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Abstract

Efficient irrigation requires decisions that jointly reflect crop water demand, changing weather, soil heterogeneity, actuator
limitations, and uncertainty. This paper proposes a digital twin architecture combining field sensors, edge intelligence, a
calibrated soil-crop water balance, and constrained reinforcement learning. The digital twin maintains a continuously updated
virtual representation of root-zone moisture, crop development, hydraulic state, and short-term meteorological conditions. An
edge controller performs quality checks, state estimation, local inference, safety filtering, and fail-safe actuation even during
network outages. A reinforcement learning agent optimizes irrigation timing and depth subject to soil-moisture, pump-capacity,
and water-allocation constraints. We specify the observation and action spaces, a hybrid physical-data-driven transition model,
a reward function, training protocol, evaluation design, and reproducibility requirements. Numerical tables and plots present
an explicitly synthetic demonstration scenario, not field measurements or independently validated experimental findings. In
this scenario, the proposed policy reduces seasonal applied irrigation relative to a fixed schedule while maintaining an assumed
yield proxy. The contribution is an implementable, auditable design and test protocol rather than a claim of demonstrated
agronomic superiority. Future work must validate transferability across soils, crops, seasons, and sensor failures.

Keywords: Digital twin; smart irrigation; edge artificial intelligence; reinforcement learning; soil moisture; water productivity;

sustainable agriculture; constrained control.

Introduction

Water management has become a central challenge for
agricultural production because rainfall variability,
rising evaporative demand, competition among water
users, and irrigation infrastructure limitations can
interact within a single growing season. Irrigation
decisions are often made using calendars or operator
experience, approaches that can be practical but may
not respond adequately to rapid weather changes or
spatial variability. Over-irrigation wastes energy
and can increase drainage and nutrient losses;
under-irrigation can expose plants to water stress
at sensitive growth stages. The objective of smart
irrigation is therefore not simply to minimize applied
water but to provide water at the right location and
time while protecting crop performance.
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An irrigation controller must translate incomplete
and noisy measurements into reliable actions.
Soil-moisture probes sample only small volumes,
meteorological stations can be distant, flow meters
drift, and valve commands do not always produce
the intended discharge. A model that ignores these
imperfections may perform well in simulation but
fail under real operating conditions. Robust irrigation
management consequently requires continuous state
estimation, sensor-quality assessment, physically
meaningful constraints, and an operator override
mechanism.

The digital twin concept offers a useful organizing
principle. A digital twin is not merely a dashboard
or a static simulation. It is a virtual representation
that is regularly synchronized with the physical asset
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and can support prediction, diagnosis, and decision
testing. For irrigation, the physical asset includes
soil, crop, pumps, pipes, valves, and environmental
sensing. Its virtual counterpart should maintain
estimated root-zone water storage, predicted
evapotranspiration, forecast rainfall, hydraulic
availability, and uncertainty. Such a representation
can help compare possible watering actions before
they are issued.

Edge intelligence addresses a second operational
problem: irrigation sites may have intermittent
connectivity and tight power budgets. Transmitting
every sensor reading to a cloud platform introduces
latency, communication costs, and dependence on
an external network. An edge gateway can clean
and aggregate measurements, infer local states, run
a compact decision model, and apply safety rules.
Cloud resources remain useful for offline training,
fleet analysis, long-horizon simulation, and software
management, but they should not be necessary
for immediate protection against overwatering or
dry-run pumping.

Reinforcement learning provides a framework
for sequential decisions in which an action changes
future soil moisture, energy consumption, and
crop stress. Unlike a fixed threshold controller,
an agent can account for delayed effects, forecast
rainfall, and the consequences of withholding
water today. Nevertheless, reinforcement learning
is not automatically safe. A policy trained only to
maximize simulated rewards may exploit errors in a
model, command impractical irrigation volumes, or
create unacceptable moisture deficits. This motivates
constrained learning and an independent safety layer.

The proposed system combines the interpretability
of a water-balance model with the flexibility of
learned residual dynamics. The physical model
provides a transparent accounting of rainfall,
irrigation, evapotranspiration, runoff, and drainage;
a residual estimator captures systematic deviations
when sufficient quality-controlled data exist. A
state estimator fuses sensor measurements with
model predictions and tracks confidence. The
resulting digital twin supports what-if rollouts for a
constrained reinforcement learning controller.

Sustainability must be defined through several
indicators rather than water volume alone. Relevant
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measures include irrigation applied, estimated crop
yield, water productivity, pumping energy, root-zone
stress hours, drainage, and operational reliability. A
controller that saves water by allowing severe stress
should not be called sustainable. Similarly, a policy
that appears efficient only because of optimistic
rainfall forecasts requires scrutiny under forecast
errors and extreme weather.

Another critical issue is validation. Results
obtained from a synthetic simulator can demonstrate
feasibility, reveal tradeoffs, and expose software
defects, but they do not establish field effectiveness.
Credible evaluation needs clear baseline controllers,
identical weather and soil scenarios, repeated
stochastic trials, uncertainty intervals, and ultimately
multi-season field trials. Where real measurements
are unavailable, simulated values must be labeled
unambiguously so that a conceptual design is not
mistaken for empirical evidence.

This study asks how an irrigation digital twin
can be synchronized at the edge, how sequential
water allocation can be optimized with operational
constraints, and how the system should be evaluated
without overstating evidence. The manuscript
contributes a layered architecture, a formal control
problem, a deployment and training workflow,
a safety specification, and a numerical example
intended to illustrate reporting practices. It does not
assert that the proposed controller has been deployed
or experimentally validated.

The remaining sections synthesize prior work,
detail the architecture and equations, present a
synthetic comparison with explanatory plots,
discuss limitations, and outline a validation pathway.
The broader goal is to connect machine learning
optimization with agronomic accountability and
practical edge deployment, thereby supporting
more defensible decisions about water use under
uncertainty.

Literature Review

Foundational irrigation science uses a soil-
water balance to relate rainfall, irrigation,
evapotranspiration, runoff, and deep percolation.
The FAO 56 framework of Allen and colleagues
describes reference evapotranspiration and crop
coefficients, providing a transparent baseline for
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estimating crop demand. Its strengths are physical
interpretability and widespread adoption; limitations
arise from uncertain local coefficients, nonuniform
soil profiles, and imperfect weather inputs. A digital
twin can use these equations as a structural prior
while assimilating field observations.

Precision irrigation literature has increasingly
emphasized variable-rate delivery, wireless sensing,
and decision support. Soil moisture, weather forecasts,
and flow monitoring can improve responsiveness
compared with fixed calendars, but instrumentation
alone does not guarantee better outcomes. Sensor
placement, calibration, communications, and
hydraulic constraints often determine whether
nominally intelligent recommendations can be
executed safely. Thus the sensing and actuation chain
should be treated as part of the control system rather
than as a passive source of data.

Digital twins have emerged in manufacturing,
infrastructure, and agriculture as coupled physical—
virtual systems. Grieves and Vickers discuss the
role of virtual representations across a product
lifecycle, while later digital twin surveys emphasize
synchronization, modeling fidelity, and bidirectional
information flows. In agriculture, digital twins must
cope with living systems and environmental forcing
that cannot be controlled as precisely as industrial
machinery. Model drift, seasonal changes, and
uncertainty representation are therefore particularly
important.

The Internet of Things supports distributed
monitoring through low-power sensors, gateways, and
communication protocols. Agricultural deployments
may use LoRaWAN, cellular, Wi-Fi, or local mesh
links depending on terrain and coverage. Cloud-only
architectures facilitate centralized analytics but can
introduce delay and dependency on network access.
Edge computing, surveyed by Shi and colleagues,
relocates selected computation near data sources. For
irrigation this enables local anomaly detection and
bounded-latency actuation.

Edge machine learning imposes restrictions
on memory, processor utilization, power, and
maintainability. Compact models can forecast short-
term moisture or identify sensor faults, while larger
models can be retrained in the cloud and periodically

www.ijrast.in

InternationalJournalofRecentAdvancesinScienceand Technology,2024;10(2):141-152

deployed after validation. A sensible design separates
the safety-critical rules from the learned model. This
distinction reduces the risk that an unexpected input
or model update directly commands unsafe pumping.

Reinforcement learning is formalized as a
Markov decision process in which an agent observes
a state, selects an action, receives a reward, and learns
a policy that improves long-term expected return.
Sutton and Barto describe the general foundations;
deep reinforcement learning extends the approach to
complex state spaces. Continuous-control algorithms
such as soft actor—critic can handle irrigation depth
as a real-valued action, although their performance
depends strongly on simulator fidelity and reward
design.

For irrigation, the delayed response of soil water
storage creates a natural sequential optimization
problem. Forecast rainfall can justify postponing an
irrigation event, while high evaporative demand can
justify earlier application. A policy may also need to
respond to crop growth stage, pumping tariffs, and
allocation limits. However, a simulator trained on one
season may produce policies that overfit a narrow
distribution of weather, soil, and crop characteristics.

Safe and constrained reinforcement learning
seeks to distinguish performance objectives
from hard operating limits. In agricultural water
management, the relevant constraints may include
pump capacity, minimum and maximum irrigation
duration, moisture bounds, daily water quotas, and
restrictions during equipment faults. Lagrangian
penalties can discourage constraint violations during
training, but a runtime action filter is still necessary
because learned policies cannot guarantee feasibility
under every input.

Hybrid modeling offers a compromise between
purely mechanistic and purely data-driven approaches.
A water-balance model preserves mass accounting
and can be audited by agronomists, while a learned
residual model compensates for bias caused by
unmodeled soil processes or sensor characteristics.
Residual models should be restricted and checked
against physical bounds; otherwise they can silently
undermine conservation laws. Uncertainty estimates
can trigger conservative fallback decisions when
observations depart from the training distribution.
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Evaluation practices remain a major research gap.
Different studies use different crops, climates,
water allocations, metrics, and baseline schedules,
making direct numerical comparison difficult.
Reported percentage savings can be misleading
without crop outcome and stress measures. A robust
benchmark should include threshold-based and
evapotranspiration-based controllers, test across
multiple independent weather years, use common
scenarios, and report uncertainty as well as failure
rates.

Explainability and governance matter because
irrigation actions have tangible economic and
environmental consequences. Operators should
be able to inspect why the controller irrigated,
deferred irrigation, or rejected a policy action.
Useful explanations include current root-zone
depletion, forecast rainfall, anticipated stress,
and the active safety constraint. Logging model
versions, sensor-quality flags, recommended actions,
overridden actions, and resulting water flow supports
troubleshooting and accountability.

The synthesis suggests an unresolved integration
problem: combining continuously synchronized
crop—soil modeling, edge-resident intelligence,
constrained sequential optimization, and transparent
evaluation in one implementable architecture.
The present paper addresses that integration as a
research design. It deliberately avoids attributing field
performance to the architecture until independent
measurements and field trials are available.

Research Methodology

System boundaries and architecture

The system is organized into six cooperating
layers: field instrumentation, communication,
edge preprocessing, digital twin state estimation,
constrained decision optimization, and actuation with
feedback. The control interval is assumed to be one
hour for the illustrative design; sensor acquisition
may occur more frequently. A crop zone is the basic
decision unit, and a site-level allocator coordinates
shared pumps and water quotas.

Field data, quality control and state representation

For each irrigation zone, collect volumetric soil
moisture at multiple depths, soil temperature,
air temperature, relative humidity, rainfall, solar
radiation, wind speed, valve status, flow rate,
pressure, and energy use where instruments permit.
Record sensor timestamps, calibration dates, and
quality flags. Apply range checks, rate-of-change
checks, cross-sensor consistency tests, and missing-
data indicators. Do not silently interpolate long
outages. Use a hold-last-valid-value rule only for
a short documented window; otherwise invoke
conservative fallback control.

The controller state includes estimated root-
zone water storage, depletion, crop stage, reference
evapotranspiration, short-horizon rainfall forecast,
soil type parameters, cumulative water use, time-of-
day energy cost, and device-health flags. The action is
a zone irrigation depth, subsequently translated into

[Sensors + weather] s Edge validation B Twin state update
3
Safety filter — Constrained RL e Forecadt + rollout
Pump / valve —_— Flow feedback

Figure 1: Proposed edge-to-twin decision workflow; the feedback path updates the next state estimate.
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valve opening time using measured flow and effective
area. Normalize model features using training-set
statistics only, and retain the original physical units
for safety checks.

Physics-informed digital twin and synchronization

A daily root-zone balance provides the physical
backbone; an hourly implementation partitions
evapotranspiration and inflow across control
intervals. Water storage is bounded by the estimated
wilting and field-capacity thresholds. Measurements
correct the predicted state through a bounded
assimilation gain. Parameter calibration should use
measured soil hydraulic properties and a separate
calibration period.

W(t+1)=W(t)+P(t)+1(t)-E(t)-R(t)-D(r)

Where W is root-zone water storage in millimeters;
P is effective precipitation; I is applied irrigation; E
is actual evapotranspiration; R is surface runoff; and
D is deep drainage during interval t.

E(t)=Kc(t)xKs(t)xETO(t)

Where Kc is the crop coefficient, Ks is a dimensionless
water-stress coefficient, and ETO is reference
evapotranspiration in millimeters per interval.

W) =mp(e)+G(e)x(Y (t)-H (Wp()))
Where Wp is model-predicted storage, Y is a
moisture-derived observation, H maps storage to
the sensor measurement, and G is the bounded
assimilation gain. The circumflex denotes the
updated estimate.

A residual predictor may be trained on historical
prediction errors, but its correction is clipped to a
prespecified physically plausible range. The twin also
stores a confidence score based on sensor availability,
residual magnitude, and forecast dispersion.
When confidence falls below a threshold, learned
optimization is suspended and a conservative rule-
based schedule is used.

Forecasting, environment model and uncertainty

Use a rolling forecast horizon of 24—72 hours to
estimate rainfall, reference evapotranspiration, and
potential stress. Evaluate forecast skill with strictly
forward-in-time splits to avoid leakage. Construct
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training environments using multiple weather years,
soil profiles, irrigation efficiencies, sensor-noise
levels, and actuator delays. Randomize uncertain
parameters within agronomically justified bounds.
For deployment, retrain only after drift assessment
and shadow-mode evaluation.

S(t+1)=F(S(1),4(t).U(1),0)+&(¢)

Where S is the twin state; A is irrigation action; U is
external weather forcing; 6 denotes calibrated soil—
crop parameters; F is the hybrid transition function;
and ¢ represents bounded model discrepancy.

Reinforcement learning formulation

Define the problem as a constrained Markov decision
process. At each decision interval, the policy receives
the current estimated state and proposes irrigation
depth. The reward penalizes water use, stress,
drainage, and pumping energy while optionally
rewarding a calibrated yield-related proxy. Weights
must be selected with agronomic stakeholders and
reported with units and sensitivity analyses. A soft
actor—critic agent is one candidate, but the proposed
design is algorithm-agnostic.

A(r)=x(5(1)

Where = is the learned irrigation policy and A is the
proposed irrigation depth in millimeters.

r(t)=-al(t)-pC(t)-yD(1)-50(t)
Where r is the immediate reward; I is irrigation
depth; C is the cumulative water-stress penalty; D
is drainage; Q is pumping energy; and a, f3, v, O are
nonnegative scaling coefficients.

J(7)=E[27r(1)]
Where J is the expected discounted cumulative
reward; E is expectation; y is a discount factor
between zero and one; and t indexes decision
intervals.

To prevent confusion, the discount factor y in
the return equation is conceptually distinct from
the drainage weight vy in the preceding illustrative
reward; an implementation must assign unique
parameter names. Training includes a replay buffer,
a target-network update, entropy regularization, and
evaluation on held-out scenarios. Hyperparameters
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and random seeds must be published before
performance comparisons.

Constraints, edge execution and fallback logic

Hard constraints are checked after the policy proposes
an action. A deterministic action shield clamps depth
to a feasible range and rejects commands if pump
pressure, flow feedback, connectivity, or sensor
health violates safety conditions. A daily allocation
ledger enforces water quotas. If the edge model
fails, the controller reverts to a threshold rule with
conservative maximum duration; manual emergency
stop remains available independently of software.

0< I(t) < Imax(t)

Where Imax is the smaller of hydraulic delivery
capacity, allowable soil storage deficit, and remaining
water allocation.

Iexec(t) =arg min‘] - A(t)‘

Where Iexec is the feasible irrigation depth nearest
to the proposed action A, with the minimization
restricted to the operationally safe action set.

On-device inference should be profiled for worst-
case latency, RAM, CPU utilization, energy use, and
behavior after restart. Log each observation, policy
version, proposed depth, shielded depth, executed
flow, and reason for any override. Digitally sign
model updates where supported and use role-based
access for manual intervention.

Training and evaluation protocol

A defensible experimental design separates
calibration, training, validation, and testing by
complete seasons and sites. Compare four policies
on identical weather realizations: a fixed schedule, a
soil-moisture threshold rule, an evapotranspiration
replenishment rule, and the proposed digital twin plus
constrained reinforcement learning. Repeat across
at least 20 stochastic seeds per scenario and report
mean, standard deviation, confidence intervals, and
constraint violations. Include ablations removing
forecast inputs, twin assimilation, and the action
shield.

Primary endpoints are seasonal irrigation volume,
estimated yield or measured harvest yield, irrigation
water productivity, energy use, and water-stress
duration. Secondary endpoints include drainage,
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missed decisions, inference latency, and unsafe action
proposals. Field deployment requires pre-registered
success criteria, calibrated flow measurements,
independent agronomic assessment, and explicit
accounting for rainfall. The following numerical
section is a didactic synthetic example only; it is not
the output of executed training or a field experiment.

Results and Discussion: Illustrative
Synthetic Scenario

All values in Tables 1-3 and Figures 2-3 are
constructed for demonstration, not observed
or model-generated experimental results. The
hypothetical scenario assumes one hectare, one
growing season, equal weather forcing, and a
common crop yield proxy. The numbers illustrate
how a future experimental report could present
tradeoffs and should not be cited as evidence of
achieved savings.

In this constructed comparison, the proposed
policy uses 27.4% less irrigation than the fixed
schedule, calculated as (4,200 — 3,050)/4,200 x 100.
The assumed yield proxy changes from 4.80 to 4.77
t/ha, a difference of 0.6%. Such a pattern would be
promising if verified, but the figures were selected
to demonstrate calculation and reporting rather than
obtained through a trained agent.

Illustrative seasonal irrigation volume

Applied irrigation (m3*/ha)

Fixed Threshold

ET rule Twin + RL

Figure 2: Constructed irrigation comparison, not a measured result.

lllustrative energy requirement

Pumping energy (kWh/ha)
N T T BT BT R
3 3 & B £ 3 & &
3 &8 8 38 3 3 8

Fixed Threshold ET rule Twin + RL

Figure 3: Constructed pumping-energy trend across candidate policies
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Table 1: Hypothetical seasonal comparison. Water productivity is yield proxy divided by applied irrigation; for example 4,770 kg divided by 3,050
m? equals 1.56 kg/m?. These values do not establish agronomic yield preservation.

Policy Irrigation (m?/ha) Yield proxy (t/ha) Productivity (kg/m?) Energy (kWh/ha) Stress (h)
Fixed schedule 4200 4.8 1.14 610 182
Moisture threshold 3620 4.76 1.31 535 155
ET replenishment 3450 4.79 1.39 510 146
Twin + constrained RL 3050 4.77 1.56 455 138

Table 2: Hypothetical stress tests. Zero violations are assumed solely for illustration and do not verify that the shield is formally safe. Real
testing should report the number of attempted unsafe actions, shield interventions, and any executed violations separately.

[llustrative sensitivity case Twin + RL irrigation (m?/ha) Yield proxy (t/ha) Constraint violations
Nominal forecasts 3050 4.77 0
Rainfall forecast error 3270 4,72 0
Sensor dropout 3380 4.69 0
Reduced pump capacity 3500 4.65 0

Table 3: Constructed ablation example. The apparently lower irrigation in the unshielded case is paired with more stress and must not be
interpreted as superior performance. The ablation highlights why optimization metrics must be interpreted jointly.

Ablation scenario Irrigation (m3/ha) Stress hours
Full architecture 3050 138
Without rainfall forecast 3250 151
Without state assimilation 3330 165
Without safety filter 2990 210

A real study should report confidence intervals
for all endpoints, model calibration error, policy
performance under independent weather years,
and sensitivity to the reward weights. Operational
evaluation should include pump cycling frequency,
time to detect sensor faults, communication outages,
and farmer acceptance. No statistical significance
tests are appropriate for the invented example above.

Limitations and Future Validation

The present work specifies a proposed architecture
but does not provide trained policy weights, source
code, measured site characteristics, or a field dataset.
Its numerical illustration cannot support a causal or
empirical claim. Major deployment risks include
simulation-to-field mismatch, uncertainty in soil
parameters, sensor drift, seasonal crop dynamics,
unreliable forecasts, energy limitations, and
hardware failures. A future validation study should
begin with a calibrated pilot plot, shadow-mode
recommendations, a controlled comparison against
agronomic baselines, and independent auditing of
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water volumes and yield. Multi-location and multi-
season trials are required before generalization
claims are made.

Conclusion

This paper presents an integrated design for smart
irrigation that couples a synchronized soil—crop
digital twin with edge-based sensing, constrained
reinforcement learning, and an independent
operational safety filter. The architecture addresses
three practical needs: physically interpretable state
tracking, timely local decisions during connectivity
disruptions, and sequential optimization under water
and equipment constraints. Editable mathematical
formulations describe the water balance, state update,
policy objective, and feasibility checks. A transparent
synthetic numerical example illustrates potential
evaluation metrics and tradeoffs but does not
constitute evidence of realized water savings or yield
outcomes. The next research step is a reproducible
simulation benchmark followed by multi-season
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field validation with measured irrigation, crop yield,
energy consumption, and failure rates. Sustainable
deployment depends as much on agronomic
calibration, safety engineering, and auditability as
on the learning algorithm itself.
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