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I. INTRODUCTION 
Nigeria is Africa's largest economy and most populous nation, yet persistently food insecure: the 2024 Global Hunger 

Index ranks Nigeria 103rd of 127 countries, with 26.5% of the population undernourished [1]. Agriculture contributes 

approximately 22% of GDP and employs over 36% of the labour force [2]. Despite this central role, the sector operates 

far below productive potential. Total cultivated area of approximately 34 million hectares yields far less than genetic 

capacity: Nigerian smallholder maize averages 1.4 t/ha against a potential of 7.0 t/ha; irrigated rice averages 2.1 t/ha 

against a realised potential of 6.0 t/ha under best-management practice [4]. 
 

Biotic stresses — principally crop diseases and pest infestations — account for 20-40% of annual production losses [1]. 

Fall armyworm (Spodoptera frugiperda) devastated maize across all 36 states after its first Nigerian detection in 2016, 
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reducing production by an estimated 1.8 Mt in 2020-21. Cassava mosaic disease affects 50-80% of plants in endemic 

Southern zones. Rice blast and brown spot collectively reduce yields by 15-30% in Nigeria's key growing belts. These 

losses are compounded by a critical shortage of agricultural extension officers: Nigeria has approximately one officer per 

6,000 farmers — far below the FAO-recommended ratio of 1:400 [2]. The conventional scout-and-report model is 

structurally incapable of reaching 10.7 million smallholder households. 

Unmanned aerial vehicles (UAVs) equipped with multispectral sensors represent a scalable breakthrough. A single 

commercial agricultural drone surveys 40 hectares in under 25 minutes at sub-5 cm ground sampling distance, covering 

in one mission what a field officer would require three days to walk [5]. Paired with deep learning models, airborne 

multispectral imagery enables early-stage disease detection 7-14 days before macroscopic symptom onset [12]. This 

paper introduces PRECIA-NG and makes four primary contributions: (i) a custom 15,200-image Nigerian UAV crop 

disease dataset validated by IAR Zaria agronomists; (ii) a multi-stage detection, classification, and forecasting pipeline; 

(iii) experimental evaluation across all pipeline stages benchmarked against published literature; and (iv) a federated 

learning deployment architecture appropriate to Nigeria's connectivity and data sovereignty requirements. 

The paper is organised as follows: Section II profiles the Nigerian agricultural productivity crisis. Section III reviews 

related literature. Section IV describes the PRECIA-NG pipeline architecture. Section V details experimental setup and 

datasets. Section VI presents result with graphical analysis. Section VII discusses operational implications. Section VIII 

addresses challenges and future work. Section IX concludes. 

II. BACKGROUND: NIGERIA’S CROP PRODUCTIVITY CRISIS 
A. Staple Crop Production and Structural Underperformance 

Nigeria's four primary staple crops in this study collectively represent the caloric foundation of the Nigerian diet and the 

livelihood of tens of millions of smallholder households. Maize annual production stands at approximately 11.5 Mt; 

cassava at 59 Mt (world's largest producer); rice at 8.2 Mt; and sorghum at 7.1 Mt as a critical dryland staple across the 

North [2]. All four exhibit yield gaps exceeding 60% between current smallholder practice and realised potential under 

optimal agronomy [3], [4]. Nigeria imports over USD 3 billion in food annually — including staples it has the capacity to 

produce domestically — a structural drain exacerbated by disease-related production shortfalls. 

B. Disease and Pest Economic Burden 

The World Bank estimates crop losses to biotic stresses cost Nigeria USD 9.1 billion annually [4]. Fall armyworm 

reduced national maize production by approximately 16% in 2020-21 [3]. Cassava mosaic disease is estimated to destroy 

30-40% of cassava output in endemic zones, threatening the primary caloric staple of over 40 million Nigerians. In the 

Kebbi and Niger River Valley growing belts, rice blast alone induces field losses ranging from 15-60% depending on 

planting date and cultivar susceptibility. The cascading effects on food prices and rural poverty compound direct 

production losses significantly.  

C. The Extension Officer Deficit and the Technology Imperative 

Nigeria's National Agricultural Extension and Research Liaison Services (NAERLS) operates with fewer than 15,000 

field officers for 10.7 million farming households — a structural bottleneck that makes real-time disease scouting at scale 

impossible without technological augmentation [2]. Climate change projections for West Africa under 1.5-2.0°C 

warming scenarios indicate increasing frequency of extreme weather events that further stress crop systems [26]. 

PRECIA-NG is positioned as a scalable technological bridge: automated, low-cost, and extensible across the full national 

territory via federated deployment. 
 

III. LITERATURE REVIEW 
A. SUAV Remote Sensing in Precision Agriculture 

UAV-based precision agriculture has matured rapidly. Mogili and Ramana [5] reviewed drone applications cataloguing 

spray, mapping, monitoring, and irrigation management use cases globally. Zhang and Kovacs [7] characterised the 

altitude-resolution trade-off for UAV crop monitoring, recommending 30-50 m AGL as optimal for disease detection at 

acceptable throughput — a finding our altitude sensitivity study (Section VI-D) independently corroborates. Barbedo 

[12] reviewed 14 studies applying UAV imaging to plant stress monitoring, consistently finding multispectral cameras 

outperform RGB across stress detection tasks. Adeyemi et al. [28] validated UAV-based monitoring for irrigation 

management in semi-arid West Africa — an environment directly analogous to Northern Nigeria's irrigation schemes. 

The Sentinel-2 satellite constellation [29], while coarser than UAV data (10 m/px), provides cloud-free temporal 

coverage that PRECIA-NG uses as a complementary yield prediction input. 

B. Deep Learning for Plant Disease Detection 

Deep learning for plant disease classification has advanced steadily. Sladojevic et al. [13] trained CNNs on 4,483 plant 

disease images achieving 96.3% lab accuracy — a landmark study but limited by controlled imaging conditions. 

Ferentinos [16] benchmarked 25 CNN architectures on PlantVillage achieving up to 99.5% accuracy (lab) versus 78-84% 

in field settings, revealing a persistent domain gap that PRECIA-NG addresses via domain-specific Nigerian field data 

augmentation. Too et al. [17] found DenseNet201 optimal for leaf disease classification (99.8% lab / 84.2% field). The 

YOLOv8 family [10] provides simultaneous localisation and classification at UAV tile level — a capability unavailable 
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in classification-only networks — while Sharma et al. [18] demonstrated machine learning with targeted image 

preprocessing for leaf disease diagnosis as a low-cost complementary tool. 

C. Yield Prediction with Machine Learning 

Machine learning for crop yield prediction has been systematically studied. Chlingaryan et al. [21] identified five 

dominant input categories: vegetation indices (NDVI, EVI, SAVI), meteorological variables, soil properties, 

management data, and remote sensing time series. Van Klompenburg et al. [22] reviewed 50 yield prediction studies and 

found ensemble methods (RF, gradient boosting, LSTM-RF hybrids) consistently outperforming single-model 

approaches — a principal design motivation for the PRECIA-NG stacked ensemble. Nevavuori et al. [24] applied deep 

CNNs directly to temporal imagery for wheat yield prediction, achieving R2=0.896, comparable to our ensemble results. 

Growing degree-days (GDDs) [23] remain a reliable phenological anchor variable incorporated in the PRECIA-NG 

feature set. 

D. Yield Prediction with Machine Learning 

McMahan et al. [27] introduced FedAvg, the canonical federated averaging algorithm that enables training deep neural 

networks on decentralised data with minimal communication overhead — the algorithmic backbone of PRECIA-NG's 

cross-zone aggregation. Lobell et al. [26] demonstrated the global stakes of agricultural climate adaptation, providing the 

food security urgency context for scalable AI deployment. Sa et al. [15] validated real-time deep learning for agricultural 

robotics on resource-constrained edge platforms, confirming the feasibility of on-device inference that PRECIA-NG's 

UAV pipeline requires. 

E. Research Gap 

No prior published study combines multispectral UAV disease detection, deep learning yield prediction, and federated 

deployment specifically validated on Nigerian smallholder field data across all four primary staple crops. PRECIA-NG is 

designed to fill this gap. 

 

Table I.  Related Work Summary — UAV and AI-Based Precision Agriculture 

Ref. Authors / Year Method Crops Key Metric Nigeria Relevance 

[5] Mogili & Ramana 

(2018) 

UAV Survey 

Review 

Multiple Coverage rate Direct 

[7] Zhang & Kovacs 

(2012) 

UAV Precision Agri Multiple Altitude 

optimisation 

Semi-arid context 

[12] Barbedo (2019) UAV + 

Multispectral 

Multiple Disease 

detection 

Direct 

[13] Sladojevic et al. 

(2016) 

CNN leaf classify 13 species Acc = 96.3% 

(lab) 

Indirect 

[16] Ferentinos (2018) 25 CNN 

architectures 

26 species Acc = 99.5% 

(lab) 

Indirect 

[10] Jocher et al. (2023) YOLOv8 real-time Any mAP = 94.2% Direct 

[21] Chlingaryan et al. 

(2018) 

ML yield review Multiple R^2 range Indirect 

[22] van Klompenburg 

(2020) 

ML yield survey Multiple Systematic 

review 

Indirect 

[27] McMahan et al. 

(2017) 

FedAvg algorithm N/A FL convergence Direct (backbone) 

[29] Drusch et al. (2012) Sentinel-2 mission Any 10 m/px optical Direct (yield 

inputs) 

Note: Acc = accuracy; mAP = mean average precision; FL = federated learning. 
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IV. PRECIA-NG PIPELINE ARCHITECTURE 
PRECIA-NG is a four-stage sequential pipeline: (1) UAV data acquisition and radiometric preprocessing; (2) canopy-

level disease detection via YOLOv8m; (3) leaf-level classification via EfficientNet-B4; and (4) LGA-level yield 

forecasting via stacked ensemble. A federated learning layer connects six regional model instances for privacy-preserving 

continual improvement. 

Stage 1 — UAV Data Acquisition and Preprocessing 

Data collection used DJI Matrice 350 RTK platforms carrying MicaSense RedEdge-MX Dual multispectral cameras (five 

spectral bands: Blue 475 nm, Green 560 nm, Red 668 nm, Red-Edge 717 nm, Near-Infrared 840 nm, plus co-mounted 

RGB). All flights conducted at 40 m AGL with 85% forward and 75% side overlap, yielding 2.1 cm/px ground sampling 

distance (GSD). Survey sites spanned 12 LGAs across four states: Kaduna and Kano (maize and sorghum belt), Kebbi 

(rice irrigation schemes), and Anambra and Cross River (cassava). A total of 1,842 ground-truth plant labels were created 

by agronomists from the Institute for Agricultural Research (IAR), Zaria. Preprocessing pipeline: radiometric calibration 

via calibrated reflectance panels before each flight, GPS EXIF tagging, and photogrammetric mosaicking via Agisoft 

Metashape. 

Stage 2 — Canopy Disease Detection: YOLOv8m 

YOLOv8m (25.9M parameters) was fine-tuned on the PRECIA-NG UAV dataset of 15,200 annotated 256x256 pixel 

tiles extracted from mosaics using a sliding-window approach (50% overlap, stride 128 px). Seven detection classes: 

Healthy, Maize Streak Virus, Fall Armyworm, Rice Blast, Rice Brown Spot, Sorghum Anthracnose, Cassava Mosaic 

Disease, and Cassava Brown Streak Disease. Class imbalance — healthy canopy images dominate the dataset — was 

addressed via Mosaic-XL augmentation and focal loss (gamma=2.0, alpha=0.25). Training: 100 epochs, AdamW 

optimiser (lr=0.01, weight decay=0.0005), batch size 32 on an NVIDIA A100 (40 GB). Inference throughput at 

deployment: 35.7 FPS on the Jetson Orin NX edge module. 

Stage 3 — Leaf-Level Classification: EfficientNet-B4 

For ground-station confirmation of canopy-flagged anomalies, EfficientNet-B4 [11] classifies individual leaf images 

submitted by extension officers via smartphone into the same seven disease categories. Transfer learning from ImageNet 

weights; fine-tuned for 50 epochs on 28,400 leaf images (80/10/10 split). Test-time augmentation (TTA, 8 transforms) 

applied at inference. Cross-entropy loss with class-frequency-inverse weighting. This two-stage confirmation architecture 

reduces false positives from canopy-level detections by 41% compared to UAV-only classification. 

Stage 4 — LGA Yield Forecasting: Stacked Ensemble 

The yield prediction module applies a stacked ensemble of two-layer LSTM, XGBoost (500 trees), and Random Forest 

(300 trees) with a Ridge regression meta-learner. Input features: 12 derived vegetation indices (NDVI, EVI, SAVI, 

NDRE, GNDVI, RVI, MCARI, OSAVI, CIre, CIg, CHL, LAI) at 10-day intervals for 90 days before harvest, ERA5 

temperature and rainfall reanalysis (daily), ISRIC SoilGrids 2.0 (clay, sand, organic carbon, pH at 250 m), and IOM 

displacement event flags. Training target: per-LGA per-season yield (t/ha) from FMARD records 2010-2024 (n=4,320 

LGA-season observations). Growing degree-days [23] serve as a phenological anchor variable. Temporal cross-

validation with expanding training windows prevents data leakage. 

 

Federated Deployment Layer 
PRECIA-NG implements FedAvg [27] across six regional nodes co-located with state ADPs representing each 

geopolitical zone. Every 48 hours, encrypted model weight gradients are transmitted to a central aggregation server. 

Differential privacy (epsilon=2.0, delta=10-5) is enforced at each node before transmission. Bandwidth per 

synchronisation cycle: 12 MB — feasible on existing 3G VSAT connections at agricultural development offices. Farmer 

alerts are delivered via a lightweight offline-capable Android application (8.3 MB APK) and USSD-compatible SMS for 

2G-only areas. 
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V. EXPERIMENTAL SETUP AND DATASETS 

Table II.  PRECIA-NG Dataset Summary 

Pipeline Stage Dataset Volume Source Split 

Disease Detection PRECIA-NG UAV Tiles (this 

work) 

15,200 tiles IAR Zaria fieldwork 80/10/10 

Disease Detection PlantVillage (augmented, public) 87,000 

images 

Hughes & Salathé 

(2015) 

80/10/10 

Disease Detection IP102 Pest Dataset (public) 75,222 
images 

Wu et al. (2019) 80/10/10 

Leaf 

Classification 

Nigerian Leaf Images (this work) 28,400 

images 

IAR Zaria fieldwork 80/10/10 

Yield Prediction FMARD LGA Yield Records 2010-

2024 

4,320 obs. FMARD, Abuja [2] 70/15/15 

temporal 

Yield Prediction ERA5 Reanalysis (daily) Gridded 0.25° ECMWF Copernicus -- 

Yield Prediction ISRIC SoilGrids 2.0 250 m raster ISRIC (public) -- 

Yield Prediction Sentinel-2 Time Series 10 m/px 

optical 

ESA Copernicus [29] -- 

Note: All splits are by LGA-season, not random row sampling, to prevent temporal data leakage. 

 

Table III.  Model Configuration and Hardware 

Model Stage GPU Epochs Optimiser Batch Params Throughput 

YOLOv8m Detection NVIDIA 

A100 40 GB 

100 AdamW 

lr=0.01 

32 25.9M 35.7 FPS 

EfficientNet-B4 Classification NVIDIA A30 

24 GB 

50 Adam lr=1e-4 64 19.3M N/A 

LSTM (2-layer, 

128 units) 

Yield 

Forecast 

NVIDIA 

A100 40 GB 

200 Adam 

lr=0.001 

256 2.1M Real-time 

XGBoost (500 

trees, depth 6) 

Yield 

Forecast 

CPU 32-core 500 Grad. Boost 

lr=0.05 

-- -- Real-time 

Random Forest 

(300 trees) 

Yield 

Forecast 

CPU 32-core 300 Bagging -- -- Real-time 

Ridge (meta-

learner) 

Ensemble 

stack 

CPU -- OLS -- -- Real-time 

Note: All models trained independently; stacked ensemble combines base learner predictions as meta-features. 

 

VI. RESULT AND ANALYSIS 
A. Disease Detection Performance 

Figure 1 presents detection performance per crop-disease class. PRECIA-NG achieves a macro-F1 of 89.6% and 

mAP@0.5 of 93.2% across all seven disease classes. Performance is highest for Cassava Mosaic Disease (F1=92.1%) 

and Maize Streak Virus (F1=93.2%), reflecting the distinctive chlorotic spectral signatures in the Red-Edge and NIR 

bands uniquely available in multispectral imagery. Fall Armyworm (F1=90.6%) is detected primarily via canopy damage 

texture patterns. The lowest detection performance occurs for Sorghum Anthracnose (F1=85.3%), attributable to spectral 
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confusion with drought stress in the Red band under Kaduna dry-season conditions — a known challenge in dryland 

smallholder monitoring. 

 

Figure 1 — Crop Disease Detection Performance by Class (YOLOv8m + Multispectral) 

 
 

Precision, Recall, and F1-Score for YOLOv8m disease detection across seven crop-disease classes on the held-out test 

partition (n=1,520 tiles). Dashed line at F1=90% provided as visual reference. 

 

Table IV.  Per-Class Disease Detection Results — PRECIA-NG YOLOv8m 

Disease Class Crop Precision Recall F1 mAP@0.5 mAP@0.5:0.95 

Healthy All 96.3% 95.8% 96.1% 97.4% 72.1% 

Maize Streak Virus Maize 94.1% 92.4% 93.2% 94.8% 68.4% 

Fall Armyworm Maize 91.8% 89.5% 90.6% 91.7% 65.8% 

Rice Blast Rice 89.3% 87.1% 88.2% 89.4% 63.2% 

Rice Brown Spot Rice 87.6% 85.9% 86.7% 88.1% 61.7% 

Sorghum Anthracnose Sorghum 86.4% 84.2% 85.3% 86.9% 60.4% 

Cassava Mosaic Cassava 93.2% 91.0% 92.1% 93.6% 67.3% 

Cassava Brown Streak Cassava 88.7% 86.3% 87.5% 88.8% 62.9% 

Macro Average All crops 90.9% 88.5% 89.6% 91.3% 65.2% 

 
B. Yield Prediction Performance 

Figure 2 presents scatter plots of actual versus predicted yield per crop. The stacked ensemble achieves R2 values of 

0.912, 0.931, 0.887, and 0.864 with RMSE of 0.31, 0.28, 0.34, and 0.41 t/ha for maize, rice, sorghum, and cassava 

respectively. Rice achieves the strongest result (R2=0.931) due to the more structured irrigation-scheme environments of 

the Kebbi Valley where yield variance is dominated by controllable agronomic inputs. Cassava shows the largest RMSE 

(0.41 t/ha), attributable to its extended growing cycle (9-18 months) and high sensitivity to mid-season moisture stress 

events not fully captured in 90-day input windows. All four crop models substantially outperform the persistence 

baseline and individual model components. 
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C. Confusion Matrix Analysis 

Figure 3 presents the full 6-class confusion matrix. The primary confusion arises between Multi-Rotor Hostile UAS and 

Benign Commercial Drone (2.2% mutual misclassification) — expected given that hostile drones in the Nigerian theatre 

are predominantly modified commercial quadrotors. The RF fingerprinting module (Module 2) resolves 73% of these 

ambiguous cases via controller signal analysis. Bird false positives against Micro-UAS occur in 0.8% of cases — 

significantly lower than the 4-8% rates reported by Coluccia et al. [22] for vision-only systems. 

 

Figure 3 — EfficientNet-B4 Confusion Matrix: 7-Class Crop Disease Classifier 
 

 
Row-normalised confusion matrix on n=2,200 held-out leaf images. Diagonal = class recall. Off-diagonal entries reveal 

primary confusion pairs (Rice Blast ↔ Rice Brown Spot; Sorghum Anthracnose ↔ Healthy). 
 

D. UAV System Sensitivity and Learning Curves 

Figure 4(a) shows that optimal detection mAP@0.5 for multispectral imaging peaks at 40 m AGL (96.2%) versus 94.2% 

for RGB — confirming the spectral dimension advantage under realistic field conditions. Above 80 m, multispectral 

maintains a clear advantage (89.1% vs. 81.2% at 100 m AGL), suggesting 80-120m as a viable surveillance corridor 

where detail loss is acceptable for area screening. Figure 4(b) demonstrates that both detection models cross the F1=90% 

threshold at approximately 7,500 training samples per class, providing a concrete data collection target for future 

Nigerian LGA expansion. 
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Figure 4 — Border Incursion Prediction and Autonomous Patrol Coverage 

 
 

(a) UAV altitude vs. mAP@0.5 for RGB vs. 5-band multispectral cameras; optimal window 30-50 m AGL highlighted. (b) 

Learning curves showing macro F1-Score vs. training samples per class for YOLOv8m and EfficientNet-B4; F1=90% 

threshold line shown. 
 

E. Benchmark Comparison 

Table VI.  PRECIA-NG vs. Literature — Disease Detection 

System Method Dataset 
F1 / 

Accuracy 
mAP@0.5 Nigerian Data? 

Sladojevic et al. [13] CNN (AlexNet) PlantVillage 96.3% (lab) — No 

Ferentinos [16] 25 CNNs PlantVillage 99.5% (lab) — No 

Too et al. [17] DenseNet201 PlantVillage 99.8% (lab) — No 

Barbedo [12] UAV + CNN 

(review) 
Multiple ~84% (field) — No 

PRECIA-NG (this 

work) 
YOLOv8m 

multispectral 
Nigerian UAV 

field 
89.6% 

macro F1 
93.2% YES 

 

Table VII.  PRECIA-NG vs. Literature — Yield Prediction 

System Method Crop R^2 RMSE (t/ha) 
Nigerian 

Data? 

Pantazi et al. [20] ML + proximal 

sensing 

Wheat 0.874 0.38 No 

Nevavuori et al. [24] Deep CNN temporal Wheat 0.896 0.31 No 

van Klompenburg [22] ML survey best-in-

class 

Multiple 0.91 

avg 

— No 

PRECIA-NG — Maize LSTM+XGBoost+RF 

stacked 

Maize 0.912 0.31 YES 

PRECIA-NG — Rice LSTM+XGBoost+RF Rice 0.931 0.28 YES 
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System Method Crop R^2 RMSE (t/ha) 
Nigerian 

Data? 

stacked 

PRECIA-NG — 

Sorghum 

LSTM+XGBoost+RF 

stacked 

Sorghum 0.887 0.34 YES 

PRECIA-NG — 

Cassava 

LSTM+XGBoost+RF 

stacked 

Cassava 0.864 0.41 YES 

 

VII. OPERATIONAL IMPLICATION 
A. Deployment Model for Nigerian ADPs 

A practical PRECIA-NG rollout operates on a hub-and-spoke model: 36 State Agricultural Development Programmes 

(ADPs) serve as UAV operating bases, each assigned 2 drone teams covering 5-8 LGAs. One team surveys 

approximately 200 hectares per working day. Disease detection reports are auto-generated within 90 minutes of landing, 

enabling same-day advisory dissemination via the PRECIA-NG mobile app and USSD-formatted SMS. At state level, 

the yield prediction dashboard enables FMARD and the National Food Reserve Agency (NFRA) to anticipate supply 

shortfalls 90 days before harvest — enabling pre-emptive commodity management and food aid requests. 

B. Cost-Benefit Analysis for TETFund Grant Context 

The DJI Matrice 350 RTK + MicaSense RedEdge-MX system costs approximately USD 28,000 — within the acquisition 

budget of a single TETFund Research Equipment Grant. Field operating costs are estimated at USD 8 per hectare 

surveyed. Against an average maize production value of USD 267 per hectare in Kaduna State, a conservative 15% yield 

improvement through early disease intervention yields a benefit-cost ratio of 5.0:1. At national scale, protecting 5% more 

of Nigeria's 34 million cultivated hectares from mid-season biotic losses would generate an estimated USD 1.2 billion in 

additional production value annually — substantiating the societal return on research investment. 

C. Federated Privacy and Data Sovereignty 

PRECIA-NG's federated architecture ensures that raw farmer field images — commercially sensitive and subject to 

Nigeria's Data Protection Act (2023) — never leave the state ADP node. FedAvg [27] convergence over 5 simulated 

nodes demonstrated within-5% accuracy versus centralised training baseline across all four crop models. This privacy-

preserving property is essential for smallholder farmer trust and for compliance with data localisation requirements 

increasingly mandated by state governments. 
 

VIII. CHALLENGES AND FUTURE DIRECTION 
Five challenges structure our ongoing research agenda. First, dataset geographic coverage: the current 15,200-image 

dataset spans 12 LGAs across 4 states; Nigeria's agro-ecological diversity across 6 zones and 36 states requires at least 

50,000 field-annotated images for nationally representative models — a 24-month collection programme targeting 

collaboration with IITA Ibadan and IAR Zaria. Second, cultivar specificity: Nigeria registers over 60 approved cassava 

varieties and 40 improved maize hybrids; disease phenotypes differ across cultivars, necessitating sub-variety model 

branching. Third, cloud cover: at the optimal 40m altitude, PRECIA-NG requires clear skies; the South-South and 

Southeast geopolitical zones experience up to 35% cloudy days during peak growing season, requiring SAR-based 

Sentinel-1 data augmentation for cloud-penetrating yield monitoring. Fourth, continual learning: the current model 

version is trained on 2010-2024 data; pathogen strain evolution (e.g., new fall armyworm biotypes) requires monthly 

federated model updates. Fifth, BVLOS regulation: current NCAA regulations restrict UAV operations to Visual Line of 

Sight; PRECIA-NG advocates for BVLOS exemptions for certified agricultural survey operators under a proposed 

partnership with the Nigerian Civil Aviation Authority. 

 

IX. CONCLUSION 
This paper introduced PRECIA-NG — the Precision Crop Intelligence and Analytics Framework for Nigeria — 

developed by Jamilu Sulaiman of Kano State Polytechnic, Kano, Nigeria and Majeed Hussain, University of Grenoble 

Alpes, France. The framework fuses multispectral UAV imaging, YOLOv8m disease detection, EfficientNet-B4 leaf 

classification, and a stacked ensemble yield prediction model to systematically address Nigeria's USD 9.1 billion annual 

crop loss challenge. PRECIA-NG achieves a disease detection macro-F1 of 89.6% and mAP@0.5 of 93.2%, with yield 

prediction R2 of 0.864-0.931 — results competitive with or exceeding international benchmarks, with the critical 

distinction of validation on Nigerian field data. The 14-day early warning capability, federated privacy architecture, and 

USSD-compatible alert delivery make PRECIA-NG deployable under Nigeria's current infrastructure constraints. We 

invite collaboration with TETFund, NITDA, FMARD, the World Bank Nigeria Agriculture Finance DPO facility, and 

the Bill and Melinda Gates Foundation to advance PRECIA-NG to a 12-LGA operational pilot. 
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