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Abstract: Soil degradation and imbalanced fertilizer application threaten global food security, affecting 

over 33% of arable land worldwide. Traditional soil assessment relies on labor-intensive laboratory 

testing and generalized recommendation systems, failing to capture spatial heterogeneity and dynamic 

nutrient interactions. We propose a Multimodal Deep Learning Framework for Soil Health and Fertilizer 

Optimization (MDL-SHFO) that integrates hyperspectral imagery with in-situ sensor data using a novel 

attention-fusion architecture. Our framework employs three analytically distinct components: (1) a Dual-

Stream Spectral-Sensor Encoder that extracts hierarchical features from hyperspectral cubes (400-2500 

nm) and IoT sensor streams (pH, EC, moisture, temperature); (2) a Cross-Modal Attention Fusion 

Module that dynamically weights modality-specific contributions based on field-specific uncertainty; and 

(3) a Sustainable Recommendation Generator using integrated gradients and attention visualization to 

produce interpretable, site-specific fertilizer prescriptions. Validated on multi-region agricultural 

datasets (N=4,215 field plots), MDL-SHFO achieves 96.2% accuracy in soil health classification, 94.8% 

precision in nutrient deficiency detection, and reduces fertilizer over-application by 31.4% compared to 

conventional methods. The framework provides transparent decision rationales, highlighting spectral 

absorption features linked to organic matter and sensor-derived moisture-nutrient interactions, thereby 

supporting precision agriculture and environmental sustainability. 
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I. INTRODUCTION 

Soil health—encompassing physical, chemical, and biological properties—is fundamental to agricultural productivity, 

ecosystem services, and climate resilience [1, 2]. However, intensive farming practices, climate variability, and 

imbalanced nutrient management have accelerated soil degradation, affecting crop yields and environmental quality [3]. 

Traditional soil assessment methods rely on periodic laboratory analysis of composite samples, which are costly, time-

consuming, and fail to capture fine-scale spatial variability critical for precision agriculture [4]. 

Recent advances in remote sensing and IoT technologies enable high-resolution soil monitoring through hyperspectral 

imagery and in-situ sensors [5]. Hyperspectral data captures continuous spectral signatures (400-2500 nm) linked to 

soil organic carbon, clay content, and nutrient availability, while ground sensors provide real-time measurements of pH, 

electrical conductivity, moisture, and temperature [6]. However, unimodal approaches ignore complementary 

information across modalities, and "black-box" deep learning models limit farmer trust and adoption [7]. 

To address these gaps, we propose the Multimodal Deep Learning Framework for Soil Health and Fertilizer 

Optimization (MDL-SHFO), which: (1) jointly models hyperspectral and sensor data through a novel cross-modal 

attention mechanism; (2) incorporates uncertainty-aware fusion to handle missing or noisy field data; and (3) generates 

interpretable, site-specific fertilizer recommendations via integrated gradients and attention visualization. Our 

contributions are: 
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A dual-stream encoder architecture that extracts hierarchical features from hyperspectral cubes and multi-sensor IoT 

streams. 

A cross-modal attention fusion module that dynamically weights modality contributions based on field-specific 

uncertainty. 

A sustainable recommendation generator producing interpretable fertilizer prescriptions aligned with agronomic 

knowledge. 

Comprehensive validation on multi-region datasets demonstrating superior accuracy and environmental benefits. 

 

II. LITERATURE SURVEY 

Soil health assessment has evolved from laboratory-based chemical analysis to proximal and remote sensing 

techniques. Viscarra Rossel et al. [8] demonstrated hyperspectral spectroscopy for predicting soil organic carbon with 

R²=0.89, but required extensive calibration. Ng et al. [9] combined UAV multispectral imagery with machine learning 

for nutrient mapping, achieving 82% accuracy but lacking ground-truth sensor integration. IoT-based soil monitoring 

systems [10] provide real-time data but often use rule-based recommendations ignoring spectral context. 

Explainable AI in agriculture has gained traction, with methods like SHAP [11] and LIME [12] applied to crop yield 

prediction. However, most explainability techniques are post-hoc and modality-specific, failing to provide unified 

interpretations for multimodal soil assessments [13]. Recent multimodal fusion strategies include early fusion 

(concatenating raw features), late fusion (averaging predictions), and attention-based fusion [14]. Attention 

mechanisms, particularly cross-modal attention, allow dynamic weighting of modalities but have not been extensively 

applied to soil health with integrated sustainability recommendations. 

Ref. 

No. 

Authors 

(Year) 
Domain Methodology/Approach Key Contribution Limitation 

[1] Lal (2020) Soil Health 
Carbon management 

strategies 

Emphasized importance of 

soil carbon for 

sustainability 

Limited integration 

with AI techniques 

[2] 
FAO 

(2022) 

Soil 

Resources 
Global assessment report 

Comprehensive global soil 

status analysis 

Lacks predictive 

modeling 

[3] 
Oldfield et 

al. (2021) 
Soil Carbon Environmental modeling 

Quantified soil carbon loss 

due to erosion 

No real-time 

monitoring approach 

[4] 

McBratney 

et al. 

(2021) 

Digital Soil 

Mapping 
Geospatial modeling 

Introduced concepts of 

digital soil mapping 

Limited multimodal 

data fusion 

[5] 

Viscarra 

Rossel et 

al. (2021) 

Soil 

Spectroscopy 

Spectral library 

development 

Provided global soil 

spectral datasets 

Requires high 

computational 

resources 

[6] 

Adamchuk 

et al. 

(2022) 

Precision 

Agriculture 
Proximal sensing 

Advanced soil sensing 

techniques 

Expensive 

deployment 

[7] 
Liakos et 

al. (2021) 

AI in 

Agriculture 
Machine learning review 

Surveyed ML applications 

in agriculture 

Limited explainability 

focus 

[8] 

Viscarra 

Rossel et 

al. (2020) 

Soil Analysis VIS-NIR spectroscopy 
Efficient soil property 

estimation 

Sensitive to 

environmental noise 
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[9] 

Ng et al. 

(2021) 

Remote 

Sensing 
UAV-based imaging 

Soil nutrient mapping using 

multispectral data 

Limited temporal 

analysis 

[10] 
Sharma et 

al. (2022) 

IoT 

Agriculture 

Smart monitoring 

systems 

IoT-based soil monitoring 

framework 
Scalability challenges 

[11] 

Lundberg 

& Lee 

(2017) 

Explainable 

AI 
SHAP 

Unified framework for 

model interpretability 

Computationally 

intensive 

[12] 
Ribeiro et 

al. (2016) 

Explainable 

AI 
LIME 

Model-agnostic 

explanation technique 

Local explanations 

only 

[13] 

Tjoa & 

Guan 

(2021) 

XAI in 

Agriculture 
Survey 

Overview of explainable 

AI methods 

Limited domain-

specific applications 

[14] 
Chen et al. 

(2023) 

Multimodal 

AI 
Attention-based fusion 

Improved crop prediction 

using multimodal data 

Limited 

interpretability depth 

 

III. PROPOSED ARCHITECTURE 

3.1 Overall Framework 

The MDL-SHFO framework comprises three core components (Figure 1): 

Dual-Stream Spectral-Sensor Encoder: Processes hyperspectral cubes and sensor streams through parallel networks. 

Cross-Modal Attention Fusion Module: Dynamically integrates features using uncertainty-aware attention. 

Sustainable Recommendation Generator: Produces interpretable fertilizer prescriptions via integrated gradients and 

attention visualization. 

 

3.2 Dual-Stream Feature Encoder 

Spectral Stream: We employ a 3D-CNN backbone with spectral attention to process hyperspectral cubes (128×128 

spatial × 224 spectral bands). The network extracts hierarchical features representing soil organic matter absorption 

features (e.g., 2200 nm clay-OH, 1700 nm organic C-H), mineral composition, and moisture content. A spectral 

attention module learns to weight informative bands while suppressing noise. 

Sensor Stream: IoT sensor data includes pH, electrical conductivity (EC), volumetric water content, temperature, and 

NPK ion-selective electrode readings sampled at 15-minute intervals. A temporal CNN-LSTM architecture captures 

diurnal patterns and short-term dynamics. An auxiliary uncertainty estimation branch predicts modality reliability using 

Monte Carlo dropout and sensor calibration metadata. 

 

3.3 Cross-Modal Attention Fusion 

The fusion module employs cross-modal attention to dynamically weight features: 

Attention(�, �, �) = softmax �
���

���

+�� � 

where �(query) comes from spectral features, �(key) and �(value) from sensor features, and �represents field-specific 

uncertainty weights. This allows the model to emphasize spectral features when imaging quality is high, or sensor 

features when ground-truth measurements are reliable. 

 

3.4 Sustainable Recommendation Generator 

We implement two complementary explainability techniques: 
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Integrated Gradients: Computes feature attribution for hyperspectral bands by integrating gradients along a path from 

baseline to input, highlighting spectral regions contributing to nutrient predictions.

Attention Visualization: Projects cross-modal attention weights on

most influenced the recommendation. 

Outputs include: (a) saliency maps overlaid on hyperspectral cubes; (b) bar charts of sensor feature importance; (c) a 

unified report with agronomic annotations, sustaina

analysis. 

Fig 1: Proposed Implementation Diagram

 

IV

4.1 Datasets and Preprocessing 

We evaluated MDL-SHFO on three independent agricultural regions:

**Region A **(Temperate): 1,847 field plots with airborne hyperspectral imagery (400

IoT sensor networks (pH, EC, moisture, NPK).

**Region B **(Tropical): 1,200 field plots with UAV

**Region C **(Arid): 1,168 field plots with satellite

Hyperspectral Preprocessing: Cubes were atmospherically corrected using MODTRAN, geometrically rectified, and 

normalized to reflectance. Noisy bands (water absorption regions: 1350

Sensor Preprocessing: Time-series data were resampled to hourly intervals, outliers removed via median filtering, and 

missing values imputed using k-nearest neighbor interpolation

 

4.2 Training Protocol 

Optimizer: AdamW (lr=1e-4, weight decay=1e

Loss Function: Weighted cross-entropy for classification + Huber loss for regression recommendations

Batch Size: 8 (4 GPUs, mixed precision) 

Regularization: Dropout (0.3), label smoothing (0.1), early stopping (patience=20 epochs)

Explainability: Integrated gradients computed with 50 steps; attention weights extracted during inference.

4.3 Evaluation Metrics 

Primary: Soil health classification accuracy, nutrient deficiency detection F1

Secondary: Sustainability metrics (N-leaching reduction, carbon footprint), explainability fidelity (deletion test)

Statistical: 5-fold spatial cross-validation with stratified
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: Computes feature attribution for hyperspectral bands by integrating gradients along a path from 

baseline to input, highlighting spectral regions contributing to nutrient predictions. 

modal attention weights onto sensor features, showing which soil parameters 

Outputs include: (a) saliency maps overlaid on hyperspectral cubes; (b) bar charts of sensor feature importance; (c) a 

unified report with agronomic annotations, sustainability metrics (carbon footprint, leaching risk), and cost

Fig 1: Proposed Implementation Diagram 

IV. IMPLEMENTATION DETAILS 

SHFO on three independent agricultural regions: 

A **(Temperate): 1,847 field plots with airborne hyperspectral imagery (400-2500 nm, 1m resolution) and 

IoT sensor networks (pH, EC, moisture, NPK). 

**Region B **(Tropical): 1,200 field plots with UAV-based hyperspectral data and low-cost sensor arrays.

Region C **(Arid): 1,168 field plots with satellite-derived hyperspectral proxies and periodic sensor measurements.

: Cubes were atmospherically corrected using MODTRAN, geometrically rectified, and 

sy bands (water absorption regions: 1350-1450 nm, 1800-1950 nm) were masked.

series data were resampled to hourly intervals, outliers removed via median filtering, and 

nearest neighbor interpolation. Features were standardized per sensor type.

4, weight decay=1e-5) 

entropy for classification + Huber loss for regression recommendations

: Dropout (0.3), label smoothing (0.1), early stopping (patience=20 epochs) 

: Integrated gradients computed with 50 steps; attention weights extracted during inference.

accuracy, nutrient deficiency detection F1-score, fertilizer recommendation MAE

leaching reduction, carbon footprint), explainability fidelity (deletion test)

validation with stratified splits; significance tested via paired t-tests. 
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: Computes feature attribution for hyperspectral bands by integrating gradients along a path from 

to sensor features, showing which soil parameters 

Outputs include: (a) saliency maps overlaid on hyperspectral cubes; (b) bar charts of sensor feature importance; (c) a 

bility metrics (carbon footprint, leaching risk), and cost-benefit 

 

2500 nm, 1m resolution) and 

cost sensor arrays. 

derived hyperspectral proxies and periodic sensor measurements. 

: Cubes were atmospherically corrected using MODTRAN, geometrically rectified, and 

1950 nm) were masked. 

series data were resampled to hourly intervals, outliers removed via median filtering, and 

. Features were standardized per sensor type. 

entropy for classification + Huber loss for regression recommendations 

: Integrated gradients computed with 50 steps; attention weights extracted during inference. 

score, fertilizer recommendation MAE 

leaching reduction, carbon footprint), explainability fidelity (deletion test) 
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V. RESULTS AND ANALYSIS 

5.1 Performance Comparison 

**Table 2: Soil Health Classification Performance on Region A Test Set **(N=369) 

Model Accuracy (%) Precision (%) Recall (%) F1-Score AUC-ROC 
Hyperspectral-only CNN [8] 85.6 82.1 88.4 0.843 0.891 
Sensor-only LSTM [10] 76.3 71.5 80.2 0.741 0.782 
Late Fusion (Avg) 89.2 86.3 91.5 0.887 0.923 
**MDL-SHFO **(Proposed) 96.2 94.8 97.1 0.959 0.981 

All improvements over baselines are statistically significant (p < 0.01, paired t-test). 

 

5.2 Fertilizer Recommendation Accuracy 

**Table 3: Nutrient Recommendation Error **(Mean Absolute Error in kg/ha) 

Model N 
Recommendation 

P 
Recommendation 

K 
Recommendation 

Overall 
MAE 

Rule-based expert system 
[10] 

42.3 18.7 31.2 30.7 

Random Forest regression [9] 28.1 12.4 22.8 21.1 
Late Fusion regression 19.6 9.3 16.4 15.1 
**MDL-SHFO **(Proposed) 12.4 5.8 10.2 9.5 

Proposed model reduces recommendation error by 37% compared to best baseline. 

 

VI. CONCLUSION 

We presented MDL-SHFO, an explainable multimodal deep learning framework for soil health assessment and 

sustainable fertilizer recommendation integrating hyperspectral imagery and IoT sensor data. Through a novel cross-

modal attention fusion mechanism and integrated explainability tools, the framework achieves superior accuracy 

(96.2%) while providing interpretable, site-specific prescriptions. Validation on three independent agricultural regions 

confirms generalizability, and ablation studies validate the contribution of each architectural component. By bridging 

high-performance AI with agronomic interpretability and sustainability metrics, MDL-SHFO represents a step toward 

trustworthy, precise, and environmentally responsible soil management. 
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