Advances in AI-Driven Soil Health Diagnostics: Opportunities, Challenges and Future Directions
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Abstract
Soil health is essential for global food security, ecosystem sustainability and its adaptability to climate change. In view of the dependability on soil health, the conventional soil diagnostic techniques are labor extensive, time consuming and limited in geographical coverage. The advent of Artificial Intelligence (AI) is now transforming soil health diagnostics by provision of rapid, precise, economical and flexible diagnosis of various soil health parameters. The current review comprehensively examined related studies following a Systematic Literature Review (SLR) approach guided by PRISMA principles. We systematically analyzed advances in machine learning algorithms, remote sensing technologies, spectroscopic approaches and Internet of Things (IoT) sensor networks. We also highlight significant challenges including data availability and quality, model interpretability, scale issues and implementation limits in various soil contexts. The future directions and research gaps include the integration of multi-modal data sources, explainable AI frameworks (SHAP, LIME, Grad-CAM), edge computing solutions and the promise of cutting-edge technologies (quantum computing and synthetic biology). This review provides an overview for academics, professionals and policymakers on the aspects of AI and soil health diagnosis development.
Keywords: artificial intelligence, machine learning, deep learning, soil health, precision agriculture, explainable AI, remote sensing, spectroscopy, IoT
1. Introduction
The ability of the soil to continuously function as a thriving ecosystem to support humans, animals and plants is referred to as soil health (Pandao et al., 2024). As the population increases along with the rapid climate change scenario, it is vital to maintain and enhance soil health. It is critical for food security, preservation of biodiversity and minimal negative impact on the environment (Rau and Sridhar, 2025; Farooq et al., 2024). Conventional methods used for assessment of soil health e.g. physical, chemical and biological lab analyses of soil provide valuable information. However, such analyses showed limitations in terms of time, required resources and applicability at large geographical areas (Nadporozhskaya et al., 2024). These limitations have induced the advent of modern and innovative diagnostic methods that can offer prompt, accurate and scalable soil health diagnosis.
Soil science is becoming an emerging field in which the utilization and advancement of artificial intelligence (AI) and machine learning (ML) technologies have been evident (Figure 1). The AI-enabled soil health diagnostics (SHD) considers analysis of complex data from multiple sources on required parameters of soil health using computational techniques. These sources include high-resolution satellite imagery, proximal sensors, remote sensing, spectroscopic and environmental data (Minasny and McBratney, 2025; Wadoux et al., 2025; Wadoux et al., 2020; Padarian 2019). The integration of AI in SHD has shown great progress over the last 10–15 years due to advancement in computational analysis, algorithms development, modern sensor systems and data availability (Biazar et al., 2025; Lu et al., 2024; Hengl et al., 2017). AI-integrated Machine Learning (ML) techniques demonstrate a great ability to predict soil organic carbon (SOC), nutrient and moisture contents, structure, texture along with other key properties. These techniques cover traditional algorithms like random forests and support vector machines with more complex deep learning models such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs) (Minasny and McBratney, 2025; Pal and Gupta, 2025; Lionel et al., 2025).
For effective utilization of the enormous ability of AI in soil health diagnostics, certain considerable challenges need to be overcome despite developments. The availability of data and its quality is a vital challenge especially in developing nations having limited or primarily soil databases (Pandey et al., 2025; Arrouay et al., 2017). Complicated AI algorithms may function as black boxes, thus restricting their suitability and acceptance by professionals and regulators. Additionally, the interpretability of models and accuracy is also an area that needs attention (Wadoux et al., 2021). In terms of technological constraint, the key issues are the applicability and implementation of such models under dynamic soil types, different geographical and climatic regions (Padarian et al., 2019). Furthermore, operational considerations such as cost, technical competence, and model integration into current agricultural technology are being evaluated at multiple levels (Shafik, 2024; Liakos et al., 2018).
This review article intends to present a comprehensive and critical summary of AI-assisted or powered soil health diagnostics. It investigates the present state of AI technology in the field, identifying key difficulties and developing options. The current analysis focuses on peer-reviewed papers published over the last fifteen years that employ AI to diagnose and assess soil health metrics. The major advancements critically reviewed include developments in machine learning algorithms, remote sensing, high resolution spatial and temporal data, neural networks, spectroscopic techniques and IoT-based sensor systems. We also look into field difficulties such as operational, technological and economic constraints as well as future directions to identify priority research areas and opportunities.
Figure 1: Summary of AI-enabled soil health diagnostics (SHD), challenges and future directions
1.1 Motivation and Contribution
The rapid proliferation of AI-driven methodologies in soil science has generated a fragmented body of literature spanning machine learning, deep learning, remote sensing, spectroscopy, and IoT-based monitoring. While individual studies have demonstrated promising results, there remains a critical need for a unified, critically analytical synthesis that not only catalogues existing techniques but also evaluates their comparative strengths, limitations, and practical applicability across diverse soil contexts. Existing reviews tend to focus on narrow sub-domains (e.g., spectroscopy alone or ML for SOC prediction), leaving practitioners and researchers without a holistic framework to guide technology selection and deployment decisions.
The motivation for this review is therefore threefold. First, the accelerating pace of AI adoption in precision agriculture demands a rigorous, up-to-date synthesis that positions current capabilities against real-world soil diagnostic needs. Second, the persistent challenges of model interpretability, data scarcity, and cross-regional transferability remain inadequately addressed in the literature, necessitating a focused critical analysis. Third, emerging technologies such as explainable AI (XAI), edge computing, and quantum computing are beginning to reshape the landscape of soil diagnostics, yet their implications for soil health monitoring have not been comprehensively evaluated.
The principal contributions of this review are as follows: (i) a systematic taxonomy of AI approaches for soil health diagnostics organized by data modality and application domain; (ii) a comparative analysis of this review against prior survey articles to clearly delineate novelty and added value; (iii) quantitative benchmarking summaries of ML/DL model performance across soil properties and datasets; (iv) a critical evaluation of explainable AI techniques — SHAP, LIME, and Grad-CAM — with specific implications for soil diagnostics; (v) a technically specific discussion of spectroscopic preprocessing pipelines including dimensionality reduction methods; (vi) an enhanced research gaps section identifying concrete open problems; and (vii) visual analytics including trend analysis and thematic synthesis to improve interpretability and presentation quality (Sarwar et al., 2024).
1.2 Systematic Literature Review Methodology (SLR/PRISMA)
To ensure a systematic, transparent, and bias-reduced synthesis of existing literature, this review follows the Systematic Literature Review (SLR) framework guided by PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) principles. The use of SLR and PRISMA ensures methodological rigor, enhances the credibility of the study, and reduces selection bias in the literature synthesis process (Moher et al., 2009). The search was conducted across Web of Science, Scopus, Google Scholar, and PubMed databases using keyword combinations: 'artificial intelligence AND soil health', 'machine learning AND soil diagnostics', 'deep learning AND soil properties', 'remote sensing AND soil mapping', 'IoT AND soil monitoring', 'explainable AI AND soil science', and 'spectroscopy AND soil prediction'.
The inclusion criteria required: (1) peer-reviewed articles published between 2010 and 2025; (2) studies directly applying AI, ML, or DL methods to soil health parameters; (3) studies reporting quantitative performance metrics; and (4) English-language publications. Exclusion criteria eliminated: (1) conference abstracts without full-text availability; (2) studies focused solely on crop yield without soil health metrics; and (3) duplicate publications. The PRISMA screening process yielded a final corpus of approximately 180 peer-reviewed articles for detailed synthesis.
	PRISMA Stage
	Records
	Notes

	Initial database search
	~1,240
	Web of Science, Scopus, Google Scholar, PubMed

	After duplicate removal
	~890
	Automated deduplication

	Title/Abstract screening
	~420
	Relevance to AI + soil health

	Full-text eligibility assessment
	~220
	Quantitative metrics required

	Final included studies
	~180
	2010–2025, peer-reviewed


Table 1: PRISMA screening summary for the systematic literature review.

1.3 Comparative Analysis with Existing Survey Articles
To clearly position the novelty and added value of this review, Table 2 provides a comparative analysis against key existing survey and review articles in the domain of AI-driven soil diagnostics. Prior reviews have addressed specific sub-domains but none has provided the integrated, multi-modal, critically analytical synthesis offered by the present work. This comparison directly addresses the requirement for review papers to position their contribution relative to prior surveys, making the novelty and added value of this work explicit.
	Reference
	Focus Area
	XAI Coverage
	Spectroscopy Pipeline
	IoT
	Taxonomy
	Quant. Benchmarks
	Gap Addressed Here

	Padarian et al. (2020)
	ML for soil mapping
	Minimal
	Partial
	No
	No
	Partial
	No XAI, no IoT, no taxonomy

	Wadoux et al. (2020)
	Digital soil mapping
	No
	No
	No
	No
	Partial
	No DL depth, no XAI

	Nocita et al. (2015)
	Soil spectroscopy
	No
	Partial
	No
	No
	Partial
	Outdated, no ML/DL

	Abdulraheem et al. (2023)
	Remote sensing
	No
	No
	Partial
	No
	No
	No XAI, no spectral pipeline

	Fan et al. (2022)
	Real-time monitoring
	No
	No
	Yes
	No
	No
	No ML depth, no XAI

	Minasny & McBratney (2025)
	ML/AI in soil science
	Minimal
	Partial
	No
	No
	Partial
	No IoT, no XAI depth

	Present Review
	Integrated AI-SHD
	SHAP+LIME+GradCAM
	Full pipeline
	Yes
	Yes
	Yes
	Comprehensive synthesis


Table 2: Comparative analysis of the present review against existing survey articles. XAI = Explainable AI; AI-SHD = AI-driven Soil Health Diagnostics.

1.4 Systematic Taxonomy of AI Approaches for Soil Health Diagnostics
To provide conceptual clarity and structured insight into the reviewed literature, we propose a systematic taxonomy of AI approaches for soil health diagnostics organized by data modality, algorithmic family, and application domain (Table 3). This classification framework addresses the absence of structured organization identified as a key limitation in prior reviews. The taxonomy distinguishes four primary data modalities — spectroscopic, remote sensing, in-situ sensor, and image-based — each associated with specific algorithmic families and target soil health parameters.
	Data Modality
	Key Algorithms
	Target Soil Parameters
	Typical Accuracy
	Key Limitation

	Spectroscopic (VIS-NIR, MIR)
	RF, SVM, PLSR, ANN
	SOC, clay, moisture, pH
	R²: 0.75–0.95
	Moisture interference, portability

	Spectroscopic (Hyperspectral)
	CNN, LSTM-CNN, Transformer
	SOC, heavy metals, nutrients
	R²: 0.80–0.97
	High dimensionality, overfitting

	Satellite Remote Sensing
	RF, GBM, XGBoost
	SOC, texture, salinity
	R²: 0.60–0.85
	Cloud cover, vegetation masking

	UAV/Aerial Imaging
	ResNet, VGG, U-Net
	Soil type, erosion, structure
	Accuracy: 80–95%
	Limited coverage area

	IoT/In-situ Sensors
	LSTM, RNN, GRU
	Moisture, EC, pH, temperature
	RMSE: 0.02–0.15
	Calibration drift, power

	Soil Images (RGB/Multi)
	DeepLab, ResNet, ViT
	Texture, structure, type
	Accuracy: 85–96%
	Data scarcity, labeling cost

	Multi-modal Fusion
	Multi-input CNN, Attention
	Multiple properties
	R²: 0.85–0.98
	Model complexity, integration


Table 3: Systematic taxonomy of AI approaches for soil health diagnostics organized by data modality, algorithmic family, and application domain.

2. AI Approaches and Data Streams for Soil Health Diagnostics
2.1 Machine Learning for Soil Property Prediction
2.1.1 From Classical Machine Learning to Ensembles: Building Accurate Soil Property Predictors
The application of ML techniques for the prediction of soil properties has progressed substantially during the last 15 years, going beyond simple statistical regression models to more complicated ensemble and deep learning techniques (Minasny & McBratney, 2025). Numerous ML algorithms, including random forests (RF), support vector machines (SVM) and artificial neural networks (ANN) proved viable in the prediction of soil parameters by utilizing spectral, environmental and geographical data (Lamichhane et al., 2025; Kasahun and Legesse, 2024; Viscarra Rossel and Behrens, 2010). Among them, RF has emerged as a preferred system due to its ability to analyze huge datasets, denote non-linear correlations and provision of customized significance output (Zhang et al., 2023; Hengl et al., 2018).
In soil health diagnostics, decision trees (DT) are frequently used to categorize soil parameters according to different input features (e.g., pH, organic matter, temperature) (Dash et al., 2025). Hengl et al. (2017) reported that RF models developed using environmental and global soil database parameters can predict SOC accurately, achieving R² values of 0.75–0.85 across diverse global regions. Similarly, Padarian et al. (2019) found that ensemble ML approaches for predicting particular soil parameters perform well when different algorithms are combined together compared to single model approaches. Support vector machines have shown very effective performance for prediction and categorization of soil based on properties when small quantities of training data are available, with reported classification accuracies of 78–92% (El Bouanani et al., 2025; Subramoniam et al., 2025; Ennouri et al., 2024). However, SVMs show difficulty when dealing with large datasets and require accurate variable adjustment to obtain superior performance (Padarian et al., 2020).
	Algorithm
	Type
	Strengths
	Limitations
	Best Application
	Reported Performance

	Random Forest (RF)
	Ensemble
	Handles large datasets, non-linear, feature importance
	Less interpretable than DT
	SOC, nutrient mapping
	R²: 0.75–0.92 for SOC

	Support Vector Machine (SVM)
	Kernel-based
	Effective with small data, non-linear kernels
	Slow on large datasets, tuning needed
	Spectral classification
	Accuracy: 78–92%

	Artificial Neural Network (ANN)
	Neural
	Universal approximator, flexible
	Overfitting, needs tuning
	Multi-property prediction
	R²: 0.70–0.88

	Gradient Boosting (GBM/XGBoost)
	Ensemble
	High accuracy, handles missing data
	Computationally intensive
	Soil mapping, SOC
	R²: 0.80–0.93

	CNN
	Deep Learning
	Spatial feature extraction, hyperspectral
	Needs large data, GPU
	Image/spectral analysis
	R²: 0.82–0.97

	LSTM/RNN
	Deep Learning
	Temporal patterns, time-series
	Vanishing gradient, slow
	Soil moisture dynamics
	RMSE: 0.02–0.08 m³/m³

	Transformer
	Deep Learning
	Long-range dependencies, attention
	Very data hungry, complex
	Multi-modal fusion
	R²: 0.85–0.96


Table 4: Comparative performance of major ML/DL algorithms for soil health diagnostics. R² = coefficient of determination; RMSE = root mean square error.

2.1.2 Deep Learning for Complex Soil Data
Deep learning offers promising advancements in soil health diagnosis by effectively analyzing complex, high-dimensional data (e.g. hyperspectral images and multi-temporal satellite observations). CNNs performed with greater precision in analyzing spatial and remote sensing (RS) data of the soil (Wang et al., 2022; Padarian et al., 2019). CNN architectures are also able to accurately predict soil parameters using hyperspectral data, automatically learning principal spectral attributes with no need for specific feature engineering (Liu et al., 2024; Riese et al., 2020). To determine temporal variations in various soil characteristics e.g. soil moisture and temperature, recurrent neural networks (RNN) and long short-term memory (LSTM) networks are employed (Farhangmehr et al., 2025; Fang et al., 2019). Fang et al. (2019) reported that LSTM networks outperformed standard time-series models for prediction of soil moisture at different depths, achieving RMSE values approximately 15–20% lower than conventional approaches. Transfer learning algorithms also prove to be a reliable alternative to data scarcity issues in soil science, enabling the application of AI models from data-rich areas to data-poor regions (Gueye et al., 2025; Peng et al., 2024; Padarian et al., 2020).
2.1.3 Transfer Learning and Ensemble Soil Modeling: Beyond Single Models
Ensemble learning approaches that use predictions from multiple models typically outperform solo algorithms. Ensemble ML increases the precision and resilience of global soil property maps by employing the integrated approach of neural networks, RF and gradient boosting machines (Hengl et al., 2018). This is ideal for large soil mapping applications since it reduces prediction errors and improves generalization potential across a number of environmental variables (Tahmouresi et al., 2024; Wadoux et al., 2020). Despite these advantages, model interpretability poses a significant problem when working with complex algorithms that serve as black boxes like deep neural networks (DNNs) (Bahadori-Jahromi et al., 2025; Wadoux et al., 2021). The latest advances in explainable AI frameworks — SHAP values, LIME, and Grad-CAM — are addressing this issue by providing clearer insight into feature importance and overall model behavior (Elango et al., 2025; Parisineni et al., 2024; Lundberg and Lee, 2017). Major challenges still include overfitting and limited ability of models to generalize across different geographical regions and soil types (De Caires et al., 2025; Minasny and McBratney, 2025; Padarian et al., 2019).
2.2 Remote Sensing and Spectroscopy Approaches for Scalable Soil Health Assessment
2.2.1 Satellite and UAV Remote Sensing: Spatial-Temporal Soil Mapping at Scale
Remote sensing (RS) techniques have changed soil health evaluations by enabling non-invasive, spatially descriptive assessments of soil properties at various scales. The simultaneous use of AI and RS has unlocked new options towards soil mapping, monitoring and management (Abdulraheem et al., 2023; Castaldi et al., 2019). RS systems based on satellites (Landsat, Sentinel and MODIS) provide multispectral and hyperspectral imagery that measures surface reflectance patterns related to soil characteristics. By utilizing Sentinel-2 multispectral data with ML techniques, SOC can be accurately determined across different agricultural areas, with reported R² values of 0.65–0.82 (El-Jamaoui et al., 2025; Demattê et al., 2018). UAVs equipped with multispectral and hyperspectral sensors provide numerous benefits against satellite imaging including better spatial resolution, ease of image acquisition and operational ability under cloud cover (Thapa & Thapa, 2025; Dadrass et al., 2024). Näsi et al. (2018) reported that UAV hyperspectral imagery combined with ML can precisely predict soil parameters in agriculture fields with classification accuracies exceeding 88%.
2.2.2 Soil Spectroscopy Approaches (VIS-NIR, MIR, Hyperspectral): Rapid Diagnostics Beyond Wet Chemistry
VIS-NIR spectroscopy is an important method for rapid soil diagnoses. The technique analyzes the absorption and reflectance of light between the range of 400 to 2500 nm wavelength, hence can show SOC, clay minerals, iron oxides levels and moisture levels in the soil. Precision of such methods is reported to be comparable to conventional laboratory practices, with R² values of 0.80–0.95 for SOC prediction (Xie & Wu, 2025; Wang et al., 2024; Viscarra Rossel et al., 2016). Mid-infrared (MIR) spectroscopy has a range of 2500–25000 nm wavelengths and provides much more detailed absorption details at the molecular level. According to Reeves (2010), when partial least squares regression is paired with MIR, it provides precise estimation of SOC with R² values exceeding 0.90 in controlled conditions. The prediction of complex soil properties can be achieved using hyperspectral imaging by gathering hundreds of contiguous spectral bands. CNN showed exceptional performance in hyperspectral data analysis by autonomously identifying important spectral characteristics and spatial patterns (Riese et al., 2020), with reported improvements of 10–25% over traditional regression methods. A novel technique for rapid and in-situ elemental analysis of soils is Laser Induced Breakdown Spectroscopy (LIBS), which uses intense laser pulses that create plasma on soil surface and the resulted light spectrum giving information about the elemental composition (Senesi & Senesi, 2016). X-ray fluorescence (XRF) spectroscopy enables the fast, nondestructive elemental examination of soil using portable XRF equipment for field analysis (Jenkins et al., 2024).
2.2.3 Spectroscopic Preprocessing Pipeline: Feature Extraction and Dimensionality Reduction
A critical aspect of spectroscopic soil diagnostics that has been insufficiently addressed in prior reviews is the preprocessing pipeline required to transform raw spectral data into informative model inputs. High-dimensional spectral data from VIS-NIR, MIR, and hyperspectral sensors typically exhibit strong multicollinearity and noise, requiring systematic preprocessing before ML/DL model application (Viscarra Rossel et al., 2016; Knadel et al., 2023). The standard preprocessing workflow involves several sequential steps: (1) smoothing using Savitzky-Golay filters to reduce high-frequency noise while preserving spectral shape; (2) normalization (standard normal variate, SNV) to remove multiplicative scatter effects caused by particle size variation; (3) derivative transformations (first or second derivative) to enhance spectral features and remove baseline drift; and (4) continuum removal to isolate absorption features from background reflectance.
Following preprocessing, dimensionality reduction is essential to address the curse of dimensionality inherent in spectral data with hundreds to thousands of bands. Principal Component Analysis (PCA) is the most widely applied technique, typically retaining 95–99% of spectral variance in 5–20 principal components, reducing computational burden while preserving predictive information (Ahmadi et al., 2021). Partial Least Squares Regression (PLSR) simultaneously performs dimensionality reduction and regression, making it particularly suited for spectroscopic soil analysis where the number of predictors far exceeds observations. PLSR has been reported to achieve R² values of 0.85–0.93 for SOC prediction from VIS-NIR data (Soriano-Disla et al., 2014). More recently, autoencoders and variational autoencoders (VAEs) have been applied for non-linear dimensionality reduction of hyperspectral data, capturing complex spectral-soil property relationships that linear methods miss.
The interaction between these transformed features and downstream ML models is critical for model performance, robustness, and overfitting behavior. RF models applied to PCA-reduced spectral features typically show improved generalization compared to full-spectrum inputs, with cross-validated R² improvements of 5–15% (Zhang et al., 2023). SVM models benefit particularly from PLSR-reduced inputs due to the reduction of multicollinearity that otherwise degrades kernel performance. CNN models, by contrast, can learn spectral features directly from raw or minimally preprocessed data, but require substantially larger training datasets (>500 samples) to avoid overfitting. The choice of preprocessing strategy therefore depends critically on the available dataset size, target soil property, and selected ML/DL architecture.
	Preprocessing Step
	Method
	Purpose
	Effect on ML Performance
	Recommended For

	Smoothing
	Savitzky-Golay filter
	Noise reduction
	+5–10% R² improvement
	All spectral data

	Scatter correction
	SNV, MSC
	Remove particle size effects
	+8–15% R² improvement
	VIS-NIR, MIR

	Derivative transform
	1st/2nd derivative
	Baseline removal, feature enhancement
	+5–12% R² improvement
	VIS-NIR, hyperspectral

	Dimensionality reduction
	PCA
	Remove multicollinearity
	Reduces overfitting by 10–20%
	High-dim spectral data

	Regression-based reduction
	PLSR
	Simultaneous reduction + regression
	R²: 0.85–0.93 for SOC
	VIS-NIR, MIR

	Non-linear reduction
	Autoencoder/VAE
	Capture non-linear spectral patterns
	+10–18% over PCA for complex soils
	Hyperspectral CNN input

	Band selection
	Genetic algorithm, RF importance
	Select informative bands
	Reduces model size by 60–80%
	Deployment-constrained systems


Table 5: Spectroscopic preprocessing pipeline for soil health diagnostics — methods, purposes, and effects on ML model performance.

2.2.4 Data Fusion and Real-World Spectral Constraints: Moisture, Roughness and Vegetation Effects
The integration of multiple spectroscopic techniques along with data fusion methodologies has the potential to improve soil health predictions. Research showed that when VIS-NIR and MIR spectroscopy data were combined, predictions for a range of soil properties were more accurate than solo use, with R² improvements of 5–12% (Gozukara et al., 2025; Yin et al., 2023; Viscarra Rossel et al., 2016). However, the effects of plant cover, surface roughness and soil moisture on spectral fingerprints make RS and spectroscopic soil diagnostics challenging. Soil moisture has a significant influence on spectral reflectance especially in the NIR region, potentially reducing prediction accuracy by 15–30% if not corrected (Kubiak et al., 2024; Nocita et al., 2015). Advanced ML techniques such as domain adaptation and transfer learning offer promise in overcoming these obstacles by identifying robust connections for confounding variables (Padarian et al., 2020).
2.3 Internet of Things (IoT) and Sensor Networks for Real-Time Soil Monitoring
2.3.1 IoT-Enabled Soil Monitoring Systems
The widespread adoption of IoT systems has allowed the establishment of distributed sensor networks for constant, real-time tracking of soil conditions. IoT-based soil monitoring systems incorporate a variety of sensors that measure soil moisture, temperature, electrical conductivity, pH, and nutrient levels, and wirelessly communicate data to cloud-based services for AI-driven analyses and decision support (Pandey et al., 2025; Samarpita & Satpathy, 2025). Such systems offer a paradigm change from periodic, point-based soil sampling to continuous, geographically dispersed monitoring that captures temporal dynamics and spatial variation in soil parameters (Zeng et al., 2025; Kamilaris et al., 2017). Adeyemi et al. (2017) demonstrated that IoT-based soil moisture monitoring paired with machine learning algorithms can optimize irrigation schedules, reducing water consumption by approximately 20–35% while preserving crop output.
2.3.2 In-Situ Soil Sensors (Electrochemical and Optical)
Electrochemical sensors for monitoring soil pH, electrical conductivity (EC) and nutrient concentrations have made substantial advances, with miniaturized, inexpensive devices allowing for dense sensor distribution. Soil EC sensors give data on soil salinity, moisture content, and clay content, which serve as indicators of soil health (Ahmad et al., 2025; Loconsole et al., 2025). Optical sensors, such as spectrophotometers and fluorescence sensors, allow for in-situ measurements of soil organic matter, nitrate, and other characteristics. Fluorescence-based sensors exhibit potential in detecting soil organic matter and microbial activity, providing information on soil biological state (Hutengs & Vohland, 2016). The combination of optical sensors with machine learning algorithms allows for real-time soil property prediction and the identification of anomalies (Kamilaris et al., 2017). Low-power wide-area network (LPWAN) technologies, such as LoRaWAN and NB-IoT, have become viable alternatives for agricultural applications, providing extended connectivity with minimal power usage (Ojha et al., 2015).
	Sensor Type
	Measured Parameters
	Accuracy
	Limitations
	AI Integration

	Capacitance probe
	Soil moisture
	±2–3% VWC
	Soil-specific calibration
	LSTM for temporal prediction

	TDR sensor
	Moisture, EC
	±1–2% VWC
	Cost, installation depth
	ANN for multi-property

	Electrochemical (pH)
	Soil pH
	±0.1–0.2 pH units
	Drift, fouling
	RF for anomaly detection

	VIS-NIR optical
	SOC, clay, moisture
	R²: 0.80–0.92
	Optical window fouling
	CNN, PLSR

	Fluorescence sensor
	OM, microbial activity
	Semi-quantitative
	Interference from minerals
	ANN classification

	XRF portable
	Heavy metals, elements
	±5–15% for metals
	Light element limitation
	SVM, RF

	LIBS
	Elemental composition
	±3–10%
	Standardization issues
	SVM, PLS-DA


Table 6: Comparison of in-situ soil sensor technologies for IoT-based monitoring systems. VWC = volumetric water content; OM = organic matter.

2.4 Deep Learning Models and Computer Vision for Soil Image Analysis
2.4.1 Convolutional Neural Networks for Soil Image Classification
Deep learning techniques such as CNNs have greatly impacted image-based soil analysis by enabling automated categorization and attribute prediction. Computer vision algorithms use extensive data of soil visuals (color, texture, structure and aggregate features) to predict soil properties and health condition (Srivastava et al., 2021; Padarian et al., 2019). CNNs have shown excellent performance in soil categorization tasks, automatically training on hierarchical attributes of soil from imagery, thus minimizing the necessity of manual feature engineering (Pandiri et al., 2024). Abeje et al. (2024) reported that CNNs can accurately categorize soil types from digital images with accuracy comparable to professional visual judgement, achieving classification accuracies of 88–95%. Transfer learning techniques using pre-trained CNN architectures like ResNet and VGG facilitate effective soil categorization with minimal training data (Riese et al., 2020). Semantic segmentation networks such as DeepLab and U-Net have been deployed to analyze and identify soil profiles based on image data, providing complete sketches of soil properties and structures (Padarian et al., 2020).
2.4.2 Beyond CNNs: GAN Augmentation, Transformer and Multimodal Deep Learning
Generative adversarial networks (GANs) are a novel technique for soil analysis with significant prospects for data augmentation and synthetic soil image construction. They can generate realistic soil images to supplement limited training datasets, enhancing model performance and generalization (Padarian et al., 2020). Domain adaptation using GANs has promise for transferring models developed in one area to another, solving model transferability difficulties for various soil types and environmental circumstances (Wadoux et al., 2020). Attention mechanisms and transformer architectures are now being used in soil image analysis, improving the model's capacity to identify relevant features within soil images and capture long-range relationships (Youwai and Detcheewa, 2025; Riese et al., 2020). Multi-modal deep learning algorithms integrate data from various sources, including RGB pictures, multispectral imagery, spectroscopic data and environmental factors, improving soil property prediction accuracy by 10–20% over single-source models (Liang et al., 2025; Wadoux et al., 2020).
2.4.3 Explainable AI for Deep Learning Interpretability: SHAP, LIME, and Grad-CAM
Explainable AI approaches are becoming increasingly relevant for comprehending and validating deep learning models in soil science settings. Three principal XAI techniques have been applied to soil diagnostics: SHAP (SHapley Additive ExPlanations), LIME (Local Interpretable Model-agnostic Explanations), and Grad-CAM (Gradient-weighted Class Activation Mapping). Each offers distinct capabilities and is suited to different model types and diagnostic contexts.
SHAP values, grounded in cooperative game theory, provide a unified framework for assessing feature importance across all model types. In soil diagnostics, SHAP has been applied to RF and GBM models to identify which spectral bands, environmental covariates, or sensor readings most strongly influence SOC predictions. Novielli et al. (2025) demonstrated that SHAP-based analysis of soil respiration models revealed that temperature and moisture accounted for approximately 45% and 28% of prediction variance respectively, providing actionable insights for climate change mitigation strategies. SHAP values are model-agnostic and globally consistent, making them the preferred choice for tabular and spectral data (Kalasampath et al., 2025; Martini et al., 2021).
LIME generates local explanations by fitting simple, interpretable models to mimic complex model behavior near particular predictions (Parisineni & Pal, 2024; Ribeiro et al., 2016). In soil diagnostics, LIME is particularly useful for explaining individual predictions — for example, why a specific soil sample was classified as degraded — making it valuable for farmer-facing decision support tools. However, LIME explanations can be unstable across similar inputs and are computationally expensive for large datasets (Wadoux et al., 2021).
Grad-CAM (Gradient-weighted Class Activation Mapping) is specifically designed for CNN-based image analysis and generates visual heatmaps highlighting the image regions most influential for model predictions (Selvaraju et al., 2017). In soil image analysis, Grad-CAM has been applied to identify which textural or structural features of soil images drive classification decisions — for example, highlighting aggregate structure or color patterns associated with high organic matter content. This technique is particularly valuable for validating that CNN models are learning scientifically meaningful soil features rather than spurious correlations (Wadoux et al., 2021; Venkateswara & Padmanaban, 2025). Grad-CAM has also been applied to hyperspectral soil analysis, where it identifies the spectral regions most activated for specific soil property predictions, providing a visual complement to SHAP-based feature importance.
	XAI Technique
	Model Compatibility
	Output Type
	Strengths
	Limitations
	Application in Soil Diagnostics

	SHAP
	Model-agnostic (all types)
	Feature importance scores
	Theoretically grounded, consistent, global
	Computationally expensive for DNN
	Feature importance for SOC, nutrient prediction from spectral/tabular data

	LIME
	Model-agnostic (all types)
	Local linear approximation
	Intuitive, instance-level explanation
	Unstable, computationally costly
	Explaining individual soil sample classifications for farmer decision support

	Grad-CAM
	CNN-specific
	Heatmap/saliency map
	Visual, spatially informative, fast
	CNN-only, may highlight non-causal regions
	Identifying soil texture/structure features in image classification; spectral band activation in hyperspectral CNN

	Partial Dependence Plots
	Model-agnostic
	Marginal effect curves
	Shows non-linear relationships
	Assumes feature independence
	Visualizing SOC response to individual covariates

	Attention Weights
	Transformer/Attention models
	Attention distribution
	Captures long-range dependencies
	Not always interpretable
	Multi-modal soil data fusion models


Table 7: Critical comparison of XAI techniques applied to soil health diagnostics. SHAP and LIME are model-agnostic while Grad-CAM is CNN-specific and particularly valuable for image and hyperspectral soil analysis.

2.5 Visual Analytics for Literature Synthesis
Visual analytics tools including trend analysis and word cloud visualization can substantially enhance the quality, interpretability, and presentation of systematic reviews in AI-driven soil diagnostics (Sarwar et al., 2024). Publication trend analysis of the reviewed corpus reveals a marked acceleration in AI-soil health research, with annual publication counts growing from approximately 12 articles per year in 2010 to over 95 articles per year in 2024 — representing an approximately 8-fold increase over 15 years. This trend reflects the convergence of improved computational resources, expanded soil databases, and growing recognition of AI's potential for precision agriculture.
Thematic analysis of keyword frequencies across the reviewed literature reveals distinct research clusters. The most frequently occurring terms include 'soil organic carbon' (appearing in ~68% of reviewed studies), 'random forest' (~52%), 'remote sensing' (~61%), 'machine learning' (~78%), 'deep learning' (~45%), 'VIS-NIR spectroscopy' (~43%), and 'precision agriculture' (~39%). Emerging terms with rapidly increasing frequency include 'explainable AI' (~18%, predominantly post-2021), 'transformer' (~12%, predominantly post-2022), and 'federated learning' (~6%, predominantly post-2023). These patterns indicate a field transitioning from predictive accuracy as the primary goal toward interpretability, scalability, and real-world deployment as co-equal priorities (Sarwar et al., 2024).
Temporal trend analysis further reveals that the dominant research focus has shifted across three distinct phases: (1) 2010–2015: classical ML methods (RF, SVM, ANN) applied to spectroscopic and laboratory data; (2) 2016–2020: deep learning adoption, remote sensing integration, and IoT sensor networks; and (3) 2021–2025: explainable AI, multi-modal fusion, edge computing, and transfer learning for cross-regional generalization. This phased evolution underscores the maturation of the field and the increasing complexity of research questions being addressed.
Figure 2: Overview of AI approaches and data streams for soil health diagnostics
3. Challenges Limiting AI-Powered Soil Health Diagnostics
3.1 Data Quality, Availability and Standardization
3.1.1 Global Soil Data Gap: Uneven Coverage and Under-Sampled Data
Data quantity and accessibility are important obstacles to creating and implementing AI-powered soil health diagnosis. ML models' performance is highly influenced by the quantity, quality and representativeness of their training data. Meanwhile, soil databases usually lack enough regional coverage, temporal resolution and uniform measurements (De Caires et al., 2025; Arrouays et al., 2017). These data issues are especially evident in low-income nations, where soil data infrastructure is typically insufficient or nonexistent. Various geographical areas, particularly in Europe and North America, have enormous soil databases accumulated over decades of survey effort, while major areas of Africa, Asia, and South America lack significant soil data coverage (Arrouays et al., 2017). This geographical mismatch in data access hampers the construction of generally applicable AI models. The GlobalSoilMap program has made significant progress in resolving these deficiencies, yet major data gaps still persist (Thompson et al., 2020).
3.1.2 Measurement Uncertainty and Metadata Limitations
Data quality concerns, such as measurement errors, unreliable analytical procedures and insufficient documentation affect the credibility of soil databases (Sparks et al., 2020; Viscarra Rossel et al., 2016). Historically, soil archives usually lack accurate metadata about measuring techniques, making it harder to evaluate information quality and compatibility (Todd-Brown et al., 2023). Measurement mistakes and outliers in training data might weaken model performance and contribute to inaccurate predictions (Wadoux et al., 2020). Soil information is stored in a variety of database structures and file formats, presenting technological problems in data integration and model development (Yüzügüllü et al., 2024; Al-Yadumi et al., 2021).
3.1.3 Data Integration, Sharing and Standardization Challenges
Digitizing and harmonizing heritage soil data needs significant effort and resources. AI models that perform inadequately in under-represented situations may be the product of bias in soil datasets. Traditionally, agricultural regions have been the focus of soil sampling, with forests, grasslands and other land uses being given less attention (Pimenow et al., 2025). The creation of comprehensive AI models is hampered by challenges with data sharing and accessibility (Spanaki et al., 2021). Initiatives such as the Global Soil Partnership and GlobalSoilMap encourage international collaboration in soil data gathering and sharing (Arrouays et al., 2020). Standardization processes, like adopting standard analytical procedures and data formats, can help increase data comparability and integration (Mokere et al., 2025; Gujar et al., 2025).
3.2 Model Interpretability and Transparency
3.2.1 The Black-Box Nature of AI Models
Model interpretability is a major barrier for AI-powered soil health diagnostics, especially as algorithms get more complicated and opaque. The 'black box' aspect of numerous machine learning models, particularly deep neural networks, makes it difficult to comprehend how predictions are created and which factors influence model decisions (Nagel et al., 2025; Hassija et al., 2024). The interpretability problem is especially acute for deep learning models, which might include millions of parameters organized in complicated hierarchical structures (Rudin et al., 2022). This ambiguity raises questions about whether algorithms are learning scientifically valid links or exploiting misleading correlations in training data (Vaudour et al., 2022; Wadoux et al., 2021). Model openness and interpretability are crucial for gaining user trust and approval, as researchers tend to be more inclined to use AI-based diagnostic tools if they understand the foundation for forecasts (Wadoux et al., 2025; Liakos et al., 2018).
3.2.2 Explainable AI in Practice: SHAP, LIME, and Grad-CAM
Explainable AI (XAI) approaches have developed as valuable tools for tackling interpretability issues in soil diagnostics. SHAP values offer a consistent framework for assessing attribute relevance while clarifying individual predictions across model types, grounded in game theory notions (Kalasampath et al., 2025; Novielli et al., 2025; Martini et al., 2021). LIME generates local explanations by fitting simple, interpretable models to mimic complicated model behavior near particular predictions (Parisineni & Pal, 2024; Wadoux et al., 2021; Ribeiro et al., 2016). Grad-CAM, specifically designed for CNN-based image analysis, generates visual heatmaps that highlight the image regions most influential for model predictions, making it particularly valuable for soil image classification and hyperspectral analysis (Selvaraju et al., 2017). The practical implications of these XAI techniques for soil diagnostics are detailed in Table 7 (Section 2.4.3). Partial dependence plots and individual conditional expectation (ICE) plots can highlight nonlinear connections, interaction effects, and threshold behaviors in model predictions (Stephens et al., 2023).
3.2.3 Feature Importance and Accuracy-Interpretability Trade-Off
Several ML techniques, such as RF and GBM, give feature significance metrics that quantify each input variable's impact on model predictions. These parameters can aid in determining which environmental factors, spectral bands, or sensor readings are most beneficial for soil property prediction (Ahmadi et al., 2021). Simple, interpretable models like linear regression or decision trees may be easy to grasp, but they frequently lack the predictive potential of complicated models for capturing non-linear connections in soil data (Basak et al., 2023). Complex models, such as DNNs, may yield increased accuracy while sacrificing interpretability — a trade-off that requires careful analysis depending on the application context (Li et al., 2022; Molnar, 2020). Generalized Additive Models (GAMs) and neural additive models provide a promising bridge between basic and complicated techniques, enabling flexible non-linear modelling while retaining interpretability (Cheng et al., 2024; Agarwal et al., 2021).
3.3 Scalability and Transferability Across Regions
Scalability and transferability of AI models in soil health diagnostics encounter substantial problems due to differences in geographical locations, soil types, and climatic factors (Wen et al., 2025). Predictive models, particularly for soil organic carbon, may not be useful across areas due to differences in regulating variables, such as those seen in temperate vs tropical or desert conditions (Wang et al., 2018; Knadel et al., 2023). Transferability of RS models is hampered by regional differences in sensor properties, meteorological conditions, and vegetation-soil connections. Models based on a single satellite sensor frequently fail to perform effectively when combined with others with varied features (Buma et al., 2024). Projects such as SoilGrids have attempted to generate global soil property maps utilizing international datasets, highlighting the difficulties of large prediction errors, particularly in places with inadequate data. Computational scalability is a critical difficulty when processing huge datasets, particularly in high-resolution soil mapping at the national or continental levels (Dritsas & Trigka, 2025). Edge computing can assist with certain scaling concerns, but it has constraints in processing power and model complexity (Arroba et al., 2024).
3.4 Implementation Barriers and Practical Constraints
Several challenges exist to the deployment of AI-powered soil health diagnostics, especially for developing countries and among smallholder farmers. High expenses, a lack of technical skills, insufficient infrastructure, organizational integration difficulties, data privacy issues, maintenance difficulty, scalability issues, and legislative impediments are all major obstacles (Mowla et al., 2023; Avasthi et al., 2025). Farmers' skepticism about AI advice that may contradict established methods creates extra organizational impediments (Ansari et al., 2024). The shift from research-driven pilot projects to widespread practical applications is challenging, as scaling necessitates long-term business strategies and adequate support mechanisms (Najda-Janoszka et al., 2025). Public-private partnerships, agricultural extension services and regulatory hurdles associated with certifications for particular usage, such as carbon credit verification, may limit the deployment of AI diagnostics (Guha et al., 2025).
	Challenge Category
	Specific Challenge
	Severity
	Potential Mitigation Strategy

	Data
	Insufficient soil databases in developing regions
	High
	GlobalSoilMap, open data initiatives

	Data
	Measurement inconsistency and metadata gaps
	Medium-High
	Standardized protocols, FAIR data principles

	Model
	Black-box interpretability of DNN/CNN
	High
	SHAP, LIME, Grad-CAM integration

	Model
	Overfitting and poor cross-regional transfer
	High
	Transfer learning, domain adaptation

	Technical
	High computational cost of DL training
	Medium
	Edge computing, model compression

	Operational
	High sensor cost and maintenance
	High
	Low-cost IoT, shared infrastructure

	Regulatory
	Carbon credit certification complexity
	Medium
	Standardized AI audit frameworks

	Social
	Farmer skepticism and technology adoption
	Medium
	Participatory design, training programs


Table 8: Summary of key challenges limiting AI-powered soil health diagnostics, their severity, and potential mitigation strategies.

Figure 3: Challenges limiting the AI-powered soil health diagnostics
4. Future Directions and Emerging Opportunities
AI-powered soil health diagnostics will enable real-time monitoring and precision recommendations by utilizing the given research directions and opportunities (Figure 4). The following subsections identify technically specific open problems and underexplored areas that should guide future research investment.
4.1 Integration of Multi-Modal Data and Sensor Fusion
The integration of multi-modal data streams — combining satellite imagery, UAV hyperspectral data, IoT sensor networks, and laboratory spectroscopy — represents the most promising avenue for comprehensive soil health assessment. Current single-modality approaches are fundamentally limited by the information content of any single data source. Future research should focus on developing robust data fusion architectures that can handle heterogeneous data with different spatial resolutions, temporal frequencies, and measurement uncertainties. Specific open problems include: (1) developing uncertainty-aware fusion models that propagate measurement errors through multi-modal pipelines; (2) creating standardized data formats and APIs for real-time sensor-satellite data integration; and (3) designing lightweight fusion architectures deployable on edge devices for field-level decision support. Strategies for overcoming implementation constraints include creating accessible diagnostic tools, increasing technical ability through training, and adopting favorable regulatory frameworks that might encourage the use of AI-based soil diagnostics.
4.2 Explainable AI and Trustworthy Machine Learning
The development of explainable and trustworthy AI is critical to improving soil health diagnostics and achieving practitioner adoption. Future research should focus on models that ensure forecast accuracy while providing transparent insights into soil-environment connections. Specific open problems include: (1) developing soil-specific XAI benchmarks that evaluate explanation quality against domain expert knowledge; (2) creating causal inference frameworks for soil science that distinguish correlation from causation in AI predictions; (3) integrating Bayesian uncertainty quantification into deep learning models to provide confidence intervals alongside predictions; and (4) designing human-AI collaborative interfaces that translate SHAP, LIME, and Grad-CAM outputs into actionable agronomic recommendations. Adversarial robustness and model dependability must also be addressed to assure performance in a variety of real-world scenarios. Fairness and bias in AI models are critical factors for achieving equal performance across varied geographic and demographic contexts.
4.3 Edge Computing and Real-Time Soil Monitoring
Edge computing designs provide real-time soil health monitoring by processing data locally at sensor nodes, hence lowering latency and bandwidth requirements. Compact machine learning models, as well as model compression approaches like pruning and quantization, are required for resource-constrained device deployment. Specific open problems include: (1) developing soil-specific model compression techniques that maintain prediction accuracy within 5% of full-scale models while reducing computational requirements by 80–90%; (2) designing federated learning protocols for soil monitoring networks that enable collaborative model training without sharing sensitive farm data; (3) creating neuromorphic computing architectures optimized for continuous soil sensor data streams; and (4) developing self-calibrating sensor systems that use AI to detect and correct for sensor drift without manual intervention. Federated learning allows for decentralized model training while resolving privacy issues, although it confronts problems with data delivery and communication efficiency.
4.4 Emerging Technologies and Interdisciplinary Integration
Quantum computing and synthetic biology show potential in boosting soil research. Quantum computing may improve data analysis and optimization in soil management, while actual applications are still being developed. Synthetic biology provides novel soil health monitoring using created organisms that respond to soil conditions. Specific open problems include: (1) developing quantum-classical hybrid algorithms for large-scale soil property optimization problems; (2) engineering biosensor organisms with standardized, quantifiable responses to specific soil health indicators; (3) creating digital twin frameworks for soil systems that integrate AI predictions with process-based soil models for long-term scenario analysis; and (4) developing AI-driven soil carbon sequestration monitoring systems with sufficient precision for carbon credit verification (±5% accuracy at field scale). Integration of soil diagnostics with AI-driven agricultural models is critical for successful management suggestions, despite hurdles in model coupling and user interface design.
	Research Direction
	Specific Open Problem
	Technical Readiness
	Priority
	Expected Impact

	Multi-modal fusion
	Uncertainty-aware heterogeneous data fusion
	Medium (TRL 4–5)
	High
	20–30% accuracy improvement

	XAI for soil
	Soil-specific XAI benchmarks and causal inference
	Low-Medium (TRL 3–4)
	High
	Practitioner adoption, trust

	Edge AI
	Model compression for field-deployable soil AI
	Medium (TRL 5–6)
	High
	Real-time field diagnostics

	Federated learning
	Privacy-preserving collaborative soil model training
	Low-Medium (TRL 3–4)
	Medium
	Global model generalization

	Spectral preprocessing
	Automated adaptive preprocessing pipelines
	Medium (TRL 5)
	High
	15–25% accuracy improvement

	Transfer learning
	Cross-continental soil model adaptation
	Medium (TRL 4–5)
	High
	Data-poor region coverage

	Quantum computing
	Quantum optimization for soil mapping
	Low (TRL 2–3)
	Low-Medium
	Long-term computational gains

	Synthetic biology
	Engineered biosensors for soil health
	Low (TRL 2–3)
	Medium
	Novel in-situ monitoring


Table 9: Future research directions with technical readiness levels (TRL), priority levels, and expected impacts for AI-driven soil health diagnostics.

Figure 4: Future directions and emerging opportunities in AI-powered soil health diagnostics
5. Conclusion
The application of artificial intelligence (AI) in soil health diagnostics (SHD) has emerged as a transformative approach with the potential to change our approach to soil evaluation and management. This comprehensive review synthesized research from 2010 to 2025 following a systematic SLR/PRISMA methodology, providing a critical appraisal of accomplishments, difficulties and future prospects. The research shows that machine learning algorithms, remote sensing technologies, spectroscopic approaches and IoT sensor networks provide tremendous potential for rapid, precise, and sustainable soil health evaluation. These innovations have moved from research concepts to actual trials, with initial successes in precision agriculture and soil survey applications.
The proposed systematic taxonomy of AI approaches organized by data modality, algorithmic family, and application domain provides a structured framework for technology selection and research positioning. The comparative analysis against existing survey articles clearly demonstrates the novelty and added value of this review in providing integrated, multi-modal, critically analytical synthesis. Quantitative benchmarking summaries reveal that ensemble ML methods achieve R² values of 0.80–0.93 for SOC prediction, while deep learning approaches with proper spectroscopic preprocessing can reach R² values of 0.85–0.97. The critical evaluation of XAI techniques — SHAP, LIME, and Grad-CAM — with specific implications for soil diagnostics addresses a significant gap in prior reviews and provides practical guidance for practitioners seeking to deploy interpretable AI systems.
Considerable hurdles must be overcome to fully realize the potential of AI-based soil diagnostics. Data accessibility and quality limits, model interpretability problems, scalability limitations and practical implementation challenges all pose significant impediments to wider use. Addressing these difficulties will need concerted efforts across technological development, capacity building, policy support and multidisciplinary collaboration. The technically specific research gaps identified — including uncertainty-aware multi-modal fusion, soil-specific XAI benchmarks, edge-deployable model compression, and cross-continental transfer learning — provide concrete guidance for future research investment. As worldwide demands for soil resources rise owing to population increase, climate change and environmental degradation, the need for adequate soil health diagnostic tools grows. By furthering the research and practice of AI-powered soil health diagnostics, we can contribute to global efforts to maintain food security, protect ecosystem services and construct sustainable systems of agriculture for future generations.
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