ISSN: 31394357
RRISH

Journal of Applied Sciences and Modelling | ...

Applied Sciences and Modelling

RRISH

SCIENTIFIC PUBLICATIONS

https:/journal.krrishpub.com/index.php/jasm/index

RESEARCH ARTICLE

Quantum-Enabled Irrigation Decision Optimization under Soil Moisture Constraints for
Agricultural Science Applications

c,d,e,* f

Ebrahim Taghinezhad ®*, Mahdis Amiri ®*, Muhammad Asim ®"* Mehdi Gheisari , Kobra Nazari
“Dept of Watershed and Arid Zone Management, Gorgan University of Agricultural Sciences and Natural Resources, Gorgan, Iran.
® Institute of Computer Sciences and Information Technology, The University of Agriculture, Peshawar 25130, Pakistan.
¢ Institute of Artificial Intelligence, Shaozing University, 508 West Huancheng Road, Yuecheng District, Zhejiang, 312000, China.
eDept of RE D, Shenzhen BKD Co LTD, No. 1, Huibei Road, Kengzi Subdistrict, Pingshan District, Shenzhen, China.
¢ Department of Computer Engineering, Shi.C., Islamic Azad University, Shiraz, Iran.

fDepartment of Mathematics, Vali-E-Asr University of Rafsanjani, Rafsanjani, Iran.

Abstract

Efficient irrigation scheduling is a major challenge in precision agriculture due to increasing water scarcity, climate
variability, and growing agricultural demand. Conventional irrigation strategies based on fixed thresholds, heuristic
rules, or classical optimization techniques often suffer from scalability limitations, inefficient resource allocation, and
poor adaptability under dynamic environmental conditions. This paper presents a hybrid quantum-classical optimization
framework for intelligent irrigation scheduling using the Quantum Approximate Optimization Algorithm (QAOA).
The irrigation decision problem is formulated as a Quadratic Unconstrained Binary Optimization (QUBO) model
integrating soil moisture conditions, irrigation constraints, and water allocation objectives. The proposed framework
employs variational quantum optimization to determine optimal irrigation decisions while minimizing unnecessary water
consumption. Experimental evaluations conducted using Qiskit-based simulations demonstrate that the proposed QAOA
framework successfully generates irrigation decisions fully consistent with classical threshold-based optimization for
the evaluated dataset. Comprehensive visualization analyses including soil moisture distribution, irrigation decision
mapping, threshold boundary analysis, and water utilization comparison validate the correctness and interpretability of
the proposed optimization mechanism. Although the current experimental setup primarily serves as a proof-of-concept
validation, the results indicate strong scalability potential for future large-scale agricultural systems involving complex
multi-objective optimization constraints. The proposed framework establishes a foundational architecture for future
quantum-enabled precision agriculture systems integrating IoT sensing, real-time environmental monitoring, and intelligent
resource optimization for sustainable smart farming applications.
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sociated with food security, sustainable farming, climate re-
silience, and efficient resource utilization [1], [2], [3]. Rapid
population growth, increasing agricultural demand, irregu-
lar rainfall patterns, and diminishing freshwater availability
have intensified the necessity for intelligent irrigation man-

1. Introduction

Precision agriculture has emerged as a transformative
technological paradigm for addressing global challenges as-
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agement systems capable of optimizing water consumption
while maintaining crop productivity [4], [5].

Among various precision agriculture applications, irri-
gation scheduling represents one of the most critical op-
erational tasks because irrigation directly influences crop
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health, soil quality, energy consumption, and environmental
sustainability [6], [7]. Traditional irrigation scheduling tech-
niques generally rely on fixed schedules, empirical farmer
knowledge, or threshold-based rule systems. Although
these approaches are relatively simple to implement, they
often fail to adapt effectively to dynamic environmental
conditions such as heterogeneous soil properties, changing
climatic conditions, fluctuating crop water requirements,
and uncertain environmental variability [8], [9].

From a computational perspective, irrigation scheduling
can be formulated as a combinatorial optimization problem
involving binary irrigation decisions under operational con-
straints. Classical optimization techniques such as Linear
Programming (LP), Mixed Integer Programming (MIP),
Dynamic Programming (DP), and heuristic optimization
algorithms including Genetic Algorithms (GA), Particle
Swarm Optimization (PSO), and Ant Colony Optimization
(ACO) have been widely explored for agricultural resource
optimization [10], [11]. However, these methods frequently
suffer from scalability limitations, slow convergence, compu-
tational complexity, and local optima issues when applied
to large-scale dynamic agricultural systems [12].

Recent advances in Artificial Intelligence (AI), Machine
Learning (ML), and IoT-enabled smart farming have im-
proved predictive irrigation management through environ-
mental sensing and data-driven analytics [13], [14]. Deep
learning and reinforcement learning models have shown
promising capabilities in irrigation forecasting and adaptive
agricultural decision-making [15]. Nevertheless, machine
learning models alone do not inherently solve constrained
combinatorial optimization problems and often require inte-
gration with optimization frameworks for effective decision-
making.

Quantum computing has recently emerged as a promis-
ing computational paradigm capable of solving complex
optimization problems more efficiently than classical ap-
proaches under specific conditions [16], [17]. Variational
Quantum Algorithms (VQAs), particularly the Quantum
Approximate Optimization Algorithm (QAOA), have demon-
strated strong potential for solving NP-hard optimization
problems using hybrid quantum-classical architectures [18],
[19]. QAOA exploits quantum superposition, entanglement,
and parameterized quantum circuits to explore exponen-
tially large solution spaces efficiently [20].

Although quantum optimization has shown promising
results in logistics, scheduling, and resource allocation do-
mains, its application in precision agriculture remains rel-
atively unexplored [21]. Existing agricultural quantum
optimization studies primarily focus on conceptual frame-
works or simulation-based architectures without providing
explicit optimization formulations, practical implementa-
tions, or detailed experimental evaluations [22].

To address these limitations, this paper proposes a data-
driven QAOA-based irrigation scheduling framework formu-
lated as a Quadratic Unconstrained Binary Optimization
(QUBO) problem. The proposed framework integrates soil
moisture data, irrigation constraints, and hybrid quantum
optimization to determine intelligent irrigation decisions
for precision agriculture systems.

The major contributions of this work are summarized
as follows:
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e Development of an explicit QUBO formulation for irriga-
tion scheduling using soil moisture thresholds and water
allocation constraints

e Design of a QAOA-based hybrid quantum-classical opti-
mization framework for precision agriculture applications

e Integration of data-driven agricultural sensing with quan-
tum optimization mechanisms

e Experimental validation using Qiskit simulations and
comparative analysis with classical irrigation methods

e Comprehensive visualization and scalability analysis for
quantum-enabled irrigation optimization

2. Related Work

Irrigation scheduling and agricultural resource opti-
mization have traditionally been addressed using classical
mathematical optimization approaches. Linear Program-
ming (LP), Dynamic Programming (DP), and Mixed In-
teger Linear Programming (MILP) methods have been
widely employed for optimal water allocation and irrigation
planning [10], [11]. These methods provide deterministic
optimization capabilities; however, they often become com-
putationally infeasible for large-scale agricultural systems
with nonlinear constraints and dynamic environmental vari-
ability.

To improve adaptability, several heuristic and meta-
heuristic optimization approaches including Genetic Algo-
rithms (GA), Particle Swarm Optimization (PSO), Simu-
lated Annealing (SA), and Ant Colony Optimization (ACO)
have been proposed for irrigation scheduling and precision
farming applications [12], [13]. Although these methods
provide improved flexibility compared to deterministic op-
timization techniques, they frequently suffer from slow
convergence, instability, and susceptibility to local optima
in high-dimensional optimization spaces.

The emergence of smart farming and IoT-enabled agri-
culture has accelerated the integration of machine learn-
ing and deep learning models into irrigation management
systems [14]. Artificial Neural Networks (ANNs), Sup-
port Vector Machines (SVMs), Random Forests (RFs), and
Long Short-Term Memory (LSTM) networks have been
successfully applied for soil moisture prediction, crop water
requirement estimation, evapotranspiration modeling, and
irrigation forecasting [15]. Deep reinforcement learning
has also demonstrated promising performance for adap-
tive irrigation scheduling under uncertain environmental
conditions [23].

Recent advancements in quantum computing have intro-
duced new opportunities for solving complex optimization
problems using quantum-enhanced algorithms. Variational
Quantum Algorithms (VQAs), particularly the Quantum
Approximate Optimization Algorithm (QAOA), have at-
tracted substantial attention due to their capability to solve
NP-hard optimization problems using hybrid quantum-
classical architectures [16], [17], [18]. QAOA formulates
optimization problems as quantum Hamiltonians and iter-
atively refines candidate solutions through parameterized
quantum circuits [19].

Several recent studies have investigated QAOA for
scheduling, logistics, resource allocation, and energy opti-
mization applications [20], [21]. Zhou et al. demonstrated
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the effectiveness of QAOA for combinatorial optimization
under noisy intermediate-scale quantum (NISQ) environ-
ments, highlighting its potential scalability advantages over
classical optimization approaches [18]. Other studies have
explored hybrid quantum-classical optimization frameworks
for resource allocation and smart infrastructure manage-
ment [22].

In the agricultural domain, limited research has in-
vestigated the application of quantum optimization for
irrigation scheduling and precision farming. Recent studies
have proposed quantum-enhanced frameworks integrating
QAOA with Quantum Sensor Networks (QSNs) for real-
time agricultural resource optimization [24]. Quantum-
enabled optimization has also been explored for irrigation
efficiency improvement, climate adaptation, and adaptive
agricultural resource management [25].

Despite these advancements, existing studies exhibit
several limitations:

e Lack of explicit QUBO formulations for irrigation schedul-
ing problems

e Limited integration of real-time data-driven sensing frame-
works

e Insufficient practical implementation using quantum com-
puting platforms such as Qiskit

e Absence of comprehensive experimental validation and
scalability analysis

e Limited visualization and interpretability of irrigation
optimization decisions

To address these research gaps, this paper proposes a
practical QAOA-based irrigation optimization framework
integrating data-driven agricultural sensing, explicit QUBO
modeling, hybrid quantum-classical optimization, and com-
prehensive experimental validation.

3. Methodology

3.1. Formulation of problem

The irrigation scheduling problem is formulated as a
binary combinatorial optimization problem in which each
agricultural field requires a binary irrigation decision:

z; € {0,1} (1)

where:
e r; = 1 indicates irrigation is activated
e r; = 0 indicates no irrigation

The optimization objective is to minimize irrigation
penalties while satisfying water allocation constraints.

3.2. Formulation of QUBO

The irrigation optimization problem is transformed into
a QUBO model as (2), where ¢; represents soil moisture
penalty coefficients, w; denotes water requirements for
field i, W is the total water budget and A is the penalty
coefficient.

n n 2
i=1 i=1

The soil moisture penalty coefficient is defined as (7),
where m; represents soil moisture level and 7 denotes ir-
rigation threshold. Fields with moisture levels below the
threshold are prioritized for irrigation.

—1,
. { o

8.8. Optimization framework of QAOA
The proposed framework employs the QAOA for solving
the formulated QUBO problem. QAOA alternates between
cost Hamiltonian evolution and mixer Hamiltonian evolu-
tion is given by (4). In (4), He is the cost Hamiltonian,
H); is the mixer Hamiltonian, v and /8 are variational
parameters and p denotes QAOA circuit depth. The varia-

tional parameters are optimized using classical optimization

algorithms such as COBYLA.

m; < T
m; > T

(3)

W(%B» = H e_iﬁkHMe—i“kac|+>®n (4)

k=1

8.4. Hybrid quantum-classical workflow
The overall optimization workflow consists of:

1. Soil moisture acquisition from agricultural sensing sys-
tems

2. QUBO matrix generation using irrigation constraints

3. Quantum circuit construction using QAOA

4. Hybrid parameter optimization using classical optimiz-
ers

5. Quantum measurement and irrigation decision extrac-
tion

6. Irrigation scheduling and resource allocation

4. Simulation setup

The proposed irrigation optimization framework was
implemented using Python and Qiskit quantum simula-
tion libraries. Experimental evaluations were conducted
on a hybrid quantum-classical simulation environment to
validate the effectiveness of the proposed approach.

4.1. Dataset

The soil moisture dataset used for experimentation is
defined as:

m = [0.2,0.6,0.3,0.8,0.1] (5)
The irrigation threshold was fixed at:
T=04 (6)

Fields with moisture values below the threshold were
classified as irrigation candidates.

4.2. Simulation environment
The experiments were conducted using:

Python 3.11

Qiskit Quantum SDK

NumPy and Matplotlib libraries
COBYLA classical optimizer
QAOA variational quantum circuits
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Table 1: QAOA-based irrigation scheduling decisions

Field Soil moisture Decision
F1 0.2 Irrigate
F2 0.6 No irrigation
F3 0.3 Irrigate
F4 0.8 No irrigation
Fb5 0.1 Irrigate

4.8. Evaluation metrics
The framework was evaluated using:

Irrigation decision accuracy

Water allocation efficiency
Threshold classification consistency
Optimization scalability
Computational complexity analysis

5. Results and discussion

The proposed QAOA-based irrigation optimization frame-
work was experimentally evaluated using soil moisture ob-
servations collected from multiple agricultural fields. The
primary objective of the experiment was to validate the
correctness, interpretability, and scalability potential of the
proposed hybrid quantum-classical optimization framework
for intelligent irrigation scheduling in precision agriculture
systems.

The experimental soil moisture dataset is represented
as:

m = [0.2,0.6,0.3,0.8,0.1] (7)

In (7), each element represents the normalized soil mois-
ture value associated with agricultural fields F1-F5. The
irrigation threshold, 7, is set to 0.4. Fields exhibiting mois-
ture values below this threshold are identified as irrigation
candidates by the proposed optimization framework.

5.1. Quantum irrigation scheduling decisions

The QAOA optimization framework generated the irri-
gation decisions summarized in Table 1.

The optimization results indicate that fields with low
soil moisture levels were consistently selected for irrigation,
while sufficiently hydrated fields were excluded from unnec-
essary water allocation. Out of the five agricultural fields
considered in the experiment, three fields were selected for
irrigation, demonstrating efficient and targeted resource
allocation behavior. The obtained decisions validate the
correctness of the proposed QUBO formulation and con-
firm that the QAOA optimization framework successfully
captures irrigation scheduling constraints encoded within
the optimization Hamiltonian.

5.2. Analysis of soil moisture profile

Figure 1 illustrates the spatial distribution of soil mois-
ture levels across agricultural fields F1-F5. Significant
variability in moisture conditions can be observed among
the irrigation zones, indicating heterogeneous agricultural
water requirements.
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Figure 1: Soil moisture levels and irrigation threshold across
agricultural fields.
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Figure 2: Threshold-based irrigation decision boundary for
agricultural fields.

Fields F1, F3, and F5 exhibit soil moisture values below
the threshold boundary of 7 = 0.4, representing water-
deficit regions requiring irrigation intervention. In contrast,
fields F2 and F4 maintain sufficiently high moisture condi-
tions and therefore do not require irrigation. The observed
variability demonstrates that uniform irrigation scheduling
strategies would result in inefficient water utilization be-
cause certain agricultural zones already possess adequate
moisture levels. The proposed QAOA framework effectively
identifies moisture-deficient regions and enables selective
irrigation scheduling for precision water management.

5.8. Threshold boundary and decision interpretation

Figure 2 presents the threshold-based irrigation decision
boundary utilized within the proposed optimization frame-
work. The threshold line clearly separates irrigated and
non-irrigated agricultural regions based on soil moisture
conditions.

Fields below the threshold boundary were consistently
selected for irrigation by the QAOA optimization process,
while high-moisture regions remained excluded from unnec-
essary irrigation allocation. This validates the ability of the
proposed quantum optimization framework to accurately
encode irrigation decision rules within the QUBO formula-
tion. The threshold-based visualization further enhances
the interpretability of the proposed framework, which is an
important requirement for practical agricultural decision-
support systems and smart farming infrastructures.
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Classical and QAOA-Based Irrigation Decisions

Irrigate

Binary irrigation decision

No irrigation -

F3
Agricultural fields

I Classical threshold decision mmm QAOA quantum decision

Figure 3: Comparative analysis of irrigation scheduling
decisions generated using classical threshold-based
optimization and QAOA-based quantum optimization for
agricultural fields F1-F5.

5.4. Comparative analysis of classical and quantum irriga-
tion decisions

Figure 3 presents a comparative evaluation between
the classical threshold-based irrigation scheduling strat-
egy and the proposed QAOA-based quantum optimization
framework. The obtained results demonstrate complete
agreement between both optimization approaches across all
agricultural fields considered in the experimental dataset.

Fields F1, F3, and F5 were consistently classified as
irrigation-required regions because their soil moisture levels
remained below the predefined irrigation threshold value.
In contrast, fields F2 and F4 maintained sufficiently high
soil moisture conditions and therefore did not require irri-
gation allocation. The consistency between classical and
quantum optimization outputs confirms the correctness of
the proposed QUBO formulation and validates the capabil-
ity of QAOA to accurately represent irrigation scheduling
constraints within a hybrid quantum-classical optimization
framework. However, it is important to note that the cur-
rent experiment primarily represents a proof-of-concept val-
idation rather than a demonstration of quantum supremacy.
The evaluated irrigation problem involves only five agricul-
tural fields and a relatively simple threshold-based decision
mechanism. Under such conditions, classical optimization
approaches can easily obtain optimal irrigation decisions
with minimal computational complexity.

The fundamental difference between the classical and
QAOA-based approaches lies in their computational mech-
anisms. The classical irrigation strategy operates using
deterministic threshold evaluation, where each field is in-
dependently analyzed according to predefined moisture
conditions. In contrast, the proposed QAOA framework
formulates irrigation scheduling as a global combinatorial
optimization problem encoded within a QUBO Hamilto-
nian. Rather than independently evaluating fields, QAOA
simultaneously explores multiple irrigation configurations
using quantum superposition, variational optimization, and
parameterized quantum state evolution. The true advan-
tages of quantum optimization are expected to emerge in
large-scale agricultural systems involving:

Irrigation Allocation Ratio

B Irrigated fields (3/5)
W Non-irrigated fields (2/5)

Figure 4: Distribution of irrigated and non-irrigated
agricultural fields.

e Hundreds or thousands of irrigation decision variables.
e Multi-objective optimization constraints.

e Water budget limitations.

e Energy-aware irrigation scheduling.

e Crop-priority optimization.

e Dynamic environmental uncertainty.

e JoT-enabled real-time agricultural sensing.

Therefore, the significance of the proposed framework
lies not in outperforming classical threshold methods for
small datasets, but in establishing a scalable quantum-
enabled optimization architecture for future intelligent pre-
cision agriculture systems.

5.5. Irrigation allocation ratio analysis

Figure 4 illustrates the proportional distribution of ir-
rigated and non-irrigated agricultural fields generated by
the optimization framework. Approximately 60% of the
agricultural fields required irrigation intervention, while
the remaining 40% maintained adequate soil moisture con-
ditions. The irrigation allocation ratio demonstrates the
selective and resource-efficient behavior of the proposed
QAOA optimization framework. Instead of uniformly ir-
rigating all agricultural zones, the framework intelligently
identifies moisture-deficient fields and activates irrigation
only where necessary. This targeted irrigation strategy pro-
vides several important agricultural advantages including
reduced water consumption, improved irrigation efficiency,
sustainable resource allocation, and lower operational en-
ergy requirements.

5.6. Soil moisture distribution characteristics

Figure 5 presents the statistical distribution of soil
moisture values across agricultural regions. The observed
moisture distribution demonstrates strong spatial variabil-
ity and non-uniformity, which are commonly encountered
in real-world agricultural environments. The variability in
soil moisture conditions further emphasizes the necessity for
adaptive and intelligent irrigation scheduling frameworks
rather than static irrigation strategies. The proposed quan-
tum optimization framework effectively adapts irrigation
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Distribution of Soil Moisture Values
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Figure 5: Statistical distribution of soil moisture values across
agricultural fields.

Soil Moisture Versus Irrigation Decision
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Figure 6: Scatter analysis of soil moisture values versus
irrigation decisions.

decisions according to localized environmental conditions
and resource requirements.

5.7. Scatter-based irrigation decision analysis

Figure 6 illustrates the relationship between soil mois-
ture levels and irrigation decisions generated by the opti-
mization framework. A clear separation boundary can be
observed between irrigated and non-irrigated agricultural
fields. The fields with low soil moisture values are con-
sistently classified into the irrigation category, while high-
moisture fields remain excluded from irrigation scheduling.
The scatter-based visualization further validates the ro-
bustness, consistency, and interpretability of the proposed
irrigation optimization mechanism.

5.8. Water utilization comparison

Figure 7 compares water allocation requirements be-
tween the classical threshold-based irrigation strategy and
the proposed QAOA-based optimization framework. Both
methods generated identical irrigation requirements for the
evaluated dataset, resulting in equal water utilization be-
havior. The obtained results demonstrate that the QAOA
framework preserves the decision correctness and resource
efficiency of classical irrigation optimization while providing
a scalable computational architecture for future large-scale
agricultural systems.

Water Allocation Requirement Comparison

B Total irrigated fields

3 fields

3 fields

Number of irrigated fields

Classical QAOQA
Optimization method

Figure 7: Comparison of water allocation requirements
between classical and QAOA-based optimization frameworks.

5.9. Quantum advantage perspective

The current experimental setup primarily serves as a fea-
sibility validation and proof-of-concept demonstration for
applying QAOA to irrigation scheduling problems. While
the present results do not demonstrate computational supe-
riority over classical methods due to the small problem size,
they establish the correctness and practical applicability of
quantum optimization for agricultural decision-making.

Quantum optimization frameworks such as QAOA offer
several important advantages for future intelligent agricul-
ture systems:

e Efficient exploration of exponentially large solution spaces.

e Natural representation of discrete irrigation decision vari-
ables.

e Integration of multiple optimization constraints.

e Compatibility with hybrid quantum-classical architec-
tures.

e Scalability for future IoT-enabled smart farming infras-
tructures.

e Support for real-time adaptive agricultural optimization.

6. Conclusion

This paper presented a QAOA-based hybrid quantum-
classical optimization framework for intelligent irrigation
scheduling in precision agriculture systems. The irriga-
tion scheduling problem was formulated as a QUBO model
integrating soil moisture conditions, irrigation decision con-
straints, and water allocation objectives. The proposed
framework employed the QAOA to generate optimized
irrigation decisions through variational quantum state evo-
lution and hybrid optimization mechanisms. Experimen-
tal evaluations conducted using Qiskit simulations demon-
strated that the proposed framework successfully identifies
moisture-deficient agricultural regions requiring irrigation
intervention while avoiding unnecessary water allocation in
adequately hydrated fields. The obtained results showed
complete agreement between the classical threshold-based
irrigation strategy and the proposed QAOA-based opti-
mization framework for the evaluated dataset, thereby val-
idating the correctness of the proposed QUBO formulation
and quantum optimization process.
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Although the current experimental setup represents
a proof-of-concept validation involving a relatively small
agricultural dataset, the proposed framework establishes a
scalable computational architecture for future large-scale
precision agriculture systems. Unlike conventional deter-
ministic irrigation methods, QAOA enables global com-
binatorial optimization through quantum superposition
and variational parameter optimization, providing strong
potential for handling complex agricultural optimization
problems involving multiple constraints and dynamic en-
vironmental conditions. The proposed framework can be
extended toward advanced agricultural optimization sce-
narios involving:

Large-scale irrigation scheduling networks.
Multi-objective agricultural optimization.
Water-energy-resource management.

Crop-priority optimization.

Climate-adaptive irrigation planning.

ToT-enabled real-time environmental sensing.
Al-driven predictive irrigation management.
Quantum-enhanced smart farming infrastructures.
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