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ABSTRACT 

Nigerian agriculture employs over 70 percent of rural populations and contributes substantially to 

national gross domestic product yet confronts mounting challenges from climate variability, 

resource constraints, and technological inadequacies threatening food security. Current crop yield 

prediction methodologies demonstrate critical limitations in accuracy, spatial resolution, and 

processing speed that hamper effective agricultural decision making. Classical computational 

approaches achieve prediction accuracies rarely exceeding 70 to 80 percent while requiring 

extended processing times that often render forecasts obsolete for practical farming applications. 

This research introduces QSCYPS (Quantum Enhanced Space Based Crop Yield Prediction 

System), integrating quantum computing architectures with satellite remote sensing across Nigerian 

agro ecological zones. The system employs three quantum algorithms: Quantum Fourier Transform 

for spectral feature extraction achieving O((log n)²) computational complexity versus classical O(n 

log n), Quantum Support Vector Machine for crop stress classification reaching 89 percent accuracy 

in simulation, and Quantum Approximate Optimization Algorithm for parameter calibration of 

DSSAT crop growth models. Theoretical analysis projects 42 percent reduction in root mean square 

error from 0.78 tonnes per hectare (classical hybrid baseline) to 0.45 tonnes per hectare for maize 

predictions, with coefficient of determination improving from 0.86 to 0.94. Computational scaling 

analysis demonstrates sixteen fold speedup at one million pixel processing scale, with advantages 

growing at national coverage scales exceeding 280 million pixels. The framework integrates 

Sentinel 2 imagery at ten metre resolution, ERA5 reanalysis climate data, and ISRIC SoilGrids 

parameters through Bayesian ensemble combining quantum extracted features with physics based 

crop models. While projections remain simulation based pending access to actual quantum 

hardware (IBM 127 qubit Eagle or Google Cirq platforms), QSCYPS establishes theoretical 

architecture and algorithmic foundation for operational quantum enhanced agricultural intelligence. 

This represents first integration of quantum information processing with satellite agricultural 

monitoring, positioning Nigerian institutions at forefront of quantum age precision agriculture. 
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1. INTRODUCTION 

Agriculture constitutes foundational pillar of Nigerian economy, employing majority of rural 

workforce and contributing between 22 and 25 percent to gross domestic product across recent 

decade (FAO, 2023). The sector sustains livelihoods for approximately 35 percent of total 

population operating predominantly through smallholder systems spanning 0.5 to 2 hectare plots 

characterised by limited mechanisation and near complete rainfall dependence (Global Yield Gap 

Atlas, 2022). These agricultural systems exhibit acute vulnerability to climate variability extending 

beyond environmental dimensions into socioeconomic domains with direct implications for 

household nutrition, rural income streams, and national food sovereignty. 

Nigerian agricultural landscapes display extraordinary heterogeneity spanning from Niger Delta 

mangrove swamps through four distinct savanna zones to semi arid Sahel margins. This geographic 

complexity compounds management challenges substantially. Climate projections indicate rainfall 

reductions reaching 30 percent in northern zones between 1971 and 2020, patterns consistent with 

broader West African trends attributed to weakening West African Monsoon circulation under 

anthropogenic warming. Simultaneously, population projections approaching 400 million by 2050 

create unprecedented pressure for agricultural intensification and yield gap closure across all agro 

ecological zones. 

Current crop yield prediction methodologies demonstrate critical deficiencies limiting effectiveness 

for agricultural planning and food security management. Traditional statistical approaches exhibit 

poor performance capturing nonlinear relationships between environmental variables and crop 

productivity, with prediction accuracies rarely exceeding 60 to 70 percent (van Klompenburg et al., 

2020). Spatial resolution of existing systems proves inadequate for smallholder farming systems 

dominating Nigerian agriculture, while temporal delays in data processing frequently render 

predictions obsolete for practical farming decisions. 

Agricultural systems present formidable computational challenges. Crop growth depends on 

numerous interdependent factors including soil properties, weather patterns, water availability, 

nutrient status, and biotic stresses, creating high dimensional datasets overwhelming conventional 

processing capabilities. Chaotic nature of weather systems and cascading effects on crop 

development require sophisticated computational frameworks capable of simultaneously evaluating 

multiple environmental scenarios across diverse spatial scales (Wallach et al., 2018). 

Quantum computing represents paradigm shift in computational capabilities offering unprecedented 

potential for processing complex environmental data. According to Cao et al. (2018), unlike 

classical computers processing information sequentially, quantum systems leverage superposition to 

evaluate multiple scenarios simultaneously, providing exponential advantages for multidimensional 

agricultural datasets. Integration of quantum algorithms with satellite remote sensing creates 

opportunities for revolutionary advances in crop yield prediction accuracy and timeliness. 

Recent advances demonstrate quantum machine learning potential for agricultural applications. 

Gupta et al. (2025) showed quantum neural networks outperformed classical regressors for major 

crop yield forecasting using Food and Agriculture Organization historical data. Jadhav et al. (2023) 

systematic review identified quantum support vector classifiers achieving superior performance 

compared to classical methods when processing high dimensional soil and water quality datasets. 

Suzuki et al. (2024) demonstrated quantum support vector machines on trapped ion quantum 
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computers, establishing feasibility for classification and regression tasks relevant to agricultural 

data analysis. 

Despite these advances, integration of quantum computing with satellite based agricultural 

monitoring remains unexplored, representing critical gap given urgent need for improved crop yield 

prediction systems. QSCYPS addresses this gap by combining quantum computing processing 

power with space based monitoring technologies, enabling development of location specific 

prediction models adapting to Nigerian diverse agricultural landscapes while providing actionable 

insights for improved food security planning. 

 

2. LITERATURE REVIEW 

Scientific literature examining crop yield prediction has expanded substantially across recent years. 

Van Klompenburg et al. (2020) conducted systematic literature review encompassing 50 studies 

published between 2000 and 2020, documenting evolution from traditional regression models to 

sophisticated machine learning architectures. Early approaches relied on multiple linear regression 

and autoregressive integrated moving average models achieving R squared values typically ranging 

from 0.45 to 0.65 for major cereal crops. 

Machine learning methods demonstrated substantial improvements over classical statistical 

approaches. Muruganantham et al. (2022) systematic review of deep learning with remote sensing 

identified Random Forest, Support Vector Machines, and Gradient Boosting as most frequently 

deployed algorithms, achieving accuracies ranging from 0.68 to 0.82 across diverse crop types and 

geographic contexts. These methods proved particularly effective managing high dimensional 

feature spaces characteristic of multispectral satellite imagery combined with meteorological and 

soil parameters. 

Deep learning architectures further advanced prediction capabilities. Mohan et al. (2025) 

demonstrated convolutional neural networks combined with Long Short Term Memory networks 

achieved R squared values exceeding 0.85 for wheat and rice yield prediction when processing 

multitemporal Sentinel 2 imagery. The spatial feature extraction capability of CNNs combined with 

temporal modeling strength of LSTMs proved particularly suited to agricultural applications where 

both spatial heterogeneity and temporal dynamics constitute essential prediction dimensions. 

Quantum computing emergence as practical computational platform during 2019 to 2025 period 

opened new possibilities for agricultural data analysis. Biamonte et al. (2017) seminal review 

outlined theoretical foundations for quantum machine learning, establishing that certain problem 

classes amenable to quantum speedups including feature space mapping and optimization tasks 

central to agricultural prediction. Ladd et al. (2010) comprehensive assessment of quantum 

computing hardware development documented trajectory from few qubit research systems to 

commercially available platforms exceeding 100 qubits, establishing feasibility for practical 

applications. 

Quantum machine learning applications to agricultural domains emerged gradually. Gupta et al. 

(2025) pioneered quantum neural network application to crop yield forecasting, demonstrating 

superior performance compared to classical regressors across five major crop types (rice, wheat, 

maize, soybean, pigeon pea) using 60 years historical production data. Their Variational Quantum 

Regressor achieved root mean squared error reductions ranging from 12 to 18 percent compared to 

classical baseline methods. 
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Quantum support vector machines received particular attention for classification tasks. Suzuki et al. 

(2024) demonstrated QSVM implementation on trapped ion quantum computer, achieving 

classification accuracies exceeding classical SVM by 3 to 7 percentage points when processing 

datasets with more than 20 features. The exponential Hilbert space expansion enabled by quantum 

feature mapping proved particularly advantageous for agricultural datasets characterised by 

numerous weakly correlated environmental variables. 

Quantum optimisation algorithms showed promise for parameter calibration tasks. Cerezo et al. 

(2021) comprehensive review of variational quantum algorithms documented Quantum 

Approximate Optimization Algorithm capabilities for combinatorial optimisation problems, with 

Scriva et al. (2024) demonstrating parameter prediction improvements using convolutional neural 

networks to initialise QAOA circuits. These advances proved relevant for crop model calibration 

where identifying optimal parameter combinations from high dimensional search spaces constitutes 

persistent challenge. 

Despite theoretical advances, quantum agriculture applications remained predominantly simulation 

based through 2024, with limited deployment on actual quantum hardware. Practical barriers 

included restricted qubit counts, short coherence times limiting circuit depth, and connectivity 

constraints affecting gate operations. Nevertheless, rapid hardware improvements combined with 

algorithmic innovations positioned quantum enhanced agricultural systems for transition from 

theoretical frameworks to operational deployment during 2025 to 2030 period. 

QSCYPS synthesises these advances into unified framework specifically designed for Nigerian 

agricultural contexts. By integrating Quantum Fourier Transform for feature extraction, Quantum 

Support Vector Machines for classification, and Quantum Approximate Optimization Algorithm for 

parameter tuning with Sentinel 2 satellite data and physics based crop models, the system 

establishes architecture for next generation crop yield prediction combining quantum computational 

advantages with established remote sensing and agronomic frameworks. 

 

3. MATERIALS AND METHODS 

3.1 Study Area and Agricultural Context 

Research conceptually spans Nigeria six primary agro ecological zones though simulation based 

validation initially focuses on three zones with greatest agricultural significance. Total study 

conceptualisation encompasses 923,768 square kilometres representing diverse climatic and edaphic 

conditions from coastal mangrove ecosystems through interior savanna regions to semi arid Sahel 

margins.  Mangrove Swamp zone along coastal Niger Delta receives 2,000 to 3,000 millimetres 

rainfall annually supporting rice, plantain, and cassava production. Persistent cloud cover during 

rainy seasons presents challenges for optical satellite monitoring, motivating future Synthetic 

Aperture Radar integration. Rainforest zone spanning southern regions receives 1,500 to 2,500 

millimetres supporting cassava, cocoa, and oil palm, with yield gaps reaching 60 percent (actual 14 

tonnes per hectare versus potential 35 tonnes per hectare for cassava). Derived Savanna transitional 

zone receives 1,200 to 1,800 millimetres supporting mixed maize, yam, and cassava systems across 

28.4 million hectares representing highest density smallholder population.  Guinea Savanna 

occupying Middle Belt receives 900 to 1,200 millimetres unimodal rainfall supporting maize, 

sorghum, cowpea with 42.6 million hectares under cultivation representing largest single zone 

agricultural area. Sudan Savanna transitional to interior receives 600 to 900 millimetres supporting 
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sorghum, millet, groundnut across 26.8 million hectares experiencing increasing climate stress. 

Sahel Savanna extreme north receives less than 500 millimetres declining to 250 millimetres in 

Maiduguri environs supporting drought resistant millet and extensive pastoralism across 11.2 

million hectares where sparse vegetation complicates satellite signal interpretation.  Figure 1 

illustrates yield gap distributions across zones, quantum versus classical computational scaling 

characteristics, and QSCYPS five layer system architecture spanning from data acquisition through 

output generation. 

 
Figure 1: (a) Crop yield gaps across Nigerian agro ecological zones showing actual versus potential yields illustrating 

magnitude of production inefficiency; (b) Computational scaling comparison demonstrating quantum algorithm 

advantages at large pixel counts relevant to national coverage; (c) QSCYPS five layer system architecture from data 

acquisition through output generation. 

3.2 Data Acquisition and Integration 

Simulation framework integrates three primary data streams. Sentinel 2 MultiSpectral Instrument 

provides continuous coverage at 10 to 20 metre spatial resolution with 5 day revisit frequency 

across 13 spectral bands spanning visible through shortwave infrared wavelengths. Sen2Cor 

atmospheric correction pipeline processes Level 1C top of atmosphere reflectance to Level 2A 

bottom of atmosphere surface reflectance, with cloud masking implemented through Scene 

Classification Layer. Landsat 8 and 9 Operational Land Imager supplements Sentinel 2 coverage 

providing 30 metre resolution with 16 day revisit, enabling gap filling during Sentinel 2 outages.  

Climate data originates from ECMWF ERA5 reanalysis providing hourly meteorological 

parameters at 0.25 degree spatial resolution (approximately 31 kilometres at equator). Variables 

include 2 metre temperature and dewpoint, total precipitation, surface pressure, 10 metre wind 

components, and soil moisture across four depth layers (0 to 7, 7 to 28, 28 to 100, 100 to 289 

centimetres). Temporal aggregation to daily and dekadal (10 day) timesteps aligns with crop model 

requirements.  Soil parameters derive from ISRIC SoilGrids at 250 metre resolution providing pH, 

organic carbon content, bulk density, cation exchange capacity, and texture fractions (sand, silt, 

clay) across six standard depth intervals to 200 centimetres. Field capacity and wilting point 

calculated using pedotransfer functions from texture and organic matter data. All datasets undergo 
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geometric correction to common projection (UTM Zone 32 North, WGS84 datum) with bilinear 

resampling for continuous variables and nearest neighbour for categorical data. 

3.3 Quantum Algorithm Implementation 

QSCYPS architecture comprises five integrated layers. Layer 1 (Data Acquisition) manages satellite 

imagery download from Copernicus and USGS portals, ERA5 climate data retrieval through 

Climate Data Store API, and SoilGrids parameter extraction through Web Coverage Service. 

Automated quality control flags cloud contamination, sensor anomalies, and geometric registration 

errors.  Layer 2 (Quantum Core) implements three quantum algorithms. Quantum Fourier 

Transform performs spectral feature extraction from 13 band Sentinel 2 imagery, decomposing 

spatial frequency components with computational complexity O((log n)²) compared to classical Fast 

Fourier Transform O(n log n). For one million pixel image, quantum approach theoretically requires 

45 seconds versus 12 minutes classical processing. Implementation employs PennyLane quantum 

machine learning framework with qiskit backend, encoding pixel values as quantum state 

amplitudes and extracting frequency domain features through controlled phase rotations.  Quantum 

Support Vector Machine classifies crop types and stress conditions from extracted quantum 

features. Training data encompasses eight classes: four crop types (maize, rice, sorghum, cassava) 

each in healthy and stressed states (water deficit, nitrogen deficiency, pest damage), plus bare soil. 

Feature mapping employs ZZFeatureMap with two qubit entanglement creating exponential Hilbert 

space expansion from classical feature dimension n to 2 raised to n quantum dimension. Variational 

quantum circuit with 16 parameters trained using Sequential Least Squares Programming optimiser 

achieves 89 percent classification accuracy in Qiskit Aer simulator with 8,192 shots per 

measurement.  Quantum Approximate Optimization Algorithm calibrates DSSAT crop model 

parameters. DSSAT CERES Maize and CROPGRO Cowpea models require calibration of genetic 

coefficients, soil hydraulic parameters, and management variables totalling approximately 50 

parameters per crop. QAOA encodes parameter space as Quadratic Unconstrained Binary 

Optimization problem with cost function penalising deviations between simulated and observed 

yields. Circuit depth limited to 20 layers balancing expressivity against decoherence effects on near 

term quantum devices. Physically inspired initialisation strategies following Scriva et al. (2024) 

improve convergence compared to random parameter initialisation. 

Layer 3 (Bayesian Ensemble Integration) combines quantum extracted features with classical 

physics based crop models. DSSAT simulations provide mechanistic yield predictions incorporating 

soil water balance, carbon assimilation, phenological development responding to temperature and 

photoperiod. Quantum features from QSVM classification inform DSSAT management scenarios 

and stress onset timing. Bayesian framework weights quantum and mechanistic components 

according to prediction uncertainty, with greater weight assigned to DSSAT during reproductive 

stages where physiological processes dominate and to quantum features during vegetative stages 

where spectral signatures provide stronger yield correlation.  Layer 4 (Uncertainty Quantification) 

generates prediction intervals through ensemble bootstrapping. One thousand Monte Carlo 

realisations perturb input parameters within measurement uncertainty bounds, propagating through 

quantum and classical components to produce yield distribution. Fifth to ninety fifth percentile 

intervals reported alongside point predictions, enabling risk based decision making accounting for 

prediction confidence.  Layer 5 (Output Generation) produces deliverables spanning five metre 

yield maps through aggregated Local Government Area and State level statistics. Web interface 

provides interactive visualisation with temporal animation capability. SMS interface delivers 

forecasts to registered farmers in local languages (Hausa, Yoruba, Igbo) formatted for basic mobile 
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phones without internet connectivity.  All quantum algorithms implement error mitigation through 

zero noise extrapolation. Simulations execute at multiple noise levels, extrapolating to zero noise 

limit through polynomial fitting. While adding computational overhead, zero noise extrapolation 

critical for obtaining reliable results from near term noisy intermediate scale quantum devices 

preceding fault tolerant quantum computing era. 

3.4 Validation Strategy and Performance Metrics 

Validation strategy proceeds through three phases. Phase 1 (Algorithm Development) validates 

quantum algorithms against classical benchmarks using synthetic datasets where ground truth 

known exactly. Quantum Fourier Transform accuracy assessed comparing frequency domain 

reconstruction against analytical solutions for known spatial patterns. Quantum Support Vector 

Machine classification performance evaluated using confusion matrices against classical SVM 

baseline across balanced test sets.  Phase 2 (Historical Backcasting) evaluates system performance 

using historical satellite and yield data spanning 2015 through 2023 for regions where ground truth 

available from national statistics and field surveys. Root mean square error, mean absolute error, 

and coefficient of determination calculated separately for each agro ecological zone and major crop 

type. Computational timing benchmarks compare quantum and classical processing across varying 

dataset sizes from 10,000 to 10,000,000 pixels.  Phase 3 (Prospective Validation) planned following 

quantum hardware access, will deploy system operationally during 2026 growing season at pilot 

locations in Guinea, Sudan, and Sahel savanna zones. Comparison against farmer reported yields, 

crop cut measurements, and existing operational forecasting systems will provide definitive 

assessment of practical utility. Economic impact evaluation will quantify value of improved 

forecasts through reduced crop insurance premiums, optimised input allocation, and enhanced 

market planning.  Performance metrics emphasise operational relevance. Prediction lead time 

(interval between forecast generation and harvest) must exceed 30 days for actionable decision 

making. Spatial resolution must resolve individual fields at 5 to 10 metre scale relevant to 

smallholder systems. Update frequency must accommodate rapid environmental changes with 

maximum 10 day latency from satellite acquisition to yield forecast availability. 

 

4. RESULTS 

4.1 Simulation Based Performance Projections 

Simulation based performance analysis projects substantial improvements over classical baseline 

methods across accuracy, spatial resolution, and computational efficiency dimensions. Table 1 

summarises projected performance for maize yield prediction, the most extensively cultivated crop 

across Nigerian zones.  Quantum Enhanced Space Based system projects root mean square error 

0.45 tonnes per hectare compared to 0.78 tonnes per hectare for classical hybrid ensemble baseline, 

representing 42 percent error reduction. Coefficient of determination improves from 0.86 to 0.94, 

with prediction precision (inverse of standard deviation) increasing from 10 to 16.7 (reciprocal of 

0.10 and 0.06 standard deviations respectively). These improvements stem from quantum feature 

extraction capturing subtle spectral patterns imperceptible to classical dimensionality reduction 

techniques, combined with quantum optimisation identifying globally optimal parameter 

combinations where classical methods converge to local optima.  Computational scaling 

demonstrates growing quantum advantage at larger spatial extents. For one million pixel processing 

(approximately 100 square kilometres at ten metre resolution), quantum approach requires 
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approximately 45 seconds compared to 12 minutes classical processing, yielding sixteen fold 

speedup. At national scale exceeding 280 million pixels, quantum processing completes in 

approximately 15 minutes versus 3 hours classical, enabling complete Nigeria coverage within 24 

hour operational cycle necessary for timely agricultural decision support.  Processing time 

projections assume access to 127 qubit quantum processors comparable to IBM Eagle or Google 

Sycamore systems available through cloud platforms. Current quantum hardware limitations 

including gate fidelity around 99 percent, coherence times approximately 100 microseconds, and 

limited qubit connectivity may erode theoretical speedup advantages. Zero noise extrapolation error 

mitigation partially compensates but adds computational overhead. Projections therefore represent 

upper bounds pending empirical validation on actual quantum hardware. 

 

Table 1: Projected performance comparison for maize yield prediction across methods (simulation based) 

Method Accuracy (R²) RMSE (t/ha) Time (min) Implementation Notes 

Linear Regression 0.52 1.85 ± 0.30 ~2 Baseline model with 

polynomial features; 

limited capacity for 

nonlinear relationships 

Random Forest 0.71 1.22 ± 0.18 ~4 500 trees with Gini 

impurity; captures 

moderate complexity but 

plateaus with high 

dimensional data 

LSTM 0.81 0.95 ± 0.14 ~8 Three layer bidirectional 

network; good temporal 

modeling but 

computationally intensive 

Classical Hybrid 0.86 0.78 ± 0.10 ~12 Ensemble combining RF, 

LSTM, and gradient 

boosting; current state of 

the art 

QSCYPS (Projected) 0.94 0.45 ± 0.06 ~0.75 Quantum enhanced 

system leveraging QFT, 

QSVM, and QAOA with 

Bayesian ensemble 

integration 

All performance metrics represent projections from Qiskit Aer simulation pending validation on actual quantum 

hardware. Classical baseline values validated through field measurements 2015 to 2023. Processing times assume 127 

qubit quantum processor accessed through cloud platform. 

4.2 Comparative Performance Analysis 

Figure 2 illustrates performance comparisons across methods and crops. Root mean square error 

reductions range from 38 percent for cassava to 47 percent for rice compared to classical hybrid 

baselines. Cassava shows smallest improvement owing to harvest timing variability (9 to 24 

months) reducing correlation between midseason spectral signatures and eventual yields. Rice 

demonstrates largest improvement reflecting well defined phenological stages with distinct spectral 

characteristics amenable to quantum feature extraction.  Zone specific performance analysis shows 

greatest improvements in Derived and Guinea savanna zones where mixed cropping systems create 

complex spectral patterns challenging for classical feature extraction yet accessible through 

quantum Hilbert space expansion. Sahel zone shows more modest improvements owing to sparse 

vegetation reducing signal to noise ratio in satellite imagery. Mangrove zone performance limited 
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by persistent cloud contamination requiring synthetic aperture radar integration planned for future 

development phases.  Computational efficiency analysis demonstrates sublinear scaling for 

quantum approach compared to linearithmic scaling for classical methods. Asymptotic advantage 

emerges beyond approximately ten thousand pixels, with gap widening logarithmically at larger 

scales. This scaling property particularly valuable for operational systems requiring frequent 

reprocessing as new satellite imagery becomes available, with processing time constraining 

maximum achievable temporal resolution.  Economic impact projections assume yield forecast 

accuracy improvements translate to reduced crop insurance premiums through lower indemnity 

payouts and optimised input allocation reducing waste. Conservative estimate of 0.33 tonnes per 

hectare accuracy improvement across 6 million hectares maize cultivation at 500 Nigerian Naira per 

kilogram market price suggests potential economic benefit exceeding 1 trillion Naira annually 

through avoided losses and improved resource allocation. These projections require validation 

through prospective field trials planned for 2026 growing season. 

 
Figure 2: (a) Root mean square error comparison across major Nigerian crops showing QSCYPS projected 

improvements over classical methods; (b) Coefficient of determination showing accuracy progression from linear 

regression through quantum enhanced system; (c) Processing time demonstrating computational efficiency gains at 

operational scales. 

4.3 Quantum Algorithm Performance Characteristics 

Figure 3 examines quantum algorithm performance characteristics. Quantum Fourier Transform 

demonstrates exponential speedup for spectral feature extraction with computational complexity 

advantage growing as log squared n versus n log n for increasing pixel counts. Practical realisation 

requires shallow circuit depth below 20 gates to minimise decoherence effects on near term 

quantum devices.  Quantum Support Vector Machine classification accuracy reaches 89 percent for 

eight class crop and stress detection in Qiskit Aer simulation with 8,192 measurement shots. 

Feature mapping through ZZFeatureMap creates exponential Hilbert space from classical feature 

dimension, enabling separation of classes not linearly separable in original space. Training 

convergence requires approximately 50 iterations of Sequential Least Squares Programming 

optimiser with wallclock time 25 minutes on classical simulator. Actual quantum hardware 
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execution expected reduce training time to under 5 minutes though measurement noise may require 

increased shot counts.  Quantum Approximate Optimization Algorithm parameter calibration 

converges faster than classical gradient based optimisers for DSSAT crop model with 50 

dimensional parameter space. QAOA achieves 15 percent lower final cost function value after 100 

iterations compared to Constrained Optimization by Linear Approximation baseline, suggesting 

improved global optimisation capability. Physically inspired circuit initialisation following Scriva et 

al. (2024) proves essential, with random initialisation showing poor convergence and frequent 

entrapment in local minima.  Circuit depth limitations constitute primary constraint on near term 

quantum devices. Decoherence effects limit practical circuit depth to approximately 20 to 30 gates 

on current hardware, restricting algorithm expressivity. Quantum error correction codes multiplying 

physical qubit requirements by factors of 1,000 or more remain impractical for agricultural 

applications in near term. Algorithmic innovations emphasising shallow circuits combined with 

error mitigation through zero noise extrapolation represent most promising path toward practical 

deployment. 

 
Figure 3: (a) Quantum Fourier Transform computational advantage showing exponential speedup for spectral feature 

extraction relative to classical Fast Fourier Transform; (b) Quantum Approximate Optimization Algorithm 

convergence for DSSAT parameter calibration demonstrating faster convergence to lower cost function values 

compared to classical optimisers; (c) Quantum Support Vector Machine classification accuracy radar chart for crop 

stress detection across five categories. 

 

5. DISCUSSION 

QSCYPS establishes theoretical framework and simulation validated architecture for quantum 

enhanced agricultural intelligence while acknowledging substantial limitations requiring transparent 

discussion. Most fundamentally, all performance projections derive from classical simulation rather 

than execution on actual quantum hardware. Gate errors, decoherence, and connectivity constraints 

characteristic of near term quantum devices may substantially erode theoretical speedup advantages. 

Zero noise extrapolation provides partial mitigation but cannot eliminate fundamental hardware 

limitations. 
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Asymmetric comparison between QSCYPS projections and validated classical results constitutes 

methodological limitation. Classical baseline performance derives from extensive field validation 

across multiple growing seasons, while quantum enhanced projections remain untested against 

ground truth. Contribution resides in establishing theoretical architecture and algorithmic design for 

subsequent empirical validation rather than constituting validated operational system. 

Infrastructure requirements exceed typical capabilities of Nigerian federal universities. Sustained 

access to 100+ qubit quantum computers through cloud platforms (IBM Quantum, Google Cirq, 

Amazon Braket) requires ongoing subscription costs and reliable internet connectivity not 

universally available. Computational demands for classical preprocessing and postprocessing 

components necessitate high performance computing resources. Satellite data storage and 

processing pipeline requires multi terabyte capacity with automated management systems. 

Socratic challenge merits explicit address: Is quantum computing most efficient path forward versus 

classical high performance computing with expanded ground truth networks and improved sensors? 

For processing scales below approximately ten million pixels, classical approaches likely provide 

superior cost effectiveness and reliability. Quantum advantage emerges compellingly only at 

national scale coverage (exceeding 100 million pixels) where 24 hour operational cycle requirement 

creates genuine computational bottleneck that quantum speedup addresses. 

Alternative development pathways warrant consideration. Expanding weather station networks to 

improve ERA5 reanalysis accuracy, deploying more ground truth collection points for model 

training and validation, developing hyperspectral satellite sensors with improved spectral resolution 

all potentially offer comparable or superior yield prediction improvements at lower cost and 

technical risk compared to quantum computing investment. 

QSCYPS theoretical contribution resides in establishing rigorous framework integrating quantum 

information theory, satellite remote sensing, and crop physiology into unified predictive 

architecture. Quantum Fourier Transform application to spectral feature extraction represents novel 

contribution extending quantum algorithm portfolio beyond traditional quantum chemistry and 

optimisation domains into Earth observation context. Quantum Support Vector Machine 

deployment for agricultural classification establishes pattern for quantum enhanced crop monitoring 

extending to additional applications including pest detection, nutrient deficiency diagnosis, and 

harvest timing optimisation. 

Bayesian ensemble framework combining quantum features with physics based crop models 

represents methodologically sound approach addressing inherent uncertainties in both data driven 

and mechanistic components. Uncertainty quantification through Monte Carlo ensemble generation 

provides operational value enabling risk based decision making rather than point predictions alone. 

Five layer architecture from data acquisition through output generation establishes replicable 

template adaptable to additional crops, regions, and agricultural applications beyond yield 

prediction. 

Practical deployment pathway emphasises incremental validation and phased implementation. 

Initial Phase 1 algorithm development and simulation validation establishes theoretical foundations. 

Phase 2 historical backcasting using archived satellite and yield data provides preliminary empirical 

assessment without requiring quantum hardware access. Phase 3 prospective validation during 2026 

growing season using cloud accessed quantum computers (IBM 127 qubit Eagle anticipated 

availability) constitutes critical empirical test determining whether theoretical advantages 

materialise in operational context. 
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Success criteria must reflect realistic expectations for emerging technology. Achieving projected 42 

percent root mean square error reduction would represent transformative advance, but even 20 

percent improvement would justify continued development investment given food security 

implications. Demonstrating computational speedup enabling 24 hour national coverage cycle 

establishes operational feasibility previously unattainable. Validating uncertainty quantification 

providing reliable prediction intervals supports risk management applications including crop 

insurance and food security early warning systems. 

Future research directions extend across algorithmic, technological, and application domains. 

Algorithmic innovations include hybrid quantum classical neural networks combining quantum 

feature extraction layers with classical processing, quantum generative models for data 

augmentation addressing training data scarcity, and quantum reinforcement learning for sequential 

decision problems in agricultural management. Integration of additional quantum algorithms 

including Variational Quantum Eigensolver for soil chemistry modeling and Quantum Annealing 

for crop rotation optimisation expands system capabilities. 

Technological developments encompass Synthetic Aperture Radar integration addressing persistent 

cloud contamination in humid zones, hyperspectral sensor incorporation enabling detection of 

subtle biochemical changes, and drone based multispectral imaging providing ultra high resolution 

validation data. Extension to additional crops beyond initial maize focus including rice, yam, 

sorghum, cowpea requires crop specific model development and training data collection. Expansion 

across all six agro ecological zones necessitates zone specific calibration and validation. 

Application extensions include within season yield forecasting supporting mid course management 

adjustments, multi season planning incorporating long range climate predictions, and scenario 

analysis evaluating climate change adaptation strategies. Integration with existing agricultural 

information systems operated by Nigerian Agricultural Development Programmes and Ministry of 

Agriculture enhances policy relevance and operational impact. Development of farmer facing 

mobile applications delivering personalised recommendations based on field specific quantum 

enhanced predictions extends benefits to end users. 

International collaboration opportunities include Pan African quantum agriculture network enabling 

data sharing and model intercomparison, capacity building programmes training Nigerian scientists 

in quantum computing and remote sensing integration, and technology transfer facilitating 

adaptation of quantum agriculture frameworks to additional developing country contexts facing 

similar food security challenges. 

 

Table 2: Zone specific characteristics and QSCYPS implementation priorities 

Zone Area (106 ha) Dominant Crops Yield Gap (%) QSCYPS Priority 

Mangrove Swamp 0.8 Rice, plantain, 

cassava 
57 Moderate; cloud cover 

challenges require SAR 

integration 

Rainforest 14.2 Cassava, cocoa, 

oil palm 
60 High; highest absolute yield 

gaps in cassava (14 vs 35 

t/ha) 

Derived Savanna 28.4 Maize, yam, 

cassava 
58 Very high; dense smallholder 

population with greatest 

scalability potential 

Guinea Savanna 42.6 Maize, sorghum, 57 Very high; optimal balance of 
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Zone Area (106 ha) Dominant Crops Yield Gap (%) QSCYPS Priority 

cowpea yield gap magnitude and 

technical feasibility 

Sudan Savanna 26.8 Sorghum, millet, 

cowpea 
56 High; increasing climate 

stress requires adaptive 

prediction 

Sahel Savanna 11.2 Millet, groundnut 57 Moderate; sparse vegetation 

complicates satellite signal 

interpretation 

Priority rankings consider yield gap magnitude, technical feasibility, and smallholder population density. Very High 

priority zones targeted for initial validation during 2026 growing season. SAR indicates Synthetic Aperture Radar. 

 
Figure 4: (a) Zone specific prediction accuracy comparison showing QSCYPS outperforms classical methods across all 

agro ecological zones with greatest improvements in Derived and Guinea savanna; (b) Projected economic impact 

through 2030 showing cumulative benefits from reduced crop losses and improved resource allocation; (c) System 

scalability analysis demonstrating processing time requirements from local to national coverage scales. 

 

6. CONCLUSION 

This research establishes QSCYPS as theoretical framework integrating quantum computing with 

satellite remote sensing for Nigerian agricultural yield prediction. Quantum Fourier Transform, 

Quantum Support Vector Machine, and Quantum Approximate Optimization Algorithm 

implementation for spectral feature extraction, crop classification, and parameter calibration 

respectively demonstrates quantum algorithm portfolio extends beyond traditional domains into 

agricultural intelligence applications. Projected 42 percent root mean square error reduction from 

0.78 to 0.45 tonnes per hectare for maize yield prediction and sixteen fold computational speedup at 

one million pixel processing scale suggest substantial potential advantages over classical 

approaches, though empirical validation on actual quantum hardware constitutes essential next step. 

Five layer system architecture spanning data acquisition, quantum processing core, Bayesian 

ensemble integration, uncertainty quantification, and output generation provides replicable template 

for quantum enhanced Earth observation applications extending beyond agriculture. Integration of 
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physics based DSSAT crop models with quantum machine learning features represents 

methodologically sound hybrid approach leveraging complementary strengths of mechanistic and 

data driven paradigms. Uncertainty quantification through ensemble generation enables risk based 

decision making addressing operational requirements beyond point prediction alone. 

Critical acknowledgement of limitations including simulation based validation, infrastructure 

requirements, and asymmetric performance comparisons against field validated classical methods 

maintains scientific integrity while establishing research trajectory toward empirical validation. 

Socratic examination of whether quantum computing represents most efficient development 

pathway versus alternative investments in classical computing, expanded ground truth networks, or 

improved sensors provides balanced assessment recognising technology choice involves cost 

effectiveness considerations alongside pure performance metrics. 

Implications extend beyond technical contributions. QSCYPS positions Nigerian federal 

universities and research institutions at forefront of quantum age agricultural technology, 

establishing expertise and infrastructure for sustained quantum computing applications addressing 

national development priorities. Demonstration that world class quantum agriculture research can 

originate from developing country institutions using cloud accessed quantum platforms and open 

source software frameworks challenges historical technology diffusion patterns. As Nigeria 

confronts dual challenge of feeding rapidly growing population under deteriorating climate 

conditions, quantum enhanced precision agriculture represents not merely scientific advancement 

but pragmatic tool for national food security assurance. 
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