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Abstract
Rising production costs and increasing weather variability pose significant challenges to agricultural profitability, motivat-
ing computational approaches to optimize resource allocation. This paper presents a coupled ordinary differential equation 
(ODE) crop model that captures two key physiological phenomena often neglected in optimization studies: delayed nutri-
ent absorption and cumulative stress tracking, which we address via finite impulse response (FIR) convolution and expo-
nential moving average (EMA) filtering. We compare two optimization approaches for irrigation and fertilizer scheduling: 
genetic algorithm (GA) optimization for fixed seasonal strategies and model predictive control (MPC) for adaptive daily 
decision-making. Applied to corn production in Iowa across 21 stochastic weather scenarios spanning normal conditions 
to extreme drought and heat stress, our results yield a surprising conclusion. GA optimization achieves 35% higher mean 
revenue than farmer best practices across all 21 scenarios ($842 vs. $626 per acre), and contrary to our initial hypothesis, 
the fixed GA strategies outperform adaptive MPC in all 21 scenarios. The GA trained under normal weather conditions 
achieves the highest mean revenue with the lowest risk (coefficient of variation 14.7%), while MPC, despite its daily 
adaptation, cannot match the GA’s full-season optimization horizon. However, MPC offers a sustainability advantage: it 
achieves competitive returns while using dramatically less water and fertilizer than all other strategies. The practical con-
clusion is that for seasonal agricultural planning, pre-optimization for expected conditions outperforms adaptive control, 
and the choice of which GA strategy to deploy depends simply on whether extreme weather is anticipated.
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farm operations without substantial capital investment. 
Recent advances in computational methods have enabled 
sophisticated digital-twin frameworks for precision agri-
culture [2–5], and machine learning techniques have been 
applied to optimize sensor placement and resource delivery 
in agricultural systems [6–8].

Mathematical modeling of crop growth has a rich history, 
with models ranging from simple empirical relationships to 
complex mechanistic simulations. Logistic growth models, 
first proposed by Verhulst in 1838, remain widely used due 
to their interpretability and ability to capture resource-lim-
ited growth dynamics [9]. More sophisticated crop models 
such as DSSAT [10], APSIM [11], and WOFOST [12] sim-
ulate detailed physiological processes but require extensive 
parameterization and may be computationally expensive 
for optimization applications. In contrast, reduced-order 
models that capture essential dynamics while remaining 
tractable for optimization have gained attention in precision 
agriculture [13].

1  Introduction

The agriculture sector in the United States faces significant 
challenges as the number of farms declines and the cost of 
farming continues to rise [1], . Rising production expenses 
for equipment, seeds, and labor, coupled with elevated 
interest rates and declining commodity prices, have made 
farming increasingly expensive. To navigate this challeng-
ing landscape, farmers are employing strategies such as cost 
management and operational optimization. One promising 
approach is to use modeling and simulation to optimize 
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Optimization of irrigation and fertilizer application has 
been studied using various approaches, including linear 
and nonlinear programming [14], dynamic programming 
[15], and metaheuristic algorithms [16]. Genetic algorithms 
(GAs) are particularly well-suited for this domain because 
they can handle nonlinear, non-convex objective functions 
and do not require gradient information [17]. Previous work 
has applied GAs to irrigation scheduling [18] and fertil-
izer optimization [19], but these studies often use simpli-
fied plant response models that do not capture the delayed, 
cumulative effects of resource application.

Climate change is increasing the frequency and severity 
of extreme weather events, posing significant challenges to 
agricultural production [20]. Traditional approaches to irri-
gation and fertilizer scheduling rely on fixed strategies—
either following agronomic best practices or strategies 
optimized for expected conditions—that cannot adapt when 
actual weather deviates from assumptions. As drought, heat 
waves, and other extremes become more common, there is 
growing interest in adaptive resource management strate-
gies that can respond to observed conditions in real time.

Model Predictive Control (MPC) offers an alterna-
tive approach: a closed-loop control strategy that repeat-
edly solves an optimization problem over a finite horizon, 
applies only the first control action, then re-optimizes based 
on updated state and disturbance information [21]. This 
receding-horizon structure enables the controller to adapt to 
changing conditions while maintaining optimality over the 
planning horizon. The central question motivating this work 
is whether MPC’s adaptive capabilities can outperform fixed 
strategies that are pre-optimized for specific conditions.

This paper makes the following contributions:

(1)	 A coupled ODE crop growth model that captures 
delayed nutrient absorption via FIR convolution and 
cumulative stress tracking via EMA filtering, providing 
a physiologically-motivated yet computationally trac-
table framework for optimization.

(2)	 A genetic algorithm approach that optimizes fixed 
irrigation and fertilizer strategies for specific weather 
conditions, achieving 35% revenue improvement over 
farmer best practices, on average.

(3)	 An MPC framework with Bayesian-optimized param-
eters that adapts resource allocation daily based on 
observed plant state and weather forecasts.

(4)	 A stochastic weather scenario generator that creates 
realistic test conditions ranging from normal variability 
to extreme drought and heat stress.

(5)	 A comprehensive comparison of four strategies—farmer 
best practices, GA optimized for normal conditions, 
GA optimized for drought, and adaptive MPC—across 
21 weather scenarios, revealing that pre-optimization 

outperforms adaptive control for seasonal agricultural 
planning.

The remainder of this paper is organized as follows. Section 
2 presents the coupled ODE crop model with FIR convo-
lution and EMA filtering. Section 3 describes the stochas-
tic weather scenario generation process. Sections 4 and 5 
detail the genetic algorithm and model predictive control 
approaches, respectively. Section 6 presents results from the 
four-way strategy comparison across 21 weather scenarios. 
Section 7 interprets the findings and discusses limitations. 
Section 8 concludes with practical recommendations.

2  Generalized, Coupled-ODE Crop Model

This paper adopts a control systems perspective on crop 
growth, treating the plant as a dynamical system with 
internal states x = [xh, xA, xN , xc, xP ]⊤, comprising 
plant height (m), leaf area (m2), number of leaves (count), 
flower spikelet count, and fruit biomass (kg). Control inputs 
u = [uw, uf ]⊤, irrigation (in) and fertilizer (lbs), are deci-
sion variables chosen by the farmer. Disturbance inputs 
d = [dS , dT , dR]⊤, precipitation (in), temperature (◦C), and 
radiation (W/m2), affect the system but cannot be directly 
controlled. The internal dynamics follow logistic growth 
with time-varying growth rates and carrying capacities that 
depend on environmental conditions and resource availabil-
ity. The output is a function of the state of the crop at the end 
of the season. This framing, visualized in Figure 1, naturally 
motivates an optimization question: how can we choose an 
irrigation and fertilizer strategy that optimizes crop revenue 
at the end of the growing season? We consider two optimal 
control paradigms: open-loop control via genetic algorithm, 
which pre-computes a fixed input trajectory, and closed-
loop model predictive conrol, which adapts inputs based on 
state feedback.

2.1  Effects of Inputs on Plant Growth

Different inputs affect different aspects of plant growth, and 
such relationships are crop dependent. In this study, we use 
corn to demonstrate the framework. For corn, Tables 1 and 2 
summarize these relationships based on agronomic literature 
[27–29]. We note that fertilizer-assisted growth encourages 
a taller stalk and larger leaf area via both increased carrying 
capacity and higher growth rate. Irrigation-assisted growth 
encourages larger leaf area, number of tassels (flower size), 
and ear size (fruit biomass) via increased carrying capacity.
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2.2  Growth Dynamics

In our approach, each state variable follows logistic growth 
with time-varying growth rates and carrying capacities. 
These parameters are modulated by nutrient factors—
dimensionless quantities in [0, 1] that translate cumulative 
input history into growth effects, as detailed in Section 2.5. 
The logistic growth takes the general form: 

dx

dt
= âx(t) · x(t)

(
1 − x(t)

k̂x(t)

)
� (1)

where âx(t) is the effective growth rate and k̂x(t) is the 
effective carrying capacity, both functions of the nutrient 
factors.

The effective parameters are proportional to their typi-
cal values by the geometric mean of the relevant nutrient 
factors, reflecting multiplicative rather than additive effects. 
This choice is motivated by the observation that growth 
rates compound over time, making geometric averaging 
appropriate [30].

Plant height growth rate and carrying capacity are mod-
ulated by fertilizer, temperature, and radiation through their 
respective nutrient factors as follows: 

âh(t) = ah(νf νT νR)1/3, k̂h(t) = kh(νf νT νR)1/3� (2)

where ah is the typical plant height growth rate and kh is the 
typical plant height carrying capacity, both chosen to reflect 
what is observed in corn development literature.

Leaf area responds to fertilizer, temperature, radiation, 
and, additionally, to water. Leaf area is also coupled to plant 
height, representing vegetative growth. We capture those 
relationships with 

âA(t) = aA(νf νT νR)1/3, k̂A(t) = kA

(
νwνf νT νR

k̂h

kh

)1/5

� (3)

where aA and kA, respectively, are the growth rate and 
carrying capacity both chosen to reflect typical literature 
values.

Table 1  Effects of irrigation and fertilizer on growth dynamics. “+” 
indicates positive effect, “∼” indicates a negligible effect. [22–25]
State variable Irrigation 

on growth 
rate

Fertil-
izer on 
growth 
rate

Irrigation on 
capacity

Fertil-
izer on 
capac-
ity

Plant height h ∼ + ∼ +
Leaf area A ∼ + + +
Number of leaves 
N

∼ ∼ ∼ ∼

Flower size c ∼ ∼ + ∼
Fruit biomass P ∼ ∼ + +

Table 2  Effects of temperature and solar radiation on growth dynam-
ics. “+” indicates positive effect, “∼” indicates a negligible effect, “–” 
indicates a negative effect. For flower size, excess heat and radiation 
reduce flower development, hence negative effects. [26]
State variable Temp. on 

growth rate
Temp. on 
capacity

Radia-
tion on 
growth 
rate

Radia-
tion on 
capac-
ity

Plant height h + + + +
Leaf area A + + + +
Number of leaves 
N

∼ + ∼ +

Flower size c – – – –
Fruit biomass P + + + +

Fig. 1  This paper treats a crop 
as a control system with its 
own internal state variables and 
dynamics, affected by input 
controls, input disturbances, and 
feedback. Output is a function of 
the state variables

 



1 3

C. J. Becker, T. I. Zohdi

Number of leaves depends only on temperature and 
radiation through the carrying capacity: 

âN (t) = aN , k̂N (t) = kN (νT νR)1/2� (4)

Flower size (spikelet count) exhibits inverse dependence on 
temperature and radiation, as excess heat and light reduce 
flowering: 

âc(t) = ac

(
1

νT

1
νR

)1/2

, k̂c(t) = kc

(
νw

1
νT

1
νR

)1/3
� (5)

Fruit biomass depends on all inputs and is coupled to both 
vegetative growth and flowering: 

âP (t) = aP

(
1

νT

1
νR

)1/2

, k̂P (t) = kP

(
νwνf νT νR

k̂h

kh

k̂A

kA

k̂c

kc

)1/7

� (6)

The coupling terms k̂h/kh, k̂A/kA, and k̂c/kc encode phys-
iological dependencies: taller plants with more leaf area can 
support larger fruit, while larger tassels (more spikelets) may 
compete with ear development. [31–34]. Table 3 in Section 
2.7 details the actual values used for typical (unmodulated) 
growth rates and carrying capacities used in this study.

The inverse terms 1/νT  and 1/νR appearing in Equations 
5 and 6 merit clarification. The nutrient factors are defined 
as exponentials of cumulative divergence (Section 2.5), so 
they are strictly positive but can become arbitrarily small 
under prolonged temperature or radiation stress. As νT → 0 
or νR → 0, the inverse terms grow without bound, which 
would produce unrealistically large growth rates and car-
rying capacities for flower size and fruit biomass. To keep 
the model in a physiologically reasonable range, the imple-
mentation clamps all modulated growth rates to [0, 2ax] and 
carrying capacities to [x(t), 2kx], where ax and kx are the 
typical values. The upper bound of twice the typical value 
reflects the fact that even when conditions favor accelerated 
flowering or fruit development, the plant’s own biological 
machinery limits how fast it can grow. The lower bound on 
carrying capacities is set to the current state x(t) to prevent 
the carrying capacity from falling below what the plant has 
already achieved.

For crops exhibiting distinct vegetative and reproductive 
phases, double logistic models can capture two successive 
S-curves—rapid vegetative expansion followed by a second 
sigmoid for fruit or grain filling. However, since our opti-
mization objective is end-of-season yield (and hence rev-
enue), the precise shape of intermediate growth dynamics 
has limited impact on the optimal input strategy. We there-
fore retain the single logistic formulation as a reduced-order 
model that balances fidelity with computational tractability.

2.3  Delayed Absorption via FIR Convolution

Plants do not immediately process applied nutrients; instead, 
there is a physiologically-mediated delay between applica-
tion and utilization. We model this delayed absorption using 
finite impulse response (FIR) convolution with Gaussian 
kernels.

If cumulative nutrient uptake follows a sigmoid trajec-
tory—with slow initial uptake due to transport lag, rapid 
increase once metabolic pathways activate, and eventual 
saturation—then instantaneous nutrient absorption follows 
a bell-shaped curve. A Gaussian kernel is the least assump-
tive choice for a bell curve, requiring only two parameters: 
the temporal spread σ (characterizing absorption duration) 
and the peak delay µ.

Given only the temporal spread σ for each nutrient type, 
we determine µ (hours after application where peak absorp-
tion occurs) such that 95% of the kernel mass lies within 
[0, 2µ]. This requires solving 

erf
(

µ

σ
√

2

)
= 0.95,� (7)

which yields µ ≈ 1.96σ. The Gaussian FIR kernel is then 

G[k] = 1√
2πσ2

exp
{

−1
2

(k − µ)2

σ2

}
.� (8)

for k ≥ 0 hours.
The FIR horizon L∗ is chosen as the minimum length 

capturing 95% of the kernel mass: 

Table 3  Model parameters derived from values in table . Initial conditions are set tokx/KwhereK ≈ 2900is the season length in hours (about 
121 days)
State Growth rate Carrying capacity Initial condition Units
Heighth ah = 0.010hr−1

kh = 3.0 h0 = 1.0 × 10−3 m

Leaf areaA aA = 0.0105hr−1
kA = 0.65 A0 = 2.2 × 10−4 m2

LeavesN aN = 0.011hr−1
kN = 20 N0 = 6.9 × 10−3 count

Spikeletsc ac = 0.010hr−1
kc = 1000 c0 = 3.5 × 10−1 count

FruitP aP = 0.005hr−1
kP = 0.25 P0 = 8.6 × 10−5 kg
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L∗ = min
L

{
L :

∑L−1
k=0 G[k]∑K−1
k=0 G[k]

≥ 0.95

}
� (9)

where K is the simulation length in hours. Figure 2 panel 1 
visualizes this transformation.

Absorbed nutrient signals are obtained from applied 
nutrients by convolving the applied signal with the corre-
sponding Gaussian kernel. Different nutrients have different 
metabolic timescales, so we use σw = 30 hours for water 
(rapid uptake), σf = 300 hours for fertilizer (slow uptake 
reflecting root absorption dynamics), and σT = σR = 30 
hours for temperature and radiation (immediate physiologi-
cal effects with short memory). In future additions to the 
model, rate of water uptake from soil could be incorporated 
here.

2.4  Cumulative Stress Tracking via EMA Filtering

While FIR convolution captures delayed absorption, 
plants also accumulate stress from sustained deviations 
from optimal conditions. Intuitively, a plant “expects” to 
receive nutrients at a steady rate throughout the season; 
prolonged under- or over-supply relative to this expectation 
causes stress. We formalize this by comparing cumulative 
absorbed nutrients to a linear reference trajectory based on 
seasonal requirements from agronomic literature. To cap-
ture the delayed effects from the stress, we then additionally 
apply an exponential moving average (EMA) filter, which 
is equivalent to a first-order infinite impulse response (IIR) 
filter.

The EMA filter with memory parameter β ∈ [0, 1) has 
the recursive form: 

y[k] = (1 − β)x[k] + βy[k − 1]� (10)

where larger β values correspond to longer memory (slower 
response to changes). This formulation preserves constant 
signals (x[k] = c implies y[k] → c) while smoothing tran-
sient fluctuations.

2.5  Nutrient Factor Calculation

We now describe the complete transformation pipeline that 
converts raw input signals into nutrient factors ν ∈ [0, 1] 
that modulate plant growth. For a nutrient signal f  (could 
represent water, fertilizer, temperature, or solar radiation):

Step 1: Delayed absorption. Convolve the raw signal 
f [k] with the Gaussian FIR kernel: 

f̄ [k] =
L−1∑
n=0

G[n]f [k − n]� (11)

Step 2: Cumulative absorption. Compute the running sum 
of absorbed nutrient: 

F [k] =
k∑

n=0
f̄ [n]� (12)

Step 3: Instantaneous anomaly. Compare actual cumula-
tive absorption to expected levels: 

δ[k] =
∣∣∣∣
k · ftyp − F [k]

k · ftyp + ϵ

∣∣∣∣� (13)

where ftyp is the typical hourly nutrient level the plant 
“expects” and ϵ is a small constant preventing division by 
zero.

Step 4: Cumulative divergence. Apply EMA smoothing 
to track sustained anomalies: 

∆[k] = β∆∆[k − 1] + (1 − β∆)δ[k]� (14)

where β∆ = 0.95 provides long memory.
Step 5: Nutrient factor. Convert divergence to a nutri-

ent factor via exponential decay with additional EMA 
smoothing: 

ν[k] = βννf [k − 1] + (1 − βν) exp{−α∆[k]}� (15)

where α = 3 ensures ν ≈ 0.05 when ∆ = 1 (complete 
divergence from expected levels), and βν = 0.05.

The nutrient factor ν[k] equals 1 when nutrient applica-
tion perfectly matches expected levels and decays toward 
0 under sustained over- or under-application. This captures 
the intuition that plants are resilient to brief deviations but 
suffer cumulative damage from prolonged stress. Figure 2 
illustrates the FIR convolution and EMA smoothing opera-
tions that constitute the metabolic transformation pipeline.

2.6  Simulation

The logistic ODEs (1) admit a closed-form solution, 
enabling exact time-stepping without numerical integration 
error. Given state x(t) at time t, the state at t + ∆t is: 

x(t + ∆t) = k̂x(t)

1 +
(

k̂x(t)
x(t) − 1

)
exp(−âx(t)∆t)

� (16)

where âx(t) and k̂x(t) are treated as constant over the time 
step. This closed-form approach is more accurate than for-
ward Euler integration and avoids instability issues that can 
arise with explicit methods at larger time steps.



1 3

C. J. Becker, T. I. Zohdi

 



1 3

Optimizing Irrigation and Fertilization Strategies for Crop Growth: A Comparative Study of Genetic Algorithm…

We simulate the growing season at hourly resolution 
(∆t = 1 hour), yielding approximately 2900 time steps for 
a typical corn season (late April to early October). At each 
step, we: (1) update the nutrient factors based on cumulative 
inputs and divergences, (2) compute effective growth rates 
and carrying capacities, and (3) advance each state variable 
using Equation 16.

2.7  Case Study: Corn in Iowa

We demonstrate the framework using corn, the most widely 
planted crop in the United States with over 90 million 
acres harvested annually [35]. The case study uses histori-
cal weather data from Fairfax, Iowa (41.76◦N, 91.87◦W), 
a representative location in the Corn Belt (USDA climate 
zones 4b–5b).

A single simulation covers a typical growing season from 
late April to early October (approximately 2900 hours). 
Environmental inputs are:

	● Temperature and radiation: Hourly data from NSRDB 
for Fairfax, IA. Mean temperature is 22.8◦C; mean solar 
radiation is 580 W/m2 [36].

	● Precipitation: Daily data from NOAA, interpolated to 
hourly resolution [37].

	● Typical nutrient expectations: Based on agronomic 
recommendations [38], the model expects 28 inches 
of water and 355 lbs of NPK fertilizer over the season 
(uw,typ ≈ 0.01 in/hr, uf,typ ≈ 0.12 lb/hr).

Table 4 summarizes expected corn development timelines 
used to calibrate model parameters. The baseline growth 
rates and carrying capacities are crop-specific parameters 
that can be estimated from field data or literature values. For 
corn, we use the values in Table 3, calibrated to match typi-
cal development timelines where the corn reaches full veg-
etative size around 65–70 days after sowing and grain fill 
completes around 125 days [39]. For the GA cost function 
weights to be specific to corn, we use the values in Table 5, 
which were also taken from the literature.

3  Stochastic Weather Scenario Generation

To evaluate optimizer robustness, we generate a suite of 
stochastic weather scenarios from historical data. Each sce-
nario applies perturbations representing different climate 
conditions, from normal variability to extreme events. A 
single scenario can comprise multiple weather events. In 
this study, the possible types of weather events are droughts/
downpours D and heat waves/cold snaps H. The process 
of adding perturbations to the historical baseline data in 
order to obtain synthetic, stochastic, and at times extreme, 
weather is as follows: 1) scale the precipitation and radia-
tion data by fixed scaling factors, offset the temperature data 
by a fixed value, 2) add white noise to each time step, inde-
pendent from other time steps, 3) inject all events of type D,  
4) inject all events of type H, and 5) check that synthetic 
data falls within reasonable physical bounds. Details of 
those transformations follow below.

3.1  Defining a Stochastic Weather Scenario

Let the historical hourly time series for the input distur-
bances be

dhist
S [k] ≥ 0� (16)

−20 ≤ dhist
T [k] ≤ 50� (17)

dhist
R [k] ≥ 0� (19)

for k = 0, . . . , K − 1 where K is the length of the grow-
ing season in hours, respectively representing precipitation 
(inches), temperature (◦C), and solar radiation (W/m2). 
Then, let a stochastic weather scenario be defined by the 
parameters 

W = (sS , sT , sR, η, D, H)� (20)

where

	● sS ∈ [0, 2] is the precipitation adjustment (scaling 
factor)

	● sT ∈ R is the temperature adjustment (offset)
	● sR ∈ [0, 2] is the radiation adjustment (scaling factor)
	● η ∈ [0, 1] is the relative noise level (a fraction of the his-

torical standard deviation)
	● D is a set of drought or downpour events, D
	● H  is a set of heatwave or cold snap events, H

Each event type (D or H) is defined by three parameters: 

[k0, κ, ι]� (21)

Fig. 2  Illustration of the metabolic transformation pipeline using fer-
tilizer as an example. Applied fertilizer is treated as a finite impulse, 
while absorbed fertilizer is modeled by convolving the applied sig-
nal with a Gaussian FIR kernel. Panel 1 shows how larger temporal 
spreads, which define the kernel, result in slower absorption. Panel 
2 shows the cumulative fertilizer absorbed over time. Panel 3 shows 
the fertilizer anomaly, which compares the actual cumulative fertil-
izer absorbed to the expected level. Panel 4 shows how EMA filtering 
smooths the effects of cumulative anomalies. Panel 5 shows the nutri-
ent factors that result from the preceding transformations
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where

	● k0 is the hour when the event begins
	● κ is the duration of the event in number of hours
	● ι ∈ [0, 1]  is the intensity, with 1 being the most intense

3.1.1  Global Scaling and Offset

We initialize the synthetic environmental disturbance time 
series by applying the global adjustments (sS , sT , sR) for 
k = 0, . . . , K − 1 as below 

d
(1)
S [k] = sSdhist

S [k] (scaling)

d
(1)
T [k] = dhist

T [k] + sT (offset)

d
(1)
R [k] = sRdhist

R [k] (scaling)

� (22)

3.1.2  Add White Noise

If η > 0, we draw independent white noise sequences 

εT [k] ∼ N (0, (ησT )2) � (23)

εR[k] ∼ N (0, (ησR)2)� (24)

where σT  and σR are the standard deviations of the histori-
cal temperature and radiation time series, respectively.

We then smooth the white noise with a moving average 
over mT = 24 hours for temperature and mR = 12 hours 
for radiation, as we will only apply the noise to the radiation 
during the day time (when it is not as close to zero). 

ε̄T [k] = 1
mT

mT −1∑
n=0

εT [k − n]
 
� (25)

ε̄R[k] = 1
mR

mR−1∑
n=0

εR[k − n]� (26)

The smoothed noise is then added to the signals from sec-
tion 3.1.1. 

d
(2)
T [k] = d

(1)
T [k] + ε̄T [k]

d
(2)
R [k] = d

(1)
R [k] + Mdayε̄R[k]� (28)

where 

Mday = {k|dhist
R [k] > dday

R }� (29)

and we choose the threshold dday
R = 10 W/m2. As our his-

torical data for precipitation is daily, not hourly, precipita-
tion remains unchanged in this step, so 

d
(2)
S [k] = d

(1)
S [k]� (30)

If η = 0, then we let (d(2)
S , d

(2)
T , d

(2)
R ) = (d(1)

S , d
(1)
T , d

(1)
R ).

3.1.3  Drought/Downpour Injection

A drought or downpour event is 

D = [k0, κ, ι]� (31)

and drought events only affect synthetic precipitation. Each 
event takes place for a limited amount of time, so only 
some time steps are affected. For each event, we define the 
affected hourly index set as 

I = {k0, k0 + 1, . . . , min(k0 + κ − 1, K − 1)},� (32)

so either κ steps or the end of the season, whichever comes 
first, and then apply the intensity scaling to those indices 
with 

d
(3)
S [k] ← (1 − ι)d(2)

S [k] for all k ∈ I� (33)

Temperature and radiation are unchanged in this step, so 

d
(3)
T [k] = d

(2)
T [k] and d

(3)
R [k] = d

(2)
R [k]� (34)

Table 4  Corn development timeline and typical final values from agro-
nomic literature. [39–50]
State variable Days to 

maturity
Hours to 
maturity

Typical 
final value

Plant height h 65–70 1560–1680 2.7–3.7 m
Leaf area A 55–65 1320–1560 0.6–0.7 m2

Number of leaves N 65 1560 18–20
Spikelets c 65–70 1560–1680 ∼1000
Fruit biomass P 125 3000 0.15–

0.36 kg

Table 5  Economic weights for the GA objective function. The fruit 
biomass weight accounts for approximately 28,350 plants per acre at 
$0.157/kg. [51–65]
Parameter Value Derivation

ww
$2.00/inch Typical irrigation cost

wf
$0.61/lb Weighted NPK cost

wh
$35/m Silage value proxy

wA
$215/m2 Silage value proxy

wP
$4,450/kg $4/bushel × plant density



1 3

Optimizing Irrigation and Fertilization Strategies for Crop Growth: A Comparative Study of Genetic Algorithm…

3.1.4  Heat Wave/Cold Snap Injection

A heat wave or cold snap event affects only synthetic tem-
perature and is defined by 

H = [k0, κ, ι]� (35)

where k0 and κ have the same meanings they did for the 
drought event, but now ι is the peak/valley temperature dif-
ference (an offset rather than a scaling factor). We then con-
struct a ramp-up, hold, and ramp-down for the event. Let 

κramp = max(1, 0.1κ)� (36)

i.e. either one tenth of the heat wave duration or at least one 
hour. Then, let 

κhold = κ − 2κramp� (37)

to account for the ramp-up and ramp-down.
We can then define

	● ramp-up: wup[k] = k
κramp−1  for k = 0, . . . , κramp − 1

	● ramp-hold: whold[k] = 1
	● ramp-down: wdown[k] = k

κramp−1  for 
k = 0, . . . , κramp − 1

and concatenate to form the heat wave window 

wheat = [wup, whold, wdown]� (38)

Applying the event to the temperature time series, we obtain 

d
(4)
T [k] ← d

(3)
T [k] ± ιwheat[k − k0]� (39)

for k = k0, k0 + 1, . . . , min(k0 + κ − 1, K − 1), where ι 
is added in the case of a heat wave and subtracted in the case 
of a cold snap. Precipitation and radiation are unchanged in 
this step, so 

d
(4)
S [k] = d

(3)
S [k] and d

(4)
R [k] = d

(3)
R [k]� (40)

3.1.5  Clipping to Physical Bounds

Finally, we check to ensure that the transformations above 
have not violated the bounds on the input disturbances spec-
ified in equations 19. If they have, we clip the values as 
below 

dsyn
S [k] = max(0, d

(4)
S [k]) � (41)

dsyn
T [k] = min(50, max(−20, d

(4)
T [k])) � (42)

dsyn
R [k] = max(0, d

(4)
R [k])� (43)

for all k ∈ {0, . . . , K − 1}.

3.2  Extremity Index

To systematically compare strategy performance across 
diverse conditions, we define an extremity index E  that 
quantifies how far a scenario deviates from baseline condi-
tions. This index serves two purposes: (1) analyzing whether 
different optimization methods perform better at different 
extremity levels, and (2) ensuring that MPC parameter tun-
ing covers a representative range of conditions. The index 
aggregates contributions from precipitation anomalies, tem-
perature anomalies, and discrete weather events, with each 
component scaled so that a value of 1 represents a meaning-
ful agronomic threshold—i.e., a deviation large enough to 
require management intervention or cause measurable yield 
impact.

Precipitation extremity. The precipitation scaling fac-
tor sS  determines seasonal water availability, with sS = 1 
representing baseline conditions. Deviations in either direc-
tion—drought (sS < 1) or downpour (sS > 1)—contribute 
to extremity: 

Eprecip = 2|1 − sS |� (44)

The factor of 2 is chosen so that a 50% reduction in precipi-
tation (sS = 0.5) yields Eprecip = 1. This threshold reflects 
agronomic practice: a 50% precipitation deficit during the 
growing season typically triggers supplemental irrigation 
and is considered a moderate drought requiring active man-
agement [66].

Temperature extremity. Seasonal temperature offsets 
contribute to extremity based on their magnitude: 

Etemp = |sT |
5

� (45)

The ±5◦C threshold reflects corn physiology: sustained 
temperatures above 35◦C or below 10◦C significantly 
reduce photosynthesis and pollen viability [67]. Since mean 
baseline temperature is approximately 23◦C, a 5◦C offset 
moves conditions into ranges where yield impacts become 
measurable.

Drought event extremity. Discrete drought events con-
tribute based on their duration and intensity: 

Edrought =
∑

(k0,κ,ι)∈D

κ

500
ι� (46)
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The 500-hour (approximately 21-day) normalization reflects 
the timescale over which soil moisture depletion becomes 
critical. Corn can typically tolerate 7–10 days without rain-
fall before showing stress symptoms; by three weeks, yield 
losses become significant without irrigation intervention 
[66]. A full-intensity drought lasting 21 days thus represents 
the threshold for serious crop impact.

Heat wave and cold snap extremity. Temperature 
events contribute based on both duration and intensity: 

Eheat =
∑

(k0,κ,ι)∈H

κ

200
ι

5 � (47)

The 200-hour (approximately 8-day) duration thresh-
old reflects the timescale over which sustained heat stress 
affects corn reproductive development. During tasseling 
and silking, even brief heat waves can reduce kernel set, 
but cumulative effects become severe after about one week 

[67]. The 5◦C intensity threshold again corresponds to the 
deviation that moves temperatures into physiologically 
stressful ranges.

Aggregate extremity. The total extremity index is the 
sum of all components: 

E = Eprecip + Etemp + Edrought + Eheat� (48)

The additive form assumes that stressors contribute inde-
pendently to overall extremity. In practice, compound 
events—such as simultaneous drought and heat stress—can 
interact synergistically, producing impacts greater than the 
sum of their individual effects. The extremity index should 
therefore be interpreted as a lower bound on effective stress 
severity for compound-event scenarios (e.g., “extreme 
drought heat” and “worst case” in Table   6), and revenue 
declines in these scenarios may be steeper than the index 
alone would suggest.

3.3  Weather Scenario Suite

We evaluate strategies across 21 stochastic weather sce-
narios generated from the baseline historical data. Table 7 
summarizes the scenario categories.

4  Genetic Algorithm Optimization

Given the nonlinear, delay-affected dynamics of the crop 
model, gradient-based optimization is challenging. The 
delayed effects of inputs create a non-convex landscape 
with potentially many local optima. We therefore employ 
a genetic algorithm (GA), a population-based metaheuris-
tic inspired by natural selection, that can effectively explore 
complex search spaces [17].

4.1  Algorithm Description

The GA maintains a population of M  candidate solutions 
and iteratively improves them through selection, crossover, 
and mutation over G generations. Figure 3 presents the 
complete procedure.

Table 6  Revenue ($/acre) for all 21 weather scenarios sorted by extrem-
ity index. Cell shading indicates revenue level (darker green = higher 
revenue). GA (normal) dominates in normal/moderate conditions; GA 
(drought) excels in drought scenarios; all strategies struggle in extreme 
combined scenarios
Scenario Extremity Farmer GA 

(Drought)
GA 
(Normal)

MPC

normal 1 0.00 587 784 914 850
moderate 
variable

0.00 586 784 913 847

baseline 0.00 587 784 915 848
normal 2 0.20 622 819 945 877
normal 3 0.20 550 739 883 815
normal 4 0.40 652 842 973 886
normal 5 0.40 515 696 845 774
moderate 
cool

0.60 485 652 804 736

moderate 
wet

0.70 453 629 762 716

moderate 
warm

0.70 614 791 925 846

moderate 
dry

0.80 721 913 945 796

wet year 1.10 385 551 669 633
cool wet 1.10 393 550 680 641
mild 
drought

1.30 853 997 843 717

late drought 1.52 833 991 869 700
early 
drought

1.64 817 993 855 727

heat stress 1.70 669 855 948 795
summer 
drought

1.70 752 944 888 746

multiple 
heatwaves

2.26 651 837 959 829

extreme 
drought heat

4.97 768 836 609 518

worst case 8.38 659 734 527 445

Table 7  Weather scenario categories with extremity index ranges
Category Count Extremity Range
Normal 5 0.03–0.18
Moderate 5 0.35–0.90
Drought 4 1.20–2.45
Wet/Cool 2 0.95–1.10
Heat Stress 2 2.10–3.50
Extreme 2 5.60–8.38
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Selection. After each generation, population members 
are ranked by cost. In our application, we use negative rev-
enue as the cost, as this is a minimization problem and we 
seek to maximize revenue. The top P  members survive as 
“parents” for the next generation. This selection ensures the 
best solutions are never lost.

Crossover. New “children” C are created by blending 
two parent solutions. For each child, we randomly select 
two parents, u(a) and u(b), and compute a weighted average: 

u(child) = ϕ · u(a) + (1 − ϕ) · u(b)� (49)

where ϕ ∼ Uniform(0, 1) under normal operation. This 
crossover can produce children anywhere along the line 
segment connecting the parents, enabling smooth explora-
tion of the search space.

Mutation and Diversity. To maintain population diver-
sity and escape local optima, the remaining M − P − C 
population slots are filled with randomly generated 

solutions. Additionally, if the best cost stagnates (changes 
by less than $0.01) for 10 consecutive generations, we 
switch to aggressive crossover with ϕ ∼ Uniform(−1, 2). 
This allows children to lie outside the convex hull of their 
parents, promoting exploration of new regions.

Default Parameters. We use M = 128 members, 
P = 16 parents, C = 16 children, and G = 100 genera-
tions. The large population relative to generations ensures 
diversity for exploration while preventing premature 
convergence.

4.2  Decision Variables and Search Space: GA

Each candidate solution encodes a complete irrigation and 
fertilization strategy as a four-dimensional vector: 

u =




u1
u2
u3
u4


 =




irrigation frequency (hours)
irrigation amount (inches)
fertilizer frequency (hours)

fertilizer amount (lbs)


� (50)

The frequencies specify application intervals: u1 = 168 
means irrigate every 168 hours (weekly). The amounts spec-
ify the quantity applied at each event. This parameterization 
assumes regular, periodic application—a simplification that 
captures common agricultural practice while keeping the 
search space tractable.

The GA searches over the following bounds:

	● Irrigation frequency: 100–700 hours (4–29 days between 
applications)

	● Irrigation amount: 0.5–5.0 inches per application
	● Fertilizer frequency: 700–2900 hours (29–121 days, i.e., 

1–4 applications per season)
	● Fertilizer amount: 100–500 lbs per application

4.3  Genetic Algorithm Objective Function

The objective is to maximize net revenue, defined as crop 
value minus input costs.

Revenue(u) = Crop Value(x) − Input Costs(u)� (51)

The crop value depends on final plant state at harvest: 

Crop Value(x) = whxh[K] + wAxA[K] + wP xP [K]� (52)

where K is the final time step and wh, wA, wP  are eco-
nomic weights (dollars per unit) for height, leaf area, and 
fruit biomass respectively.

The input costs accumulate over the season: 

Fig. 3  Genetic algorithm visualized. Initialization, followed by evalua-
tion, ranking, mating, and selection, repeated for 100 generations with 
an added check for stagnation every 10 generations
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Input Costs(u) = ww

K∑
k=0

u2[k] + wf

K∑
k=0

u4[k]� (53)

where ww and wf  are costs per unit of irrigation and 
fertilizer.

For corn, the economic weights are derived from mar-
ket prices and typical yields (Table 5). The fruit biomass 
weight dominates, reflecting that grain yield is the primary 
economic output.

5  Model Predictive Control

5.1  Optimization and Decision Epochs

Model Predictive Control (MPC) frames resource allocation 
as a sequence of optimization problems. At each decision 
epoch—in our case, the start of each day—the controller 
observes the current system state and solves an optimization 
problem to determine the best actions over a finite planning 
horizon. The solution specifies how much irrigation and fer-
tilizer to apply, balancing immediate costs against long-term 
crop development.

This approach differs fundamentally from the genetic 
algorithm method, which optimizes a single fixed strat-
egy over the entire growing season. MPC instead solves a 
smaller optimization problem at each decision epoch, using 
updated state and forecast information to adapt to changing 
conditions.

5.2  Constrained Finite-Time Optimal Control

At each decision epoch, model predictive control solves a 
constrained finite-time optimal control (CFTOC) problem 
over a planning horizon of Kd days. Discrete-time opti-
mal control is concerned with choosing an optimal input 
sequence over the horizon Kd

U0→Kd
= {u[k]} for k = 0, . . . , Kd − 1� (54)

with respect to some objective function over a finite or infi-
nite time horizon in order to apply it to a system with a given 
initial state x[0]. The objective function is often defined as 
a sum of stage costs q(x[k], u[k]) and when the horizon has 
finite length, a terminal cost p(x[Kd]). That is 

J0→Kd
(x[0], U0→Kd

) = p(x[Kd]) +
Kd−1∑
n=0

q(x[n], u[n])� (55)

where the states X0→Kd
= {x[k]} for k = 0, . . . , Kd − 1 

must satisfy the initial condition and system dynamics 

{
x[0] = x0
x[k + 1] = g(x[k], u[k]) for k = 0, . . . , Kd − 1 � (56)

and there may be other state or input constraints formulated 
as inequalities 

h(x[k], u[k]) ≤ 0 for k = 0, . . . , Kd − 1� (57)

In the finite horizon case, there may also be a terminal con-
straint requiring the final state to lie in some terminal set 
x[K] ∈ Xfinal.

In our specific case, we construct the problem as a 
minimization 

J∗
0→Kd

(x[0]) = min
U0→Kd

J0→Kd
(x[0], U0→Kd

) s.t.



x[0] = x0
x[k + 1] = g(x[k], u[k]) for k = 0, . . . , Kd − 1
x ∈ R+

u ∈ U

� (58)

where the stage cost penalizes input usage and nutrient 
anomalies: 

q(x[k], u[k]) = ωw

(
uw[k]
uw,typ

)2

+ ωf

(
uf [k]
uf,typ

)2

︸ ︷︷ ︸
input usage

+ ω∆w(∆w[k])2 + ω∆f (∆f [k])2
︸ ︷︷ ︸

nutrient anomalies
� (59)

Here ωw and ωf  are weights on normalized irrigation and 
fertilizer inputs, uw,typ and uf,typ are typical application 
amounts per time step, and ω∆w and ω∆f  penalize the 
cumulative nutrient anomalies ∆w and ∆f  defined in (14). 
The quadratic form is not merely a convenience: an MPC 
formulation using a linear revenue objective mirroring the 
GA’s cost function (Eqs. 51–53) produced degenerate solu-
tions that front-loaded all irrigation and fertilizer into the 
earliest time steps, applying nothing for the remainder of 
the season. This “bang-bang” behavior is a well-known con-
sequence of linear objectives in finite-horizon optimal con-
trol [68]. The squared terms resolve this by penalizing large 
instantaneous applications, naturally spreading resource use 
over time and producing schedules more similar to what a 
farmer might actually implement.

The terminal cost rewards crop development: 

p(x[Kd]) = −ωh
xh[Kd]

kh
− ωA

xA[Kd]
kA

− ωP
xP [Kd]

kP
� (60)

where ωh, ωA, and ωP  weight the normalized final height, 
leaf area, and fruit biomass, respectively, and we treat a 
reward as a negative cost. There is no terminal set constraint 
because we want the plant to grow as much as possible.
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5.3  Decision Variables and Search Space: MPC

The MPC controller uses a 9-day planning horizon (Kd = 9
) with daily re-optimization. Control bounds are set to 
uw ∈ [0, 0.7] inches/hour and uf ∈ [0, 12] lbs/hour, reflect-
ing practical application rate limits.

The CFTOC problem is formulated in Pyomo [69] and 
solved using the IPOPT interior-point nonlinear optimizer 
[70] with the MUMPS linear solver. The nonlinearity arises 
from the logistic dynamics, FIR convolution, EMA filtering, 
and exponential nutrient factor computation.

5.4  MPC Parameter Tuning via Bayesian 
Optimization

The MPC cost function contains seven tunable weights: 
ωw, ωf , ω∆w, ω∆f , ωh, ωA, ωP , plus the horizon length Kd

. These parameters significantly affect controller behavior, 
and their optimal values depend on the weather scenario 
ensemble. We use Bayesian Optimization (BO) to tune these 
parameters for robust performance.

Bayesian Optimization (BO) is well-suited to hyperpa-
rameter tuning problems where function evaluations are 
expensive and gradients are unavailable [71]. The approach 
maintains a probabilistic model of the objective function 
and uses this model to decide where to sample next, balanc-
ing exploration of uncertain regions against exploitation of 
promising regions.

Tree-structured Parzen Estimation (TPE) [72] models 
the posterior (probability of particular MPC parameter set, 
given a particular revenue), rather than the likelihood (rev-
enue, given a parameter set), using two density functions 
l(x) and g(x). Observations are partitioned by a quantile 
threshold γ (typically 0.1–0.25) into “good” and “bad” 
sets, with corresponding densities l(x) = p(x|y ≤ y−) and 
g(x) = p(x|y > y−), where y− is the γ-quantile of observed 
values. Starting from expected improvement and apply-
ing Bayes’ rule, one can show that maximizing expected 
improvement is equivalent to maximizing l(x)/g(x), which 
serves as the TPE acquisition function.

TPE approximates the densities l(x) and g(x) using ker-
nel density estimation (KDE), placing Gaussian kernels 
around observed data points. For multivariate parameters, 
TPE assumes independence across dimensions, and the 
“tree-structured” aspect accommodates conditional param-
eter dependencies. TPE offers computational advantages 
over Gaussian-process-based methods and handles mixed 
parameter spaces (continuous, discrete, categorical) making 
it well-suited for MPC parameter tuning where the objective 
landscape may contain discontinuities from solver failures 
and the search space includes both continuous weights and 
integer horizon length.

Table 8 defines the search space for MPC parameter 
tuning. Stage cost weights use log-scale sampling to span 
multiple orders of magnitude, while terminal cost weights 
use linear sampling (as ask prices for crops do not fluctuate 
over orders of magnitude). Integer sampling is used for the 
horizon.

For robust parameter tuning, we optimize average perfor-
mance across multiple weather scenarios: 

θ∗ = arg max
θ

1
|S|

∑
Si∈S

Revenue(MPC(θ, Si))� (61)

where S is a representative subset of 5 weather scenarios 
spanning the extremity range. We use N = 100 trials with 
N0 = 20 random startup trials before engaging the TPE 
sampler. The optimal MPC parameter values resulting from 
the Bayesian optimization procedure are also included in 
Table 8.

5.5  Receding-Horizon Algorithm

MPC implements the CFTOC in a receding-horizon fash-
ion, re-optimizing daily based on updated state and weather 
observations. At each decision day k, it

(1)	 Observes current plant state x[k] and obtain Kd-day 
weather forecast.

(2)	 Solves the CFTOC problem (58) to obtain optimal con-
trol sequence.

Table 8  Bayesian optimization search space for MPC parameters
Parameter Lower Upper Scale Optimal
ωw(irrigation cost) 0.001 10.0 log 1.43
ωf (fertilizer cost) 0.0001 1.0 log 4.81 × 10−3

ω∆w(water anomaly) 0.001 10.0 log 1.88
ω∆f (fertilizer anomaly) 0.001 10.0 log 0.450
ωh(height value) 10.0 1000.0 linear 323
ωA(leaf area value) 10.0 1000.0 linear 629
ωP (fruit biomass value) 100.0 10000.0 linear 1.95 × 103

Kd(horizon, days) 3 14 integer 9
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(3)	 Applies only the first control u∗[k] = (uw[k], uf [k]) 
uniformly over day k.

(4)	 Simulates hourly plant dynamics over the day using 
actual (not forecast) weather.

(5)	 Advances to day k + 1  and repeat.

The key advantage of MPC over open-loop optimization 
(such as GA) is its closed-loop nature. By re-solving the 
optimization problem each day with updated state and 
weather information, MPC can:

	● Correct for forecast errors: If yesterday’s weather dif-
fered from the forecast, today’s optimization accounts 
for the actual plant state.

	● Adapt to changing conditions: If a heat wave arrives 
unexpectedly, MPC can adjust irrigation to maintain nu-
trient factors.

	● Exploit updated forecasts: Longer-range forecasts be-
come more accurate as the event approaches.

6  Results

6.1  Simulation Configuration

All simulations use a 121-day growing season representa-
tive of corn production in Iowa, with hourly resolution for 
plant dynamics and daily resolution for closed-loop con-
trol decisions. We generate 21 weather scenarios spanning 
normal conditions to extreme drought and heat stress using 
the stochastic weather generation procedure described in 
Section 3.

The crop model parameters are calibrated to literature 
values with carrying capacities of 3.0  m for plant height, 
0.65  m2 for leaf area, 20 leaves, 1000 flower spikelets, 

and 0.25 kg for fruit (ear) biomass. Absorption kernels use 
σw = 30 hr for water and σf = 300 hr for fertilizer, reflect-
ing faster water uptake relative to slower fertilizer absorp-
tion. Economic parameters follow current USDA estimates: 
corn price of $4/bushel, yield conversion of 200  bushels/
acre at maximum biomass, water cost of $2/acre-inch, and 
NPK fertilizer cost of $0.61/lb. Net revenue is computed as 
gross revenue minus input costs.

6.2  Baseline Performance: Farmer Best Practices

To establish a performance baseline, we simulate crop 
growth using conventional farmer practices: weekly irriga-
tion at 1 inch per application [66] and monthly fertilization 
at 90 lbs per application [73]. These values reflect standard 
agronomic recommendations for corn in the Corn Belt 
region [74–76].

Figure 4 shows the environmental disturbances and con-
trol inputs over the growing season under historical (“nor-
mal”) conditions, as well as the periodic irrigation and 
fertilizer applications from farmer best practices.

Figure  5 shows the resulting plant state trajectories. 
Under normal conditions with conventional management, 
the plant reaches suboptimal final values: height of 2.6 m 
(vs. 3.0  m capacity), leaf area of 0.45  m2 (vs. 0.65  m2), 
and fruit biomass of 0.16 kg (vs. 0.25 kg). The net revenue 
under this scenario is $587/acre. The baseline scenario dem-
onstrates how the model captures cumulative stress effects: 
despite regular irrigation, the mismatch between applied 
water and the plant’s metabolic expectations under drought 
conditions leads to sustained nutrient factor depression and 
reduced growth potential. Supplementary Figures   12 – 15 
provide detailed visualizations of the nutrient absorption 
dynamics and stress factor evolution.



1 3

Optimizing Irrigation and Fertilization Strategies for Crop Growth: A Comparative Study of Genetic Algorithm…

For reference, current Iowa corn yields average approxi-
mately 200 bushels per acre [77] at prices near $4 per bushel 
[78]. Variable costs for irrigation and fertilizer are approxi-
mately $220 per acre [79], yielding estimated net revenue 
of roughly $580/acre under favorable conditions. Our simu-
lated farmer best practices achieves $587/acre, suggesting 
reasonable model calibration.

6.3  Genetic Algorithm Optimization

We optimize irrigation and fertilization strategies using a 
genetic algorithm with 100 generations and population size 
of 128. Each individual encodes four decision variables: 
irrigation frequency (hours), irrigation amount (inches), 
fertilizer frequency (hours), and fertilizer amount (lbs). Fit-
ness is evaluated as net revenue over the 121-day growing 
season.

To assess robustness, we executed 10 independent GA 
runs with different random seeds under normal weather con-
ditions. Figure 6 shows the convergence of all 10 runs, with 
each curve representing the best revenue achieved at each 
generation. All runs converge to similar final values (within 
3% of each other), demonstrating that the GA reliably finds 
near-optimal solutions despite the stochastic nature of the 
search.

The best GA strategy under normal conditions achieves 
$915/acre net revenue on the baseline weather scenario, 
compared to $587/acre for farmer best practices—a 56% 
improvement on that scenario. Figure  7 shows the plant 
state trajectories for the best member from each of the 10 
independent GA runs. All optimized strategies achieve simi-
lar, near-optimal growth trajectories, confirming that differ-
ent GA runs converge to similar optimal strategies.

To verify that the model appropriately discriminates 
between effective and ineffective strategies, we examined 
the plant state trajectories for the worst member in each GA 
run’s final population (Supplementary Figure   16). These 
strategies—the least fit survivors after 100 generations of 
evolution—achieve almost no growth and underperform the 
farmer best practices. This confirms that: (1) the GA suc-
cessfully eliminates poor strategies through evolutionary 
pressure, and (2) arbitrary irrigation and fertilization sched-
ules are indeed worse than conventional farmer practices, 
confirming the model is appropriately sensitive to irrigation 
and fertilizer input.

6.4  Four-Way Strategy Comparison

We compare four irrigation and fertilization strategies 
across all 21 weather scenarios:

Farmer Best Practices. Standard agronomic recom-
mendations: weekly irrigation at 1 inch per application and 
monthly fertilization at 90 lbs per application.

GA (Drought). A strategy optimized via genetic algo-
rithm for drought conditions (50% of historical precipita-
tion). The optimal strategy applies irrigation every 52 days 
at 5.0 inches per application, and fertilizer every 33 days at 
77 lbs per application.

GA (Normal). A strategy optimized via genetic algo-
rithm for normal weather conditions. The optimal strategy 
applies irrigation every 81 days at 2.1  inches per applica-
tion, and fertilizer every 9 days at 30 lbs per application.

Adaptive MPC. Model Predictive Control that re-opti-
mizes daily based on observed weather and current plant 
state, using a 9-day planning horizon as determined by 
Bayesian optimization.

Table   9 presents summary statistics for all four strate-
gies. Figure 8 visualizes the statistics from Table  9. Choos-
ing a strategy with less variance in revenue across weather 
scenarios could be considered less risk averse, in which case 
GA (Normal) would be the ideal choice.

All three optimization-based methods outperform farmer 
best practices, with mean advantages of $170/acre for GA 
(Drought), $215/acre for GA (Normal), and $123/acre for 
MPC. Figure  9 visualizes revenue across all 21 scenarios 
sorted by increasing extremity index.

Figure 10 shows revenue comparison grouped by weather 
category. GA (Normal) dominates under normal and moder-
ate conditions, while GA (Drought) provides better perfor-
mance under drought and extreme scenarios. MPC provides 
consistent but not optimal performance across all categories.

Table  6 presents detailed results for all 21 scenarios. GA 
(Drought) wins all 21 scenarios against farmer best prac-
tices, GA (Normal) wins 18 of 21, and MPC wins 15 of 21. 
When comparing optimization methods directly, GA (Nor-
mal) outperforms MPC in all 21 scenarios, GA (Drought) 
outperforms MPC in 9 of 21 scenarios, and GA (Normal) 
outperforms GA (Drought) in 15 of 21 scenarios.

Figure 11 compares mean resource usage across strate-
gies. While the GA strategies achieve higher revenue, MPC 
does so with substantially less water and fertilizer. MPC 
uses an average of 1.6 inches of irrigation and 240 lbs of 
fertilizer across all scenarios—roughly one-tenth the water 
of farmer best practices (18 inches) and one-tenth of GA 
(Drought) (15 inches), and less than half the fertilizer of 
any other strategy. Despite this dramatically lower resource 
footprint, MPC still outperforms farmer best practices in 15 
of 21 scenarios, demonstrating that adaptive optimization 
can deliver meaningful economic gains alongside substan-
tial sustainability benefits through reduced water and fertil-
izer use.
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7  Discussion

7.1  Interpretation of Results

The GA-optimized strategies differ from conventional wis-
dom in several notable ways. The algorithm discovers that 
less frequent but larger irrigation events, combined with 
reduced total fertilizer input, can outperform conventional 
uniform application schedules. This counterintuitive result 
emerges from the model’s delayed absorption dynamics: 
the plant’s metabolic expectations are calibrated to typical 
nutrient availability over time, and the GA discovers that 
strategically-timed resource inputs better maintain align-
ment with these metabolic expectations than aggressive 
compensation through frequent, uniform applications.

Under delayed absorption dynamics, timing matters 
more than total quantity. The FIR convolution introduces a 
temporal spread of 30 hours for water and 300 hours for fer-
tilizer, meaning that today’s application affects plant growth 
over the coming days to weeks. The GA can exploit this 
by front-loading or back-loading resources to align cumula-
tive absorption with plant expectations throughout the sea-
son. Farmer best practices, with their rigid weekly/monthly 
schedules, cannot achieve this alignment.

MPC does not outperform the GA strategies, contrary 
to our initial hypothesis. The GA strategies, despite being 
“fixed,” are optimized for their target conditions over the 
entire 121-day growing season. MPC re-optimizes daily 
but only sees 9 days ahead—insufficient foresight given 
the slow physiological dynamics. With fertilizer absorption 
spreading over 300 hours (12+ days), MPC’s horizon barely 
captures a single absorption cycle. This limited foresight 
prevents MPC from making the long-term resource alloca-
tion decisions that the GA can pre-compute. In agricultural 
systems with slow dynamics—where nutrient absorption 
takes days to weeks—the GA’s full-season optimization 
horizon appears more valuable than MPC’s adaptive but 
myopic decision-making. We note, however, that this hori-
zon-based explanation is not the only factor; structural and 
formulation differences between the two methods also con-
tribute to the performance gap, as we discuss in Section 7.2.

Each GA strategy performs best when conditions match 
its optimization assumptions. GA (Normal) outperforms 
GA (Drought) in 12 of 21 scenarios, while GA (Drought) 
wins in the 9 scenarios with more extreme conditions. This 
is unsurprising: each strategy was optimized for its target 
conditions. The practical implication is that farmers should 

select the appropriate GA strategy based on seasonal fore-
casts—if drought is anticipated, use GA (Drought); other-
wise, use GA (Normal).

Despite lower peak revenue, MPC offers a sustainability 
advantage worth noting. MPC achieves competitive returns 
(outperforming farmer best practices in 15 of 21 scenarios) 
while using dramatically less water (1.3–2.0 inches vs. 
15–18 inches for other strategies) and fertilizer (216–307 lbs 
vs. 450 lbs for farmer best practices). For operations priori-
tizing environmental impact or input cost reduction, MPC 
may be the preferred choice despite lower revenue.

Our MPC formulation assumes perfect weather forecasts 
over the planning horizon, which represents MPC’s best-
case operating condition. Because MPC is the only method 
that consumes forecast information at runtime—the GA 
strategies are fixed and do not adapt to observed or pre-
dicted weather—degrading forecast quality can only reduce 
MPC’s performance while leaving the GA unaffected. The 
GA’s robustness to weather uncertainty is already tested by 
a different mechanism: each GA strategy is optimized for 
one weather condition (e.g., baseline) but evaluated across 
all 21 scenarios, including conditions it was not tuned for. 
Introducing forecast noise into MPC would therefore widen 
the performance gap in favor of the GA, reinforcing rather 
than undermining the conclusions drawn above. Stochastic 
or robust MPC formulations that explicitly account for fore-
cast uncertainty could partially mitigate this degradation, 
but such extensions would also increase the computational 
cost of each daily solve and are left to future work.

7.2  Asymmetries in the Optimization Strategies

The GA-versus-MPC comparison involves asymmetries 
beyond the horizon mismatch discussed above: the decision 
space structure, the objective formulation, and the compu-
tational effort. Disentangling these is important for under-
standing whether the results reflect a fundamental property 
of open-loop versus closed-loop control in slow-dynamics 
systems, or are partly a consequence of the problem design.

Decision space asymmetry. The GA searches a 4-dimen-
sional space (Eq. 50), where each candidate encodes a peri-
odic application schedule for the full 121-day season. MPC, 
by contrast, solves a sequence of 18-dimensional nonlinear 
programs (2 control inputs × 9-day horizon) at each of 121 
daily decision epochs. The GA’s low-dimensional param-
eterization acts as an implicit regularization: by restricting 
the policy space to periodic schedules, it excludes erratic 
strategies and biases the search toward smooth, imple-
mentable policies. MPC’s richer decision space gives it the 
potential to outperform any fixed periodic strategy, since it 
can express arbitrary time-varying input trajectories. That it 
does not realize this potential is attributable to the horizon 

Fig. 4  Environmental disturbances and control inputs for the base-
line (“normal”) scenario. Top three panels show hourly precipitation, 
solar radiation, and temperature from historical Iowa data. Bottom 
two panels show the farmer’s irrigation (weekly, 1 inch) and fertilizer 
(monthly, 90 lbs) application strategy
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limitation: a full-horizon MPC formulation (if computation-
ally feasible) would subsume the GA’s search space and 
could only do at least as well.

Objective function asymmetry. The GA directly maxi-
mizes end-of-season revenue (Eqs. 51–53), a linear function 
of final crop state minus cumulative input costs. MPC mini-
mizes a sum of quadratic stage costs (Eq. 59) plus a linear 
terminal reward (Eq. 60). These are not equivalent objec-
tives. The quadratic input penalties in MPC’s stage cost 
penalize large applications disproportionately—doubling 
an input quadruples its cost contribution—which actively 
discourages aggressive resource use. This largely explains 
MPC’s dramatically lower water consumption (1.3–2.0 
vs. 15–18 inches): the quadratic formulation imposes an 
implicit conservation preference absent from the GA’s lin-
ear cost structure. Importantly, this formulation difference 
is not an arbitrary design choice: as noted in Section 5.2, 
an MPC formulation using the GA’s linear revenue objec-
tive produced degenerate “bang-bang” solutions that front-
loaded all resources. The quadratic formulation is necessary 
for MPC to produce physically sensible schedules in this 
setting. The GA, by contrast, can use a simple linear rev-
enue objective because its periodic parameterization inher-
ently regularizes the solution—the 4-parameter structure 
prevents bang-bang behavior by construction. This asym-
metry is therefore structural: MPC’s flexible decision space 
requires regularization through the objective function, and 
that regularization comes at the cost of revenue.

To further investigate these effects, we ran a resource-
constrained GA with total seasonal inputs capped at MPC’s 
maximum usage levels (2.0 inches water, 310 lbs fertilizer). 
Under these constraints, the GA found a strategy using 
0.76 inches of water and 283 lbs of fertilizer—comparable 
to MPC’s resource usage—and achieved a mean revenue of 
$759/acre across all 21 scenarios, compared with MPC’s 
$750/acre. The constrained GA wins 11 of 21 scenarios, with 
MPC winning in drought conditions and the constrained 
GA winning in normal and wet conditions. This near-parity 
could be interpreted as evidence that the two methods are 
equivalent at equal resource levels but it could also suggest 
that the revenue cost of MPC’s required quadratic regular-
ization approximately offsets the benefit of its daily adaptive 
capability: MPC gains from adapting to observed conditions 
but pays a comparable price for the objective formulation 
it needs to produce sensible schedules. The unconstrained 
GA’s $863/acre mean reflects its structural advantage—
the periodic parameterization provides free regularization, 
allowing the GA to pursue revenue directly without the 
front-loading behavior that forces MPC into a more conser-
vative formulation.

Computational effort. The methods also differ in com-
putational cost and the design choices driven by tractability. 

The GA evaluates approximately 12,800 full-season simu-
lations (128 population × 100 generations) to optimize 4 
parameters. While conceptually simple, a pure Python 
implementation required hours per run; only by migrating 
the inner loop to C++ did we reduce GA optimization time to 
approximately one minute. MPC solves 121 daily nonlinear 
problems via the IPOPT (Interior Point OPTimizer) library, 
each embedding the full crop model as equality constraints, 
and completes a full-season simulation in comparable time. 
Several MPC-specific design choices were driven by tracta-
bility. We use a two-tier temporal scheme: plant dynamics 
are simulated at hourly resolution (matching physiological 
timescales), but decisions are made daily—solving 2,900 
hourly optimizations would be prohibitive. Similarly, the 
planning horizon is constrained to 3–14 days, as longer hori-
zons would increase the CFTOC problem size and solver 
time. Despite these differences, both methods were given 
sufficient computational resources to converge: the GA’s 
consistency across 10 independent runs (Section  6.3) and 
MPC’s Bayesian-optimized hyperparameters (Section 5.4) 
both indicate convergence.

7.3  Limitations and Future Extensions

Several model limitations suggest directions for future 
work:

Growth model. The logistic equation (1) assumes sym-
metric growth around the inflection point. Richards growth 
generalizes this with a shape parameter v: 

dx

dt
= axx

[
1 −

(
x

kx

)v]
� (62)

where v > 1 produces steeper early growth and n < 1 pro-
duces steeper late growth.

Absorption kernels. Gaussian kernels are symmetric, 
but physiological absorption often exhibits fast activation 
followed by slow decay. Log-normal or Gamma kernels 
could better capture this asymmetry.

Saturation. The current model does not explicitly limit 
nutrient uptake. Modeling nutrient saturation would provide 
more realistic response to over-application.

Per-event operational costs. The objectives penalize 
total resource quantity but not the number of application 
events. In practice, each irrigation or fertilization event 
incurs operational costs (labor, equipment, fuel) regard-
less of the amount applied. Including per-event costs would 
differentially affect strategies with varying application 
frequencies.

Single-point model. The crop model represents a 
single plant without spatial heterogeneity. Field-scale 
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Fig. 5  Plant state variable trajectories under the baseline scenario (farmer best practices during mild drought). All state variables reach suboptimal 
final values due to cumulative water stress. This strategy yields $587/acre in revenue

 



1 3

C. J. Becker, T. I. Zohdi

implementation would require accounting for spatial varia-
tion in soil properties, drainage, and microclimate.

Soil moisture dynamics. The current model treats irriga-
tion as directly available water without explicitly modeling 
soil moisture content, drainage, or field capacity. This omis-
sion likely favors the GA’s infrequent, large-volume irriga-
tion strategy, but, in practice, applying several inches in a 
single event would exceed the soil’s water-holding capac-
ity, and the excess would be lost to deep drainage or runoff. 
MPC’s frequent, small applications would suffer less from 
such losses. Incorporating a soil water balance model could 
therefore narrow the GA–MPC performance gap and is a 
natural extension of this work.

GA–MPC comparison isolation. Although we partially 
disentangle the effects of resource conservation and hori-
zon myopia through a resource-constrained GA ablation 
(Section 7.2), further ablation studies—such as increasing 
the GA’s temporal resolution beyond periodic schedules—
would more fully isolate the effect of the control paradigm 
(open-loop versus closed-loop) from the differing objective 
formulations and decision space structures.

8  Conclusion

This paper presented a coupled ODE model for crop growth 
that captures two physiological phenomena often neglected 
in optimization studies: delayed nutrient absorption and 
cumulative stress tracking. The model tracks five state vari-
ables (plant height, leaf area, number of leaves, flower size, 
and fruit biomass) with time-varying growth rates modu-
lated by nutrient factors derived from a series of transforma-
tions which capture the physiology of the stress and delayed 
absorption.

We compared two optimization approaches for irriga-
tion and fertilizer scheduling: genetic algorithm (GA) opti-
mization for fixed seasonal strategies and model predictive 

control (MPC) for adaptive daily decision-making. Applied 
to corn production in Iowa across 21 stochastic weather sce-
narios, both optimization-based methods outperform farmer 
best practices. GA optimization achieves 35% higher mean 
revenue than conventional practices ($842 vs. $626 per 
acre), demonstrating the value of computational optimiza-
tion in agriculture.

Contrary to our initial hypothesis that adaptive control 
would outperform fixed strategies under weather uncer-
tainty, the results show that MPC does not outperform the 
GA strategies. GA (Normal) outperforms MPC in all 21 
scenarios, while GA (Drought) outperforms MPC in 9 of 
21 scenarios. The explanation lies primarily in the mis-
match between MPC’s planning horizon (9 days) and the 
crop model’s physiological timescales (fertilizer absorption 
spreads over 300+ hours). Although the 9 day horizon was 
found by Bayesian optimization to be optimal, MPC’s daily 
adaptation cannot substitute for the GA’s full-season opti-
mization horizon when system dynamics (especially fertil-
izer absorption dynamics) are slow. The comparison also 
involves decision space and objective function asymmetries. 
The GA optimizes four scalar parameters under a linear rev-
enue objective while MPC optimizes daily with quadratic 
penalties on irrigation and fertilizer usage. A resource-
constrained ablation study, in which the GA’s total seasonal 
inputs were capped at MPC’s usage levels, shows that the 
constrained GA achieves near-parity with MPC ($759 vs. 
$750/acre mean, winning 11 of 21 scenarios). However, this 
near-parity does not necessarily imply equivalence: MPC’s 
quadratic formulation is not an optional design choice but 
a necessary regularization to prevent solutions which front 
load nutrient application and fail long term. The GA’s peri-
odic parameterization, which was born out of computational 
tractability, actually provides this regularization structur-
ally, allowing it to optimize revenue directly.

The practical conclusion is straightforward: for sea-
sonal agricultural planning, pre-optimization for expected 

Fig. 6  GA convergence across 10 independent runs. Each curve shows the best revenue at each generation. All runs exhibit rapid improvement in 
early generations followed by convergence to near-optimal solutions. The consistency across runs demonstrates algorithm robustness
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Fig. 7  Plant state variable trajectories for the best member from each of the 10 independent GA runs. The tight clustering of trajectories demon-
strates that different GA runs converge to similar optimal strategies
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conditions outperforms adaptive control. If normal weather 
is expected, use GA (Normal); if drought is anticipated, use 
GA (Drought); if a different weather condition is expected, 
a GA can be tuned to that expectation. However, MPC offers 
a sustainability advantage worth considering: it achieves 
competitive returns while using dramatically less water and 
fertilizer than all other strategies, which may be valuable for 

Table 9  Summary statistics for the four strategies across 21 weather 
scenarios. CV = coefficient of variation (standard deviation / mean)
Strategy Mean ($/acre) Std 

Dev
CV 
(%)

Min Max

Farmer Best 
Practices

626 135 21.6 385 853

GA (Drought) 796 132 16.6 550 997
GA (Normal) 842 124 14.7 527 973
Adaptive MPC 750 115 15.4 445 886

Fig. 9  Revenue comparison across all 21 weather scenarios, sorted by 
extremity index. All optimization-based strategies outperform farmer 
best practices in most scenarios, with GA (normal) achieving the high-

est revenues under normal conditions and GA (drought) excelling 
under extreme conditions

 

Fig. 8  Revenue distribution across all 21 weather scenarios. Box plots show median, interquartile range, and outliers for each strategy. GA (nor-
mal) achieves the highest median revenue but also exhibits the widest range, while MPC shows the lowest variability
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operations prioritizing environmental impact or input cost 
reduction.

Future work should explore inclusion of soil nutrient 
effects, crop interaction with a field-scale model, and field 

validation of the model. Though this study calibrated model 
parameters to corn, the framework generalizes readily to 
other crops by adjusting the growth parameters and input-
effect relationships.

Fig. 10  Revenue comparison by 
weather category. GA (normal) 
achieves the highest revenues 
under normal conditions, while 
GA (drought) is better suited for 
extreme weather scenarios

 

Fig. 11  Mean total irrigation (left) and fertilizer (right) across all 21 weather scenarios for each strategy. MPC achieves competitive revenue while 
using dramatically less water and fertilizer than all other approaches
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Fig. 12  Applied versus absorbed nutrients under the baseline farmer strategy. The delayed absorption dynamics are evident in the lag between 
applied inputs and the smoothed absorbed signals. Water absorption (σw = 30 hr) responds more quickly than fertilizer absorption (σf = 300hr)
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Fig. 13  Cumulative absorbed nutrients (solid) versus expected levels (dashed red). The growing gap between actual and expected water absorption 
reflects the drought stress accumulating over the season
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Fig. 14  Instantaneous divergence from expected cumulative nutrient levels. Higher divergence indicates greater stress
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Fig. 15  Nutrient factor evolution under the baseline scenario. The 
water nutrient factor νw  declines due to cumulative drought stress, 
while fertilizer, temperature, and radiation factors remain closer to 1.0 

(no stress). The declining νw  (which later recovers) reduces effective 
growth rates and carrying capacities throughout the season
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Fig. 16  Plant state variable trajectories for the worst member from each GA run’s final population. These suboptimal strategies achieve almost no 
growth, confirming that the model does not guarantee excellent growth and appropriately penalizes poor resource allocation strategies
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