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Executive Summary
Every planting decision a farmer makes is an optimization problem. How to extract the most reliable yield from a

system governed by weather, soil biology, pest pressure, market timing, and a thousand invisible variables. Human
expertise handles this remarkably well, but it has bandwidth limits. Artificial intelligence does not.

This paper builds a rigorous, mathematically grounded framework for deploying Al across three interlocking
phases of any farming operation. predictive planning before a seed goes in the ground, real-time in-season
management while the crop is growing, and post-harvest learning that makes every future season smarter than
the last. Each phase is demonstrated through the specific circumstances of a white maize operation in
Mpumalanga, South Africa, and each model is immediately generalizable, to wheat in Ukraine, soybeans in Brazil,
rice in Vietnam, tomatoes in Morocco, cattle in Australia, or any other agriculture system.

No hallucination. No vendor promotion. Just the mathematics, the methods, and the practical steps to put them to
work.

A Word from the Author
| have lived in South Africa all my life. Growing up there, you don’t just see agriculture as an industry, you see it as
the literal lifeblood of our communities. Over the years, I've come to know some farmers personally. | have sat at
their tables and looked into their eyes as they navigate the silent, grinding pressures of the land. The volatile
markets that drop overnight, the sudden pest invasions, the crushing financial margins, and the profound mental
toll that comes with risking everything on a season’s harvest.

I am not a farmer. My world isn't measured in hectares or rainfall percentages, it’s measured in code, data
architectures, and infrastructure. | have been in IT all my life. | love technology, | love cars, and | love building
systems that run with high performance precision. But more than tech, my core drive has always been helping
people.

For a long time, it bothered me to watch tech companies pitch over hyped, expensive "black box" Al solutions to
farmers who are already stretched to their financial limits. | wrote The Intelligent Field to change that. This
whitepaper isn’t a sales pitch or a corporate marketing document. It is my way of using a lifetime of IT experience
to serve the people who feed us. By stripping away the tech buzzwords and laying bare the transparent, open-
source mathematics behind smart farming, my goal is to give farmers and Agritech engineers a practical copilot.
You don't need multimillion dollar software to build a resilient farm, you just need clean data, the right equations,
and the willingness to let technology shoulder some of the burden.

Why This Paper?

Modern precision agriculture suffers from severe data fragmentation. While farms generate massive volumes of
isolated data from localized soil probes to regional weather forecasts, operators lack a unified mechanism to
translate these disparate data streams into predictive, real-world execution.
The Intelligent Field bridges this gap by introducing a standardized operational framework. Rather than treating
agricultural algorithms as isolated software tools, this paper establishes a continuous data loop structured
chronologically around a single growing season.
This specific framework is required for three key operational reasons:
e Mathematical Synthesis: It unites satellite imagery indices, thermodynamic growth equations, and
machine learning models into a single, cohesive equation pipeline.
e Predictive Lead Time: It shifts operations from reactive management to predictive modelling, giving
farmers actionable insights weeks before anomalies occur in the field.
e Scalable Standardization: It creates an objective benchmark that allows disparate technical systems to
communicate using a shared mathematical language.
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Why Farming Needs Al Now

THE CASE FOR INTELLIGENT SYSTEMS IN AGRICULTURE

Modern farming is simultaneously the world's oldest profession and one of its most data intensive
industries. A commercial maize/corn farm in Mpumalanga generates thousands of data points every single
day. Temperature gradients across the field, soil moisture at multiple depths, satellite derived vegetation
indices, rainfall accumulation, plant density counts, pest scouting logs. The volume of this data exceeds
what any individual or team can usefully process in real time.

At the same time, the margins for error are shrinking. Climate variability is increasing, water scarcity is
worsening across sub—Saharan Africa and many other regions, input costs for fertilizer, fuel, and seed
continue to rise, and global food demand is projected by the UN's Food and Agriculture Organisation to
require a 50% increase in production by 2050. The window between a high yield season and a catastrophic
one has never been narrower.

"The right decision, made a week too late, is the wrong decision." This is the problem Al solves
for farmers. The ability to act on complex, multi-source data in time to make a difference.

70% 30% S50% 5-40%

Of Global Freshwater
Used By Agriculture
(FAO)

Of Crop Yield Lost To
Preventable Stress
(CGIAR)

Production Increase
Needed By 2050
(FAO)

Yield Improvement
Range From Precision
Al Systems (WEF)

g The Use Case: Sipho's Farm, Mpumalanga

SOUTH AFRICA - WHITE MAIZE - 200 HECTARES

Throughout this paper, we anchor every model and method to a concrete example. Meet Sipho Dlamini, a
commercial white maize farmer operating 200 hectares outside Middelburg in Mpumalanga province, the
eastern anchor of South Africa's maize belt, which also spans the Free State, Northwest, and KwaZulu-

Natal provinces.

FARM PROFILE
Location & Scale

200 ha, Mpumalanga Highveld.
Altitude approximately 1,400m.
Summer rainfall region, with a 500-
750mm annual average
concentrated between October and
April.

CROP
White Maize (Zea mays)

South Africa's staple food crop.
Planted November, harvested April-
May. Target yield = 6 tonnes per
hectare. Current average = 4.2 t/ha
due to variable rainfall and pest
pressure.

CHALLENGES
What's Limiting Yield

Erratic mid-season dry spells, soil
organic matter decline from
continuous monoculture, and power
outages disrupting irrigation
schedules.
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Sipho has 15 years of farming experience and excellent intuition about his land. What he lacks is the ability
to process all his data simultaneously, to compare this season against the last twelve at a field-zone level,
and to receive an early alert two weeks before stress becomes visible. That is exactly what the Al system
described in this paper delivers.

Generalisation note: Everything that follows works identically for any crop with a measurable growth
process, and the concepts extend to livestock systems (replacing thermal growth units with daily weight
gain targets, replacing NDVI with body condition scoring, replacing yield maps with individual animal
performance histories). The only inputs that change are the crop-specific parameters, base temperature,
coefficient tables and target tolerances. All of which are freely available through agricultural extension
services worldwide.

Phase 1: Predict Before You Plant

DEVELOPMENT-TIME MODELLING - PRE-SEASON FORECASTING - RESOURCE PLANNING

3.1 Thermal Time: The Growing Degree Day Model

Plants do not experience time the way humans do, they experience heat accumulation. Every crop variety
has a biological clock measured in Growing Degree Days (GDD), also called thermal units. A GDD is a single
degree above the crop's minimum temperature threshold (the base temperature) sustained for one day.
Accumulate enough of them, and the plant moves to its next growth stage. This is true for maize in South
Africa, wheat in Canada, and rice in Thailand alike.

For white maize, the base temperature is 10°C and the ceiling (above which development ceases) is 34°C.
Growth is optimal between 25°C and 30°C.

FORMULA 1: DAILY GROWING DEGREE DAYS

T-;rrm;r,c:dj + T-;rn.-f.-n.,adj
2

T}ﬂxladj Daily maximum temperature, capped at 34°C for maize (i.e., if T max >
34°C, use 34°C)

GDD; = max | 0, — Thaze

T}an,adj Daily minimum temperature, floored at T base (i.e., if T min < 10°c,
use 10°C)

Trase Crop base temperature: 10°C for maize, 0°C for wheat, 15°C for cotton

FORMULA 2: CUMULATIVE GDD (SEASON ACCUMULATION)

GDD cum — Z GDDd
d=1

d Day index from planting date (d=1) to current day (d=n)

GDDecunm Total thermal units accumulated since planting. Maize requires

approximately 1,365 GDD to reach physiological maturity (R6 stage)
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Cumulative GDD

Growth Stage Stage Code (Maize) Key Management Action

Emergence VE 65-125 GDD Confirm plant population. Scout for cutworm

6th Leaf V6 475 GDD Side dress nitrogen application window opens

12th Leaf V12 750 GDD Critical irrigation period begins. Insect monitoring intensifies
Tasselling VT 860 GDD Peak water demand. Pollination at risk from heat/drought
Silking R1 900 GDD Yield potential set. Drought causes 3-8% loss per day

Milk stage R3 1,100 GDD Grain fill begins. Reduce irrigation gradually

r:hay;slj(:i[cc\)/gical R6 1,365 GDD Harvest timing decision. Grain moisture 28-35%

SIPHO'S FARM: GDD IN PRACTICE

November planting, Middelburg Mpumalanga

Sipho plants on 12 November. Historical weather data from the nearest South African Weather Service station
shows that Middelburg accumulates an average of 18.2 GDD per day during the November-April growing season.
The Al system predicts R1 (silking) will occur approximately 49 days after planting (900 + 18.2), placing it around 31
December. If the 10-day weather forecast shows temperatures above 34°C during that window, the system flags an
irrigation boost recommendation immediately, two weeks before the stress would be visible to the naked eye.

For any other crop or country: Replace 10°C base temperature with your crop's value (wheat = 0°C, rice = 10°C,
soybean = 10°C, cotton = 15°C) and replace 1,365 GDD with your variety's target accumulation. The formula does not
change.

3.2 Satellite Vegetation Index: Seeing the Field from Space

Multispectral satellite imagery available free from ESA's Sentinel-2 satellites every 5-10 days, or more
frequently via commercial providers, allows an Al system to estimate crop health across an entire field
without a single person walking it. The key index is NDVI. the Normalised Difference Vegetation Index.

Plants in good health absorb red light for photosynthesis and reflect near infrared (NIR) light strongly.
Stressed, sparse, or dead vegetation shows a very different spectral signature. NDVI measures this ratio.
FORMULA 3: NORMALISED DIFFERENCE VEGETATION INDEX (NDVI)

PNIR + PRed

NDVTI € [-1,+1]

ONIR Near-infrared reflectance (band 8 in Sentinel-2, ~842nm). Healthy
leaves reflect NIR strongly.

Pred Red light reflectance (band 4, ~665nm). Absorbed by chlorophyll. Low

values = High activity.

Interpretation Bare soil: 0.05-0.15 - Seedlings: 0.20-0.35 - Healthy canopy: 0.55-
0.75 - Peak maize: 0.70-0.85
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An Al system can track NDVI over time for every 10m x 10m pixel across Sipho's entire 200 hectares and
identify zones where vegetation is developing slower than the season average. Combined with GDD
accumulation data, these zones become candidates for targeted investigation, possible compacted soil,
uneven fertiliser application, drainage problems or early pest damage.

3.3 Pre-Season Yield Prediction: Multiple Linear Regression

Once historical data exists (at minimum 3-5 seasons), a statistical model can learn which combinations of
conditions lead to high or low yields. The simplest reliable starting point is multiple linear regression,
which learns a weighted relationship between measurable input variables and final yield.

FORMULA 4: YIELD PREDICTION VIA MULTIPLE LINEAR REGRESSION

Y = Bo+ B - GDD + B2 - ETCueficit + B3 - NDV Ipear + Bs - N + fs

Predicted yield (tonnes per hectare)

Model coefficients learned from historical data. Each B quantifies

how much one unit change in its input variable shifts the expected
yield.

Total cumulative growing degree days for the projected season (from

historical climate normals + forecast)

ETCgeficit Projected crop evapotranspiration deficit (mm), how much water

demand will likely exceed supply
TJD\/Ipeak Peak NDVI value from prior-season satellite data for the field zone

Planned nitrogen, phosphorus, and potassium application rates
(kg/ha)

Target plant population density (plants/ha)

Residual error term, what the model cannot explain. Quantifying

this is as important as the prediction itself.

"The soil tells a story, but mathematics gives it a voice. By translating the chaotic rhythms of nature
into transparent, predictable code, we take the guesswork out of survival and hand the power back to
the person who manages the land."
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3.4 Deep Learning: Neural Networks for Complex Prediction

Linear regression assumes that each input independently affects yield in a straight-line relationship. Real
agriculture is messier than that. A drought interacts with nitrogen level, temperature interacts with pest
pressure, and soil type modulates everything. For richer relationships, a multilayer neural network can be
trained to capture these non-linear interactions.

FORMULA 5: NEURAL NETWORK FORWARD PASS (SINGLE LAYER)

a® — £ (WO . gD 4 p0

Activation output of layer 1. The vector of values passed to the

next layer

Weight matrix for layer 1. Learned during training. Each weight

represents how strongly one node influences the next.

Bias vector for layer 1. Allows the model to shift its activation

independently of the input.

Activation function. Common choices: ReLU = max (0, x) for hidden

layers. Linear for regression output. Sigmoid o(x) = 1/(l+e*) for
binary classification outputs.

The network learns by minimising a loss function over all training examples. For yield prediction (a
regression task), this is typically Mean Squared Error (MSE):

FORMULA 6: LOSS FUNCTION: MEANS SQUARED ERROR

m
(% —ui)
1=1
All model parameters (weights W and biases b across all layers)

Number of training examples (seasons x field zones x historical

records)

Model's predicted yield for training example i

Actual recorded yield for training example i

Training uses gradient descent to iteratively adjust 0 in the direction that reduces L(6). After sufficient
training iterations, the model has learned to predict yield from pre-season inputs with quantified accuracy
that can be validated against held-out seasons.
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Phase 2: Manage While It Grows

IN-SEASON MONITORING - SMART IRRIGATION - ANOMALY DETECTION - LSTM FORECASTING

4.1 Reference Evapotranspiration: Smart Irrigation Science

One of the most consequential daily decisions a farmer makes is how much water to apply. Too little and
the crop stresses. Too much and water is wasted, nutrients leach, and fungal disease pressure increases.
The FAO Penman-Monteith equation, the global standard for calculating water demand, gives Al systems
the precise input needed to schedule irrigation scientifically.

The equation calculates ETo: how much water a reference grass surface would evaporate and transpire on
a given day under the actual weather conditions. This is then multiplied by a crop-specific coefficient to
get the actual crop water demand.

FORMULA 7: FAO PENMAN-MONTEITH REFERENCE EVAPOTRANSPIRATION (ETo)
900
1, 0408 A (Fn = G) + 7 (riyms) w2 (& —€a)
A+v-(140.34-us)

Reference evapotranspiration [mm/day]. The daily water demand for a

reference crop under current weather
Slope of the saturation vapour pressure-temperature curve [kPa/°C]

Net radiation at the crop surface [MJ/m?/day]. The energy driving

evaporation.

Soil heat flux [MJ/m?/day]. Usually, small relative to R, daily.

Means daily air temperature at 2m height [°C]

Wind speed at 2m height [m/s]. Higher wind = more evaporation
demand.

Saturation vapour pressure deficit [kPa]. Dry air has a high

deficit, humid air a low one.

Psychrometric constant [kPa/°C]. Depends on altitude. For
Middelburg (~1,400m): ~ 0.0572 kPa/°C.
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Once ETy is known, actual crop evapotranspiration is calculated by scaling with a crop coefficient (Kc),
which reflects how much more or less water the actual crop demands compared to the reference grass:

FORMULA 8: ACTUAL CROP WATER DEMAND

ET.= K, x ETj

Actual crop evapotranspiration [mm/day]. The true daily water

demand of the growing crop

Crop coefficient. For maize: initial stage 0.30-0.40 - development

0.40-1.15 - mid-season (tasselling) 1.05-1.20 - late season 0.35-
0.60. Source: FAO-56.

SIPHO'S FARM: DAILY IRRIGATION DECISION

Tasselling period: 2 January, Middelburg

The weather station records: T = 27°C, u, = 1.8 m/s, relative humidity 52%, net radiation 18.4 MJ/m?/day. Plugging
into the Penman-Monteith equation gives ETo = 5.8 mm/day. Maize is at VT (tasselling) with Kc = 1.15, so ETc = 5.8 x
1.15 = 6.67 mm/day. The soil moisture sensor at 30cm depth shows 58mm of available water remaining from 80mm
field capacity. Rainfall forecast for the next 5 days: 4mm total. The Al calculates the soil will be depleted to critical
stress levels in 9 days without irrigation. It schedules 35mm of irrigation over the next two cycles, before any visible
wilting occurs.

4.2 Reference Evapotranspiration: Smart Irrigation Science

A deployable in-season Al system integrates multiple data streams. The architecture below describes what
Sipho's system uses, and is replicable at any farm scale:

Sentinel-2 multispectral imagery every 5-10 days. NDVI, NDRE, LAl estimation.
Satellite Layer Free from ESA Copernicus. Commercial alternatives (Planet Labs) offer daily revisit.

On farm or nearest station data: temperature (min/max), humidity, wind speed,

Weather Station L
cather Station Layer — olar radiation, rainfall. Powers ETo and GDD calculations daily.

loT soil moisture sensors at multiple depths (30cm, 60cm, 90cm) and locations
Soil Sensor Layer across field zones. Low-cost sensors (e.g., Sentek, Decagon) transmit via LoRa or
cellular to a field hub.

Drone or mobile phone imagery of flagged zones. Convolutional neural network
ez | Scouting Layer classifies pest damage, disease lesions, and nutrient deficiency symptoms from
photos.

All streams feed a central model that integrates data, runs predictions, and issues
&% | Al Decision Layer timestamped recommendations, irrigation schedule, scouting priority zones,
spray decisions to the farmer's phone.
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4.3 LSTM: Forecasting Stress Before It Happens

Standard neural networks treat each day's data in isolation. But agricultural stress is a temporal process,
drought builds over days, pest populations compound over weeks, soil conditions reflect weeks of
accumulated behaviour. Long Short-Term Memory (LSTM) networks are a type of recurrent neural
network specifically designed to learn from sequences, remembering relevant patterns over long time
windows and forgetting irrelevant noise.

An LSTM processes a sequence of daily farm data vectors and produces a prediction about future
conditions: "In 8 days, soil moisture will drop below critical threshold in zones 3 and 7 unless irrigation is
applied."

FORMULA 9: LSTM GATE EQUATIONS (HOCHREITER & SCHMIDHUBER, 1997)

j} ::3CT(11{f '[kﬁ;.l,iﬂf]‘f‘bf)
?:t = U(m . [hxt_]_, fu"t] + b;)
C:; = f: © Cs_q1 +1i; © tanh(W, - [h;_q, 2| + bc)
hi = o, ® tanh(C})
Forget gate: controls what fraction of the previous cell state to

discard. A value near 1 means "remember everything" & near 0 means
"forget everything".

Input gate: controls how much new information from the current time

step enters the cell state.

Cell state at time t: the LSTM's long-term memory vector. Updated

by forgetting old info and incorporating new info.

Hidden state at time t: the LSTM's output and short-term memory.

Fed into the next time step and used for prediction.

Input vector at time t: daily values of [soil moisture, ETy,
rainfall, NDVI, temperature, GDD, etc.]

Elementwise (Hadamard) multiplication

For Sipho's farm, an LSTM trained on 10+ years of daily weather, soil, and irrigation records can detect the
pattern "dry-spell following VT tasselling with elevated wind" five to twelve days before the stress
manifests, with precision high enough to trigger a cost-effective irrigation response rather than a panic
response.
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Phase 3: Learn From Every Harvest

POST-SEASON INTELLIGENCE - BAYESIAN UPDATING - SOIL HEALTH - REINFORCEMENT LEARNING

5.1 Soil Health Index: Tracking the Farm's Long-Term Asset

Yield in any given year is a short-term output. But the soil is a long-term asset, and intensive agriculture
without soil health monitoring degrades it systematically. A Soil Health Index (SHI) provides a single,
trackable score that aggregates multiple soil parameters into an actionable number. Tracking this across
seasons reveals trajectories, whether the farm is building or destroying its underlying productive capacity.

FORMULA 10: COMPOSITE SOIL HEALTH INDEX
n
SHI = (w; x Si)
=1
where Y7, w; = 1and S; € [0, 1]

Standardised score for soil parameter i, mapped to [0,1] against

reference ranges. A pH of 6.0-6.5 for maize would score 1.0; pH 4.0
would score near O.

Weight assigned to parameter i based on its importance for the

crop. Calibrated by agronomists for the specific crop-soil system.

Example Weight Optimal Range
(Maize) (Maize)

Parameter Why It Matters

Water retention, nutrient cycling,
microbial activity

Nutrient availability, root health,
bacterial activity

Primary growth driver. N limits yield

Soil organic matter (%) 0.25 >2.5%

pH (buffered) 0.20 5.8-6.5

Available nitrogen

(mg/kg) 0.20 AD= 50 on most farms
Available phosphorus

0.15 15 -30 mg/kg Root development, energy transfer
(mg/kg)
Available potassium 0.10 120 — 200 mg/ke quught tolerance, disease resistance,
(mg/kg) grain fill
Electrical conductivity 0.10 <0.8 mS/cm Salinity indicator. High values restrict
(mS/cm) water uptake

By tracking SHI across seasons and correlating it with yield outcomes, the Al system identifies which soil
parameters are most predictive of yield on that specific farm, potentially revealing that Sipho's field has a
phosphorus limitation that none of his previous agronomists flagged.
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5.2 Bayesian Yield Model Updating

The Al model improves every season. The mathematical framework for this is Bayesian updating: treating
the current model as a "prior belief" and updating it with new observed evidence to produce a sharper
"posterior belief." Over multiple seasons, the model's uncertainty shrinks and its accuracy for that specific
farm increases.

FORMULA 11: BAYESIAN POSTERIOR UPDATE

P(Q ‘ D.nf_-w) o P(Dnew 9) : P(H | ‘Dﬂld)

The model parameters (yield prediction coefficients, growth stage

timing estimates)

Prior: what the model believed about 6 based on all previous

seasons' data

Likelihood: how well the new season's observed data matches each

possible value of 6

Posterior: the updated belief, sharper than the prior, which

becomes the prior for next season's update

SIPHO'S FARM: LEARNING FROM A BAD

N/ NOEMA

The 2023/24 dry-spell event

In the 2023/24 season, Sipho's Al model predicted 5.8 t/ha based on pre-season inputs. Actual yield was 3.9 t/ha, a
1.9 t/ha shortfall. Post-harvest data analysis identified the cause: an 18-day dry period between R1 (silking) and R3
(milk stage) that coincided with soil compaction in zones 4, 5, and 8, which reduced water infiltration and made
those zones drought-amplified even when rain arrived.

The Bayesian update from this season's data increased the weight of the "R1-R3 cumulative ETc deficit x compaction
zone" interaction term by 34%. The following season's model predicted 5.1 t/ha for the same zones under similar
weather conditions, and actual yield came in at 5.0 t/ha. The model learned. The farm improved.

For any farmer: even two or three seasons of complete yield + weather + soil data is enough to begin Bayesian
updating. The model does not need decades of perfect records, it needs honest records, good or bad.

5.3 Reinforcement Learning: Optimising Long-Run Decisions

Some farming decisions affect not just the current season but future seasons, fertiliser rates that build or
deplete soil health, irrigation strategies that affect compaction, cover cropping decisions that take
multiple seasons to pay off. Reinforcement learning (RL) optimises for cumulative long-run reward, not
just immediate outcome. The most widely used RL algorithm for tabular or low-dimensional decision
spaces is Q-learning.
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FORMULA 12: Q-LEARNING UPDATE RULE (WATKINS & DAYAN, 1992)

Q(s,a) < Q(s,a) + - |7 +7-maxQ(s',a) — Q(s,a)

nw

The "quality" of taking action “a” in state “s” ,the AI's estimate

of long-run return from that decision

Current state: e.g., soil moisture = 42%, GDD accumulated = 480,
SHI = 0.68, current NDVI = 0.61, week of season = 7

Action taken e.g., "apply 25mm irrigation" or "apply Omm and wait 3

days"

Reward received after taking action a: e.g., change in NDVI, water

cost saved, or end-of-season yield contribution attributable to
this decision

Learning rate € (0, 1). Controls how quickly the model updates its
QO-values with new evidence. Typically, 0.01-0.1.

Discount factor € (0, 1). Controls how much the AI values future
rewards vs immediate ones. y = 0.9 means a reward next season 1is

worth 90% of the same reward today.

Next state: the farm conditions after action a was taken

5.4 Random Forest: Ensemble Decision Making
Where a single neural network can overfit to noise in a small dataset, a Random Forest builds many
independent decision trees on random subsets of data and averages their predictions. This ensemble

approach is more robust on small-to-medium agricultural datasets and provides a natural measure of
prediction confidence (variance across trees).

FORMULA 13: RANDOM FOREST ENSEMBLE PREDICTION

L1 &
Y:fgft(a:)

T
Variance Estimate:  Var(Y') = ﬁ E(ft(ﬂl') —7)?
t=1

Total number of decision trees in the forest. Typically, 100-500.

More trees = more stable predictions but longer computation.

Prediction of tree t for input vector x (e.g., this season's

weather + soil + management inputs)

The spread of tree predictions, giving an uncertainty estimate.

High variance = the model is uncertain. Trust the prediction less
and add a safety buffer.
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Making This Work for Any Farm

CROP ADAPTATION - LIVESTOCK - LOW-CONNECTIVITY ENVIRONMENTS - MINIMUM REQUIREMENTS

6.1 Adapting the Framework Across Crops

Every variable in this paper's models can be substituted with crop-specific parameters. The mathematical
architecture does not change. Only the calibration values do, and those are freely available from national
agricultural extension services, the FAO, or CGIAR research centres.

Base Temp Ceiling GDD to Peak Kc Key Stress
(T_base) Temp Maturity (FAO-56) Window
g:;te Maize 10°C 34°C 1,365 GDD 1.05-1.20 Silking (R1-R2)
Wheat o o 1,500-2,100 . . g
(Global) 0°C 35°C GDD 1.05-1.15 Anthesis-grain fill
1,200-1
Soybean 10°C 30°C G,Dgo »>00 1.0-1.15 Pod fill (R3-R6)
1 -1,4
Rice (lowland) 10°C 35°C G’ggo /400 1.0-1.20 Panicle initiation
Tomato 10°C 34°C 1,000-1,400 1.05-1.25 Flowering & fruit
GDD set
1 -2
Grapevine 10°C 40°C G’ggo »>00 0.7-1.05 Véraison-harvest
1 -2
Cotton 15.6°C 37°C G’;;O /000 1.05-1.20 Boll development

6.2 Livestock Adaptation

For cattle, dairy, poultry, and aquaculture operations, the same three-phase framework applies with
adapted metrics. GDD is replaced by daily weight gain targets or feed conversion ratios. NDVI is replaced
by pasture biomass indices (calculated from the same satellite imagery, using alternative indices such as
EVI or NDWI). Yield maps become individual animal performance histories. The Bayesian and RL
frameworks are identical, only the state and reward definitions change.

Crop Framework Concept Livestock Equivalent

Growing Degree Days (GDD) Daily Weight Gain (DWG) target vs actual

NDVI (vegetation health) Pasture Biomass Index / body condition score

ETc (water demand) Water intake per animal per day

Yield (tonnes/hectare) Meat (kg/head), Milk (litres/cow/day), Eggs (units/bird)
Soil Health Index (SHI) Herd Health Index (disease burden, mortality rate, fertility)

Animal lameness, skin condition, respiratory distress classification

Pest/disease detection (CNN) ———
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6.3 Low-Connectivity and Low-Budget Environments

Not every farmer has reliable internet, electricity, or access to commercial satellite subscriptions. The

framework scales down deliberately:

TIER 1: OFFLINE

Paper Records & Seasonal
Model

GDD calculated with a simple
weather station and a spreadsheet.
Yield regression built from 5 seasons
of manual records. Soil tests every 2
years. No connectivity required.

TIER 2: SMS / MOBILE

Feature Phone
& Satellite

Free Sentinel 2 NDVI accessed via a
WhatsApp integrated platform (e.g.,
Sauti ya Wakulima, eLEAF). SMS
alerts for irrigation and spray
decisions. Low-cost LoRa soil

Sensors.

Implementation Roadmap

FROM ZERO TO INTELLIGENT FIELD: PRACTICAL STARTING STEPS

TIER 3: CONNECTED

Full Al
Platform

Real-time IoT sensor network, LSTM
forecasting, drone imagery, cloud-
based yield prediction, automated
irrigation scheduling. Full Bayesian
learning loop each season.

7.1 Minimum Data Requirements to Start

Al systems are only as good as the data they train on. Before any model is built, data collection must

begin, or historical records must be digitised. The minimum viable dataset for building a useful yield

prediction model is:

Minimum Seasons

Granularity Needed

Source

Data T .

ata Type Required
i - -

inal yield by field 3 seasons
zone

. . 3
Daily rainfall >€asons
Daily temperature 3 seasons
Fertiliser application 3 seasons
Planting date and
3 seasons

variety

Soil test results

(or regional data)

1 baseline test

Per field or zone
(= 10 ha units)

Daily mm

Daily min/max °C

Rate per product per
date per zone

Date, seed variety

Per zone:
pH, N, P, K, OM, EC

Combine harvester log, weighbridge
records

On-farm gauge or nearest weather
station

On-farm station or national met
service

Input records, agronomist reports
Farm diary

Accredited soil lab
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Al implementation does not need to happen all at once. A three-stage rollout over two to three seasons is

more effective than a big-bang deployment:

Year 1: Instrumentation & Baseline

Year 2: First Models

Year 3: Full Intelligent Field

Install weather station (or connect to nearest). Conduct baseline soil survey across field zones. Digitise all
historical yield, input, and management records. Begin daily data logging. Download free Sentinel 2
NDVI for the growing season. No Al models yet, just clean data architecture.

Build GDD tracker and ETc irrigation scheduler. Run first-generation yield regression using combined
historical & Year 1 data. Set up satellite NDVI monitoring for in-season zone alerts. Post-harvest: run first
Bayesian model update with Year 2 results.

Deploy LSTM model for in-season stress forecasting with two full seasons of training data. Activate
automated irrigation recommendations. Begin RL-based long-run input optimisation. Compute first
SHI trend to assess whether soil is improving or degrading under the current management system.

Key Recommendations
WHAT EVERY FARMER AND AGRI-TECH INTEGRATOR SHOULD KNOW

Start with data, not algorithms.
The best Al model running on poor data will

underperform a simple regression running on clean
data. The first investment should be in structured,
complete, spatially referenced data collection. Every
yield record, every spray log, every soil test, digitised,
dated, and tied to a field zone.

Treat bad seasons as the most valuable training data.
Years with drought, disease outbreaks, and equipment

failures contain the most decision-relevant
information. Record what went wrong, where, when,

and why with the same rigour applied to good seasons.

These edge cases are what stress-test Al models and
make them robust to future variability.

Build zone level models, not farm level averages.
A 200-hectare farm is not one field, it is a mosaic of

different soil types, drainage patterns, aspect angles,
and microclimates. Yield maps generated from GPS-
tagged combine harvests consistently reveal 40-60%
variation within single farms. Zone-level Al models
capture this. Farm-level averages mask it.

Track soil health as a long-run KPI.

Use free satellite data immediately.
ESA Sentinel-2 imagery is freely available, globally, with

5-10 day revisit at 10m resolution. Tools like Google
Earth Engine, Sentinel Hub (free tier), or EOS Crop
Monitoring allow NDVI time series without any sensor
hardware. This is the highest value-per-cost Al input
available to farmers today.

Always quantify model uncertainty.
A yield prediction of "5.8 t/ha" is less useful than "5.8

t/ha = 0.8 t/ha (95% confidence)." The second number
tells you how much buffer to build into financial
planning. Random variance estimates and Bayesian
credible intervals provide this. Never trust an Al system
that gives you a single number with no uncertainty
range.

The Al recommends, the farmer decides.
All models in this paper produce recommendations,

irrigation amounts, spray timing, input rates. The
farmer's experience about conditions, equipment
state, labour availability, and timing should always
override a model recommendation when the farmer
has good reason to. The goal is decision support, not
decision replacement.

The Soil Health Index should be compared annually. Increasing SHI signals that management practices are building the
farm's long-term productive capacity. Declining SHI is a loss that does not appear on this year's balance sheet, but will

appear on future ones, increasing year by year until remediation becomes expensive.
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This white paper provides a technical overview of how machine learning, sensor networks, predictive
modelling, and adaptive learning systems can be deployed to optimize agricultural operations. The
framework is demonstrated through the specific circumstances of a white maize operation in Mpumalanga,
South Africa, and is designed to be generalizable to any crop, animal, or geography.

For further inquiries regarding these methodologies or for any assistance, please feel free to reach out to us:

o  Website: www.me-ai.ae

o  Email: info@me-ai.ae

Disclaimer

This document is intended solely for informational and educational purposes. The methodologies,
mathematical frameworks, and technical configurations described herein are provided for the purpose of
demonstrating how data-driven systems may be applied to agricultural optimization.

The author and the firm NOEMA Artificial Intelligence Ltd assume no responsibility or liability for any
errors, omissions, or results obtained from the use of this information. Agricultural operations are subject to
complex, unpredictable variables, and any implementation of the systems described in this paper should be
conducted under the guidance of qualified professionals and tailored to local conditions. The author and
NOEMA expressly disclaim all liability for any direct, indirect, or consequential damages arising from the
use or reliance upon the information provided in this document. Users are advised that this content does not
constitute professional agricultural, financial, or legal advice.
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