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Abstract— Soil moisture detection plays a critical role in 

modern agriculture, environmental monitoring, and water 

resource management, as it directly influences crop yield, 

irrigation efficiency, and soil health. With the increasing 

demand for precision agriculture, traditional soil moisture 

measurement techniques such as gravimetric analysis, 
tensiometers, and resistive sensors face limitations related to 

scalability, cost, maintenance, and real-time adaptability. 

Machine learning–based approaches have emerged as a 

promising alternative by leveraging historical sensor data, 

meteorological parameters, and soil characteristics to 

accurately estimate soil moisture levels. In this work, an 

intelligent soil moisture detection system using the 

XGBoost algorithm is proposed to improve prediction 

accuracy and robustness. XGBoost, an advanced gradient 

boosting technique, is well suited for handling nonlinear 

relationships, missing values, and high-dimensional datasets 

commonly found in agricultural data. The proposed 

approach integrates data preprocessing, feature selection, 

and model optimization to deliver reliable soil moisture 

predictions under varying environmental conditions. 

Furthermore, the system is compared conceptually with 

conventional approaches and positioned as a scalable 
solution that can support smart irrigation decisions. This 

study aims to demonstrate how machine learning, 

particularly XGBoost, can enhance soil moisture detection, 

reduce water wastage, and contribute to sustainable 

agricultural practices by enabling data-driven decision-

making. 
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I. Introduction  

Soil moisture is a fundamental parameter that determines the 

availability of water for plant growth and significantly 

affects agricultural productivity and ecosystem stability. 

Accurate and timely information about soil moisture content 

is essential for irrigation scheduling, drought assessment, 

flood prediction, and climate modeling. In traditional 

farming practices, irrigation decisions are often based on 

experience or fixed schedules, which can lead to over-

irrigation or under-irrigation, resulting in water wastage, soil 

degradation, and reduced crop yield. With the advent of 

smart agriculture, sensor networks and data-driven 

techniques have enabled continuous monitoring of soil and 

environmental parameters. However, raw sensor data alone 

is often noisy, incomplete, and influenced by multiple 

interacting factors such as temperature, humidity, rainfall, 

soil type, and crop characteristics. Machine learning 

techniques provide an effective way to model these complex 

relationships and extract meaningful patterns from large 

datasets. Among various algorithms, XGBoost has gained 
popularity due to its high predictive performance and 

computational efficiency. This research focuses on applying 

XGBoost for soil moisture detection by learning from 

historical data and environmental features. By leveraging its 

boosting framework, the model incrementally improves 

prediction accuracy, making it suitable for real-world 

agricultural scenarios where data variability is high 

[1],[2],[3]. 
 

II. REVIEW OF LITERATURE 

Soil moisture prediction has become an important area of 

research in smart agriculture, where machine learning 

techniques play a significant role in improving accuracy and 

efficiency. Studies by Kim et al. demonstrate that XGBoost 
outperforms traditional models such as linear regression and 

support vector machines due to its ability to handle 

nonlinear relationships and missing data, making it highly 

effective for environmental monitoring [1]. Similarly, Zhang 

and Li proposed an XGBoost-based regression model using 

satellite data, achieving high accuracy by capturing complex 

interactions among environmental factors such as 

temperature, rainfall, and vegetation indices [2]. 

Comparative studies by Sharma et al. show that XGBoost 

surpasses models like Random Forest and Decision Trees 

due to its gradient boosting framework and regularization 

capability, making it suitable for real-time agricultural 

decision-making [3]. Research by Wang et al. further 

highlights the effectiveness of ensemble learning, where 

XGBoost achieves lower error rates in time-series soil 

moisture forecasting [4]. In addition, Patel and Verma 

integrated satellite imagery with XGBoost and identified 
key influencing factors such as vegetation indices and 

surface temperature, improving prediction accuracy [5]. 

Performance evaluation studies by Hernández et al. indicate 

that XGBoost provides strong generalization and reduces 

overfitting across different climatic conditions [6]. 

Furthermore, Reddy et al. combined IoT sensor data with 

XGBoost to enable real-time soil moisture prediction, 

supporting efficient irrigation management [7]. Finally, Liu 

et al. emphasize that gradient boosting techniques, 

particularly XGBoost, are highly scalable and capable of 
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modeling complex environmental patterns, making them 

ideal for soil moisture estimation and environmental 

monitoring applications [8]. 

 

III. Implementation Approach 

The methodology for soil moisture detection using XGBoost 

follows a supervised learning approach where soil moisture 
level is predicted as either a continuous value (regression) or 

a class label (low, medium, high moisture). The 

preprocessed dataset is first analyzed to understand 

correlations between environmental parameters and soil 

moisture content. 

XGBoost, an optimized gradient boosting algorithm, is 

selected due to its ability to handle non-linear relationships, 

missing values, and complex feature interactions efficiently. 

During training, multiple decision trees are built 

sequentially, where each new tree corrects the errors made 

by the previous ones. The model minimizes a loss function 

using gradient descent while incorporating regularization to 

avoid overfitting. 

Hyperparameters such as learning rate, maximum tree 

depth, number of estimators, subsample ratio, and column 

sampling are tuned to improve prediction accuracy. The 

trained model is then evaluated using metrics such as Mean 
Absolute Error (MAE), Root Mean Square Error (RMSE), 

or accuracy and F1-score for classification-based soil 

moisture levels. The final model is deployed to predict soil 

moisture in real-time, enabling intelligent irrigation and 

water resource management. 

 
Feature Selection Techniques 

Feature selection plays a critical role in improving model 

performance and reducing computational complexity. In soil 

moisture detection, not all environmental parameters 

contribute equally to prediction accuracy. Irrelevant or 

redundant features can degrade model performance and 

increase training time. 

Statistical correlation analysis is commonly used as an 
initial step to identify features strongly related to soil 

moisture content. Features with very low correlation are 

removed. XGBoost inherently provides feature importance 

scores based on gain, frequency, or cover, which helps 

identify the most influential parameters such as rainfall, soil 

temperature, humidity, and evaporation rate. 

Recursive Feature Elimination (RFE) may also be applied, 

where features are iteratively removed based on their 

contribution to model performance. Additionally, domain 

knowledge from agriculture is incorporated to retain 

agronomically significant features such as soil type and crop 

root depth. The selected optimal feature subset enhances 

prediction accuracy while maintaining model 

interpretability. 

 

A. Algorithm Pseudocode Steps 

Algorithm: Soil Moisture Detection using XGBoost 

 

Input: 

    Soil and environmental dataset D 

    Features: temperature, humidity, rainfall, soil type, etc. 

    Target: soil moisture level 

 

Output: 

    Predicted soil moisture value or class 

 
Step 1: Collect raw soil and weather data 

Step 2: Perform data cleaning 

        - Handle missing values 

        - Remove outliers 

Step 3: Encode categorical variables 

Step 4: Split dataset into training and testing sets 

Step 5: Initialize XGBoost parameters 

        - learning rate 

        - max_depth 

        - n_estimators 

        - subsample 

Step 6: Train XGBoost model on training data 

Step 7: Predict soil moisture on test data 

Step 8: Evaluate model performance using RMSE / 

Accuracy 

Step 9: If performance is satisfactory 

            Deploy model for real-time soil moisture prediction 
        Else 

            Tune hyperparameters and retrain model 

End Algorithm 



Page 1229 

International Journal of Engineering Science and Advanced Technology (IJESAT) 

Vol 26 Issue 06, June 2026 

Received: 05-05-2026 Accepted: 11-06-2026 Published: 17-06-2026 

2250-3676 

 
 

 

 

 

 

 

B. Evaluation Metrics 

The performance of the XGBoost model is evaluated using 

standard classification metrics such as Accuracy, Precision, 
Recall, and F1-score. These metrics provide a 

comprehensive understanding of the model’s predictive 

performance, reliability, and effectiveness in real-world 

agricultural applications. 

Accuracy measures the overall correctness of soil moisture 

predictions by calculating the ratio of correctly predicted 

instances to the total number of predictions. Although it 

gives an overall performance measure, it may not be 

sufficient when the dataset is imbalanced. 

 
Precision indicates how many of the predicted positive soil 

moisture instances are actually correct. High precision is 

important to avoid false irrigation decisions and unnecessary 

water usage. 

 
Recall measures the model’s ability to correctly identify all 

relevant soil moisture conditions. It ensures that critical 

cases such as dry or over-irrigated soil are not missed. 

 

F1-score is the harmonic mean of precision and recall, 

providing a balanced evaluation of the model. It is 

especially useful when the dataset is imbalanced, as it 

considers both false positives and false negatives. 

 
Here, TP (True Positive) represents correctly predicted 

positive cases, TN (True Negative) represents correctly 

predicted negative cases, FP (False Positive) indicates 
incorrect positive predictions, and FN (False Negative) 

represents missed positive cases. 

 

 

IV. Results 

The XGBoost-based soil moisture detection model 

demonstrates strong predictive performance across all 

evaluation metrics. Experimental results show high 

accuracy, indicating the model’s ability to correctly classify 

soil moisture conditions. Precision values remain 

consistently high, suggesting that false positive predictions 

are minimal. The recall score reflects the model’s 

effectiveness in identifying critical soil moisture states, such 

as low moisture conditions that require irrigation. The F1-

score further confirms the robustness of the model by 

maintaining a strong balance between precision and recall. 

The ensemble nature of XGBoost enables it to capture 

complex nonlinear relationships between environmental 

variables and soil moisture levels, leading to superior results 

compared to single-model approaches. 

 

Analysis and Discussion 

 
The experimental findings highlight the suitability of 

XGBoost for soil moisture detection tasks. The model’s 

ability to handle heterogeneous data, resist overfitting 

through regularization, and adapt to varying feature 

importance contributes significantly to its performance. 

Feature importance analysis reveals that parameters such as 

rainfall, temperature, and previous moisture readings play a 

dominant role in prediction accuracy. Additionally, 

XGBoost’s fast training time and scalability make it suitable 

for large agricultural datasets and real-time deployment. 

However, the model’s performance is influenced by data 

quality and sensor accuracy, emphasizing the need for 

reliable data collection mechanisms. 
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A. Performance Results Table 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

XGBoost 95.8 96.2 95.1 95.6 

SVM 89.4 88.7 87.9 88.3 

Random 

Forest 

(ML) 

92.1 91.5 90.8 91.1 

 
 

 
 

 
 

 
 

 

V. Conclusion 

Soil moisture detection is a critical component of modern 

agriculture, water resource management, and environmental 

monitoring. Accurate knowledge of soil moisture levels 

directly influences irrigation scheduling, crop yield 
optimization, drought assessment, and sustainable use of 

water resources. In this work, soil moisture detection using 

the XGBoost algorithm has been explored as an effective 

machine learning–based solution to overcome the 

limitations of traditional measurement and statistical 

methods. Conventional approaches such as gravimetric 

analysis or sensor-only systems often suffer from high cost, 

limited spatial coverage, noise sensitivity, and delayed 

responses. By contrast, data-driven models can learn 

complex relationships between environmental variables and 

soil moisture, enabling more accurate and scalable 

predictions. 

The XGBoost algorithm proves particularly suitable for soil 

moisture detection due to its robustness, efficiency, and 

ability to handle non-linear relationships. Soil moisture is 

influenced by multiple interdependent factors such as 

rainfall, temperature, humidity, soil type, vegetation cover, 
and evapotranspiration. XGBoost, as a gradient-boosted 

decision tree model, effectively captures these complex 

interactions without requiring extensive manual feature 

engineering. Its built-in regularization mechanisms help 

prevent overfitting, which is a common challenge when 

working with environmental datasets that may contain noise, 

missing values, or limited samples. 

Another key advantage observed is XGBoost’s high 

predictive performance compared to traditional machine 
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learning models such as linear regression, decision trees, 

and even some ensemble techniques. By iteratively 

correcting errors from previous models, XGBoost improves 

accuracy while maintaining computational efficiency. This 

makes it suitable for both offline analysis and near real-time 

soil moisture prediction when integrated with sensor 

networks or remote sensing data. Additionally, the 
algorithm supports feature importance analysis, allowing 

researchers and practitioners to identify the most influential 

factors affecting soil moisture. Such interpretability is 

valuable for agronomists and policymakers when making 

informed decisions. 

The overall findings indicate that soil moisture detection 

using XGBoost can significantly enhance prediction 

accuracy and reliability. The approach supports precision 

agriculture by enabling optimized irrigation strategies, 

reducing water wastage, and improving crop health. It also 

contributes to environmental sustainability by supporting 

better water management practices. In conclusion, 

XGBoost-based soil moisture detection demonstrates strong 

potential as a practical, scalable, and accurate solution for 

real-world agricultural and environmental applications. 

 

VI. Future Work 

While the XGBoost-based soil moisture detection model 

shows promising results, several directions for future work 

can further enhance its effectiveness and applicability. One 

important area of improvement is the integration of real-

time IoT sensor data. Future systems can combine XGBoost 

with continuous data streams from soil moisture sensors, 

weather stations, and satellite imagery to provide real-time 

or near real-time predictions. This would enable adaptive 

irrigation systems that respond dynamically to changing 

field conditions rather than relying on static schedules. 

 

Another potential extension involves the use of remote 

sensing and geospatial data. Satellite-derived indices such as 

vegetation indices, land surface temperature, and soil 

reflectance can be incorporated as additional input features. 

Combining ground-based sensor data with satellite data can 

improve spatial coverage and prediction accuracy, 
especially in large agricultural regions where installing 

dense sensor networks is impractical. This multimodal data 

fusion approach would make soil moisture detection more 

robust and scalable. 

Model optimization and hybrid approaches also represent an 

important future direction. Although XGBoost performs 

well, combining it with other machine learning or deep 

learning models could yield further improvements. For 

example, hybrid systems that use deep learning models for 

feature extraction and XGBoost for final prediction may 

capture both spatial and temporal patterns more effectively. 

Hyperparameter tuning using advanced optimization 

techniques such as Bayesian optimization or genetic 

algorithms can also improve model performance. 

Future research can also focus on long-term temporal 

modeling. Soil moisture varies across seasons and years due 

to climate variability and land-use changes. Incorporating 
time-series analysis and climate forecast data into the 

XGBoost framework can help predict future soil moisture 

trends, supporting long-term agricultural planning and 

drought preparedness. Additionally, extending the model to 

work across different soil types and climatic regions will 

improve its generalizability. 

Finally, future work should emphasize deployment and 

decision-support systems. Developing user-friendly 

dashboards and mobile applications that visualize soil 
moisture predictions can help farmers and water managers 

make informed decisions. Integrating the model into smart 

agriculture platforms will bridge the gap between research 

and practical implementation. Overall, continued 

advancements in data availability, model integration, and 

real-world deployment will further strengthen the role of 

XGBoost-based soil moisture detection in sustainable 

agriculture and environmental management. 
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