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Abstract

This framework uses an actual daily rainfall dataset to compare planting and irrigation
choices before a crop is established. A Pedro Plains-area example in St Elizabeth, Jamaica,
uses 8,766 NASA POWER precipitation records from 2001-2024. These are gridded MERRA-
2 reanalysis estimates, not measurements from a local rain gauge. Historical years available
before each notional decision are sampled in 5,000 paired Monte Carlo scenarios with explicitly
assumed soil, crop-water and economic parameters. Candidate selection uses 2001-2018; 2019—
2024 rainfall is reserved for a separate retrospective check. The example produces conditional
margin differences, including adverse scenarios, rather than verified farm benefits. I do not
yet have access to field-level soil, irrigation, yield or sales records. A matched three-seed
physics-informed neural surrogate reduces balance error but worsens storage error relative
to an unpenalised network. The framework separates physical consistency from predictive
accuracy and sets out a field-validation plan; it does not establish crop-forecast accuracy or a
farmer-specific planting recommendation.

1 Decision and contribution

The question is whether a transparent, pre-season scenario calculation can expose the trade-off
between water security and its cost without using the season’s future rainfall to select a plan. The
contribution at this stage is an executable framework, an information-cutoff test and a proposed
validation design. The scientific comparison separates physical consistency, predictive error and
practical decision value.

The intended user is a grower or extension adviser deciding when to establish a crop and
whether irrigation is affordable. On 1 March, the example considers 1 April, 15 April and 1 May
establishment dates. This allows 31-61 days for nursery work, land preparation, input ordering
and water arrangements. These lead times are design assumptions to be checked with farmers.
Tomato and watermelon are relevant crops in St Elizabeth’s official production materials [5] [6];
their presence does not establish the suitability of the sampled point for either crop.

Each crop is assessed separately. A fixed 1 April rainfed plan is the baseline for that crop. It
is a predeclared comparator, not a claim about normal local practice. Choosing a later date may
change prices, labour availability and the next crop cycle. Those effects are not modelled, so the
selected date is not an operational recommendation.

2 Related work and the scope of the contribution

Crop planning under water constraints predates this framework. AquaCrop supports irrigation
and planting-date scenarios, while the Decision Support System for Agrotechnology Transfer
(DSSAT) combines crop, soil, weather and management modules [§, O, [11]. The present bucket
omits canopy development, rooting dynamics and growth-stage-specific demand. The reference
evapotranspiration methods in Allen et al. [I0] illustrate why constant demand is an approxima-
tion, not a calibrated replacement.



A particularly relevant Jamaican study is Rankine et al. [12], which evaluated a cassava model
using local field trials. Its crop-specific evidence cannot validate tomato or watermelon here; it
shows the kind of field comparison needed. The contribution of the present work is a reproducible
decision-boundary experiment with an explicit neural-surrogate diagnostic, not a new agronomic
model or a demonstrated increase in farm income.

Physics-informed neural networks combine data fitting with physical residuals [I3]. Analytic
constraints can instead be enforced through architecture; a loss penalty is not such a guarantee
[14]. Optimisation failures reported by Krishnapriyan et al. [15] motivate reporting predictive
error and physical violations separately. Dunkley’s earlier Jamaican rainfall-allocation benchmark
likewise distinguishes conservation from skill [I6]; its atmospheric target and data are different,
and its reported results are not used as crop validation here.

3 Actual data and what remains assumed

The sampling coordinate is 17.93° N, 77.77° W in the Pedro Plains area. It is not a surveyed farm
or a parcel boundary. NASA POWER’s precipitation product draws on an assimilation model and
represents its source grid, which can differ from a field [1l 2]. The downloaded response identifies
MERRAZ2, corrected precipitation in mm/day and local solar time. It contains one nonnegative
value per day from 1 January 2001 to 31 December 2024, including leap days. Acquisition and
source hashes are preserved with the code.

This is real data obtained from a public scientific service; it is not local field ground truth.
The analysis does not use the provider’s grid-average elevation as a soil or slope measurement.
No field irrigation, rooting depth, soil-water capacity, cultivar, harvest, sales or pest records were
available. Temperature and satellite reflectance do not enter this model.

A companion animation replays the actual monthly rainfall values. A separate false-colour
MODIS satellite image provides geographic context. It is not a rainfall map, crop-health estimate
or validation layer. Keeping these roles separate prevents visual detail from suggesting evidence
the model does not contain.
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Figure 1: Actual NASA POWER rainfall values aggregated by month. Colour represents precip-
itation, not crop yield. The annual rows show the historical variation available to the scenario
framework.



4 Information available at the decision

The training archive is fixed at 2001-2018. Each Monte Carlo draw selects a whole historical year
with replacement and retains its daily rainfall sequence for the candidate planting window. This
preserves within-season wet and dry runs better than independent daily resampling. It cannot
create unseen extremes, and 5,000 draws do not create 5,000 distinct weather years: the weather
support is eighteen years.

The same random draw of year, soil capacity, initial storage, demand and economic parame-
ters is used across competing plans. Initial storage is reset to the same sampled fraction for every
candidate; it is not reconstructed from the rainfall before each planting date. This isolates candi-
date sensitivity but omits antecedent-moisture differences. Pairing isolates changes attributable
to the candidate choice within the assumed simulator. Selection maximises mean simulated mar-
gin using only training years. The chosen plan is then evaluated against the baseline under each
of six held-out rainfall years, 2019-2024. It is not reselected after seeing those years.

This prevents future wvalid-time rainfall from choosing the plan. It does not reproduce the
exact data product available in March of each historical year: the reanalysis was retrieved in
2026. The exercise is a retrospective information-cutoff test, not an archived real-time forecast
trial. Future work must freeze acquisition vintages and operational forecast issue times.

5 Water balance and crop response

Let S; denote available soil water, P, rainfall and I daily applied irrigation, all in mm. Soil
capacity is C and potential daily crop demand is D. The daily calculation is

Q: = max(0,S; + P, + 1 — C), (1)
E, =min(D,S;+ P, +1—Q,), (2)
Six1 =S+ P +1—-Q — Ey. (3)

Here @)y combines unresolved overflow losses and E, is realised water use. No catchment routing,
groundwater or infiltration-limited runoff is represented. The simulator maintains nonnegative
storage and an explicit water balance.

The assumed relative yield response is

st 11, (1 2] .

The Food and Agriculture Organization’s seasonal response factors are k, = 1.05 for tomato
and 1.10 for watermelon [3]. These are general reference values, not local calibrations. Constant
demand is a deliberate simplification; actual demand and sensitivity change with growth stage
[]. Severe deficits, excess water, disease and heat can invalidate this yield approximation. The
computed y is a simulated fraction of potential yield, not an observed harvest.

The prototype uses 90 days for tomato and 75 for watermelon, informed by the approximate
maturity periods in official production material [5 [6]. The simulation ends at first maturity and
does not model the later reaping period. The referenced budgets are historical; their monetary
figures are not used as current quotes.

6 Monte Carlo assumptions and value

The code samples independent uniform ranges for capacity (60-140 mm), initial storage (25-75%
of capacity), demand (3-5 mm/day), potential gross revenue (USD 3,000-9,000 per hectare), fixed
cost (USD 1,500-4,500 per hectare) and delivered water cost (USD 0.10-0.60 per cubic metre).
Each plan uses 0, 1 or 2 mm/day of irrigation. These ranges are illustrative inputs, not estimated



local distributions. In particular, revenue and cost are assigned the same ranges to both crops to
isolate model behaviour, not to compare their market profitability.
For a one-hectare plot, the scenario margin is

M = Rpaxy — Chixea — 10cy, In. (5)

The conversion factor is ten cubic metres per hectare per millimetre. The potential value of a
choice is the paired difference AM = Moice — Mpaseline- It is conditional on the assumed prices,
water access and crop response. Neither a sales forecast nor a causal benefit is estimated. The
reported 5th—95th percentiles describe scenario dispersion, not statistical confidence in a real
farmer’s outcome.

Irrigation is treated as feasible and available every day; capital installation, credit, equipment
failure and supply restrictions are absent. Crop price is held constant across dates and weather
years. A market glut can make a water-secure crop unprofitable, as official reporting on St Eliz-
abeth tomatoes illustrates [7]. A usable tool must therefore let the grower change the economics
and refuse a recommendation when feasibility is unknown.

7 Executed framework results

There are nine candidate plans per crop and 5,000 paired draws per candidate. Under the stated
assumptions, both crops select 1 May with 2 mm/day irrigation. Relative to 1 April rainfed,
mean training-scenario margin differences are USD 865/ha for tomato and USD 1,097/ha for
watermelon. Their 5th-95th percentile differences span approximately USD -671 to USD 2,760
and USD -537 to USD 3,190 respectively. Negative cases remain material.

Across the six held-out rainfall years, mean simulated differences are USD 718/ha and USD
970/ha. These values describe a model experiment with real rainfall forcing and assumed crop
economics. They are not evidence that a farmer earned or would earn those amounts. Figure 2
shows year-specific dispersion rather than hiding it behind the average.

Scenario results, not measured farm benefits
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Figure 2: Selected-plan minus baseline simulated margins under six held-out rainfall years. Points
are means; bars are 5th—95th scenario percentiles. Soil and economic uncertainty remains as-
sumed. No field yield or income observations were used.

Every simulated day passed storage bounds and water-accounting checks. Date uniqueness,
nonnegative rainfall, training cutoff and identical-plan paired differences were also checked. These
establish arithmetic and information separation within the code; they do not validate the crop
model. The full candidate and held-out results are supplied as tables so adverse results remain
visible.



8 Post hoc sensitivity to water cost and feasibility

A separate 60-setting stress grid varies the assumed potential-revenue scale (0.5, 1 or 1.5), deter-
ministic water cost (USD 0, 0.35, 0.70, 1.40 or 2.80 per cubic metre) and eligibility of irrigation.
Its design followed the original results, so it is exploratory rather than a fresh holdout. It reuses
only training weather. Repeated rainfed results across water-price settings are not independent
experiments.

At the original revenue scale, increasing water cost from USD 0.35 to 0.70 per cubic metre
changes the highest-mean candidate to 15 April with 1 mm/day for tomato and 1 May with 1
mm/day for watermelon. At USD 1.40, both favour 15 April rainfed. With irrigation excluded,
both also choose 15 April rainfed. Unknown water access therefore changes the candidate set,
not merely a disclaimer below a recommendation.

The fixed 1 May/2 mm plan breaks even against 1 April rainfed at mean water prices of
approximately USD 0.833 and 1.084 per cubic metre for tomato and watermelon. These are
pairwise thresholds under the stated revenue assumptions, not globally optimal switching prices or
local quotes. Shared fixed costs cancel. Extra capital expenditure would reduce these thresholds.
Because the baseline remains eligible, the maximised mean difference cannot be negative; the
archive separately reports draw-level downside and the original fixed plan’s losses.

9 A physics-informed neural surrogate experiment

A separate experiment asks whether a soft physical penalty improves a neural approximation of
one bucket step. The five inputs are initial storage, daily precipitation, irrigation, capacity and
demand. The three outputs are next-day storage, realised water use and overflow. All quantities
are divided by 100 mm before training. The targets are computed by the equations above, not
measured soil states or yields. This is a discrete-time, physics-informed neural surrogate; it does
not solve a spatial partial differential equation.

Training inputs use rainfall dates from 2001-2015, with one independently sampled soil and
management state per date. The 2016-2018 dates are excluded from fitting and no model selection
uses them. Testing uses 2,192 daily rainfall inputs from 2019-2024 with separately sampled states.
Both models receive the same 1,000 labelled training transitions, initial weights and minibatches
within each seed. There is one 32-unit hyperbolic-tangent hidden layer and a linear output layer,
giving 291 parameters. Three seeds (101, 202 and 303) each run 1,500 Adam steps at learning
rate 0.003 and batch size 128. No hyperparameter search was conducted. The penalty adds
unlabelled training-input information and extra gradient computation; the comparison matches
supervised data and update count, not total computation or total constraint information.

With hats denoting predicted normalised outputs, the physical residual is

T0:§t+1+Et+@t—(St+Pt+I). (6)

The physics-informed loss adds the mean squared residual and squared violations of nonnegative
outputs, storage capacity and demand bounds to the supervised mean squared error, each with
unit weight. The data-only network has the same architecture and supervised loss without these
penalties. An independent minibatch of training inputs supplies the residual evaluations. This is
a soft constraint: no post-processing projection conceals violations.

Finite-difference checks of sampled gradient components gave maximum absolute discrepancy
2.11 x 1010, Table [1| gives every seed rather than selecting the favourable run. The penalty
reduces mass-balance root mean squared error in all three runs but worsens storage and realised-
water-use errors in all three. Maximum absolute balance error also worsens in two seeds (202 and
303), despite the lower average squared residual. Negative outputs persist in 21.8-37.8% of test
transitions for the penalised network, using a normalised 10~® numerical tolerance (equivalent to
107% mm). Thus a lower conservation residual does not establish a physically admissible or more
accurate surrogate.



Seed Model Storage error (mm) Balance error (mm)

101  Data only 2.294 0.930
101 Physics informed 2.448 0.560
202  Data only 1.790 0.977
202  Physics informed 2.429 0.931
303  Data only 2.398 0.971
303  Physics informed 2.679 0.773

Table 1: One-step root mean squared errors against synthetic bucket targets under held-out
rainfall inputs. No field-state observations enter this benchmark.

The exact bucket is already inexpensive and remains the scenario engine. This neural test
establishes neither a speed advantage nor a reason to replace it. Autonomous rollouts, yield
propagation and forecast performance were not tested. The comparison is exploratory: the wider
programme had already inspected these historical years before this separate protocol was fixed,
although test labels did not enter training or parameter selection.

10 Future work and field validation

A prospective extension requires soil-water measurements, planting dates, irrigation logs, culti-
var details, harvested mass and realised prices from farms and extension partners. Rain-gauge
comparisons would test the bias of the gridded rainfall input. No participant access, partnership
or approval is claimed here.

A prospective study should freeze the data issue date, weather forecast, feasible candidate set
and baseline before planting. It should compare the current bucket model with a calibrated crop
model, historical-calendar advice and any proposed learned model under the same information.
Calibration and test farms or seasons must remain separate. Primary outcomes should include
yield error, water use, realised margin and decision regret; failed recommendations and adverse
outcomes should be retained.

The next neural comparison should test exact architectural constraints, matched tuning bud-
gets and multi-step stability before any decision engine is replaced. A separate interface study
must measure whether users understand adverse cases and missing feasibility information. A-
gricultural tool uptake depends on relevance and usability as well as model performance [17];
better explanations do not automatically reduce overreliance [I8]. Design guidance supports
communicating limits and corrections [19], while risk-management guidance treats validation and
contextual harms as separate responsibilities [20].

11 Conclusion and reproducibility

Actual rainfall forcing makes the scenario exercise reproducible but does not supply missing field
outcomes. Water cost and feasibility alter the preferred plan, and a physics penalty improves the
surrogate’s balance metric while worsening its storage accuracy. These results support retaining
explicit baselines, adverse scenarios and separate physical checks before using a model in crop
decisions.

The supporting material preserves the NASA response, acquisition URL, seeds, protocols,
simulator, neural weights, all candidate results, sensitivity grid and checks. No personal farm
records or human participants were used. No prospective field access or partnership is implied.
The accompanying interface protocol shares this numerical experiment and is not an independent
agronomic replication.
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