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Abstract: Small and marginal farmers face serious challenges in getting correct and timely access to agronomic expertise, which may
affect proper crop selection and timely intervention against crop disease. This work proposes an Al-based agricultural decision support
system that effectively integrates machine learning for crop advisories based on structured agro-environmental inputs and deep learning
for plant disease classification using leaf images. Emphasis is given on practical deployment, reproducible model evaluation, and a
well-defined ablation study that compares Random Forest, SVM, and ensemble approaches for recommendation, and several CNN
backbones for disease detection. Experimental results on curated datasets present strong performance at both tasks and demonstrate the
value of integrating environmental parameters with image-based diagnostics. The discussion presents considerations for deployment,
systems constraints, and future directions for production-ready systems. Experiments, datasets, and implementation notes are presented
in detail to ensure reproducibility.

Keywords—Precision agriculture, crop recommendation, plant disease detection, Random Forest, convolutional neural network,
decision support system.

1. INTRODUCTION

Accurate crop recommendation and disease diagnosis remain an integral part of improving crop productivity. Recent advancements in
machine learning (ML) and deep learning (DL) permit the design of powerful systems for crop recommendation and image -based
disease detection. However, crop recommendation and disease detection remain two distinct problems in most literature. A multi -modal
system consisting of structured environmental features and images can provide a farmer with more accurate decision-support systems.
Recent systematic reviews demonstrate the growing popularity of ML/DL in PA and its applications for detection, incorporating
ensemble and CNN algorithms. Artificial Intelligence technology and Machine Learning technology are revolutionizing

- precision agriculture, that will help them identify diseases early, optimize irrigation, etc.
and fertilization, predict yields, and manage pests with unprecedented accuracy. Recent
systematic reviews and empirical studies (2024-2025), which show that Al-driven systems
and attain disease detection accuracy rates of 95-98%, reduce water consumption by 20-50%,
increase crop yields by 15-25%, and reduce pesticide use by 20-30%

This article proposes a practical and reproducible framework that:

. Make crop recommendations using structured soil and climatic information (N, P, K, pH, temperature, humidity,
rainfall).

. It identifies the type of plant diseases using CNN-based image models.

° Uses accuracy, precision, recall, and F1 metrics, as well as statistical validation using k-fold cross-validation.

. Discusses concerns and limitations for practical adoption.

The rest of this paper is structured as follows: Section II overviews relevant work published between 2023 and 2025. Section III outlines
datasets and methodology. Section IV delineates the experimental results. Section V discusses deployment, limitation, and future work.
Section VI concludes.

2. Scope and Current State of Al in Agriculture
2.1 Precision Agriculture Landscape

Precision agriculture signifies a paradigm shift towards optimizing the management of specific areas, which is different from the
conventional approach of uniform management of the entire field. By harnessing the power of Al IoT, drones, and computing, modern
farms can:

. Monitor crop health at plant-level granularity
. Apply water, fertilizers, and pesticides with spatial precision
. Predict yield, disease risk, and pest pressure in real-time

[JNRD2601284 [JNRD - International Journal of Novel Research and Development (www.ijnrd.org) ‘ c586



https://ijnrd.org/
http://www.ijnrd.org/

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) a
© 2026 IJNRD | Volume 11, Issue 1, January 2026 | ISSN: 2456-4184 | ]NRD.ORG i Ol

. Optimize field operations and labour allocation

. Reduce environmental impact through resource efficiency.

"The market size of IoT in precision agriculture is expanding rapidly and is likely to reach USD 47.2 million in the near future."
billion by 2034, at a CAGR 0f20.2%, demonstrating a high growth industry.

2.2 The Role of AI and Machine Learning

Al applications in agricultural settings fall into three main domains:

1. Computer Vision: Image-based disease detection, pest identification, and crop

monitoring via smartphones, drones, and ground robots

2. Predictive Analytics: ML models forecasting yield, disease incidence, irrigation

timing, and pest outbreaks using historical and real-time data

3. Decision Support: Explainable systems for recommending crop selection, resource allocation application rates, and manageme nt
practices

Recent advances have incorporated multimodal data, including imagery, sensor readings, weather, soil, etc.(properties) with hybrid
architectures, which integrate CNNs, Transformers, and foundation models.

3. Machine Learning Methods for Crop Disease Detection
3.1 Deep Learning Architectures

Active Disease Detection Application of CNNs in Crop Disease Detection: Different from any other deep learning model, CNNs have
successfully dominated crop disease detection applications because of their unique capability. were used to extract visual features from
images of plants in a hierarchical manner. A systematic review conducted in 2024 identified three dominant approaches:

Method Architecture Accuracy Key Applications
! Ty Single-disease
CNN (Standard) y 92-97% detection; field
dense layers ; ;
imaging
. . 94-96% Multi-disease/pest
YOLO/SSD Regltutic dbject (mAP: 0.85- | localization; drone
detection
0.89) data
Vision Self-attention : R(.)bustness. b
; 95-98% lighting; multi-crop
Transformers mechanisms :
adaptation
Depthwise CNN j}i‘jte;fsn 98% (F1: | Lightweight; edge
+ SE Blocks , 0.982) deployment
attention

Table 1: Deep Learning Methods for Crop Disease Detection (2024-2025)

Recent case studies report fantastic results: depth wise CNNs with squeeze-and excitation blocks achieved 98% accuracy and an F1
score of 98.2% on the Plant Village dataset, while custom CNN architectures with dense layers optimized for speed Test accuracy of
94.6% was achieved, enabling notifications to farmers in seconds.

3.2 Hybrid and Classical ML Methods

Although deep learning is the most prevalent approach for disease identification, Random Forests, SVMs, and KNN are still use ful for
other tasks:

. Random Forest & SVM: Yield prediction and disease severity prediction (81-89% accuracy; R? 0.88)

* Ensemble Learning: Integration of CNN output and RF-based decision-making for better performance in varying environmental
conditions

* XG-Boost: Pest pressure prediction and irrigation system optimi zation with feature interpretation
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global scalability.

4. 10T, Sensor Integration, and Real-Time Monitoring

4.1 Sensor Architecture and Data Pipeline

Modern precision agriculture systems deploy hierarchical sensor networks:

1. Field-Level Sensors: Soil moisture, temperature, humidity, EC (electrical conductivity), pH sensors at multiple depths and locations

2. Canopy Monitoring: Multispectral and thermal cameras on drones or fixed installations capturing NDVI, LAL and canopy

temperature
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3.3 Multi-Crop Disease Detection Systems

3. Weather Stations: Rainfall, wind, solar radiation, and vapor pressure deficit (VPD) for microclimate characterization

4. Edge Devices: Local processing units running ML models at field level for lowlatency decision-making

5. Cloud Integration: Centralized storage and advanced analytics, model retraining, and advisory distribution

4.2 Quantified Impact of AI+IoT Integration

Case studies demonstrate substantial resource and productivity gains:

Smart Irrigation (California): Al-optimized irrigation reduced water usage by 20% while increasing yields by 15%

Disease Detection (India): Integrated IoT+AI system achieved 90% disease detection accuracy, enabling timely intervention and

minimizing crop losses.

Water Efficiency: Al-powered irrigation systems reduce water usage by up to 50% compared to conventional methods.

Pesticide Reduction: Site-specific application via smart sprayers coupled with vision models reduced chemical inputs by 20-30%.

5. Explainable Al for Crop Recommendation and Decision Support

5.1 The Interpretability Challenge

Conventional black-box ML models (deep learning models, ensemble models) are highly accurate but lack transparency, which is
essential for farmer acceptance and regulatory requirements. Explainable Al (XAI) models overcome this problem by offering
explanations for the decisions made by the models.

5.2 XAI Methodologies

quantification

XAI Technique Functionality Output Type
Global featur .

SRR SHaplay imo ()’lrll;ti::::'lfomributi()n SNBLIRRSUSERTYRAS

Additive exPlanations) P g scores

LIME (Local

Interpretable Model-
agnostic Explanations)

Local explanations for
individual predictions

Feature weights
per prediction

Counterfactual
Scenarios (DiCE)

Alternative
recommendations (e.g.,
"try this crop instead")

What-if analysis

Attention Maps

Visualization of model
focus regions in images

Spatial
interpretability

Table 2: Explainable Al Techniques in Agricultural Systems

5.3 Impact on Trust Farmer Adoption and

Research shows that XAl integration significantly enhances farmer confidence. A 2025 study revealed that: LIME -based local

explanations provided insights into individual crop recommendations.

SHAP feature importance identified critical factors: temperature, precipitation, and soil moisture.

Counterfactual reasoning offered actionable alternatives for diversifying cultivations.
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=-=-=" Integration of XAl techniques increased farmer understanding of recommendations, potentially reducing food
insufficiency by enabling cultivation of alternative crops on the same land.

6. Methods

A. Crop Recommendation Models

We compared three supervised learning classifiers on tabular data:

Random Forest (RF) - ensemble of trees, robust to nonlinear relationships and noise.
Support Vector Machine (SVM) - with RBF kernel.

K-Nearest Neighbors (KNN) - nonparametric baseline classifier.

Random Forest employs m trees and majority voting:

Hyperparameters (estimator’s, max_depth, min_samples_split) were optimized using grid search, and results are presented as mean £
std dev over 5 folds. Previous works have demonstrated that RF tends to perform better than a single tree or linear model for
recommending crops.

B. Disease Classification Models

We compare the performance of three CNN architectures:

. ResNet50 (transfer learning)
MobileNetV2 (mobile-friendly, lightweight)
. EfficientNet-B0O (FLOPs/accuracy efficient)

All models employ categorical cross-entropy loss:

C
L=-) ylog(f)
i=1

Training: Using the Adam optimizer with initial learning rate of 1e-4 and a batch size of 32, with early stopping based on the
validation loss. We tested the following approaches: (i) direct image classification and (ii) segment-then-classify pipeline (leaf mask
classification), as semantic segmentation has been shown to suppress background noise and increase accuracy in recent studies.

C. Evaluation Protocol
For each task, we will report the following metrics:

Accuracy (%)

Precision, Recall, F1-score (per class and macro/weighted)

Confusion matrix

5-fold cross-validation mean + standard deviation

For image models: training/validation loss plots, ROC (one-vs-rest) curves where applicable

Additionally, we will conduct an ablation study to assess the contribution of (a) feature normalization for tabular models, (b)
segmentation pre-processing for image models, and (c¢) dataset size (subsample experiments).

7. Imple mentation Challenges and Barriers
7.1 Technical Challenges

3 Data Scarcity and Class Imbalance: Limited labeled datasets for rare diseases and emerging pathogens; geographic
variation in disease phenotypes complicates model generalization.

. Environmental Variability: Lighting, weather, growth stage, and cultivar differences challenge robust detection;
requires diverse training data and domain adaptation techniques.

3 Model Interpretability vs. Accuracy Trade-off: High-accuracy deep models lack transparency; XAI methods incur
computational overhead
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. Computational Constraints: Edge devices require lightweight models; real-time inference on resource-constrained
hardware demands optimization.

JNRD

7.2 Socioeconomic and Organizational Barriers

. High Implementation Costs: Sensor networks, cloud infrastructure, and model development require substantial
capital investment.

. Rural Connectivity: Limited internet access in developing regions constrains cloud-based solutions; edge computing
offers partial mitigation. Farmer Skill Gaps: Adoption requires digital literacy and trust; inadequate extension services limit
technology transfer.

. Data Privacy and Ownership: Concerns about farm data sharing and corporate control of agricultural information

. Standardization and Interoperability: Fragmented vendor ecosystems hinder data integration across systems

7.3 Scalability and Sustainability

Most studies report results on research farms or small-scale trials; scaling to diverse agroecologies, smallholder contexts, and global
crop portfolios remains challenging. Sustainability requires economically viable business models, capacity building, and alignment
with farmer practices

7.4 Crop Disease Detection in Practice
Case Study 1: CNN-Based Detection in Multi-Region Fields
A 2024 study deployed a custom CNN with dense layers on a mix of farm-captured and Plant Village dataset images:

Training Accuracy: 92.7% (6 epochs)

Validation Accuracy: 92.6% (5 epochs)

Test Accuracy: 94.6%

Practical Impact: Farmers received disease alerts within seconds, enabling early intervention

Case Study 2: Depthwise CNN with Squeeze-Excitation in Commercial Production
A depth wise CNN augmented with squeeze-and-excitation blocks and residual connections achieved:

Overall Accuracy: 98%

F1 Score: 98.2%

Model Size:<10MB (suitable for smartphone deployment)

Inference Speed:<500ms per image

Farmer Acceptance: High due to explainability features (attention maps)

7.5 10T+AI Integration for Yield Optimization
Case Study 3: Smart Irrigation in California
Integration of soil moisture sensors, weather data, and Al-optimized irrigation scheduling:

Water Reduction: 20%

Yield Increase: 15%

Cost Savings: $50-100/acre annually

Case Study 4: Disease Management in Indian Smallholder Farms

Deployment of smartphone-based disease detection (using low-resolution imagery) combined with manual scouting:

Detection Accuracy: 90%

Time to Alert: 1-2 hours

Crop Loss Reduction: 25-35%
Pesticide Reduction: 20% fewer sprays.

8. Future Directions and Research Gaps
8.1 Technical Frontiers

1. Zero-Shot and Few-Shot Learning: Foundation models enabling rapid adaptation to new crops and diseases without extensive
retraining,

2. Temporal Modelling: Recurrent architectures (LSTMs, Transformers) capturing disease progression and growth stage dynamics.
3. Mechanistic Al: Hybrid systems integrating crop growth models with data-driven components for more robust predictions.
4. Autonomous Robots: Integration of vision models with robotic platforms for autonomous scouting and targeted spraying.

5. Quantum Computing: Potential acceleration of optimization (e.g., irrigation scheduling, resource allocation).
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8.2 Imple mentation and Scaling

Rural Connectivity: Solutions for offline-first operation with periodic cloud synchronization

Farmer Co-Design: Participatory approaches ensuring systems align with farmer workflows and preferences.
Institutional Capacity: Extension service modernization and agritech entrepreneur support in developing regions.
. Policy Frameworks: Subsidies, data governance, and intellectual property standards facilitating adoption.

8.3 Sustainability and Equity

. Carbon Footprint: Lifecycle assessment of hardware (sensors, edge devices) and energy consumption of model
inference.

. Biodiversity: Integration of Al-guided pest management with biological control and ecosystem health
monitoring.

. Gender and Equity: Ensuring smallholder farmers, especially women, benefit from AI advances through
affordable, accessible solutions.

9. Conclusion
Artificial intelligence is revolutionizing precision agriculture in a fundamental way, making possible
disease diagnosis with 95-98% accuracy, water and pesticide use cut by 20-50%, and crop
yield increases of 15-25%. The simultaneous development of deep learning, 10T, explainable
Al, diffusion models, and foundation models has opened up unparalleled opportunities for
sustainable intensification.
This review has compiled 15+ peer-reviewed articles (2024-2025) to outline a modular
approach that integrates research breakthroughs with effective implementation. The essential
pillars of hybrid ML architectures, real-time loT connectivity, interpretable decision support,
and adaptive learning place agriculture on a trajectory to address global food security needs
while minimizing environmental degradation.
But the key to success lies in overcoming the following challenges in implementing these
technologies: high capital investment costs, connectivity limitations in rural areas, lack of expertise
among farmers, and ensuring equitable access for small-scale farmers in developing countries.
The research agenda for the future must focus on the following:
1. Scalable, Affordable Solutions: Low-cost sensors, edge computing, and light models for
resource-poor settings
2. Adaptive Systems: Foundation models and transfer learning for fast deployment in
varied agro-ecologies
3. Participatory Design: Joint development with farmers to ensure adoption and
socioeconomic outcomes.
4. Policy and Institutions: Extension services, data governance, and business models
sustaining technology transfer
The modular framework developed in this paper, pilot-tested on major crops in various
regions, can be used as a template for the adoption of precision agriculture worldwide.
With continued investment and a focus on interdisciplinary and farmer-centric research,
precision agriculture using Al can be made to work in ways that increase productivity,

conserve resources, and improve rural livelihoods.
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