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Basics of Artificial Intelligence and its Application in Soil Analysis: A Review 




.     
.
              . 
                     
	.
..


.

____________________________________________________________________________________________

*Corresponding author: Email: XYZ@ABC.COM


ABSTRACT 

	Soil analysis is a crucial component of precision agriculture, helping to evaluate soil fitness, fertility, and productivity. Traditional soil testing methods, while correct, are frequently time-consuming and exertions-in depth. Recent improvements in Artificial Intelligence (AI) and Machine Learning (ML) have revolutionized soil testing via providing rapid and specific assessments of soil homes consisting of pH, particle distribution, nutrient availability, and soil texture. AI-driven fashions, such as neural networks, support vector machines, and deep neural to know frameworks, have validated high accuracy in predicting soil parameters based on facts accrued from far flung sensing, spectroscopy, and IoT-based sensors. This review discusses the integration of AI and ML in soil analysis, highlighting their role in enhancing records accuracy, decreasing costs, and facilitating huge-scale soil monitoring. This study emphasizes the potential of AI and ML in advancing sustainable agriculture by optimizing nutrient management, predicting crop yields, and improving land use planning. Future studies must consciousness on enhancing AI fashions by means of incorporating real-time soil data, integrating multiple datasets, and growing standardized methodologies to enhance soil prediction accuracy. AI and ML hold significant promise in transforming traditional soil analysis into an efficient and scalable process, contributing to the global demand for sustainable and precision farming.
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1. INTRODUCTION 

Soil analysis plays a crucial role in modern agriculture by providing essential insights into soil health, fertility, and productivity. It helps farmers and researchers make informed decisions regarding crop selection, nutrient management, irrigation planning, and soil conservation practices (Pandao et al., 2024). Understanding soil properties such as pH, electrical conductivity (EC), organic matter content, and the availability of essential nutrients like nitrogen (N), phosphorus (P), and potassium (K) is vital for optimizing crop yields and ensuring sustainable land use. Traditionally, soil analysis has been conducted through laboratory-based chemical tests and field surveys, which, although accurate, are often time-consuming, labor-intensive, and costly. These conventional methods require extensive soil sampling, complex laboratory procedures, and expert interpretation, making them inaccessible to many small-scale farmers. Additionally, the spatial variability of soil properties across different regions makes it challenging to obtain precise and large-scale soil data. With the increasing demand for food production to support a growing global population, there is a need for more efficient and scalable approaches to soil analysis. Climate change, soil degradation, and declining soil fertility further necessitate advanced methods for soil monitoring and management. The advent of modern technologies, including remote sensing, spectroscopy, and geographic information systems (GIS), has improved soil analysis by enabling rapid assessment of soil characteristics over large areas (Zhang and Cao, 2019).  However, the growing demand for high-precision, real-time soil health monitoring has necessitated the integration of artificial intelligence (AI) and machine learning (ML) into soil analysis. AI-based models can analyse vast amounts of soil data, recognize patterns, and generate accurate predictions of soil fertility and nutrient deficiencies with minimal human intervention (Awais et al., 2023). 
Today, the world has made significant advancements through the emergence of innovative technologies across various sectors. Among these, computer systems have proven to be the foundation for modern advancements. Artificial Intelligence (AI) is a revolutionary form of technology developed through computer systems, enabling machines to learn, reason, and make decisions similar to human cognition. AI not only mimics human intelligence but also improves over time by analyzing vast datasets (Russell and Norvig, 2021). This adaptability allows AI to be applied across industries, including agriculture, healthcare, and finance, making it a versatile and transformative tool. Artificial Intelligence (AI) and Machine Learning (ML) have emerged as transformative technologies in agriculture. These technologies enable machines to simulate human intelligence and automate data processing, offering insights into soil health, fertility, and crop management. 
Keeping these things in concern, this review highlights the crucial role of AI and ML in soil analysis, exploring their applications, recent advancement in precision agriculture. It examines how AI-driven technologies enhance soil property prediction and sustainability while addressing limitations and potential research directions.

2. material and methods 
This review is based on a comprehensive literature survey from databases like Google Scholar, Scopus and ScienceDirect, analyzing AI and ML applications in soil analysis. Various AI models, remote sensing, and IoT-based techniques were examined to assess advancements, challenges, and future prospects in soil science. Studies focusing on machine learning algorithms such as Random Forest, Neural Networks, and Support Vector Machines were reviewed for their effectiveness in predicting soil properties. Additionally, research on spectroscopy-based soil analysis, GIS integration, and AI-driven decision support systems (DSS) was evaluated. The review also explores data quality issues, computational limitations, and the need for standardized AI applications in soil research.

3. ARTIFICIAL INTELLIGENCE: AN OVERVIEW
One of the most important aspects of AI is that it is a multi-use technology. John McCarthy at the Dartmouth Conference in 1956, outlined that artificial intelligence is about letting a machine simulate the intelligent behaviour of humans as precisely as it can be. An overview of AI has been represented in the Fig. 1. Artificial intelligence is a broad field, which refers to the use of technologies to build machines and computers that have the ability to mimic cognitive functions associated with human intelligence, such as being able to see, understand, and respond to spoken or written language, analyse data, make recommendations, and more (Russell and Norvig, 2021).











Fig. 1: Overview of Artificial Intelligence 

3.1 History of AI
It begins in 1943 with the development of artificial neurons, followed by the invention of the Turing Machine in 1950, which laid the foundation for computational theory. In 1956, the term "Artificial Intelligence" was coined. Notable achievements include the creation of the first chatbot, ELIZA, in 1966, and the first intelligent robot, WABOT-1, in 1972. The timeline also highlights two "AI Winters," periods of reduced funding and interest, occurring from 1975–1980 and 1987–1993. Key breakthroughs include the 1997 victory of a computer over a chess champion and the introduction of AI into households with the Roomba vacuum in 2002. Recent advancements include virtual assistants like Google Now (2012) and Google Duplex. (Greatlearning, 2024)
3.2 Types of AI
Artificial Intelligence (AI) can be differentiated according to its functionalities and abilities. In terms of functionality, AI is divided into four categories. Reactive AI operates with current data and has no memory, i.e., it is unable to learn from previous experiences—IIBM's Deep Blue is a case in point. Limited Memory AI stores previous experiences in order to enhance decision-making, and is exhibited in areas such as chatbots and autonomous vehicles. Theory of Mind AI is still in development and is aimed at understanding human social cues and emotions, e.g., emotional recognition systems. Self-aware AI is a theoretical construct and describes AI with consciousness and self-awareness, which has not yet been attained. By capabilities, AI is classified into three categories. Narrow AI is specialized in particular tasks but does not possess general intelligence, as in the case of virtual assistants such as Siri and Alexa. General AI is a level of intelligence similar to human intelligence but has not yet been achieved. Finally, Super AI is a theoretical type of AI that is superior to human intelligence in all areas and is still a concept and not an achievement. These categories outline the existing state and future development of AI, demonstrating how it progresses from mere decision-making algorithms to sophisticated, human-like intelligence (IBM, 2023). 
3.3 Components of AI
AI comprises four key components: Learning, Reasoning and Decision Making, Processing Language, and Problem Solving. Learning enables AI to acquire knowledge through Supervised Learning (using labelled data), Unsupervised Learning (identifying patterns in unlabeled data), and Reinforcement Learning (learning from rewards and penalties). Reasoning and Decision Making allow AI to analyse data, evaluate options, and make logical decisions based on algorithms. Processing Language, or Natural Language Processing (NLP), helps AI understand, interpret, and generate human language, enabling applications like translation and chatbots. Problem Solving involves AI analyzing complex challenges and developing optimal solutions using algorithms and heuristics. Together, these components form the foundation of AI, allowing it to learn, reason, communicate, and solve problems efficiently (Russell and Norvig, 2021). 
4. MACHINE LEARNING 
Machine learning (ML) is a subset of artificial intelligence (AI) that focuses on developing algorithms and models capable of enabling computers to learn from data and make predictions or decisions without explicit programming. It leverages statistical methods to identify patterns and insights from data, allowing systems to improve performance over time. The goal of machine learning is to enable computers to automatically learn and improve from data without explicit human intervention. It achieves this by building mathematical models that adapt and optimize based on new inputs (Russell and Norvig, 2021). Machine learning finds applications across diverse fields, including healthcare (disease diagnosis), finance (fraud detection), agriculture (yield prediction), and everyday technologies like recommendation systems and virtual assistants. It plays a crucial role in advancing AI by driving innovations such as natural language processing, image recognition, and predictive analytics. The relationship among the artificial intelligence, machine learning and deep learning is represented in Fig. 2.

Fig. 2: Overview of Machine Learning
(Source; AI-vs.-Deep-Learning-vs.-Machine-Learning_-Everything-Youve-Ever-Wanted-to-Know-1-1024x538.png (1024×538)
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4.1 Importance of Machine Learning
The importance of machine learning can be understood through the following key points:

a. Big and Complex data: In today’s digital age, enormous volumes of data are generated daily from various sources such as social media, sensors, transactions, and more. Machine learning is essential because it has the capability to process and analyse large and complex datasets that are beyond the scope of traditional methods. This enables the extraction of meaningful insights efficiently and accurately (Mitchell, 1999).
b. Contains valuable information: Hidden within massive datasets lies valuable information that can drive innovation, optimize processes, and provide competitive advantages. Machine learning helps identify these insights by analyzing the data, revealing trends, relationships, and anomalies that can be used to solve problems or improve decision-making.
c. Learn from the past data: Unlike traditional programming, which requires explicitly coded rules, machine learning enables systems to learn directly from the data. As more data is provided, the algorithms adapt and improve their performance without the need for manual adjustments, making them highly versatile and efficient (Mitchell, 1999). 
d. Patterns for prediction and decision: ML algorithms excel at identifying patterns within datasets. These patterns are then used to make predictions (e.g., forecasting sales, predicting diseases) or decisions (e.g., recommending products, detecting fraud). This ability to automate predictive and decision-making tasks significantly enhances efficiency and accuracy in various fields, from healthcare to finance and beyond (Boppiniti, 2020). 
4.2 Working steps of Machine Learning
The machine learning workflow involves several key steps as shown in Fig 3. First, data collection gathers relevant data from various sources. Next, data preprocessing cleans and prepares the data by handling missing values, normalizing features, and removing outliers. In feature selection and engineering, the most important attributes are identified, and new features may be created to better represent the problem. Model selection then identifies a suitable algorithm based on the problem type and data. During model training, the selected algorithm is trained using labeled or unlabeled data to recognize patterns. Model evaluation follows, using metrics like accuracy or MSE to assess performance on test data and ensure it generalizes well (Harrington, 2012). 

















Fig. 3: Workflow of ML
Finally, model development and monitoring involve deploying the model in real-world scenarios, tracking its performance, and updating it as needed to maintain accuracy and relevance. This iterative process ensures a robust and effective machine learning system.
4.5 Contribution of AI and ML to Agriculture
Nithin (2023) highlighted that AI and Machine Learning have revolutionized agriculture by improving efficiency, productivity, and sustainability. Crop management and surveillance use AI-driven analysis of satellite and drone imagery to monitor plant health, detect pest infestations, and optimize resource allocation. Predictive analytics utilize historical data on crop performance, soil properties, and weather conditions to forecast yields and improve decision-making. Soil health surveillance employs machine learning models to analyse real-time sensor data, ensuring balanced nutrient levels and optimal soil conditions. AI also facilitates early detection and disease prediction by identifying disease patterns based on historical outbreaks and climate trends. Furthermore, robots and automated machinery enhance precision farming, reducing labour costs while increasing accuracy and efficiency in agricultural operations. These advancements collectively contribute to modern, data-driven farming systems (Maru et al., 2018). 
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Fig. 4: General Architecture of Machine Learning Models
(Source; created by the authors of this paper)




4.6 Data Collection and Preprocessing in Soil Analysis
Soil data is collected from various sources to analyse its physical, chemical, and biological properties, providing essential insights for agricultural and environmental management. Field-based soil sample analysis involves laboratory testing of parameters such as pH, organic matter, nutrient levels, soil texture, bulk density, and microbial activity, offering highly accurate but labor – intensive and time-consuming. Various studies Remote sensing and satellite imagery, including NDVI (Normalized Difference Vegetation Index), hyperspectral, and multispectral imaging, enable large-scale soil assessment by analyzing spectral reflectance patterns that indicate soil moisture, organic matter content, and vegetation health (Zhang et al., 2022; Ahmad et al., 2010; Sahour et al., 2021). Spectroscopy methods such as Near-Infrared (NIR), X-ray Fluorescence (XRF), and Laser-Induced Breakdown Spectroscopy (LIBS) provide rapid, non-destructive techniques for assessing soil composition and nutrient status, making them valuable for real-time monitoring (Rossel and Webster, 2012). Additionally, IoT-based soil sensors are increasingly used in precision agriculture to provide real-time monitoring of essential parameters like soil moisture, temperature, electrical conductivity, and pH, improving data-driven decision-making (Sharma et al., 2024). The integration of these sustainable agricultural practices and better land management. In the Fig. 4, general architecture of machine learning is shown. 
4.7 Data Cleaning and Feature Selection
[image: ]Preprocessing is a crucial step in improving the reliability of AI and ML models used in soil analysis. Data cleaning ensures consistency by handling missing values, outliers, and noisy data that may arise due to sensor errors, manual data entry mistakes, or environmental variations (Palanivinayagam and Damaševičius, 2023). Proper cleaning techniques, such as imputation methods, standardization, and normalization, help maintain data integrity and improve model performance. 

Fig. 5: General Methodology for Soil Prediction (Source; created by the authors of this paper)

Feature selection and engineering play a vital role in optimizing AI models by identifying the most relevant soil parameters that influence crop productivity, soil fertility, and environmental sustainability (Pant et al., 2019). Advanced dimensionality reduction techniques such as Principal Component Analysis (PCA) and Recursive Feature Elimination (RFE) enhance computational efficiency and prevent overfitting in predictive models. By refining data inputs and ensuring high-quality datasets, preprocessing significantly enhances the accuracy, robustness, and interpretability of AI-driven soil analysis systems, supporting precision agriculture and sustainable land-use planning (Wadoux et al., 2020). Fig.5 represents a general methodology used for analyzing soil using machine learning. 
Performance of Machine learning models in predicting soil properties
Soil Physical Properties 
Analysis of the soil’s physical properties is a time -intensive and laborious process, which requires extensive sampling and laboratory testing. To remove these challenges, Machine Learning (ML) models have emerged as an effective alternative, which enables real -time soil analysis without the need for chemical treatment. By taking advantage of data from sensors, spectroscopy and remote sensing, the ML algorithm can make accurate prediction of soil properties such as texture, bulk density and moisture content. These models automate complex data processing and reduce human effort by increasing accuracy. 
Rivera and Bonila (2020) developed a model to predict aggregate stability using Artificial Neural Networks (ANN) and Generalized Linear Model (GLM) where they used a dataset with 109 soil samples. Important soil parameters, including texture, organic matter, pH and water stable aggregate, were analysed. The aggregate stability was measured by the use of a wet sieving mechanism, and the model was repeatedly evaluated through cross-validation (80% training, 20% testing). ANN outperformed GLM, achieving R2 = 0.80 (training) and R2= 0.82 (testing), while GLM yielded R2= 0.59 and R2= 0.63. Moreover, Organic matter showed significant correlations with aggregate stability. Clay content exhibited the highest correlation among soil texture fractions. 
However, different machine learning models have been used for soil physical property prediction, such as linear regression, support vector machines (SVM), random forests (RF), and gradient boosting. These models have also shown excellent predictive accuracy for parameters like calcium, pH, organic carbon and sand content in soil with R² value ranging from 0.75 to 0.92 based on the dataset used and preprocessing strategies employed (Tümsavaş et al., 2019). Decision trees, artificial neural networks (ANNs), and Bayesian networks have also been used to classify soil properties on the basis of geophysical surveys, enhancing the accuracy of soil mapping by as much as 85%. Barman and Choudhury (2020) developed a low-cost soil classification system using a multiclass SVM, achieving 91.37% accuracy while analysing 50 soil samples using image processing techniques like HSV histograms, wavelet transforms, and texture analysis, validating results with the USDA soil classification triangle. Bondi et al. (2018) used machine learning to estimate bulk density (BD) from soil visual assessments. A decision tree model achieved ~60% accuracy, while a linear regression model had a correlation coefficient of 0.65. Both models, developed using WEKA 3.8, were validated on 471 soil horizons from 201 soil profile pits in Ireland. Table 1 lists the various models used for predicting soil physical properties, highlighting their methodologies, accuracy levels, and key statistical performance metrics.
Table 1: List of Various Models used for Predicting Different Soil Properties and their Performance
	Soil Properties 
	Dataset Used
	Model 
	Model Performance
	Study and Year

	Bulk Density
	Soil Structure, Porosity 
	Decision Tree
	Decision Tree Accuracy: 60%, Linear Regression Correlation: 0.65

	Bondi et al., (2018)


	Soil Texture
	Sample Image and USDA data
	SVM
	SVM Accuracy: 91.37%

	Barman & Choudhury (2020)


	Water Stable Aggregate
	Texture, OM, pH
	ANN, GLM
	ANN: R² (Training: 0.80, Testing: 0.82), GLM: R² (Training: 0.59, Testing: 0.63)

	Rivera & Bonilla (2020)


	Sand Content
	Spectroscopy Data
	SVM, Random Forest
	R² of 0.84 and 0.82 for SVM and Random Forest respectively
	Tümsavaş et al., (2019)

	Aggregate stability, Available water content, Bulk density, water-filled pore volume, EC, pH, Available N, P, K

	Secondary Data
	ANN
	R² = 0.89
	Pacci et al., (2024)

	Soil particle size distribution

	160 soil samples
	SVM
	R² = 0.98
	Besalatpour et al., (2012) 

	Soil Characteristics and Colour
	National Soils Inventory for Scotland (NSIS) database

	Backpropagation Neural Network
	R² = 0.71
	Aitkenhead et al., (2013)

	Shear strength 
	188 soil samples
	PANFIS, GANFIS, SVR, and ANN
	RMSE of PANFIS, GANFIS, SVR, and ANN are 0.038, 0.04, 0.044 and 0.047 respectively. 

	Pham et al., (2018)

	Soil Aggregate Stability
	Sample Image
	DNN (Inception – v4, VggNet16, ResNet50)
	Accuracy of Inception – v4, VggNet16, ResNet50 are 95.8 %, 97.12 % and 98.72 % respectively. 

	Azizi et al., (2022)

	Soil Organic Carbon
	MODIS Based Dataset

	CNN-LSTM
	CNN Accuracy = 93.5%,
	Zhang et al., (2022)

	Soil Organic Carbon
	Hyperspectral Imaging Data

	CNN
	R² = 0.92



	Kabiri and O’Rourke (2024)

	Soil Moisture Content

	Satellite Data

	ANN, SVM 

	R² = 0.42(ANN) and R² = 0.51 (SVM)
	Ahmad et al., (2010)

	Soil Erosion Prediction
	Satellite Data

	BRT, MLR
	R² = 0.99 (BRT) and R² = 0.77 (MLR)

	Sahour et al., (2021)

	Soil Hydraulic Properties
	Remote Sensing & Laboratory Data

	Gaussian Process Regression
	R² = 0.99
	Rastgou et al., (2021)

	Soil Temperature Prediction

	Meteorological and Soil Data
	ANFIS
	R² = 0.97
	Malik et al., (2022)

	Soil Enzyme Activity
	Soil Samples from 25 villages
	Random Forest, ANN
	R² = 0.91
	Shahare et al., (2023)



Soil Chemical Properties
Some of the recent developments involve adding visible-near infrared spectroscopy (vis-NIRS) for recording soil spectral data, which is preceded by preprocessing techniques like standard normal variate (SNV) and Savitzky-Golay smoothing before running machine learning algorithms. Research has indicated that gradient boosting models tend to perform better than other models, with R² values of 0.89 for soil organic carbon and 0.91 for pH prediction, while RF models are good with big data but can suffer from overfitting if not well tuned (Divya et al., 2024). In addition, deep learning methods, including convolutional neural networks (CNNs), have been used recently for classifying soil texture with accuracy rates above 90% in some research (Wang et al., 2023). Additionally, a hybrid deep learning model combining CNN and RNN can predict soil using satellite images. The hybrid CNN-RNN model outperformed standalone CNN (R² = 0.78) and RNN (R² = 0.74), achieving the highest accuracy (R² = 0.85) with lower RMSE values across all soil properties, significantly improving prediction reliability (Hosseini et al., 2023). Tamuly et al. (2024) developed a soil organic carbon (SOC) prediction model using diffuse reflectance spectroscopy and PLSR. Analyzing the soil samples, the best model—SNV preprocessing with PLSR—achieved R² = 94.1, RPD = 3.45, RPIQ = 5.34, and RMSE = 0.08, proving spectral techniques as a reliable alternative to conventional SOC analysis. ANN-based model using image processing can predict soil nutrients and pH, integrating Soil Test Kit (STK) and Rapid Soil Testing (RST) technologies. Captured soil images underwent HSV and LAB-based preprocessing, segmentation, and feature extraction. The ANN, trained in MATLAB with 70% of data can achieved high accuracy of 100 percentage in predicting Nitrogen, Phosphorus, Potassium, Zinc, Calcium, Magnesium, and pH, closely matching manual assessments (Puno et al., 2018). Rahman et al. (2018) developed a machine learning model to classify soil series and recommend crops. Gaussian SVM achieved the highest accuracy (94.95%), outperforming Weighted k-NN (92.93%) and Bagged Trees (90.91%). This approach enhances soil classification and crop selection, supporting precision agriculture and sustainable farming practices. 
Soil Biological Properties 
The use of machine learning in biological soil properties analysis has gained significant attention, especially in microbial activity estimation and organic matter dynamics. Machine learning models like ANN, SVR, and deep learning frameworks have shown high accuracy in predicting microbial respiration, enzymatic activities, and microbial biomass carbon. Recent studies suggest that hybrid models integrating deep learning and spectral analysis improve soil health assessments (Kumar and Kaur, 2024)). Moreover, AI-enhanced techniques can analyse metagenomic data, identifying microbial community structures and their functional roles in nutrient cycling. Machine learning-based regression methods can predict soil microbial dynamics, focusing on bacterial population (BP) and phosphate solubilization (PS). Four regression methods—artificial neural network (ANN), support vector regression (SVR), Wang and Mendel’s fuzzy inference system (WM-FIS), and subtractive clustering fuzzy inference system (SC-FIS)—can be applied to estimate BP and PS where SC-FIS demonstrated the highest performance, achieving R² of 0.99 in PS prediction, outperforming other models in estimating microbial activity (Jha and Ahmed, 2018). Integration of artificial intelligence (AI) and sensor fusion can enhance the accuracy of soil organic matter (SOM) prediction. Ground-based sensors measured soil parameters such as temperature, pH, humidity, nitrogen, phosphorus, and potassium, while drone imagery captured the normalized difference vegetation index (NDVI). Seven machine learning algorithms, including linear regression, random forest regression, and support vector machines, were used for data analysis. Random forest regression outperformed other models, achieving an R² of 0.85 and an RMSE of 0.13. Ten-fold cross-validation validated the model’s predictive accuracy, highlighting the potential of AI-driven approaches for efficient and cost-effective SOM assessment (Uddin et al., 2024)

5. Conclusion
AI and ML have emerged as transformative tools in soil analysis, offering rapid, accurate, and scalable solutions for assessing soil properties. By integrating remote sensing, IoT, and advanced computational models, AI-driven approaches have significantly improved soil monitoring and prediction capabilities. The application of AI has enhanced soil health assessment, nutrient management, and erosion prediction, making agriculture more data-driven and efficient. However, challenges such as data reliability, computational resource demands, and model interpretability need to be addressed to ensure broader adoption in agricultural practices. Despite these limitations, AI and ML continue to revolutionize soil analysis, paving the way for precision agriculture and sustainable farming. The development of hybrid AI models, improved data collection techniques, and increased accessibility of AI tools will further strengthen their role in soil analysis, enabling farmers and researchers to make informed decisions that enhance soil productivity and environmental sustainability.
6. LIMITATION
Despite the promising advancements of AI and ML in soil analysis, several limitations persist. Data quality issues, including inconsistencies and missing values, can impact model accuracy. High computational requirements and the need for expertise in AI technologies pose challenges for widespread adoption. Additionally, limited availability of labeled datasets for training machine learning models affects their reliability. The lack of standardized AI frameworks in soil science leads to variations in prediction accuracy. Furthermore, small-scale farmers often face difficulties in accessing these technologies due to cost constraints. Addressing these limitations requires collaborative efforts in research, infrastructure, and policy development.
7. FUTURE PERSPECTIVE
The future of AI and ML in soil analysis lies in the integration of advanced sensing technologies, big data analytics, and real-time monitoring systems. AI-driven decision support systems will become more refined, providing precise recommendations for soil fertility management and sustainable land use. Future research should focus on enhancing AI models by incorporating diverse datasets, improving model explainability, and optimizing computational efficiency. Real-time machines should be developed, like Bhu-Parikshak, created by IIT Kanpur, to make these technologies readily available to farmers and researchers. Additionally, developing standardized protocols for AI applications in soil analysis will ensure consistency and reliability in predictions. The combination of AI with geospatial data and climate modeling will further enhance its predictive capabilities, allowing for adaptive soil management strategies that mitigate the impacts of climate change. As AI technologies continue to evolve, their application in soil science will play a critical role in advancing sustainable agriculture and ensuring global food security.
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