extracted complex features from the images, making them suitable for this task. 

Evaluation:The performance of CNNs was compared to other potential algorithms, with CNNs proving superior due to their advanced feature extraction 

capabilities and ability to handle natural variability in soil images. 

Role of Filters:Texture-enhancing filters played a crucial role in aiding CNNs by emphasizing critical soil texture characteristics, improving accuracy in 

texture classification. 

3.1 Datset taken from various Resources and theirsample outputs 

 

Fig: Datset taken from various Resources and theirsample outputs 

3.2 Identification of soil texture classes under vegetation cover based on Sentinel-2 data with SVM and SHAP techniques. 

Data Source:The study utilized datasets with high-dimensional feature spaces to evaluate the performance of classification algorithms, focusing on their 

ability to separate distinct classes effectively. 

Data Preprocessing:Features were normalized to ensure comparability and improve the performance of Support Vector Machines (SVM). Additionally, 

SHAP (SHapley Additive exPlanations) was used for feature importance analysis, aiding in feature selection by quantifying the contribution of each 

feature to the predictions. 

Predictive Modeling:Support Vector Machines (SVM) were employed as the primary supervised learning algorithm. SVM classifies data by finding the 

optimal hyperplane to separate classes in high-dimensional space, with kernel functions enabling the handling of both linear and non-linear classification 
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problems. SHAP was utilized alongside SVM to interpret the model, enhancing transparency by providing insights into feature 

contributions.Evaluation:Models were evaluated based on their classification performance metrics, including accuracy, precision, recall, and F-score. 

SVM demonstrated strong performance in separating classes effectively, particularly in high-dimensional datasets. 

Role of SHAP:SHAP enhanced model interpretability by assigning importance values to features based on their contributions to predictions. This 

framework allowed for detailed evaluation and supported the selection of relevant features, improving the model's overall effectiveness. 

 

 

Fig: showing different algorithms used 

3.3 Machine learning applications for precision agriculture. 

Data Source:The study utilized datasets related to soil moisture and vegetation modeling, containing high-dimensional data to evaluate the performance 

of classification algorithms. 

Data Preprocessing:Data was processed to handle missing values, normalize features, and ensure that the datasets were suitable for classification. Feature 

engineering was applied to create variables that best represent soil and vegetation characteristics. 

Predictive Modeling:support Vector Machines (SVM) and Random Forest, an ensemble method, were employed for classification tasks. SVM works by 

finding the optimal hyperplane to separate classes in high-dimensional space, handling both linear and non-linear problems effectively using kernel 

functions. Random Forest builds multiple decision trees and combines their predictions, reducing overfitting and enhancing accuracy. Both algorithms 

were applied to soil moisture and vegetation modeling tasks. 

Evaluation:The models were evaluated based on metrics such as accuracy, precision, recall, and F-score. Random Forest showed improvement in handling 

high-dimensional data by reducing overfitting, while SVM demonstrated excellent class separability and generalization. 

Role of Random Forest:Random Forest’s ensemble nature contributed to the model’s robustness by averaging multiple decision trees’ predictions, which 

reduced variance and overfitting, making it suitable for soil moisture and vegetation modeling. 
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Fig : Datset taken from various Resources and theirsample outputs 

3.4 A novel feature based algorithm for soil type classification. 

Data Source:The study utilized image datasets representing different soil types, focusing on color spaces (RGB, HSV, and CIELab) to capture the visual 

properties of soil for classification tasks. 

Data Preprocessing:Images were converted into different color spaces—RGB, HSV, and CIELab—to analyze soil properties. Normalization and feature 

extraction were applied to ensure the data was suitable for classification by the algorithms. 

Predictive Modeling:Support Vector Machines (SVM) and Neural Networks were employed as classification algorithms. SVM works by finding the 

optimal hyperplane in high-dimensional space to separate classes, and is effective for both linear and non-linear problems. Neural Networks, composed 

of interconnected nodes in layers, are capable of learning complex relationships within data and were used to classify soil types with high accuracy. Both 

algorithms were applied to soil type classification tasks, leveraging the visual properties captured in RGB, HSV, and CIELab color spaces. 

Evaluation:Models were evaluated based on classification performance metrics such as accuracy, precision, recall, and F-score. SVM demonstrated robust 

performance in handling high-dimensional data, while Neural Networks showed high accuracy due to their ability to learn complex patterns. 

Role of Color Spaces:RGB, HSV, and CIELab color spaces were essential for capturing the visual properties of soil, enabling the algorithms to 

differentiate between soil types based on color variations. These color spaces provided valuable input features for both SVM and Neural Networks. 

 

Fig : Datset taken from various Resources and theirsample outputs 

3.5 Assessing Spatial Patterns of Surface Soil Moisture and Vegetation Cover in Batifa, Kurdistan Region-Iraq: Machine Learning 

Approach. 

Data Source:The study utilized datasets related to soil moisture and vegetation modeling, incorporating vegetation health measurements (NDVI) and soil 

characteristics for classification tasks. 

Data Preprocessing:Features were normalized to ensure comparability, and NDVI was calculated to measure vegetation health. Data was cleaned to 

remove missing values and ensure accuracy in classification. 

Predictive Modeling:Random Forest, an ensemble method, was employed to build multiple decision trees and combine their predictions, helping to reduce 

overfitting and enhance accuracy for high-dimensional datasets. Support Vector Machines (SVM) were also used, classifying data by finding the optimal 

hyperplane to separate classes and handling both linear and non-linear problems effectively. Both algorithms were tested for their effectiveness in soil 

moisture and vegetation modeling tasks. 

Evaluation:Models were evaluated using performance metrics such as accuracy, precision, recall, and F-score. Random Forest demonstrated improved 

accuracy by reducing overfitting, while SVM showed strong class separation and generalization capabilities. 

Role of NDVI:NDVI was used to assess vegetation health, with values ranging from -1 to 1 indicating plant density. This metric was incorporated as a 

key feature in both Random Forest and SVM models to improve classification accuracy. 
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Fig: showing different algorithms used 

IV. RESULTS and DISCUSSION 

 

·  Dataset Name: Specify the name or source of the dataset (e.g., "Kaggle Soil Dataset" or "Custom Dataset"). 

·  Features: Describe the key features used for classification (e.g., soil texture, moisture content). 

·  Number of Samples: Indicate the number of data samples in the dataset. 

·  Accuracy: Include the overall classification accuracy of the XGBoost model. 
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·  Other Results: Optionally add metrics like Precision, Recall, or F1-score to provide a more comprehensive evaluation. 

·  Conclusion: Summarize key findings, challenges, and any recommendations based on the results. 

V. Conclusion 

Soil classification is a crucial process that systematically categorizes soils based on their physical, chemical, and mineralogical properties to facilitate 

effective agricultural, engineering, and environmental planning. This study highlights the use of the XGBoost algorithm, which employs a gradient-

boosting technique to enhance classification accuracy and efficiency by accurately categorizing soils based on texture, composition, and moisture content. 

XGBoost's ability to build an ensemble of decision trees, correct previous errors, handle missing data, and prevent overfitting positions it as an ideal tool 

for precise soil classification, ultimately benefiting various fields such as agricultural planning, environmental management, and civil engineering. 
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