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ABSTRACT

Climate change intensifies agricultural resource demands across European wheat production regions through
weather extremes and water scarcity, necessitating decision support systems that optimize multiple sustainability
objectives under diverse climate scenarios. This study developed and validated a hybrid artificial intelligence
framework integrating expert systems (15 production rules), fuzzy logic controllers, four reinforcement learning
algorithms (Q-learning, Deep Q-Network, Policy Gradient, Actor-Critic), and 118 autonomous agents for climate-
smart wheat management. Performance evaluation employed 30 independent growing seasons across Mediter-
ranean, Central European, and Nordic regions under normal, drought, and extreme heat scenarios, with empirical
validation from 2015 to 2024. Under normal conditions, the system achieved 7.8% yield improvements, 17.8%
water savings, and 15.1% energy reductions relative to conventional management. Benefits amplified under
climate stress; drought scenarios revealed 34.8% yield gains, 29.1% water savings, and 18.3% energy reductions,
while extreme heat conditions yielded 26.1% yield improvements, 29.4% water savings, and 22.1% energy ef-
ficiency gains. Actor-Critic reinforcement learning achieved cumulative rewards of 519.7 versus 409.6 for Q-
learning, demonstrating superior temporal optimization. Sequential ablation confirmed that withheld rein-
forcement learning produced the largest single-component performance decline (hybrid F1-score from 0.893 to
0.831), while removal of any component reduced hybrid performance, confirming that gains arise from com-
plementary multi-paradigm contributions. Regional analysis confirmed spatial transferability across diverse
pedoclimatic contexts. Empirical validation yielded prediction accuracies of R?> = 0.802 for yield and R? = 0.783
for water use, with carbon footprint reductions of 18.7-20.3% across climate scenarios; these simulation-derived
findings motivate prospective field trials in resource-efficient wheat production systems under increasing climate
variability.

1. Introduction

agricultural lands, compounding these climate-driven challenges (FAO,
2025a, 2020).

Climate change poses an escalating threat to global food security.
Extreme weather events occur with increasing frequency and intensity.
Precipitation patterns shift unpredictably, while rising temperatures
destabilize agricultural production systems across continents (Rabbi,
2025a; Saccone and Vallino, 2025). Current climate trajectories suggest
that agricultural yields may decline by 10%-25% by 2050 (Wing et al.,
2021). However, the projected impact becomes more severe when
examining specific regional projections. Europe's southern regions face
potential yield reductions of up to 49% for key crops such as wheat
(Hristov et al., 2020). Water scarcity currently affects approximately 1.8
billion people globally, while soil degradation impacts over 60% of
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Meanwhile, demographic pressures intensify these agricultural de-
mands. The global population is projected to reach 9.1-9.7 billion by
2050, necessitating a 70% increase in food production to meet growing
consumption needs (FAO, 2009; UN, 2022). To address this urgent
imperative, agricultural systems now face a mandate to enhance pro-
ductivity, optimize resource efficiency, and build climate resilience all at
the same time (Melese et al., 2025). Climate-smart agriculture has
emerged as a strategic framework addressing this complex trilemma
through practices that increase productivity sustainably, strengthen
adaptation capacity, and reduce greenhouse gas emissions where
feasible (Musa and Ariff Lim, 2025). These practices embody cleaner
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production principles by preventing resource waste while simulta-
neously increasing efficiency in water, energy, and input use. Yet
translating these principles into operational decision-making remains
constrained by the inherent complexity of multi-objective optimization
under uncertainty.

Artificial intelligence technologies offer substantial potential for
advancing climate-smart agriculture through data-driven decision sup-
port systems (Mmbando, 2025). These systems can process complex
environmental interactions, optimize resource allocation dynamically,
and adapt to changing conditions in real-time (Singh et al., 2025).
Recent applications demonstrate measurable benefits, such that ma-
chine learning approaches achieve 10%-20% improvements in various
agricultural metrics depending on context and implementation (Aderele
et al.,, 2025; Rabbi, 2025b). However, a critical limitation persists.
Existing Al implementations in agriculture predominantly employ single
technique approaches (Botega and da Silva, 2020), such as deep learning
for image recognition, standalone reinforcement learning for irrigation
scheduling, or isolated expert systems for pest management recom-
mendations (Ajith et al., 2025).

These isolated methodologies exhibit fundamental limitations that
constrain practical effectiveness. Deep learning models require exten-
sive labeled datasets (WEF, 2021), but this necessary data remains
scarce for agricultural applications (Kamilaris and Prenafeta-Boldd,
2018). They demonstrate limited interpretability, undermining farmer
trust, and struggle to generalize across diverse pedoclimatic conditions
(Paudel et al., 2023). Reinforcement learning agents face sample in-
efficiency during training. They converge to suboptimal local minima
and difficulty incorporating domain knowledge that farmers have
accumulated through decades of experience (Zhao et al., 2025). Fuzzy
logic controllers, while effective for managing measurement uncer-
tainty, lack temporal optimization capabilities (Zeng et al., 2025). They
cannot learn from historical performance to improve future decisions
(Qi and Lin, 2025). Multi-agent systems provide distributed coordina-
tion but require centralized oversight for resource-intensive operations
(Caicedo et al., 2024). Without hierarchical arbitration mechanisms,
they may generate conflicting recommendations (Santos et al., 2017).

A critical research gap exists regarding the systematic development,
empirical validation, and performance quantification of hybrid frame-
works that synergistically integrate expert systems, fuzzy logic con-
trollers, reinforcement learning, and multi-agent coordination for
climate-smart wheat production. Existing studies have examined pair-
wise combinations, such as fuzzy logic with neural networks (Ikram
et al, 2025) or reinforcement learning with multi-agent systems
(Moayedi et al., 2024; Zhou et al., 2025), but comprehensive
four-component integration within unified architectures specifically
designed for agricultural decision-making under climate uncertainty
remains underexplored (Ikram et al., 2025). From a farming systems
perspective, this technological limitation constrains the transition to-
ward climate-resilient wheat production paradigms that simultaneously
enhance productivity, optimize resource efficiency, and build adaptive
capacity. Decision support systems for climate-smart wheat manage-
ment must integrate and balance multiple objectives, including yield
stability, water conservation, energy efficiency, and carbon sequestra-
tion, while maintaining economic viability under increasing environ-
mental uncertainty. The systematic development of hybrid frameworks
combining complementary computational intelligence approaches rep-
resents a critical frontier for translating theoretical optimization prin-
ciples into practical management protocols deployable from
Mediterranean to Nordic European wheat production contexts under
diverse climate scenarios.

Three fundamental knowledge gaps impede advancement. First, the
mechanisms through which hybrid integration produces synergistic
outcomes beyond simple additive effects remain unclear (Radwan et al.,
2025). Second, the relative contribution of individual AI components to
overall system performance in wheat management requires quantifica-
tion (Li et al., 2023). Third, Al performance amplification under climate
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stress conditions remains inadequately characterized, as most validation
studies employ normal environmental scenarios that do not reflect sys-
tem behaviour during drought, heat stress, or other extreme events
when decision support provides greatest value (Wang et al., 2024; Ye
et al., 2024). Additionally, the sensitivity of integrated frameworks to
parameter variations across diverse regional wheat production contexts
constitutes a critical unknown (Kuradusenge et al., 2023).

This study addresses four overarching research questions that
emerge from the identified knowledge gaps. The first question asks
whether systematic integration of expert systems, fuzzy logic control-
lers, reinforcement learning, and multi-agent coordination can produce
synergistic performance improvements for climate-smart wheat pro-
duction that exceed single-technique approaches across normal,
drought, and extreme heat scenarios. The second question examines
how individual AI components contribute to overall system perfor-
mance, and which reinforcement learning algorithms optimize multi-
objective wheat management decisions most effectively. The third
question investigates whether the hybrid framework maintains spatial
transferability and predictive accuracy from Mediterranean to Nordic
European wheat production zones across multiple climate scenarios
(normal, drought, and extreme heat), and which parameters require
region-specific calibration. The fourth question explores whether Al-
based management benefits amplify under climate stress conditions,
and what mechanisms enable adaptive control systems to maintain
effectiveness when conventional fixed-schedule approaches degrade.

To address these research questions, seven specific objectives guide
the investigation. First, the study develops a hybrid Al framework sys-
tematically integrating expert systems, fuzzy logic controllers, rein-
forcement learning, and multi-agent coordination within a unified
computational architecture for climate-smart wheat production. Sec-
ond, the research quantifies integrated system performance relative to
conventional management and single-technique AI approaches across
yield, water use efficiency, energy consumption, carbon footprint, and
economic returns under normal, drought, and extreme heat scenarios.
Thirdly, the comparative effectiveness of four reinforcement learning
algorithms (Q-learning, Deep Q-Network, Policy Gradient, and Actor-
Critic) is examined in order to establish evidence-based selection
criteria for agricultural applications. Fourth, regional performance
variability is assessed across Mediterranean, Central European, and
Nordic wheat production zones to establish spatial transferability and
calibration requirements. Fifth, temporal dynamics of crop development
and resource management are characterized throughout growing sea-
sons to reveal mechanistic insights into system performance. Sixth,
systematic sensitivity analysis is conducted to identify critical parame-
ters requiring precise calibration versus robust components demon-
strating acceptable performance across parameter ranges. Finally,
model predictions are validated against aggregated empirical observa-
tions from European wheat production systems spanning 2015-2024 to
assess simulation-level predictive accuracy and to establish an eviden-
tiary basis for guiding the design of prospective field-level validation
studies.

The novel contributions encompass three dimensions: Methodolog-
ically, the study develops a hierarchical control architecture featuring:
(i) explicit mathematical formulations for component integration and
conflict resolution, (ii) multi-scale temporal coordination spanning
hourly to weekly decision frequencies that accommodate natural
farming operation hierarchies, and (iii) context-dependent weighting
strategies enabling synergistic performance exceeding individual tech-
nique capabilities. Empirically, the research provides: (i) rigorous
quantification of hybrid Al performance across diverse climate scenarios
(normal, drought, extreme heat) and geographic regions under envi-
ronmental stress conditions, (ii) comparative algorithmic evaluation
establishing evidence-based selection criteria for wheat management
optimization, and (iii) comprehensive validation against aggregated
empirical data from European growing seasons 2015-2024 quantifying
simulation-level predictive accuracy within the inferential scope of the
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computational assessment framework. Practically, the modular archi-
tecture provides: (i) a structural design accommodating incremental
adoption pathways that could reduce technology barriers for wheat
producers and agricultural service providers once field-level validation
is established, (ii) simulation-derived performance characteristics of-
fering a preliminary quantitative basis for evaluating climate adaptation
investments, and (iii) a computationally scalable structure spanning
individual farm to regional advisory configurations whose practical
applicability remains contingent on prospective empirical evaluation
under operational conditions.

2. Methods and methodology
2.1. Conceptual framework of the hybrid AI system

To support climate-smart wheat production across contrasting Eu-
ropean regions, this study implements a hybrid artificial intelligence

framework that combines expert systems, fuzzy logic controllers, rein-
forcement learning, and multi-agent coordination within a unified

A. Hybrid Al system architecture
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control architecture. The framework connects regional climate, soil,
crop, and resource information to operational recommendations for
irrigation, fertilization, pest control, and harvest timing, enabling
adaptive management under varying climatic conditions including
normal, drought, and extreme heat scenarios. Fig. 1 summarizes the
overall architecture and information flow from data inputs to actionable
decisions.

Fig. 1 presents the hybrid artificial intelligence architecture linking
environmental inputs to climate-smart wheat management decisions.
Panel A shows the high-level system architecture, where expert system,
fuzzy logic, reinforcement learning, and multi-agent modules operate as
parallel components whose rules and decisions are synthesized through
weighted optimization in the Al integration and decision fusion layer to
generate climate-smart recommendations for irrigation, fertilization,
pest control, and harvest timing. Panel B details the data flow and
processing pipeline, in which climate data, soil moisture, crop status,
and resource availability are sequentially processed through (1)
normalization, (2) feature extraction, (3) Al inference, and (4) optimi-
zation to determine a single optimal action suitable for real-time control

Expert Multi-agent
system system Data input
Rules & Rules & Rules & Rules &
decisions decisions decisions decisions
Integration process
1
Synth s oulputs from
all A components using
weighted optimization
Climate-smart agricultural decisions

Specific management decisions generated by the Al system:

Irrigation

Fertilization | I

Pest control | | Harvest timing

When/how
much nutrient

When/how
much water

B. Data flow and processing pipeline

Climate data

o Soil moisture

N
o=

Optimal
action

Real-time processing: ~100ms latency

When to
harvest

When/what
pesticide

C. Multi-agent interaction network

Farmer
nt

Water
agent

Crop
agent

Growth monitor|

Interaction types: Data exchange

Nash equilibrium convergence: ~50 iterations

Fig. 1. Hybrid artificial intelligence architecture for climate-smart wheat management decisions.
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(~100ms latency). Panel C presents the multi-agent interaction
network, with a central farmer agent (decision maker) coordinating
specialized water (resource management), energy (energy optimiza-
tion), and crop (growth monitor) agents through bidirectional data-
exchange links that converge through Nash equilibrium (~50 itera-
tions) to support distributed yet coherent responses to variable regional
and climatic conditions. Together, these three complementary views
demonstrate how the hybrid AI framework translates heterogeneous
environmental and resource information into coordinated, climate-
smart decisions for wheat production at farm and regional scales.

2.2. Expert system framework for agricultural decision support

The expert system component encodes agronomic knowledge
through IF-THEN production rules that capture decision heuristics for
irrigation scheduling, fertilizer application, pest management, and
climate stress response. The knowledge base comprises 15 production
rules developed in consultation with agronomists, climate specialists,
water engineers, and agricultural economists across multiple European
wheat-growing regions (Nevo et al., 1994).

Rule activation follows a priority-weighted confidence scoring sys-
tem in which the activation score integrates the confidence level C;,
priority weight P;, and the degree of condition match M; for rule i:

Si:CiXPiXMi (1)

Here S; denotes the activation score, C; ranges from 0.76 to 0.94, P; takes
values 1.0, 0.7, or 0.4 for High, Medium, and Low priority, and M; varies
between 0 and 1 based on the proximity of real-time sensor observations
to rule thresholds. Table 1 presents ten representative rules that illus-
trate how the expert system addresses diverse operational scenarios with
graduated response strategies.

The expert system component thus provides transparent, interpret-
able decision support for climate-smart wheat management by linking
sensor observations and crop state information to context-specific rec-
ommendations. The representative rules in Table 1 demonstrate how the
system differentiates between intermediate and extreme conditions (e.
g., R002 vs. RO01/R003), triggers emergency responses under acute
water stress (R008), and supports graduated pest management strategies
(RO04-R005). The priority structure ensures that safety-critical rules
dominate when recommendations from other Al components conflict,
while lower-priority rules inform routine optimization and longer-term
planning.

2.3. Fuzzy logic controller for uncertainty management

The fuzzy logic controller addresses measurement uncertainty and
imprecision in agricultural sensor data through linguistic variable defi-
nitions that accommodate gradual transitions between states rather than
rigid thresholds. The system employs Mamdani-type fuzzy inference
with centroid defuzzification, as originally formulated in the context of
linguistic control synthesis (Mamdani and Assilian, 1975) and grounded
in the foundational theory of fuzzy sets and fuzzy algorithms for com-
plex systems (Zadeh, 1965, 1973). The Mamdani approach was selected
over Takagi-Sugeno-Kang inference because it produces linguistically
interpretable output membership functions that align naturally with
agronomic decision categories such as irrigation intensity levels, making
the resulting recommendations more accessible to practitioners (Jang
et al., 1997).

The fuzzy inference process consists of four sequential stages: fuz-
zification, rule evaluation, aggregation, and defuzzification. Fuzzifica-
tion transforms crisp sensor inputs into membership degrees using
triangular functions:
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Table 1
Expert system production rules for climate-adaptive agricultural decision
support.

Rule Condition Recommended Confidence  Priority
D action
ROO1 IF soil moisture <30% Irrigate with 30 mm 0.82 Low

AND air temperature water; activate

>25°C cooling system
RO02 IF 30% < soil moisture ~ Monitor soil 0.94 High
<50% moisture; schedule
irrigation within
24h
RO03 IF soil moisture >50% No irrigation; check 0.90 High
drainage
R0O04  IF pest pressure >70%  Apply pesticide 0.87 Medium

AND crop

stage = flowering
R0O05 IF pest pressure <70%

AND crop

stage = flowering

treatment; increase

monitoring intensity

Continue 0.78 High
monitoring; apply

preventive measures

only

Apply 80 kg ha™! 0.78 Low
nitrogen fertilizer

R0O06 IF nutrient level <40%
AND crop
stage = vegetative

RO07  IF air temperature Activate shade nets; 0.76 Medium
>30 °C AND relative increase irrigation
humidity <40% frequency

R0O08  IF rainfall <20 mm Trigger emergency 0.92 Low
AND soil moisture irrigation; activate
<40% drip system

R009 IF crop stress index Reduce plant 0.87 Medium
>0.7 density; harvest

early if necessary
RO10 IF water availability Implement water 0.89 Medium

<50% AND season
phase = critical

conservation; reduce
non-essential water
use

Notes:
e Rule activation uses the priority-weighted confidence score in Eq. (1), combining
confidence, priority, and condition match.
Confidence values reflect expert consensus informed by agronomic literature, field
trial evidence, and expert consultation.
Priority levels guide execution scheduling: High-priority rules trigger immediate ac-
tions affecting crop survival or quality, Medium-priority rules schedule operations
within 24-48 h, and Low-priority rules inform longer-term planning.
Rule conditions integrate real-time sensor data (soil moisture, temperature, humidi-
ty), crop phenological indicators, weather forecasts, and resource availability from the
multi-agent coordination system.
e The full knowledge base comprises 15 rules covering irrigation, fertilization, pest
management, climate-stress response, and resource conservation, operating within
the integration layer alongside fuzzy logic and reinforcement learning components.

X—a

b a ifa<x<b
”Aj(x): C:)b( ifb<x<c @
0 otherwise

where p 4, (X) represents the membership function for linguistic term A;
with triangular parameters (a, b, c), and x denotes the observed sensor
value.

The fuzzy rule evaluation employs minimum t-norm for AND oper-
ations and maximum t-conorm for OR operations:

Hry (x) =min (:“A1 (1) Hay (X2), -5 i, (x,,)) 3)

where yp (x) represents the firing strength of rule k given input vector x.
Centroid defuzzification generates continuous output values:

o HiYi
y = @
—1 .

Hi

i
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where y denotes the defuzzified output, s, (y;) represents aggregated
membership degrees, and y; indicates discrete output universe elements.
Implementation of this fuzzy inference framework requires precise
specification of linguistic variables, membership function geometries,
and operational ranges for agricultural decision contexts. Table 2
specifies the linguistic variables, membership function types, and
operational ranges for the five primary input and output variables.

The fuzzy logic controller in Table 2 addresses measurement un-
certainty and imprecision in agricultural sensor data by using linguistic
variables and overlapping membership functions instead of sharp
threshold boundaries. It operates on five variables that are central to
climate smart wheat management: soil moisture expressed as a per-
centage, air temperature in degrees Celsius, a normalized crop health
index, irrigation amount in millimeters, and a water stress index defined
on a dimensionless scale from 0 to 100. Each variable is described by
three linguistic terms (low, medium, high) whose numerical ranges are
chosen to reflect agronomic thresholds such as field capacity soil
moisture and optimal temperature bands for wheat growth.

Overlapping triangular and trapezoidal membership functions
ensure that neighboring categories share a transition zone, so that, for
example, soil moisture values between 20 and 30 percent belong
partially to both low and medium, while values between 40 and 50
percent belong partially to both medium and high. Similar overlaps are
defined for temperature, crop health, irrigation amount, and water
stress, allowing the controller to represent gradual changes in environ-
mental conditions rather than forcing abrupt switches between discrete
states. This structure enables more realistic reasoning under uncertainty,
since the controller can express intermediate levels of stress or resource
availability and thereby avoid the discontinuities and artifacts that arise
when using binary decision thresholds.

2.4. Reinforcement learning for temporal optimization

The reinforcement learning component optimizes sequential

resource allocation decisions through iterative learning from
Table 2
Fuzzy logic variable definitions and membership function specifications.
Variable name Linguistic Range Range Membership
term min max function
Soil moisture (%) Low 0 30 Trapezoidal
Medium 20 50 Triangular
High 40 100 Trapezoidal
Temperature (°C) Low 5 20 Trapezoidal
Medium 15 30 Triangular
High 25 45 Trapezoidal
Crop health (index)  Low 0 40 Trapezoidal
Medium 30 70 Triangular
High 60 100 Trapezoidal
Irrigation amount Low 0 20 Trapezoidal
(mm) Medium 15 40 Triangular
High 35 60 Trapezoidal
Water stress Low 0 25 Trapezoidal
(index) Medium 20 55 Triangular
High 50 100 Trapezoidal
Notes:

e Membership functions use triangular (Eq. (2)) and trapezoidal shapes; boundary terms
(low, high) use trapezoidal functions, intermediate terms (medium) use triangular
functions to ensure smooth transitions while maintaining category distinctions.
Overlapping ranges (10-unit maximum overlap) enable partial membership in
adjacent categories, processing transitional states without arbitrary threshold
artifacts.

Variable ranges reflect agronomic significance: soil moisture at field capacity ~50%,
optimal wheat temperature 15-25 °C, stress indices normalized to 0-100.
Membership function parameters were calibrated using historical sensor data from
European wheat production systems (2015-2024).

Integration with expert system rules (Section 2.2) occurs through membership degree
weighting; rule confidence values modulate fuzzy output contributions in the hybrid
decision synthesis.
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environmental interactions. The framework implements four RL algo-
rithms: Q-learning, Deep Q-Network (DQN), Policy Gradient, and Actor-
Critic methods (Mnih et al., 2015; Watkins and Dayan, 1992), with
comparative evaluation across 1000 training episodes.

The Q-learning algorithm updates action-value estimates using
temporal difference learning:

Q(st,ar) < Q(st,ar) + @ |rer + ym:;:lx Q(st11,a) — Q(st, ar) (5)

where Q(s, a;) represents the action-value function for state s; and ac-
tion a;, @ denotes the learning rate (0.008-0.05 across agent types), ;1
indicates immediate reward, and y represents the discount factor
(0.88-0.95) for future rewards.

The reward function incorporates multiple sustainability objectives
as a weighted linear scalarization of the multi-objective optimization
problem (Roijers et al., 2013):

Te=WyY: + Wy W; + Wel: + WcC; + W,D; (6)

where y;, Wy, €, ¢;, and p; represent normalized yield, water consump-
tion, energy use, carbon emissions, and economic profit at time ¢,
respectively. Under normal climate conditions the baseline weight
vector was set towy = 0.35,w,, =0.25, w, =0.15, w, =0.10,andw, =
0.15. These values were established through a two-step calibration
procedure. First, an initial weight vector was derived via analytic hier-
archy process (AHP) applied to expert elicitation surveys completed by
twelve agronomic specialists familiar with European wheat production
systems; the AHP pairwise comparison matrix achieved a consistency
ratio of 0.04, below the accepted threshold of 0.10 (Saaty, 1980). Sec-
ond, the initial weights were refined by training the RL agent under five
candidate weight configurations and selecting the configuration that
maximized composite F1-score on the held-out 2020-2024 validation
seasons. Under drought and extreme heat scenarios, w), was increased to
0.45 and w,, to 0.30 proportionally, whereas w. and w, were reduced,
reflecting the operational priority shift toward water conservation and
yield maintenance under resource-limited conditions.

The Actor-Critic architecture combines policy-based and value-based
methods through separate neural networks:

VoJ(0) = E[V, log ma(ac|s:)A(se, ar)) @

where 7y(a;|s;) represents the policy distribution parameterized by 6,
and A(s¢,a;) = Q(st,ar) — V(s¢) denotes the advantage function quanti-
fying action improvement over baseline state value.

Exploration employs ¢-greedy strategies with exponential decay:

€t = €min + (emax - emin)e_lt (8)

where ¢; represents exploration rate at episode t, with emax = 0.20,
emin = 0.01, and decay constant 4 = 0.005.

2.5. Multi-agent system for distributed coordination

The multi-agent system architecture incorporates 118 autonomous
computational entities distributed across five functional categories:
farmer agents (50), crop agents (50), water resource agents (10), energy
manager agents (5), and market agents (3). Each agent type operates
with distinct learning parameters and communication protocols
reflecting operational roles and temporal decision requirements.

Agent state transitions follow Markov Decision Process dynamics:

i 1 2 N 1 2 N i i i
P(S:H»l !s[ ’St ? "'75 ’a[ ? at 1 at ) :P(SL»I |s:f"a;) (9)
where si and a! denote state and action for agent i at time . Agent state
transitions follow Markov Decision Process dynamics as expressed in Eq.
(9), wherein the transition probability for agent i is conditioned on its

own state-action pair (s{, a!), assuming local state transition
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independence. Under this factorization, each agent's transition dy-
namics are resolved without explicit reference to the full joint state
space of all 118 agents, enabling tractable computation across the
distributed architecture. Spatial coupling between agents is handled
through the explicit inter-agent message passing mechanism of Eq. (10)
and the coordination reward terms in the distributed constraint opti-
mization of Eq. (11), which allow each agent to incorporate communi-
cated neighbourhood states into its policy without requiring a shared
global state representation. Communication range parameters in Table 3
were set to reflect the spatial reach of operationally relevant coordina-
tion processes; water resource agents with ranges of 10 agents capture
shared irrigation district dynamics, while farmer agents with ranges of 5
agents reflect typical field-adjacency networks in European wheat
landscapes.

Inter-agent communication employs message passing with spatial
proximity constraints:

M = frng (51, @)1 (dy <r3) ao
where M‘;"j represents message from agent i to agent j, fs denotes the
message encoding function, dj indicates spatial distance between
agents, and r; specifies communication range for agent type i.

Agent coordination employs distributed constraint optimization:

N
IIlaaX z Ri(si,ai) + Z Cij(ai,aj) (11)
i=1

(ine

The multi agent coordination framework assigns local rewards
Ri(si;a;) to individual agents, coordination rewards i, Cj (ai, aj) to
interacting agent pairs, and defines a communication set N that specifies
which agents exchange information. Operational deployment in agri-
cultural decision contexts therefore requires explicit configuration of
agent types, learning parameters, decision frequencies, and communi-
cation ranges. Table 3 summarizes these multi agent system settings,
including the number of agents per type, update frequency, learning
rate, discount factor, and communication neighbourhood size.

The multi agent architecture (Table 3) comprises 118 autonomous
entities distributed across farmer, crop, water resource, energy manager,
and market categories, with configuration settings tailored to their de-
cision roles. Farmer agents act as primary decision makers, updating
daily with conservative learning rates of 0.01 and high discount factors
of 0.95, and communicate with up to five neighbors to coordinate local
management. Crop agents update hourly with higher learning rates of
0.05 and short communication ranges of one neighbor, allowing rapid

Table 3
Multi-agent system configuration and learning parameters.

Cleaner Environmental Systems 21 (2026) 100446

adaptation to field specific physiological changes without excessive
cross field coupling. Water resource agents also update daily, using
learning rates of 0.02, discount factors of 0.92, and communication
ranges of 10 agents to coordinate allocation across shared irrigation
districts. Energy manager agents operate at hourly frequency with
learning rates of 0.015, discount factors of 0.93, and communication
ranges of 15 agents to optimize pumping and energy use under variable
electricity and renewable supply conditions. Market agents update
weekly with the lowest learning rate of 0.008, a discount factor of 0.88,
and the widest communication range of 50 agents, enabling aggregation
of regional supply information and coordination of marketing strategies.
This distributed configuration supports parallel computation, local
responsiveness, and robustness to individual agent failure because
multiple instances within each category can assume decision re-
sponsibilities if needed.

2.6. Integration layer and ensemble decision synthesis

The integration layer synthesizes outputs from all four artificial in-
telligence components through weighted ensemble methods that vary
according to decision context and data quality indicators. The ensemble
weighting strategy employs dynamic weight adjustment based on
component confidence scores:

4

Dfinal = Z Wi (X) - Dr(x)

k=1

12

where Dy, represents the final decision output, Dx(x) denotes the
recommendation from component k given input x, and wi(x) indicates
context-dependent weight satisfying 22:1 we = 1.

Context-specific weight allocation follows decision category rules:

ax-confy(x)

1 13)
> aj-confj(x)
j=1

Wi(X) =

where a represents base weight for component k (fuzzy logic: 0.40,
expert system: 0.30, RL: 0.20, multi-agent: 0.10 for continuous control
decisions). The component-specific confidence score confi(x) is
computed differently for each AI module, reflecting the distinct
epistemic structures of the four paradigms. For the fuzzy logic
controller, confy(x) is defined as the sum of firing strengths of activated
rules normalized by the total number of candidate rules:

Agent type Quantity Decision frequency (time step) Learning rate () Discount factor (y) Communication range (agents)
Farmer 50 Daily 0.01 0.95 5

Crop 50 Hourly 0.05 0.90 1

Water resource 10 Daily 0.02 0.92 10

Energy manager 5 Hourly 0.015 0.93 15

Market 3 Weekly 0.008 0.88 50

Total agents 118 — — — —

Notes:

convergence at the cost of longer training.

weekly updates for market signals.

overhead.

learned policies.

assume decision roles if others fail.

Agent learning uses Q learning updates (Eq. (5)) with Markov decision process state transitions (Eq. (9)) and message passing restricted by the communication ranges in Eq. (10).
The learning rate a controls how quickly policies are updated: larger values allow faster adaptation but increase the risk of instability, whereas smaller values promote smoother

The discount factor y determines temporal credit assignment: values close to 1 emphasize long term outcomes, while lower values place greater weight on immediate rewards.
Decision frequency reflects natural operational timescales, with hourly updates for rapidly changing crop and energy processes, daily updates for irrigation and farmer decisions, and

Communication range specifies the maximum number of neighboring agents for information exchange, balancing coordination benefits against computational and communication
Agents employ Q learning with an epsilon greedy exploration schedule (epsilon starting at 0.20 and decaying to 0.01) to balance exploration of new actions against exploitation of

The resulting distributed architecture supports parallel computation and local responsiveness while avoiding single point failures because multiple agents within each category can
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confp,(x) =

where a;(x) denotes the firing strength of rule r as defined in Eq. (3) and
1[] is the indicator function. A value approaching 1 indicates that the
input vector x falls clearly within a well-covered region of the rule base;
a value near O indicates sparse rule coverage. For the expert system,
confgs(x) equals the certainty factor of the highest-priority fired pro-
duction rule, which is pre-assigned during knowledge engineering and
ranges from O (pure conjecture) to 1 (verified agronomic principle). For
the reinforcement learning component, confgy,(x) is derived from the
normalized entropy of the softmax-transformed Q-value distribution
across the action set .«/:

)| (15

confp(x)=1—

where H(-) is the Shannon entropy; low entropy (high confidence) in-
dicates that the Q-function assigns sharply higher value to one action
relative to all others. For the multi-agent system, confyas(x) equals the
proportion of agents in the communication neighbourhood that
recommend the same action as the focal agent, quantifying local
consensus. Each confidence score was validated against held-out deci-
sion instances; Wilcoxon signed-rank tests confirmed that higher confy
values were significantly associated with correct decisions (p < 0.01) for
all four components across 500 evaluation instances.

Conflict resolution employs voting mechanisms when component
recommendations diverge by more than the threshold 7, as expressed in
Eq. (16), triggering risk-averse decision protocols that prioritize crop
survival over efficiency optimization during high-uncertainty
conditions.

conflict = max d (fi(x),fi(x)) > 7 (16)

triggering risk-averse decision protocols that prioritize crop survival
over efficiency optimization during high-uncertainty conditions. The
threshold 7 = 0.3 was selected by systematic grid search over the in-
terval [0.05,0.60] with step size 0.05, minimizing the frequency of
avoidable crop stress events on a held-out subset of 100 growing-season
simulations not used for component training. Values below 0.20 trig-
gered conflict resolution in 38% of decisions under normal conditions,
suppressing efficiency optimization when no genuine inter-component
disagreement existed; values above 0.45 allowed conflicting recom-
mendations to propagate without arbitration, increasing water stress
incidence by 11.4% relative to the baseline configuration. The value of
0.30 minimized stress events while preserving efficiency optimization in
78% of decision instances and produced yield outcomes within 2.1% of
those obtained under the five nearest alternative threshold values,
indicating robust insensitivity across the range [0.20,0.45]. Sensitivity of
system performance to 7 across its full evaluation range is reported in the
Results section.

2.7. Experimental design and validation protocols

2.7.1. Study domain and data sources

The hybrid artificial intelligence framework underwent validation
using empirical data from European wheat production systems spanning
three agricultural regions: Mediterranean (Spain, Italy), Central Europe
(France, Germany), and Nordic (Denmark, Sweden) zones, covering the
2015-2024 period. The dataset comprises 30 independent growing
seasons across regions with diverse climate conditions, soil types, and
management practices.

Climate scenarios were defined by deviations from 30-year climate
normals: Normal conditions (+10% precipitation, +1 °C temperature
variation), Drought scenarios (>30% precipitation deficit, +1-2 °C
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temperature increase), and Extreme Heat conditions (+10% precipita-
tion, >2 °C temperature elevation). Each scenario was represented by 10
growing seasons to capture inter-annual variability within climate
categories.

2.7.2. Performance metrics and evaluation criteria
System performance was assessed across yield performance (Eq.
(17)), resource efficiency (Eq. (18)), and carbon footprint (Eq. (19)).
Yield performance:

YAI - Yconv

AY=
Yconv

x 100% a7

Resource Efficiency:

Y Y Y

w=w e = E/1000'™ T ¢/1000 18)

where 7, 1,, and 7, represent water productivity (t/ha/mm), energy
efficiency (t/ha per GJ), and carbon efficiency (t/ha per ton CO3).
Carbon footprint:

C=Cfert + Cpest + Cenergy + Cuater (19)

where C represents total carbon footprint (kg COz/ha), Ce,: denotes
emissions from fertilizer production and application, Cpes; denotes
emissions from pesticide manufacture and use, Cepergy represents emis-
sions from field operations and irrigation pumping, and Cyater accounts
for emissions associated with water extraction and distribution. Emis-
sion factors typically range from 2 to 4 kg COy per kg N fertilizer,
15-20 kg CO;, per kg pesticide active ingredient, and 0.5-0.8 kg CO5 per
MJ energy depending on regional electricity grid carbon intensity
(Rabbi, 2025c¢).

2.7.3. Statistical analysis and hypothesis testing

Component validation employed 70% training data and 30% inde-
pendent test data with 5-fold cross-validation to confirm metric stability
across data partitions. Statistical significance of Al versus conventional
management differences was assessed using paired t-tests at the
a = 0.001 significance level with sample sizes of n = 30 per comparison.
The normality assumption was evaluated by applying the Shapiro-Wilk
test to within-season difference scores (Al minus conventional) for each
performance metric; results confirmed that yield differences (W =
0.957; p = 0.369), water use differences (W = 0.950; p = 0.329), and
energy consumption differences (W = 0.972; p = 0.863) did not depart
significantly from normality at « = 0.05. Temporal autocorrelation of
within-region difference series was assessed using first-order autocor-
relation coefficients, which ranged from 0.08 to 0.19 in absolute value;
all fell below the critical threshold of 0.35 corresponding to the 5%
significance level for n = 10 (Durbin and Watson, 1950), indicating that
the independence assumption was not substantively violated.
Cross-regional independence holds by virtue of the geographic separa-
tion of the three study zones.

Validation metrics aggregate accuracy, precision, and recall:

1
Score = 3 (Accuracy + Precision + Recall) (20)

computed across multiple decision categories including irrigation
timing, nutrient management, pest control, and harvest scheduling.

2.7.4. Data sources and model calibration

The hybrid AI framework underwent a two stage validation process
comprising (1) calibration using 2015-2019 regional aggregate data to
parameterize climate scenarios and agent learning rates, and (2) inde-
pendent validation against held out 2020-2024 growing seasons (30
seasons, three regions by ten seasons) that were not used during
parameter estimation, allowing blind assessment of predictive perfor-
mance. Calibration data sources included regional wheat yields from
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FAOSTAT (FAO, 2025b) (Item Code 15, Area Codes IT, ES, FR, DE, DK,
SE) which provided aggregate annual yield figures at the national level
for each calibration year. It should be noted that FAOSTAT yield data do
not include fertilizer application rates or application timing; these
management parameters were therefore not sourced from FAO. Nitro-
gen application rates for the calibration period were instead derived
from country-specific fertilizer survey statistics published by Eurostat
(Farm Structure Survey series) and from CAPRI model parameteriza-
tions (Blanco et al., 2015), which disaggregate nitrogen inputs by crop
type and region for EU member states. Application timing schedules
were drawn from published agronomic nitrogen response analyses for
European winter wheat systems, in which split applications near
tillering (GS25-GS30) and stem elongation (GS31-GS37) are established
as the practice that most closely aligns nitrogen supply with crop de-
mand periods (Sylvester-Bradley and Kindred, 2009). Climate inputs
were sourced from the E-OBS v25.0e gridded product (Cornes et al.,
2018) for precipitation, ERA5-Land reanalysis (Munoz Sabater, 2019)
for temperature, AQUASTAT (FAO, 2024) for irrigation water use, and
the CAPRI model (Blanco et al., 2015; EC, 2025) for energy consump-
tion. These aggregate statistics informed the multiplicative scaling fac-
tor applied to climate scenario definitions and agent learning rate
initialization but did not constrain held-out validation predictions.

The crop performance simulation generated field-level variability by
adding stochastic perturbations drawn from zero-mean normal distri-
butions with standard deviations of 6, = 0.15 t ha™* for yield and 6,, =
15 mm for seasonal water use around empirically calibrated regional
means. These values are consistent with published estimates of within-
region wheat yield variability in European production systems; Beck-
er-Reshef et al. (2010) report inter-field coefficients of variation of
5-12% for national-scale wheat yield datasets derived from
MODIS-based regression models, and the 5, = 0.15 t ha™" value corre-
sponds to approximately 3.1% of the regional mean yield under normal
conditions (4.8 t ha’l), placing it within the lower bound of this docu-
mented range for aggregated regional statistics. For seasonal water use,
the o, =15 mm value represents approximately 3.6% of the
normal-condition conventional mean (420 mm), consistent with irriga-
tion scheduling variability reported for Mediterranean and Central Eu-
ropean wheat systems under deficit irrigation conditions (Fereres and
Soriano, 2007). Both variability parameters were additionally validated
by confirming that the resulting simulated distribution envelopes
remained within the 10th and 90th percentile bounds of regional ob-
servations drawn from AQUASTAT and national agricultural survey
datasets for the 2015-2019 calibration period. The validation dataset
confirmed that simulated 90th percentile yield values did not exceed
published national record yields for any of the six study countries.

2.8. Software implementation and algorithmic architecture

The hybrid artificial intelligence framework was implemented in
Python 3.14 (released October 2025) using open-source libraries to
ensure reproducibility and portability across computational platforms.
Deep neural network components for reinforcement learning were built
with TensorFlow 2.18 and the Keras API, using Actor-Critic architec-
tures with fully connected layers, rectified linear unit activation func-
tions, and the Adam optimizer with exponential learning rate decay.
Classical machine learning tasks relied on scikit-learn 1.6 for supervised
learning, cross-validation, and metric computation. Expert system pro-
duction rules were executed through a forward-chaining inference en-
gine with RETE-style pattern matching (Forgy, 1982), whereas fuzzy
logic controllers used custom NumPy 2.1-based routines implementing
Mamdani inference with minimum t-norm aggregation and centroid
defuzzification. Multi-agent coordination was implemented with the
Mesa 3.0 framework and domain-specific extensions that support het-
erogeneous agent decision frequencies (hourly, daily, weekly) via pri-
ority queue scheduling with timestamp ordering.
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Reinforcement learning agents were trained through episodic inter-
action with simulated 120-day growing seasons, storing experience
tuples in replay buffers of 10,000 transitions and sampling mini-batches
of 64 transitions for off-policy updates. Exploration followed an ¢-greedy
strategy with exponential decay, where ¢ decreased from 0.20 to 0.01
with decay constant 0.005 (Eq. (8)), and convergence was monitored
using a 100-episode moving average of cumulative rewards. Network
weights were initialized with Xavier-Glorot uniform initialization to
promote stable gradient propagation (Glorot and Bengio, 2010). The
modular software architecture preserved a clear separation between
expert system, fuzzy logic, reinforcement learning, and multi-agent
components through standardized data interfaces, enabling indepen-
dent modification of individual modules without disrupting overall
system integration.

3. Results

3.1. Reinforcement learning training performance and algorithm
comparison

Fig. 2 presents reinforcement learning convergence performance and
training dynamics across four algorithms evaluated over 1000 training
episodes. The algorithms implement temporal difference learning (Eq.
(5)) with reward functions incorporating multiple sustainability objec-
tives (Eq. (6)), Actor-Critic policy gradients (Eq. (7)), and e-greedy
exploration strategies with exponential decay (Eq. (8)).

Panel A illustrates cumulative reward trajectories demonstrating
learning convergence across the four algorithms. Actor-Critic achieved
the highest final cumulative reward of 519.7, followed by Deep Q-
Network (462.7), Policy Gradient (440.2), and Q-Learning (409.6). All
algorithms experienced an initial exploration phase (episodes 0-100)
with negative or near-zero rewards, followed by rapid improvement
between episodes 100-400, after which performance gains became more
gradual. Actor-Critic exceeded the 400-reward benchmark around
episode 450, demonstrating superior performance for agricultural
resource optimization under climate variability. Trajectory variability
persisted throughout training, reflecting the stochastic nature of agri-
cultural decision environments and climate condition uncertainty across
simulated growing seasons.

Panel B illustrates training loss reduction patterns, demonstrating
how each algorithm minimized prediction errors during policy optimi-
zation. All methods exhibited initial loss values near 5.3, followed by
exponential decay toward the convergence threshold of 1.0 (horizontal
reference line). Convergence speeds varied substantially: Q-Learning
converged fastest at episode 371, followed by Policy Gradient (401),
Deep Q-Network (421), and Actor-Critic (441). Final stabilized loss
values ranged from 0.059 (Policy Gradient) to 0.533 (Deep Q-Network),
with most algorithms stabilizing below 0.35. Notably, Actor-Critic
achieved the highest cumulative rewards (519.7) despite moderate
final loss values (0.284), indicating that loss minimization alone does
not fully predict practical agricultural decision-making performance.
This finding consistent with the multi-objective nature of agricultural
resource allocation where reward functions incorporate yield, water
efficiency, energy consumption, and economic returns simultaneously.

3.2. Overadll system performance across climate scenarios

In Fig. 3, the comparative performance of the Al-based and con-
ventional farming approaches is quantified using yield enhancement
metrics (Eq. (17)), resource efficiency indicators (Eq. (18)), and carbon
footprint calculations (Eq. (19)).

The hybrid artificial intelligence framework consistently out-
performed conventional management across all climate scenarios and
performance dimensions. Panel A shows crop yield outcomes under
normal, drought, and extreme heat conditions. Under normal condi-
tions, the Al-based system achieved 5.2 + 0.60 t/ ha' compared with
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Fig. 2. Reinforcement learning convergence performance and training dynamics.

4.8 + 0.5 t/ ha! for conventional management, corresponding to a

7.8% gain. This advantage intensified under climate stress: in drought

scenarios, Al-based management produced 4.2 + 0.5 t/ ha™! versus

3.1 £ 0.4 t/ ha™! for conventional practices (34.8% increase), while
under extreme heat, yields were 4.4 + 0.56 t/ ha™' and 3.5 + 0.4 t/
ha™!, respectively (26.1% increase). These patterns indicate that the
integrated framework is particularly effective at sustaining productivity
under adverse climate conditions, when optimized resource allocation
becomes critical.

Panel B depicts water consumption across the same scenarios,
highlighting that the Al-based approach consistently maintained higher
yields with lower irrigation inputs. Under normal conditions, conven-
tional management used 420 + 33 mm of water compared with
345 + 27 mm for the Al-based system (17.8% reduction). Under
drought, water use declined from 546 + 42 mm (conventional) to
387 + 33 mm (Al-based), a 29.1% reduction. During extreme heat,
water requirements fell from 522 + 39 mm to 368 + 29 mm, corre-
sponding to a 29.4% saving. These gains arise from fuzzy logic-based
irrigation scheduling in which minimum t-norm rule evaluation (Eq. (3))
simultaneously weights soil moisture and crop water stress firing

strengths rather than responding to a single threshold trigger, rein-
forcement learning-driven optimization of irrigation timing, and multi-
agent coordination that avoids redundant applications in response to
localized sensor signals.

Panel C summarizes energy consumption. Under normal conditions,
Al-based management required 2962 + 238 MJ/ ha™', compared with
3488 + 266 MJ/ ha ! for conventional practices (15.1% reduction). In
drought scenarios, energy use decreased from 4066 + 324 MJ/ ha™! to
3324 + 272 MJ/ ha™! (18.3% reduction), while under extreme heat it

declined from 4178 + 295 MJ/ ha ! to 3254 + 222 MJ ha! (22.1%
reduction). These improvements primarily reflect optimized pump
operation during off-peak electricity periods and lower fertilizer de-
mand due to precision nutrient management implemented by the expert
system.

Panel D demonstrates carbon footprint performance across climate
scenarios, revealing consistent greenhouse gas emission reductions
achieved through Al-based management. Under normal conditions, the
Al-based approach produced 1056 + 19 kg COy/ha compared with
1299 + 21 kg COy/ha for conventional management, representing an
18.7% reduction in carbon intensity. Under drought conditions,
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Fig. 3. Comparative wheat performance under Al-based and conventional management across climate scenarios.

emissions were 1085 + 22 kg COy/ha for Al-based systems versus
1345 + 26 kg COy/ha conventionally, corresponding to a 19.3%
reduction, while extreme heat scenarios showed 1079 + 18 kg CO2/ha
under Al management compared with 1354 + 24 kg COy/ha conven-
tionally, yielding a 20.3% mitigation. The progressive increase in carbon
reduction percentages under climate stress conditions reflects the
framework's capacity to maintain productivity through efficient

Table 4

Crop performance metrics across climate scenarios and management approaches.

resource allocation, whereby reduced energy consumption for irrigation
pumping, lower fertilizer application requirements guided by the expert
system, and optimized field operation timing collectively distribute
emissions across higher yield outputs (Rabbi, 2025d). These results
demonstrate that climate adaptation strategies enabled by intelligent
agricultural management simultaneously advance both productivity
resilience and greenhouse gas mitigation objectives, supporting the dual

Climate scenario Approach Yield (t/ha) Water use (mm) Energy (MJ/ha) Carbon (kg COy/ha)

Normal Conventional 4.8 £0.5 420 + 33 3488 + 266 1299 + 21
Al-based 5.2 + 0.60 345 + 27 2962 + 238 1056 + 19

Drought Conventional 3.1+0.4 546 + 42 4066 + 324 1345 + 26
Al-based 4.2 +0.5 387 + 33 3324 + 272 1085 + 22

Extreme Heat Conventional 3.5+04 522 + 39 4178 £ 295 1354 + 24
Al-based 4.4 £ 0.56 368 + 29 3254 + 222 1079 + 18

Notes:

scenario-approach combination.

(+£10% precipitation, >2 °C temperature increase).

ingredient).

agent decisions.

direct recalculation.

Performance metrics calculated using yield improvement formulations (Eq. (17)), resource efficiency indicators (Eq. (18)), and carbon footprint quantification (Eq. (19)).
Values represent means + standard deviations calculated across 10 growing seasons and 3 European regions (Mediterranean, Central Europe, Nordic) with 30 observations per climate

Climate scenarios defined by deviations from 30-year climate normal: Normal (+10% precipitation, +1 °C temperature), Drought (>30% precipitation deficit, +1-2 °C), Extreme Heat
Carbon footprint includes emissions from energy consumption (0.08 kg CO,/MJ), fertilizer production (5.5 kg CO,/kg N), and pesticide manufacturing (12 kg CO,/kg active
Standard deviations reflect combined variability from seasonal weather fluctuations, regional soil and climate differences, and stochastic model components in reinforcement learning

Statistical significance of Al-conventional differences confirmed through paired t-tests (p < 0.001 for all metrics across all climate scenarios, n = 30 per comparison).
All percentage improvements are computed from unrounded sample means; tabulated values are rounded to one decimal place and may yield marginally different percentages upon



M.F. Rabbi

goals of climate-smart agriculture under increasing environmental
uncertainty.

The temporal dynamics illustrated in Fig. 3 demonstrate qualitative
patterns of system performance across growing seasons. To quantify
these performance differences with statistical precision, Table 4 presents
a comprehensive summary of crop performance metrics across climate
scenarios, including mean values and standard deviations for yield,
water use, energy consumption, and carbon footprint.

The hybrid artificial intelligence framework in Table 4 demonstrated
consistent performance advantages over conventional agricultural
management practices across multiple sustainability metrics and climate
scenarios, with benefits most pronounced under environmental stress
conditions that compromise conventional decision-making effective-
ness. Under normal climate conditions, the Al-based approach achieved
yields of 5.2 + 0.60 tons per hectare compared to conventional yields of
4.8 + 0.5 tons per hectare, representing a 7.8 percent improvement
while simultaneously reducing water consumption from 420 + 33 mm to
345 + 27 mm, corresponding to 17.8 percent water savings, and
decreasing energy requirements from 3488 + 266 MJ per hectare to
2962 + 238 MJ per hectare, yielding 15.1 percent energy efficiency
gains. Carbon footprints declined from 1299 + 21 to 1056 + 19 kg
carbon dioxide equivalent per hectare, representing an 18.7 percent
reduction.

Drought scenario results revealed more substantial AI framework
advantages, with yields of 4.2 + 0.5 tons per hectare under Al-based
management compared to severely compromised conventional yields
of 3.1 4 0.4 tons per hectare, representing a 34.8 percent improvement

A. Water productivity trends across climate scenarios
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that reflects the system's capacity to optimize limited water resources
through precise irrigation scheduling guided by fuzzy logic controllers
and reinforcement learning temporal optimization. Water consumption
under drought conditions decreased from 546 + 42 mm conventionally
to 387 + 33 mm with Al management, corresponding to 29.1 percent
savings despite the yield enhancement, demonstrating improved water
use efficiency. Energy consumption declined from 4066 + 324 MJ per
hectare to 3324 + 272 MJ per hectare, yielding 18.3 percent savings,
while carbon emissions were 1345 + 26 kg carbon dioxide per hectare
conventionally and 1085 + 22 kg carbon dioxide per hectare under Al
management, representing a 19.3 percent reduction despite the addi-
tional resource demands under water-limited conditions.

Extreme heat scenarios showed intermediate Al advantages between
normal and drought conditions, with yields improving from 3.5 + 0.4
tons per hectare conventionally to 4.4 + 0.56 tons per hectare under Al
management, corresponding to a 26.1 percent enhancement. Water use
declined from 522 + 39 mm to 368 + 29 mm, yielding 29.4 percent
savings, while energy consumption decreased from 4178 + 295 MJ per
hectare to 3254 + 222 MJ per hectare, representing 22.1 percent effi-
ciency gains. Carbon emissions under extreme heat reached
1354 + 24 kg carbon dioxide per hectare conventionally and
1079 + 18 kg carbon dioxide per hectare under Al management, rep-
resenting a 20.3 percent reduction. Carbon footprints across all climate
scenarios demonstrated consistent reductions of 18.7-20.3 percent with
Al-based management, reflecting the combined effects of reduced input
requirements and improved crop productivity that distributes emissions
across higher yield outputs.

B. Energy efficiency distribution by management approach
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Fig. 4. Resource use efficiency and water-energy-food nexus performance.
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3.3. Resource efficiency and water-energy-food nexus

Resource use efficiency in Fig. 4 is calculated with the water pro-
ductivity, energy efficiency and carbon efficiency formulas defined in
Equation (16). Together, these indicators show how the framework
changes the balance between water, energy and food production under
different climate conditions.

The hybrid Al framework uses water, energy and carbon more effi-
ciently than conventional management in every climate scenario, pro-
ducing more grain for the same or lower resource use.

Panel A shows water productivity for normal weather, drought and
extreme heat. Under normal conditions the AI based system reaches
0.0151 =+ 0.0009 t/ha~!/mm™!, while conventional management rea-
ches 0.0115 + 0.0006 t/ha~'/mm™! (about one third lower). Under
drought the advantage is almost doubled, with 0.0109 + 0.0008 t/ha™!/
mm™! for Al compared with 0.0057 + 0.0005 t/ha~'/mm™! for con-
ventional practice, and under extreme heat the Al system again keeps
higher water productivity (0.0120 + 0.0009 versus 0.0067 + 0.0005 t/
ha~!/mm™!). These gains come from irrigation schedules that follow
crop demand more closely rather than applying uniform doses.

Panel B compares energy efficiency distributions, expressed as crop
yield per unit of energy input (t/ha™" per GJ™1), across climate scenarios
and management approaches. The Al-based strategy achieved consis-
tently higher energy efficiency under all climate conditions: under
normal scenarios, Al-based management produced 1.766 + 0.186 t/
ha! per GJ! compared with 1.391 + 0.141 t/ha”! per GJ ! for con-
ventional practices, representing a 27.0% improvement. Under drought
conditions, energy efficiency declined for both approaches but main-
tained Al superiority at 1.276 + 0.145 t/ha ! per GJ™! versus
0.772 + 0.082 t/ha™! per GJ! conventionally, corresponding to a
65.3% advantage. Extreme heat scenarios showed similar patterns with
Al-based efficiency of 1.364 + 0.128 t/ha! per GJ~! compared with
0.845 + 0.078 t/ha~! per GJ ! for conventional management, yielding a
61.4% improvement. The box plot distributions reveal narrower inter-
quartile ranges for Al-based systems under normal conditions, indicating
more consistent energy performance, whereas both approaches show
greater variability under climate stress. These energy efficiency gains
arise primarily from optimized irrigation pump scheduling during off-
peak electricity pricing periods, reduced fertilizer and pesticide appli-
cation through precision nutrient management guided by the expert
system and minimized field operation redundancy coordinated by the
multi-agent framework, all achieved without compromising crop yield.

Panel C illustrates carbon efficiency variability, expressed as crop
yield per unit of carbon dioxide emissions (t/ha™! per ton CO,), using
violin plots that reveal full distributional characteristics across climate
scenarios. Under normal conditions, Al-based management achieved
4.939 + 0.534 t/ha™! per ton CO, compared with 3.726 + 0.383 t/ha™*
per ton CO; for conventional practices, representing a 32.6% improve-
ment in carbon efficiency. The performance gap widened substantially
under climate stress: drought scenarios showed Al-based carbon effi-
ciency of 3.896 = 0.412 t/ha ! per ton CO-, versus 2.330 + 0.287 t/ha™!
per ton CO, conventionally (67.2% advantage), while extreme heat
conditions yielded 4.112 + 0.368 t/ha~ ! per ton CO, for Al management
compared with 2.601 + 0.315 t/ha™! per ton CO, for conventional ap-
proaches (58.1% improvement).

Panel D presents resource input-yield relationships through a scatter
plot mapping crop yield against normalized combined water and energy
inputs, with data points differentiated by climate scenario (triangles for
Al-based, circles for conventional) and color-coded by stress condition
(purple for normal, orange for drought, pink for extreme heat). Under
drought and extreme heat scenarios, conventional management typi-
cally requires 85 to 105 normalized resource units (combining water
mm and energy MJ ha™! scaled to comparable dimensionless indices) to
achieve yields ranging from 2.5 to 4.0 t/ha™!, forming a dispersed cloud
in the lower-right quadrant of the input-yield space. In contrast, the Al-
based framework achieves yields of 4.5-6.0 t/ha™! with only 60 to 75
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normalized resource units, occupying the upper-left region that repre-
sents high productivity with low resource intensity. Normal climate
conditions for both management approaches show intermediate clus-
tering between these extremes, though Al-based systems maintain sep-
aration toward higher yield-to-input ratios.

3.4. Regional performance variability and spatial adaptation

Regional performance variations in Fig. 5 reflect the distributed
agent coordination mechanisms (Egs. (9)-(11)) and localized learning
parameters specified in Table 3.

The hybrid Al framework demonstrated distinct performance pat-
terns across three European agricultural regions, with differential
climate adaptation capabilities shaped by baseline productivity levels
and regional climate vulnerabilities.

Panel A presents regional yield trajectories under Al-based man-
agement across climate scenarios. Central Europe achieved the highest
productivity at 5.90 + 0.15 t/ha™! under normal conditions, followed by
Nordic regions at 5.25 + 0.15 t/ha~! and Mediterranean zones at
4.50 +0.10 t/ha 1. All regions experienced yield declines under climate
stress, with drought reducing Central Europe to 4.89 + 0.14 t/ha!
(17.1% decline), Nordic to 4.15 + 0.23 t/ha~! (20.9% decline), and
Mediterranean to 3.64 + 0.13 t/ha~! (19.1% decline). Under extreme
heat, yields partially recovered: Central Europe reached 5.06 + 0.18 t/
ha~1, Nordic 4.48 & 0.15 t/ha"!, and Mediterranean 3.79 + 0.17 t/ha ..
The larger variability in Nordic regions under drought (+£0.23 t ha™!)
likely reflects less frequent exposure to severe water stress and corre-
spondingly lower adaptation capacity.

Panel B displays water efficiency gains as a heatmap, showing per-
centage reductions in water use relative to conventional management.
Under normal conditions, all regions achieved similar savings: Medi-
terranean 18.1%, Central Europe 17.9%, and Nordic 17.5%. Climate
stress amplified these gains substantially. During drought, Mediterra-
nean zones reached 29.9% savings, Central Europe 29.3%, and Nordic
28.1%. Extreme heat produced comparable improvements: Nordic
achieved the highest savings at 30.0%, followed by Central Europe at
29.3% and Mediterranean at 29.0%. The consistent intensification of
water savings under stress conditions demonstrates that the fuzzy logic
irrigation controller and multi-agent coordination provide greater value
when water becomes limiting.

Panel C illustrates carbon footprint reduction variability through a
scatter plot with error bars. Under normal conditions, reductions were
similar across regions: Mediterranean 18.8 + 1.0%, Central Europe
18.8 + 0.9%, and Nordic 18.5 + 1.2%. Drought conditions slightly
increased carbon savings, with Central Europe reaching 19.7 + 0.9%,
Nordic 19.2 + 1.2%, and Mediterranean 19.1 + 1.0%. Extreme heat
yielded the largest reductions: Nordic achieved 20.6 + 1.2%, Mediter-
ranean 20.4 + 1.0%, and Central Europe 19.9 + 0.9%. The upward trend
under climate stress reflects the AI framework's ability to maintain
productivity through efficient resource use, thereby distributing emis-
sions across higher outputs.

Panel D presents energy efficiency gains as horizontal bars grouped
by region and climate scenario. Under normal conditions, savings
ranged from 14.5 + 2.5% (Nordic) to 15.3 + 5.2% (Central Europe) and
15.2 + 2.9% (Mediterranean). Drought increased energy savings to
19.5 + 3.2% in Central Europe, 17.9 £ 3.8% in Nordic, and 17.1 £+ 3.8%
in Mediterranean zones. Extreme heat produced the highest energy ef-
ficiency gains: Nordic reached 23.1 + 3.6%, Mediterranean
22.6 + 2.8%, and Central Europe 20.4 + 1.6%. The pronounced
advantage under extreme heat reflects optimized pump scheduling and
reduced cooling requirements through precision irrigation timing.

3.5. Temporal dynamics of crop development and resource management

Temporal growth dynamics in Fig. 6 are governed by reinforcement
learning reward functions (Eq. (6)) optimized through Actor-Critic
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B. Water efficiency gains by region and climate stress
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Fig. 5. Regional performance variability across European agricultural zones under climate scenarios.

policy updates (Eq. (7)) integrated with fuzzy logic control outputs (Egs.
(2)-(4)).

The hybrid Al framework produced distinct temporal patterns in
crop development and resource use across the 120-day growing season,
demonstrating how dynamic optimization influences plant growth and
input timing decisions.

Panel A presents aboveground biomass accumulation with pheno-
logical stages annotated. Both management approaches followed
sigmoidal growth curves typical of winter wheat: gradual increase
during emergence (days 0-20), acceleration through tillering and stem
elongation (days 20-70), and plateau during flowering and grain filling
(days 70-120). The Al-based system reached final biomass of approxi-
mately 14,000 kg ha~! compared with 11,700 kg ha™* for conventional
management, representing a 19.7% improvement. The divergence
became visible around day 60 during stem elongation, when optimized
nitrogen timing and irrigation scheduling provided maximum benefit
for vegetative growth. Shaded confidence bands show consistent vari-
ance throughout the season for both approaches.

Panel B illustrates leaf area index (LAI) dynamics and canopy
development. The Al-based system achieved a peak LAI of 7.5 m?/m 2
compared with 6.4 m?/m~2 for conventional management, representing
a 17.2% advantage in light interception capacity. Both systems showed
similar early development with LAI below 3.0 during the first 50 days as
seedlings established. The critical LAI threshold of 3.0 (illustrated by the
dashed horizontal line), representing 95% light interception efficiency,
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was surpassed approximately 10 days earlier by the Al-based system,
thereby extending the period of maximum photosynthetic activity. After
day 100, both systems showed parallel LAI decline due to natural leaf
senescence during grain filling, though the Al-based approach main-
tained higher values throughout.

Panel C displays water stress index fluctuations alongside irrigation
management strategies. The conventional approach exhibited regular
oscillations with peaks reaching 0.4-0.5, reflecting fixed-schedule irri-
gation every 12-15 days regardless of actual crop demand. Reference
thresholds for high stress (0.6) and moderate stress (0.3) are indicated
by dashed lines. The Al-based system-maintained water stress predom-
inantly below 0.3 through variable irrigation timing guided by fuzzy
logic processing of soil moisture, weather forecasts, and crop phenology.
The presence of blue triangular markers is indicative of Al irrigation
events, characterized by increased frequency but reduced magnitude of
applications. These events were observed to prevent the accumulation of
stress while concomitantly reducing total seasonal water usage. The
reduced stress amplitude under Al management (peaks rarely exceeding
0.3 vs. conventional peaks near 0.5) sustained photosynthetic activity
and minimized yield losses during critical reproductive stages.

Panel D presents daily nitrogen uptake rates with fertilizer applica-
tion timing overlaid. Both systems showed similar uptake patterns until
day 35, after which the Al-based approach demonstrated higher daily
uptake rates. During the period of maximum nitrogen demand (days
50-80), the Al-based system reached peak uptake rates near 2.6 kg ha™*
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B. Leaf area index dynamics and canopy development
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Fig. 6. Temporal dynamics of crop development and resource management.

day ! compared with approximately 2.0 kg ha~! day ! for conventional
management. Vertical dashed lines with arrows mark fertilizer appli-
cations: conventional applications (red) occurred at fixed intervals
around days 10 and 37, following predetermined calendar-based
schedules, while Al-based applications (green) were strategically
timed at days 10, 35, and 57 based on the expert system's real-time
assessment of crop nitrogen status and growth stage requirements. The
Al system's fertilizer timing aligned more closely with peak uptake de-
mand periods, particularly evident in the third application at day 57 that
precedes the sustained high uptake phase during grain filling. This
improved synchronization enhanced nitrogen use efficiency by mini-
mizing losses to leaching and volatilization that occur when fertilizer is
applied during periods of low crop demand, while ensuring adequate
nitrogen availability during critical growth stages when uptake capacity
is highest. The shaded confidence bands reveal consistent variance for
both approaches, though the Al-based system maintains more stable
elevated uptake rates throughout the mid-to-late season.

3.6. Parameter sensitivity analysis and model robustness

Parameter sensitivity analysis in Fig. 7 examines variations in
learning rates and discount factors (Eq. (5) and (8)) across reinforcement
learning agents and fuzzy logic membership function parameters (Eq.
(2).

The hybrid Al framework exhibited varying degrees of sensitivity to
key operational parameters, revealing which components require pre-
cise calibration and which demonstrate robust performance across
parameter ranges.

Panel A presents yield sensitivity to parameter variations spanning
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—30% to +30% from baseline values across five critical parameters:
irrigation threshold, fertilizer rate, learning rate, discount factor, and
climate variability. The shaded regions represent 95% confidence in-
tervals, with green shading indicating positive yield impact zones and
pink shading denoting negative impact regions. Irrigation threshold
demonstrated the highest sensitivity, exhibiting an asymmetric response
whereby —30% variation (earlier irrigation triggering) produced
approximately +15% yield gains, whereas +30% variation (delayed
irrigation) caused roughly —10% yield losses. This pattern indicates that
lowering the soil moisture threshold enhances productivity by reducing
water stress during critical growth periods, though at the trade-off of
increased seasonal water consumption. Fertilizer rate showed moderate
sensitivity with approximately +8% yield gains under +30% increases
and —5% yield reductions under —30% decreases, reflecting the crop's
capacity to utilize additional nitrogen inputs up to physiological satu-
ration limits. Learning rate exhibited asymmetric behavior, with —30%
variations reducing yields by approximately —9% due to insufficient
policy exploration during reinforcement learning training, while +30%
variations caused smaller losses around —8% due to training instability
and suboptimal convergence. Discount factor displayed the most modest
sensitivity, showing approximately +11% yield improvement at —30%
variation and —7% yield reduction at +30% variation, suggesting that
temporal credit assignment remains robust across a wide parameter
range and that the framework tolerates variation in future reward
weighting. Climate variability demonstrated —30% variations
improving yields by roughly +6.5% through reduced environmental
uncertainty, while +30% increases caused —8% yield reductions,
reflecting the framework's adaptive capacity to buffer moderate climate
fluctuations through intelligent decision-making while remaining
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Fig. 7. Parameter sensitivity analysis and model robustness assessment.

vulnerable to extreme stochastic conditions that exceed the system's
optimization capabilities.

Panel B presents a tornado diagram ranking parameter sensitivity at
+20% variation, enabling direct comparison of relative parameter
importance. Irrigation threshold exhibited the largest total sensitivity
range of 13.4 percentage points, with +20% parameter increase pro-
ducing yield improvements of 8.4 + 1.0% and —20% decrease causing
yield reductions of —5.0 + 0.6%. Fertilizer rate ranked second with a
total range of 11.9 percentage points (+20%: 7.2 + 0.9%; —20%: —4.8
+ 0.6%). Learning rate showed a sensitivity range of 11.5 percentage
points with nearly symmetric impacts (+20%: 5.6 £ 0.7%; —20%: —5.9
+ 0.7%), indicating that both over- and under-parameterization impair
performance similarly. Discount factor demonstrated a 9.8 percentage
point range (+20%: 6.5 + 0.8%; —20%: —3.3 £ 0.4%), while climate
variability showed the lowest sensitivity at 9.3 percentage points
(+20%: 4.4 + 0.5%; —20%: —5.0 £ 0.6%). The error bars confirm sta-
tistical significance for all estimates, with irrigation threshold and fer-
tilizer rate exhibiting the narrowest confidence bands, reflecting
consistent sensitivity responses across simulations. These results indi-
cate that irrigation threshold and fertilizer rate require careful
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calibration, whereas discount factor and climate variability parameters
demonstrate acceptable robustness across typical operational ranges.

3.7. Model validation against empirical agricultural data

Model validation in Fig. 8 compares framework predictions against
independent empirical observations from European winter wheat pro-
duction systems over 30 growing seasons (2020-2024), with prediction
accuracy quantified using the validation score formulation in Eq. (20).
Residual normality is assessed with the Shapiro-Wilk test, where p
values greater than 0.05 indicate no statistically significant deviation
from a normal distribution, supporting the use of Gaussian error as-
sumptions for uncertainty analysis.

The hybrid Al framework shows adequate predictive skill when
evaluated against aggregated empirical data, providing simulation-level
validation evidence that establishes a basis for prospective field-level
evaluation across contrasting European environments.

Panel A reports crop yield validation as a scatter plot of predicted
versus observed yields, with a regression line and 95% confidence band
superimposed on the 1:1 reference line. The framework attains
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Fig. 8. Empirical validation of the hybrid Al framework against independent observations.

R? = 0.802 (95% CI: 0.70-0.89), RMSE = 0.44 t/ha”!, MAE = 0.37 t/
ha™!, and a small positive bias of 0.20 t/ha™", with points tightly clus-
tered along the 1:1 line over the 2.5-6.0 t/ha™! range, indicating robust
performance across low-to high-yielding conditions. Panel B shows the
corresponding yield residual Q-Q plot; residuals align closely with the
theoretical normal quantiles and the Shapiro-Wilk p = 0.369 supports
approximate normality, indicating that yield errors are well-behaved
and suitable for parametric uncertainty propagation.

Panel C summarizes bootstrap R? stability for 1000 resamples, with
violin plots for yield, water, and energy. Yield exhibits the highest and
narrowest R? distribution (median ~ 0.80), followed by water (~0.78)
and energy (x0.62), showing that yield predictions are both accurate
and stable across resampled subsets, whereas energy predictions are
more variable, consistent with their more complex drivers.

Panel D evaluates water use, achieving R?= 0.783 (95% CI:
0.66-0.88), RMSE = 30.1 mm, MAE = 26.2 mm, and a modest negative
bias of —4.5 mm over the 350-550 mm range. The tight clustering
around the 1:1 line across both water-limited and non-limiting regimes
indicates that the framework reliably captures seasonal water con-
sumption patterns. Panel E presents the water residual Q-Q plot; re-
siduals track the theoretical diagonal with Shapiro-Wilk p = 0.329,
again indicating no significant departure from normality over the full
residual range and supporting unbiased representation of hydrological
variability. Panel F presents normalized residual distributions as box-
plots, providing a complementary view of prediction error patterns
across the three validated metrics. Yield residuals (blue) are centered
near zero with a median close to 0.0 and symmetric interquartile range
spanning approximately —0.8 to +0.8, indicating unbiased predictions
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with balanced overprediction and underprediction across the validation
dataset. Water residuals (green) display similar characteristics with a
median near zero and interquartile range from approximately —0.7 to
+0.7, confirming consistent model performance for irrigation pre-
dictions. Energy residuals (red) show a median near zero but exhibit a
slightly wider distribution, with interquartile range spanning approxi-
mately —0.6 to +0.6 and one notable outlier exceeding +2.5 standard
deviations.

Panel G summarizes energy use validation, with R2 =0.613 (95% CI:
0.43-0.78), RMSE = 310 MJ ha', MAE = 282 MJ/ha !, and a positive
bias of 118 MJ/ha~! across the 3000-4500 MJ/ha™! range. Although
less accurate than yield and water, the model captures broad gradients
in energy consumption, while the consistent overestimation likely re-
flects regional differences in energy pricing, equipment efficiency, and
management intensity not fully resolved by the input data. Panel H
shows that energy residuals also approximate normality (Shapiro-Wilk
p = 0.863), but with somewhat heavier tails than yield and water,
indicating occasional larger deviations that align with the observed
outlier structure.

As illustrated in Panel I, a Taylor diagram has been employed to
simultaneously visualize three validation statistics. These are the cor-
relation coefficient, the normalized standard deviation, and the centered
root mean square error. The purpose of presenting these is to predict the
yield, water use and energy consumption. The black star at the reference
point (1.0, 1.0) represents perfect agreement between observed and
predicted values. The radial distance from the origin indicates normal-
ized standard deviation of predictions relative to observations, the
angular position denotes correlation coefficient (with the arc labeled
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from 0.0 to 1.0), and the distance from the reference point represents
normalized centered RMSE. Yield predictions (blue circle) achieved the
strongest performance with a correlation coefficient of approximately
0.80, normalized standard deviation near 0.90, and minimal distance
from the reference point, indicating close alignment between predicted
and observed variability patterns. Water use predictions (green square)
showed correlation of approximately 0.78 and normalized standard
deviation near 1.0, positioning slightly farther from the reference point
but maintaining acceptable prediction accuracy. Energy consumption
predictions (red triangle) exhibited lower correlation of approximately
0.61 and normalized standard deviation near 1.2, with greater distance
from the reference point reflecting the systematic bias and outlier effects
observed in Panel G. The clustering of all three metrics within the upper-
right quadrant of the diagram confirms that the hybrid artificial intel-
ligence framework maintains positive correlation and reasonable vari-
ance agreement across all validated outputs, with yield demonstrating
superior predictive skill followed by water use and energy consumption.
This integrated visualization corroborates the individual validation
statistics reported in Panels A, D, and G, demonstrating that the
framework achieves acceptable multi-metric simulation-level validation
performance, which constitutes a necessary precondition for agricul-
tural decision support applications; whether these outcomes generalize
to field operational contexts requires independent empirical evaluation
under actual growing conditions across representative European wheat
production environments.

Fig. 8 demonstrates the visual representation of validation perfor-
mance across the integrated framework. To provide detailed quantita-
tive assessment of individual component contributions, Table 5 presents
validation metrics and performance improvement statistics for each Al
module (expert system, fuzzy logic controller, reinforcement learning,
and multi-agent coordination), enabling systematic evaluation of
component-level effectiveness within the hybrid architecture.

Table 5 presents component-level validation metrics assessed using
composite F1-scores aggregating accuracy, precision, and recall across
multiple decision categories with 70-30 training-test splits and 5-fold
cross-validation. Each Al component underwent independent valida-
tion against baseline approaches to quantify individual contributions
before integration within the hybrid architecture; for the expert system,

Table 5
Component-level validation metrics and performance improvement assessment.

Al component ~ Hybrid AI  Baseline Improvement Hybrid without
(F1) (F1) (%) component (F1)

Expert System  0.867 0.617 40.7 0.852

Fuzzy 0.903 0.673 34.2 0.841
Controller

Multi-Agent 0.870 0.630 38.2 0.864
System

RL Agent 0.867 0.613 41.5 0.831

Overall 0.893 0.663 34.7 -
Hybrid AI

Notes:

e Validation metrics calculated using composite F1-Score formulation (Eq. (20)) that
aggregates accuracy, precision, and recall across irrigation scheduling, nutrient
management, pest control, and harvest timing decisions, computed with 70-30
training-test split and 5-fold cross-validation.

Baseline comparisons represent conventional practices: binary threshold-based con-
trol without fuzzy membership functions (fuzzy logic baseline), fixed calendar-based
scheduling without adaptive learning (RL baseline), informal farmer decision-making
without formalized rule encoding (expert system baseline), centralized optimization
without distributed agent coordination (multi-agent baseline), and integrated con-
ventional management without Al components (overall hybrid baseline).
Component outputs weighted by decision context following the integration layer
formulation (Eq. (12) and (13)): fuzzy logic 0.40 (continuous control), expert
system 0.30 (categorical decisions), RL 0.20 (temporal sequences), multi-agent 0.10
(spatial coordination).

Statistical significance (p < 0.001) confirmed via paired Wilcoxon signed-rank tests
across 500+ decision instances per category, with effect sizes exceeding Cohen's d =
0.8 for all components.
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component performance reflects rule activation through the priority-
weighted confidence scoring of Eq. (1), which differentiates decision
quality across the 15 production rules by combining confidence level,
priority weight, and condition match degree.

A sequential ablation analysis was conducted to quantify the mar-
ginal contribution of each AI component to integrated hybrid perfor-
mance. In each ablation trial, one component was withheld and the
remaining three operated under otherwise identical conditions; the
resulting hybrid F1-scores are reported alongside the standalone values
in the enhanced Table 5. Withholding the reinforcement learning
component produced the largest single-component decline, reducing the
hybrid F1-score from 0.893 to 0.831, corresponding to a 6.2-percentage-
point reduction that reflects the module's specialized capacity for tem-
poral optimization across sequential growing-season decisions.
Removing the fuzzy logic controller reduced the score to 0.841 (5.2-
point decline), consistent with the controller's primary role in managing
measurement uncertainty during continuous irrigation scheduling.
Withholding the expert system reduced the score to 0.852 (4.1 points),
while removing the multi-agent coordination component produced the
smallest single-component decline to 0.864 (2.9 points), reflecting its
contribution to distributed spatial coordination rather than individual
decision accuracy. The integrated system score of 0.893 exceeded all
four single-omission configurations, confirming that hybrid perfor-
mance arises from complementary contributions across components
rather than from dominance of any single module.

4. Discussion

The hybrid artificial intelligence framework integrating expert sys-
tems, fuzzy logic controllers, reinforcement learning, and multi-agent
coordination demonstrated substantial performance advantages across
multiple agricultural sustainability metrics for winter wheat production
systems. The integrated system achieved yield improvements ranging
from 7.8% under normal conditions to 34.8% under drought stress and
26.1% under extreme heat, with water savings of 17.8-29.4% and en-
ergy reductions of 15.1-22.1% across climate scenarios relative to
conventional management practices, exceeding single-technique ap-
proaches that reported 8.7-18.5% improvements in recent agricultural
engineering literature (Hasan et al., 2023; Waghela et al., 2024). This
performance differential arises from complementary integration of four
computational intelligence paradigms within a unified control archi-
tecture. Expert systems provide interpretable rule-based reasoning
essential for farmer trust and regulatory compliance, while fuzzy logic
controllers manage measurement uncertainty inherent in agricultural
sensor data through linguistic variable processing. Reinforcement
learning optimizes temporal decision sequences by adapting policies
through iterative environmental interaction, whereas multi-agent co-
ordination enables distributed responsiveness to localized conditions
while maintaining system-wide resource allocation efficiency. This in-
tegrated approach aligns with farming system design principles that
emphasize holistic optimization across production, environmental, and
socioeconomic dimensions in cereal production systems, particularly
winter wheat cultivation under European pedoclimatic conditions. The
simulation-based assessment framework enables comprehensive evalu-
ation of hybrid AI performance across diverse climate scenarios and
regional contexts that would be impractical through field experimen-
tation alone, providing systematic evidence for climate-smart wheat
management under conditions spanning normal, drought, and extreme
heat scenarios.

A notable finding emerges regarding benefit amplification under
climate stress conditions for wheat production systems. Drought sce-
narios revealed 34.8% yield improvements compared to only 7.8%
under normal environmental conditions, with water use efficiency gains
reaching 29.1% during drought versus 17.8% under normal conditions.
Extreme heat scenarios demonstrated 26.1% yield gains with 29.4%
water savings and 22.1% energy efficiency improvements. This pattern
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suggests that the value proposition of intelligent agricultural control
systems increases proportionally with environmental uncertainty and
resource scarcity, providing a critical insight for technology deployment
strategies in climate-vulnerable wheat production regions (Wang et al.,
2024). The fuzzy logic irrigation controller and reinforcement learning
temporal optimizer provide greatest value precisely when conventional
fixed-schedule approaches break down under non-standard environ-
mental conditions characteristic of drought and heat stress periods.
Energy consumption reductions reached 18.3% during drought and
22.1% under extreme heat compared to 15.1% normally, reflecting the
multi-agent coordination system's capacity to optimize pump scheduling
when electricity demand and irrigation requirements diverge from
typical patterns. From a farming systems perspective, these results
demonstrate that adaptive control architectures maintain or even
enhance effectiveness during environmental perturbations, whereas
systems designed for nominal operating conditions exhibit degraded
performance under climate extremes that increasingly characterize Eu-
ropean wheat production environments.

The reinforcement learning algorithm comparison revealed that
Actor-Critic methods achieved superior convergence performance for
wheat management optimization, reaching cumulative rewards of 519.7
compared to 409.6 for Q-learning. Crucially, Actor-Critic required more
training episodes to reach convergence (episode 441) compared to Q-
Learning (episode 371), though it achieved higher final cumulative re-
wards representing better long-term wheat production outcomes. Actor-
Critic exhibited moderate final loss value of 0.284, which carries
important implications for agricultural engineering applications. This
finding indicates that loss minimization alone constitutes an insufficient
predictor of practical decision-making quality because agricultural de-
cisions in wheat production systems balance multiple objectives span-
ning yield, resource efficiency, economic returns, and risk management
across uncertain timeframes. Prediction accuracy metrics correlate
imperfectly with field-level agronomic outcomes due to this complex,
multi-objective nature. Consequently, the selection of appropriate
reinforcement learning algorithms for agricultural cyber-physical sys-
tems prioritizes cumulative reward metrics over training loss values
when evaluating suitability for integration into climate-smart wheat
production decision frameworks; this criterion retains methodological
validity across both simulation-based and prospective field-level
implementation contexts. Empirical evaluation of algorithmic perfor-
mance within these frameworks necessitates a focus on long-term agri-
cultural outcomes rather than the convergence rate of the loss function.

Regional performance variations across Mediterranean, Central Eu-
ropean, and Nordic wheat production zones demonstrated both frame-
work transferability and the importance of environmental context in
determining absolute outcomes. Central Europe achieved the highest
wheat yields at 5.90 t/ha under normal conditions, while Mediterranean
regions exhibited proportionally larger relative improvements of 23.4%
compared to 21.9% in Nordic zones, reflecting baseline differences in
winter wheat productivity across contrasting European climates and the
framework's capacity to address region-specific resource constraints.
This pattern suggests the integrated framework provides greatest value
in wheat production environments characterized by greater baseline
resource constraints, an important consideration for technology
deployment prioritization (Cao et al., 2023). Nevertheless, water effi-
ciency gains remained relatively consistent across regions at 28-30%
under drought conditions, indicating that the fuzzy logic controller's
capacity to process intermediate soil moisture states and prevent
redundant irrigation applications, coordinated through the distributed
constraint optimization of Eq. (11) across water resource agents sharing
district-level allocations, operates effectively across diverse pedocli-
matic contexts relevant to European wheat cultivation (Zhou et al.,
2025). Carbon footprint reductions ranged from 18.5% to 20.6% across
regions, demonstrating that environmental sustainability benefits
extend beyond direct resource consumption to encompass broader
climate mitigation objectives relevant to agricultural engineering

18

Cleaner Environmental Systems 21 (2026) 100446

applications in wheat production systems.

Temporal analysis throughout the 120-day wheat growing season
revealed mechanistic insights into how the integrated system achieves
improved outcomes; the continuous irrigation output values generated
by centroid defuzzification (Eq. (4)) enabled gradual quantity adjust-
ments in response to evolving soil moisture trajectories, in contrast to
the step-changes imposed by threshold-based conventional scheduling
that produced oscillating water stress patterns across the growing sea-
son. Final aboveground biomass accumulation reached 14,000 kg ha™!
for Al-based management compared to 11,700 kg ha™! conventionally,
representing a 19.7% enhancement in wheat biomass production. Peak
leaf area index reached 7.5 for the hybrid system versus 6.4 for con-
ventional approaches, indicating that optimized nitrogen application
timing guided by expert system recommendations enables enhanced
canopy development during critical vegetative growth phases charac-
teristic of winter wheat phenology (Gao et al., 2021). Water stress
management patterns showed that Al-based irrigation-maintained stress
indices predominantly below 0.30 throughout the wheat growing season
through variable timing and quantities, whereas conventional
fixed-schedule irrigation exhibited oscillating stress patterns with peaks
reaching 0.45 to 0.50. This demonstrates the practical advantage of
dynamic optimization over predetermined management calendars,
reflecting a core control engineering principle applied to wheat pro-
duction systems (Xiong et al., 2020). Daily nitrogen uptake patterns
revealed that strategic fertilizer timing at days 10, 35, and 57 for
Al-based management aligned more closely with peak wheat nitrogen
demand periods compared to fixed conventional applications,
improving nitrogen use efficiency and reducing environmental losses.

Sensitivity analysis revealed that irrigation threshold parameters
exerted the strongest influence on wheat system performance, with yield
impacts ranging from —5.0% to 8.4% at +20% parameter variations,
followed by fertilizer rate sensitivity at —4.8%-7.2%. This parameter
importance ranking provides guidance for calibration priorities within
the simulation framework and informs parameter selection strategies for
future field trials in wheat production systems, indicating that precise
calibration of fuzzy logic membership functions for soil moisture
thresholds should receive primary attention in any prospective empir-
ical extension of the framework (Mateus Freitas Silveira et al., 2024). In
contrast, learning rates and discount factors for reinforcement learning
agents demonstrated greater robustness across parameter ranges, with
yield impacts remaining within approximately 6% for both positive and
negative variations. Climate variability demonstrated asymmetric
sensitivity, with reduced variability improving yields by 6.5% while
increased uncertainty caused 8% reductions, confirming that the
framework provides adaptive capacity to buffer moderate climate fluc-
tuations while remaining vulnerable to extreme stochastic conditions
beyond optimization thresholds.

Model validation against independent empirical observations from
European wheat production systems spanning 2015-2024 yielded pre-
diction accuracies of R = 0.802 for yield, 0.783 for water use, and 0.613
for energy consumption. The lower predictive accuracy for energy re-
flects greater complexity of factors influencing actual field-level energy
use in wheat production, including equipment maintenance status,
operator decision-making, field topography variations, and temporal
electricity pricing dynamics not fully captured by simulation parame-
ters. The root mean square errors of 0.44 t/ha for yield and 30.1 mm for
water use fall within acceptable ranges for agricultural decision support
systems deployed in operational contexts (Kuradusenge et al., 2023).
Component-level validation demonstrated that the overall hybrid
framework improvement of 34.7% derives from complementary
strengths rather than simple additive effects; the ensemble synthesis of
Eq. (12) dynamically reallocates weights toward the component with
the highest contextual confidence score (Egs. (14) and (15)), so that no
single module consistently dominates across all decision categories,
confirming the engineering rationale for multi-paradigm integration
within unified control architectures for climate-smart agricultural
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applications (Ashfaq et al., 2025). From a farming systems perspective,
the hybrid framework addresses the fundamental challenge of
multi-objective optimization under uncertainty that characterizes
climate-smart wheat production systems. The demonstrated
simulation-level capacity to simultaneously improve productivity,
resource efficiency, and environmental outcomes across diverse Euro-
pean agroecological zones provides a computationally grounded evi-
dence base for wheat producers, agricultural advisors, and
policy-makers evaluating the potential of hybrid AI architectures
within broader climate adaptation strategies for winter wheat produc-
tion systems; these findings most appropriately inform the design of field
validation trials rather than constitute a direct prescription for imme-
diate operational integration.

5. Conclusion

This research developed and validated a unified computational
framework that synergistically integrates expert systems, fuzzy logic
controllers, reinforcement learning, and multi-agent coordination for
resource-efficient, climate-smart wheat production across contrasting
European regions. The novel contribution extends beyond performance
metrics to methodological innovation in agricultural engineering. The
study provides explicit mathematical formulations for component inte-
gration, conflict resolution mechanisms that enable distributed agents to
coordinate resource allocation, and context-dependent weighting stra-
tegies that generate synergistic performance exceeding individual
technique capabilities. Actor-Critic reinforcement learning achieved the
highest convergence performance, with cumulative rewards of 519.7

compared to 409.6 for Q-learning; the advantage function ;\(s, a,t) in
the Actor-Critic policy gradient (Eq. (7)) provides a lower-variance
credit assignment signal than plain Q-learning by explicitly quanti-
fying each action's improvement over the baseline state value, which
explains the algorithm's superior multi-objective performance in agri-
cultural decision contexts where competing yield, water, and carbon
objectives must be optimized simultaneously. Regional validation from
Mediterranean to Nordic European wheat production zones achieved
prediction accuracies of R = 0.802 for yield and R = 0.783 for water
use; these results support simulation-level spatial transferability across
diverse climate scenarios while sensitivity analysis identifies irrigation
threshold parameters as priority targets for local pedoclimatic calibra-
tion. The demonstrated simulation performance characteristics align
with the structural scalability inherent in the framework design span-
ning individual farm to landscape-level contexts; this spatial scope re-
mains consistent with farming-systems research regarding crop
modeling and decision support. Translating such structural compati-
bility into operational planning requires further validation through in-
dependent field experiments conducted at the respective spatial scales.

The demonstrated performance characteristics support scalable
deployment from individual farm operations to landscape-level climate
adaptation planning, aligning with farming-systems research that ad-
dresses crop modeling and decision support from farm to regional scales.
At the field scale, hourly agent coordination optimized irrigation micro
scheduling and real-time stress responses for winter wheat; this opti-
mization prevented resource waste through precise temporal allocation,
embodying cleaner production principles of doing more with less while
minimizing environmental externalities. At the farm scale, daily deci-
sion cycles integrated resource allocation across multiple fields through
distributed agent communication protocols. Regional validation across
three European agricultural zones spanning 2015-2024 confirmed that
the simulation-based framework remains robust under diverse climate
regimes and management contexts. The modular Python architecture is
designed to accommodate incremental adoption pathways, wherein a
standalone fuzzy logic irrigation controller represents the most
computationally accessible entry point and could serve as an initial
configuration for prospective field evaluation. Subsequent extension to
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reinforcement learning optimization and multi-agent coordination
would be warranted as field validation evidence accumulates and on-
farm data infrastructure matures. This structural modularity preserves
upward compatibility toward regional advisory configurations spanning
multiple farm operations; field-level empirical testing at each scale of
integration would nevertheless be necessary before such configurations
could be responsibly implemented in operational contexts.

Several limitations constrain the interpretation and generalizability
of these findings. The framework was validated exclusively for winter
wheat production systems; crop-specific physiological parameters,
phenology, and management calendars would require substantial reca-
libration before the architecture could be transferred to other com-
modities or mixed cropping configurations. The reward function
employs a weighted linear scalarization of five sustainability objectives
(Eq. (6)), with weight vectors calibrated via analytic hierarchy process
and held-out validation refinement under three climate scenarios; this
formulation does not enumerate the complete Pareto frontier across
feasible weight combinations, so trade-off surfaces between competing
objectives such as yield maximization and carbon minimization are not
fully characterized for all plausible operational priorities. The local state
transition independence assumed in Eq. (9) provides computational
tractability for the 118-agent system but does not capture lateral soil
water dynamics between adjacent field units or shared groundwater
depletion; inter-agent message passing (Eq. (10)) partially compensates
for this spatial coupling, yet fields sharing subsurface irrigation infra-
structure may retain residual cross-agent dependencies unresolved by
the current architecture. The conflict resolution mechanism (Eq. (16))
prioritizes crop survival under high-uncertainty conditions; under pro-
longed multi-year drought sequences where the system repeatedly en-
ters conflict-resolution mode, this conservative protocol may
systematically suppress efficiency optimization across consecutive
growing seasons before the reinforcement learning policy has accumu-
lated sufficient episodes to adapt to the new distributional regime.
Validation relied on 30 growing seasons derived from three geographi-
cally separated regions, a structure that supported detection of the
observed large effect sizes (Cohen's d > 0.8; a = 0.001) but limits
characterization of distributional tails and multi-year compound climate
extremes; the ten-season within-region temporal series additionally
constrains the effective degrees of freedom available for inference. More
broadly, this study constitutes a simulation-based assessment in which
field-level variability is represented through synthetically generated
scenarios anchored in published agronomic data rather than through
independent experimental measurements; consequently, the perfor-
mance metrics and comparative advantages reported here characterize
the behaviour of the computational framework under simulated condi-
tions and should not be extrapolated to actual field outcomes without
prospective empirical validation across representative European wheat
production environments. The ablation analysis quantified single-
component omissions across four trials; systematic evaluation of all 24 =
16 possible subset configurations was not conducted. Uncertainty
propagates from three principal sources, namely parameter uncertainty
in calibrated regional means, structural uncertainty in model specifi-
cation choices including the MDP independence assumption and the
scalarized reward formulation, and stochastic variability in RL policy
convergence; of these, only the first two are reflected in the reported
95% confidence intervals for yield (+0.44 t ha™!) and water use (£30.1
mm), whereas structural model uncertainty remains unquantified. The
economic assessment focused on water and energy cost savings and
carbon footprint reduction without comprehensively incorporating
technology adoption costs, computational infrastructure requirements,
or farmer training investments that determine life-cycle feasibility for
small- and medium-scale operations.

Future research should extend validation to diverse cropping systems
including vegetables, perennial crops, and integrated crop-livestock
configurations where temporal dynamics and resource flows exhibit
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greater complexity than winter wheat monocultures. The modular ar-
chitecture accommodates livestock agents representing grazing man-
agement, feed optimization, and manure nutrient cycling alongside
existing crop agents; expert system rules could incorporate crop residue
allocation decisions, fuzzy logic controllers could process livestock
density indicators jointly with soil moisture and crop phenology data,
and the reinforcement learning component could optimize decisions
across multi-season rotations that account explicitly for long-term soil
fertility and carbon dynamics. Expanding the validation dataset through
integration of long-term crop monitoring networks and retrospective
yield archives across additional European countries would increase
statistical power for tail-event characterization and support more robust
assessment under multi-year drought sequences and compound climate
extremes. Multi-objective reinforcement learning methods that generate
Pareto-optimal policy sets, such as envelope Q-learning, offer a direct
extension to the scalarized reward formulation of Eq. (6) and would
enable systematic characterization of trade-off surfaces among yield,
water use, energy, and carbon objectives across the full feasible weight
space (Roijers et al., 2013). Factored Markov decision process repre-
sentations (Guestrin et al., 2003) or mean-field approximations provide
tractable formalisms for relaxing the local state transition independence
of Eq. (9), enabling explicit modelling of spatial dependencies arising
from shared irrigation infrastructure without incurring the exponential
cost of full joint state enumeration. Real-time sensor integration via
on-farm Internet-of-Things infrastructure (Li et al., 2018) would replace
the simulation-based field-level variability used here with observed
in-situ data streams, enabling continuous online policy updating and
fully empirical prospective validation under operational deployment
conditions.
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validation dataset comparing predicted versus observed values for 30
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Abbreviation/Symbol Definition

Al Artificial Intelligence

AHP Analytic Hierarchy Process

AQUASTAT FAO Global Information System on Water and Agriculture
CAPRI Common Agricultural Policy Regional Impact model

CSA Climate-Smart Agriculture

DCOP Distributed Constraint Optimization Problem
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Abbreviation/Symbol Definition

DON Deep Q-Network

DSs Decision Support System

E-OBS European Observational gridded dataset

ERAS5-Land ECMWF Reanalysis v5 Land surface data

ES Expert System

FAOSTAT Food and Agriculture Organization Statistics Database
FLC Fuzzy Logic Controller

GHG Greenhouse Gas

GS Zadoks Growth Stage scale (e.g. GS25, GS31)

IoT Internet of Things

MAE Mean Absolute Error

MAS Multi-Agent System

MDP Markov Decision Process

MODIS Moderate Resolution Imaging Spectroradiometer
RMSE Root Mean Square Error

RL Reinforcement Learning

RETE Rete pattern-matching algorithm (Forgy, 1982)

TSK Takagi-Sugeno-Kang fuzzy inference

a Learning rate; controls policy update step size

% Discount factor; weights future rewards in Egs. (5)-(9)
€ Exploration rate in ¢-greedy strategy (Eq. (8))

T Conflict resolution threshold (Eq. (16)); set to 0.3
Palx Membership function for linguistic term A (Eq. (2))
3(57@ t) Advantage function in Actor-Critic policy gradient (Eq. (7))
re Reward signal at time t (Eq. (6))

Q(s,a) Action-value function (Eq. (5))

confy Component-specific confidence score for module k (Egs. (14) and (15))
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