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ABSTRACT & INTRODUCTION

Al & MACHINE LEARNING

KEY FINDINGS & TRENDS

5 MAJOR METHODOLOGICAL TRENDS:

Agriculture faces various challenges: Architecture Characteristics Performance . . - . .
R . . . . o 1. Lightweight Edge-Optimized Models Consistent 2-5% accuracy improvement
» Resource limitation, population growth, climate change CNNs ResNet, EfficientNet, MobileNet 90-96% (controlled) MobileNetV3, EfficientNet-Lite, YOLOV7-Tiny
- Crop diseases, pests, and water stress cause 20-40% annual yield loss Transfer learning compatible 78-88% (field) 85-92% accuracy @ 25-60 FPS on Jetson Nano/TX2 4. ;I'ransfﬁlr It_earnting &CIlDom_air:ltAdaptation
. » : . e . ¥ : - . . : : ] mageNet pre-trained weights
Traditional manual inspection is time-consuming and labor-intensive Vision Global spatial relationships 94-97% 2. Multi-Modal Sensor Fusion RGB + Multispectral + Thermal ~ 40-60% reduction in dataset requirements
Transformers Better environmental adaptability Higher compute R?=0.88-0.92 vs. single-mode R?=0.72-0.80 _ _
Study Scope: YOLO Single-stage detection 94.7% detection >-10 days earlier stress detection > r;?rilégg?e%ggggirzgokﬁﬁgs'r?g cloud dependency
* Focus: Wheat, Rice, Sugarcane (food security crops) Networks Real-time: 25-60 FPS Edge compatible 3. Ensemble Learning Adoption Critical for spray-and-treat interventions
« Reviewed 12 high-impact studies (2022-2025) Ensemble XGBoost, Random Forest, Stacking 2-5% improvement Stacking, XGBoost, Random Forest
» Applications: Disease detection, pest identification, water stress, weed Methods Exploits diverse features over single models PERFORMANCE BY ENVIRONMENT & APPLICATION:

management

Key Innovations:

 Transfer Learning: ImageNet pre-trained weights reduce dataset needs by 40-60%
» Data Augmentation: Rotation, scaling, brightness variation

Water “ 80%
Stress | } 89%
Weed * 8%
Management 88%
Pest * 82% 91%

* Al & UAV integration for precision agriculture Identification |
» Multi-modal sensor fusion (RGB, multispectral, hyperspectral, thermal) * Multi-modal Fusion: RGB + Multispectral + Thermal (R*>=0.88-0.92 vs 0.72-0.80) D&'Zﬁ;‘gﬁ 1 1 1 1 85% s 950
- Real-time processing with deep learning (CNNs, Vision Transformers, YOLO) - Edge Optimization: 85-92% accuracy @ 25-60 FPS on NVIDIA Jetson o 20 40 60 80 100

¥ Field Controlled

UAV PLATFORMS & SENSORS COMPARATIVE ANALYSIS: 12 KEY STUDIES (2022-2025) CHALLENGES & FUTURE DIRECTIONS
Platform Characteristics Applications Study e Sogel ALOIEE R ST A\ CRITICAL CHALLENGES: . RECOMMENDATIONS & PRIORITIES:
. . 20. " Logavitool . Bacterial U-Net + 98.56% F1 Single variety TP . . . ]
Multi-rotor N o Small-medium fields 2025 Rice Blight ResNet-101 97.97% Prec Dataset limit Dataset Limitations (73% of studies) Immediate Actions:
(DJI) - Hover Ca%:biﬁty Detailed inspection Joshi S—— 89.7% Angle dependent » Only 200-500 images typical; need 5000+ v Open-source benchmark datasets
Fixed-win < 2-4 hour flight | 2024 Wheat Pest MobileNetV3-M accuracy Wind sensitive samples v Edge-optimized model frameworks
9 - Extended range Ei:gﬁ;?\f:'gor\?:r‘;p'gg Zhu Wheat Disease/ YOLO 94.7% Meta-review - Limited field-validated data v Farmer-centric decision support systems
(SEHSGF'Y) * Needs runway 9 2024 Rice Pest Framework detection Field latency v Sensor standardization protocols
i * Best of both . — Liu Fusarium 3D CNN 98% High GPU cost : iahili : : :
e oy donsiyofocts 7 01e A MEGraon (SHAP, LIME)
« Emerging tech _ _ ¢ , , .
Fan . Multi-scale YOLOv11- 93.9% Prec Single dataset . . - . . )
Imaging Modalities: 2025 Rice Discase MSDEE 84.8% Recall Generalization gap 5-15% accuracy degradation in field Research Dlrectlon.s. | |
RGB: Cost-effective, high resolution (2-5cm), pest ID v 1 1 Simhadri _ Leaf CNN + 91.2% High variability - - Domam gengrgllzatlon techniques
Limited early disease detection X — 2024 Rice Disease Attention average (76-98%) Sensor Calibration Issues — Multi-crop unified models
=3 Grbovic Pheno- Random Vegetation Genotype-specific * 15-20% report calibration drift — Real-time cloud-edge hybrid systems
Multispectral: 4-12 bands (visible + NIR) v 2025 Wheat typing Forest + VI indices Yearly data needed « Multi-day campaign challenges — Integration with agronomic knowledge
Vegetaj[ion indices (NDVI, GNDVI, QSAVl) v Xia . Leafroller Deep Learning 88.7% Light-dependent — Longitudinal field validation studies
Early disease & water stress detection v 2024 Rice Damage Segmentation precision Small dataset Model Interpretability Gap (68%)
Hyperspectral: 100+ bands, detailed signatures v Liu Wheat Weed CSCW- 91.27% Morphology issues * Limited explainable Al (SHAP, LIME) Interdisciplinary Collaboration:
Disease differentiation at spectral level v 2024 Petection YoLovr precision Ocelusion » Reduces farmer trust & regulatory compliance Computer Scientists + Agricultural Engineers
. ; Guo . Weed RMS- 90.3% Small targets + i +
High data volume (10-50 GB/flight) X 2024 s ID DETR precision Occlusion issues T s N e < (Pl et
: : Generalization Problems (81%)
) o Mali Wheat Water RF+XGB R?*=0.89 Expensive . ! . .
Thermal IR: Canopy temperature (+0.1-0.5°C) v 2025 Stress +ANN Multi-modal Calibration drift * Single variety validation
W,ater, StreSS & phyS|O|Og|C8| Changes ‘/ Li Wheat Water WE- R#=0.88-0.89 Labor-intensive b lelted CrOSS'Var|ety/geOgraph|C teStIng
Irrigation scheduling support v 2024 ea Status stacking Robust Soil heterogeneity

v Multi-modal sensor fusion (RGB+Multispectral+ Thermal) outperforms single-sensor approaches by 10-20%, enabling 5-10 days earlier stress detection
v Lightweight edge-optimized models (MobileNetV3, YOLOv7-Tiny) achieve 85-92% accuracy @ 25-60 FPS on embedded processors (NVIDIA Jetson)
v Ensemble learning methods provide consistent 2-5% accuracy improvements over single models by exploiting complementary features

X Critical gaps remain: dataset diversity (73% of studies lack sufficient data), model generalization (81% single-variety validation), sensor standardization, and farmer adoption barriers

KEY ACHIEVEMENTS & CONCLUSIONS

v UAV-AI integration achieves 92-97% accuracy in controlled conditions, demonstrating operational maturity for precision agriculture

SELECTED REFERENCES (12 studies, 2022-2025):
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Logavitool et al. (2025) - Rice Bacterial Blight, U-Net+ResNet | Joshi et al. (2024 ) - Wheat Disease/Pest, MobileNetV3
Zhu et al. (2024) - Wheat/Rice, YOLO Framework | Liu et al. (2024) - Wheat Fusarium, 3D CNN+PCA

Fan et al. (2025) - Rice Multi-scale Disease, YOLOv11 | Simhadri et al. (2024) - Rice Leaf Disease Review

Grbovic et al. (2025) - Wheat Phenotyping, Random Forest | Xia et al. (2024) - Rice Leafroller, DL Segmentation

Liu et al. (2024) - Wheat Weed Detection, CSCW-YOLOV7 | Guo et al. (2024) - Rice Weed ID, RMS-DETR

Mali et al. (2025) - Wheat Water Stress, RF+XGB+ANN | Li et al. (2024) - Wheat Water Status, WE-stacking
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