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Abstract—Growing pressure on water, energy, and food sys-
tems underscores the need for integrated planning approaches.
This paper presents a novel framework for the design and opti-
mization of agro-energy systems within the Water—Energy-Food
(WEF) nexus. The methodology combines system modeling and
multi-objective optimization to jointly allocate land and size en-
ergy infrastructure while considering the availability of local wa-
ter and energy resources. Implemented through the weighted-sum
method, the model simultaneously minimizes total annualized
cost and water use while maximizing employment generation.
Results show that the framework effectively integrates resource
availability with infrastructure planning, achieving balanced
configurations that enhance sustainability and support replicable
WEF-based development in rural contexts.

Index Terms—Water-energy-food nexus, multi-objective opti-
mization, agro-energy systems, availability resources and infras-
tructure.

NOMENCLATURE

Symbol Description [Unit]
Ac Area allocated to crop c [ha]
Amax Maximum available agricultural area [ha]
Chatt Battery nominal capacity [Ah]
CI‘{} PV investment cost [USD/kW]
Cpg Diesel investment cost [USD/KW]
Chuel Diesel fuel annual consumption cost{USD/year]
CRF); Capital recovery factor for tech. j [-]
DoDax Max. depth of discharge [-]
Epau(t) Battery energy at time ¢ [kWh]
E.(t) Energy demand per hectare [kW/ha]
ERr(t) Residential energy demand [kW]
Gps(t) Pumped water at time ¢ [m3/h]
GHI(¢) Global horizontal irradiance [W/m?]
h, g Pumping head [m], gravity [m/s?]

¢ Employment factor of crop c [jobs/ha]
Npate Number of batteries [units]
ben(t) Charge/discharge battery power [kW]
Py (t), Pog(t) PV and diesel generation [kW]
Pc, Pryel Market price of crop ¢ [USD/ton] & Fuel price [USD/L]
Spv, Spbg Installed PV and diesel capacity [kW]

Shatt Installed battery capacity [kWh]
T Number of intra-day time steps (24) [-]

Wes (t) Pumping power [kW]

We(t) Crop water demand [m3/ha/h]
Wr(t) Residential water demand [m3/h]
Wiax Max. annual available water [m3/yr]

Ye Crop yield [ton/ha]
Tvatt, Ps, ey Efficiencies of battery, pump, and PV [-]
Diesel fuel consumption [L/kWh]

I. INTRODUCTION

Global demand for water, energy, and food is expected to
rise sharply in the coming decades, intensifying pressures on

This work was supported by the project BPIN 2021000100499, funded by
CTel - SGR and Minciencias, Colombia, and Beca Impacto Pais.

979-8-3315-8138-1

resource security under climate change and population growth
[1], [2]. These challenges are particularly evident in irrigated
agriculture, where water and energy mismanagement directly
affect food production and rural livelihoods [3], and where
sector-wise planning is often insufficient due to strong cross-
sector linkages and shared infrastructures. The Water-Energy-
Food (WEF) nexus framework, introduced by the World Eco-
nomic Forum in 2008 [4], advocates for the integrated analysis
of interdependencies among these critical sectors to enhance
long-term sustainability [5]. It helps identify synergies and
trade-offs across economic, environmental, and social dimen-
sions; however, the social dimension remains underrepresented
in most studies [6]. WEF assessments can be performed at
different spatial scales, yet most works emphasize macro-scale
analyses, often overlooking local complexities [7]. Because
agricultural regions face distinct but interconnected challenges,
local-scale analysis is essential for developing effective and
equitable resource management strategies [8]. Despite progress
in modeling interdependencies, many studies still focus on one
or two components of the nexus, limiting full integration. To
overcome these limitations, recent studies have increasingly
adopted multi-objective optimization (MOO) techniques to
quantify trade-offs among conflicting goals [9]. Common ap-
proaches include the weighted-sum [10], e-constraint [11], and
heuristic-based formulations [12]. However, the integration
of economic, environmental, and social objectives within a
unified optimization framework remains an open challenge
[13].

Unlike most existing WEF optimization approaches, which
typically adopt centralized perspectives and overlook decen-
tralized interactions and technical coupling among resources
[7], this study proposes a novel integrated framework that
simultaneously optimizes land allocation, energy infrastruc-
ture sizing, and resource flows within the WEF nexus. The
proposed methodology combines system modeling with MOO
to jointly balance water and energy demands while capturing
key interdependencies among WEF subsystems. Implemented
through the weighted-sum approach, the framework explicitly
evaluates trade-offs across technical, economic, and envi-
ronmental objectives under realistic operational constraints.
Applied to a rural agro-energy system, it demonstrates the
potential of MOO-based WEF integration to guide sustainable
and data-driven decision-making in community-scale agricul-
tural contexts.
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Fig. 1: Methodological framework for the WEF-based agro-
energy system design: Stage I (preliminary assessment and
data collection) in purple; Stage II (model formulation) in
green; and Stage III (optimization) in orange.
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II. METHODOLOGY

The proposed methodological framework, illustrated in Fig. 1,
consists of three main stages. Stage 1, preliminary assessment
and data collection, compiles data on resource availability,
crop characteristics, and technological parameters relevant
to the study area. Stage II, model formulation, establishes
the decision variables, constraints, and objective functions
representing the economic, environmental, and social dimen-
sions of the problem. Finally, Stage III Optimization solves
the multi-objective problem using the weighted-sum method,
evaluating eight representative scenarios to explore trade-offs
among objectives and identify balanced configurations of land
allocation and system sizing, complemented by a sensitivity
analysis of key technical and resource parameters.

A. Preliminary assessment

The study focuses on an isolated rural community in Colombia
comprising 60 households. Residential electricity demand is
characterized using data reported in [14]. As shown in Fig. 2a,
the resulting hourly profile exhibits a peak of 17 kW be-
tween 20:00 and 21:00, with an average daily consumption
of 217.08 kWh. Similarly, residential water consumption is
modeled through a fixed hourly profile derived from stan-
dardized per capita rates. Agricultural activities in the study
area include tomato, cassava, and maize, selected based on
regional production and harvested area data'. The correspond-
ing agricultural water demand is modeled dynamically as
a function of the cultivated area and each crop’s specific
water requirements (m3/ha/day) [15], [16], while the crop-
specific electricity demand, derived from empirical data [17],
[18], represents the total agricultural energy use, including

Data obtained from the Evaluaciones Agropecuarias Municipales (EVA)
for 2023-2024.
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(a) Residential electricity and water demand.
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(b) Crop-specific energy and water requirements per hectare.

Fig. 2: Characterization of hourly and crop-specific demand
in the study area.

irrigation, processing, and auxiliary operations. The hourly
profiles of energy and water requirements per hectare for each
crop are presented in Fig. 2b.

Once the resource requirements are identified, the technolog-
ical configuration is defined. The proposed system integrates
solar photovoltaic (PV) generation, diesel backup, battery stor-
age, and water pumping infrastructure to meet both residential
and agricultural demands. The pumping subsystem is explicitly
linked to energy consumption through the hydraulic head and
friction losses. After establishing this architecture, the key
economic, technical, and operational parameters” are compiled
from secondary sources and summarized in Table I.

B. Stage II: Model Formulation

The system is formulated as a nonlinear programming (NLP)
model that integrates the coupled dynamics of energy genera-
tion, water use, and land allocation. The decision variables cor-
respond to the installed capacities of the technologies and the
land area assigned to each crop. The NLP model is constrained
by a set of technical and operational conditions, organized
into five categories: electricity balance, water balance, resource
availability, technical limitations, and boundary conditions. At
each time step ¢ € T, the total electricity supplied by PV gen-
eration Ppy(t), diesel generators Ppg(t), and battery discharge
P,.(t) must be equal to the combined electricity demands of
the residential sector Eg(t), water pumping systems Wps(t),
and agricultural activities .. A.E.(t), in addition to the

2Solar PV investment cost: Renewable Power Generation Costs in 2021,
International Renewable Energy Agency (IRENA); Technologies O&M
costs & investment cost: Informe de Costos Tecnologias de Generacidn,
Comision Nacional de Energia (CNE), 2022; AGM batteries investment cost:
Bateria Plomo-Acido AGM 12V 255 Ah, Autosolar, 2023. Available at:
https://www.autosolar.co



power required for battery charging Pf (), that is, Ppy(t) +
PDG(t)"—Pb;tt(t) = ER(t)"’WPS (t) +Zcec ACEC(t) +Pb—£u(t)'
The water balance at each time step ¢ is defined such that the
total volume of water extracted Gps(t) equals the residential
demand Wx(t) plus the sum of the irrigation requirements
of each crop ¢ € C, weighted by the cultivated area, that is,
Gps(t) = Wr(t) 4+ > oce AcWe(t).

Regarding resource availability, water extraction is limited
by the source capacity, ensuring that total withdrawal does
not exceed Wiy,.«. Likewise, the cumulative cultivated area
is restricted to the maximum agricultural land A, and to
avoid monocropping, the area assigned to any single crop
cannot exceed 50% of the total (A, < 0.5 Ana). In addi-
tion, the system’s technical behavior is defined through the
physical relations. PV generation is expressed as Ppy(t) =

GHI(¢)
Spv
GHIstc
is the glsobal horizontal irradiance at time ¢, GHlIgrc is the
standard irradiance, npy is the module efficiency, and 7,y is
the inverter efficiency.
Battery dynamics are modeled by the recursive expression

Frats(t4+1) = Epaee (t) +At (Ubatt Plj;tt(t) L Pb;tt(t)> ,

7pvTiny, Where Spy is the PV system size, GHI(¢)

o Tbatt
which updates the battery’s energy content at each time step

based on charging and discharging operations. Likewise, the
battery energy is constrained to lie within its operational
bounds, i.e., BN < E(t) < ED2X) and a cyclic condition
is enforced by requiring Eya(1) = Fpu(T).

In addition, to ensure that battery charging relies exclusively
on surplus PV generation, the charging power is limited by
PV output at each time step (Pbtn(t) < DBpy(t)), thereby
avoiding additional fuel consumption. Simultaneous charging
and discharging are prevented through the nonlinear constraint
Pt (t)Poy(t) < &, where € is a small tolerance for numerical
stability. The power exchange is further restricted to one-third
of the total battery capacity (Poa* = Epa*/3), following
standard microgrid practices and manufacturer guidelines to
mitigate excessive cycling, i.e., 0 < Bl (¢), P (t) < Pmax,

To ensure consistency between the pumped water flow
Gps(t) and the electrical power consumed by the pump
Whps(t), the two quantities are linked through the hydraulic
conversion factor kpg, which accounts for water density p,,,
gravitational acceleration g, pumping head h, and pump-motor
efficiency 7ps, according to the physical relation Gps(t) =

3.6 x 106
kpsts(t), with kps = M

cision variables are constraingﬁ} gwithin physically admissible
limits to ensure realistic system behavior. The installed ca-
pacities of the photovoltaic system (Spy), diesel generator
(Spbg), and number of batteries (NVpy), as well as the cultivated
areas (A.) and all hourly operational variables, are required
to be non-negative (Spy, Spg, Nbaw, Ac > 0, for all ¢ € C).
The optimization model addresses the WEF nexus through
three interconnected objectives representing the economic,
environmental, and social dimensions of sustainability.

. Furthermore, all de-

1) Economic objective: minimize the total annual cost
(TAC), including investment, operation, and mainte-
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nance (O&M), and fuel costs:
TAC [USD/year] = Ci% SpyCRFpy + C™ Spy
+ O5% SpgCRFpg + CSE™M S

+ Ctl,gt‘{ N battCRFban + C’fuela
(D

where Spy, Spg, and Ny, represent the installed ca-
pacity for each technology, and Cy is the annual
cost of diesel consumption, calculated as Crp =
365 8 Pryel Zthl Ppi(t) At, where Prye is the diesel
price, 8 is the specific fuel consumption, Ppg(t) is the

hourly diesel generation, and At is the time step length.
The Capital Recovery Factor (CRF), used to annualize

investment costs, is expressed as CRF; = (lr(_&:gigf_]l,
where j € {PV,DG,batt}, r denotes the discount
rate, and «; represents the economic lifetime of each
technology.

2) Environmental objective: minimizes the crop-specific
water consumption (CWC), defined as the ratio between
the total annual volume of water extracted for irrigation
(Gps(t)) and the total agricultural production, which
depends on the cultivated area (A.) and yield (Y;) of
each crop (one cycle per year). Hence,

365 ZteT GPS(t)
ZCEC AC}/C .

3) Social objective: maximizes employment generation,
formulated as the total number of jobs, based on the
area allocated to each crop and its corresponding labor
intensity. This is given by:

CWC [m?/ton] = (2)

Employment [Jobs| = ZACLC’ (3)
ceC

where A, is the area allocated, and L., is the employment
factor per hectare to crop c.

C. Satge III: Optimization
The multi-objective problem is addressed using a weighted-

sum formulation, selected due to its widespread application
in WEF nexus studies and its compatibility with classical
optimization algorithms. This approach enables the exploration
of trade-offs among conflicting objectives and facilitates sen-
sitivity analyses through the weighting of decision criteria, by
integrating economic cost (f1, Eq. 1), water use (f2, Eq. 2),
and employment (f3, Eq. 3) into a single composite optimiza-
tion function. Each is normalized with respect to its single-
objective optimum £* = [f{, f5, f3]7 as fr = (f1 — f{)/ 1.
o= (fo— f3)/f5. and f3 = (f§ — f3)/fi. The weighted

composite function is expressed as

3
min J = Z wzfl (@)

i=1
where w; represents the relative importance assigned to each
objective (Z?Il w; = 1). Minimizing J yields compromise
solutions according to the weight vector w = [wy, wg, w3] "



TABLE I: Key parameters of the case study

Parameter Value Unit Parameter Value Unit
Ciny 857 USD/KW %Dlg 300 USD/KW
Cinv 255  USD/unit CRM 034 USD/KW-yr
CgééM 20 USD/AW-yr  Pua 06 USD/L
0.3 L/kWh r 0.12 -
npV 0.18 - Tbatt 0.85 -
Tinv 0.96 - Ui 0.80 -
DoDmax ~ 0.50 — SoCpmin 020 -
Vhatt 12 Vv Char 255 Ah
h 30 m Pw 1000 kg/m3
g 9.81 m/s? GHIgrc 1000 W/m?
apv 25 yr apG 15 yr
Qbatt 6 yr 6 90 days
Amax 100 ha Wmax 10 x 108 m3/yr
24 h Bco, — 2.68 kg/L
Piomato 689.0 USD/ton Yiomato 15.0 ton/ha
Prassava 200.0 USD/ton Yeassava 20.0 ton/ha
Phaize 414.3 USD/ton Yiaize 3.0 ton/ha
Liomato 0.73  jobs/ha Leassava 0.59 jobs/ha
Lmaize 0.29 jObS/ha — — _

Objective across weighted-sum scenarios
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(a) Normalized objective performance across scenarios.
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(b) Resulting land distribution and technology sizing.

Fig. 3: Multi-objective optimization outcomes.

To examine how the relative importance of each objective
affects the optimal configuration, eight weighting scenarios
were defined. Scenarios 1-3 prioritize a single dimension (eco-
nomic, environmental, and social), while Scenarios 4, 6, and 7
emphasize the economic objective with partial consideration of
the others. Scenario 8 equally favors environmental and social
criteria, and Scenario 5 assigns equal weights to all objectives,
representing the balanced configuration. The optimization was

implemented in CasADi v3.7.0 within MATLAB Figure 3a
shows the normalized performance of the three objectives

across the eight weighted-sum scenarios, highlighting clear
trade-offs among economic, environmental, and social goals.
Economic-oriented cases (1, 4, 6) minimize TAC but result in
higher water use and lower employment, whereas environmen-
tally and socially oriented scenarios (2, 3, 8) achieve lower
CWC and greater employment at the expense of larger PV
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and storage capacities (see Fig. 3b). Land allocation reflects
these trade-offs: maize prevails in cost-driven scenarios, while
tomato and cassava dominate in sustainability-oriented ones,
illustrating the balance between productivity and resource
intensity. Scenario 5, with equal weighting of all objectives,
provides the most balanced configuration, combining moderate
cost (0.78 MUSD/year), low water consumption (849 m3/ton),
and the highest employment (66 jobs). This scenario harmo-
nizes the three objectives while maintaining technical feasibil-
ity and is therefore selected for detailed analysis.

III. RESULTS AND DISCUSSION

The weighted-sum optimization with equal weights allocate
50 ha each to tomato and cassava, for an annual production
of 1750 tons. The resulting system integrates 939.8 kW of PV
capacity, a 149 kW diesel generator, 334.1 kWh of battery
storage, and a 38 kW pumping unit. Fig. 4a shows the system’s
hourly operation: energy demand peaks at 120 kW during
irrigation periods, while PV generation peaks near 11:00,
supplying daytime loads and charging the battery. The diesel
unit operates mainly before sunrise, and the battery maintains
supply balance, with the state of charge rising from 20%
at midnight to full charge by 14:00 before discharging in
the evening (see Fig. 4b). The total annual water demand,
including residential use, reaches approximately 1.49x10% m>.
Economically, the system achieves a levelized cost of energy
(LCOE) of 0.0545 USD/kWh, while renewables supply 77.5%
of total electricity, confirming the diesel unit’s backup role.
Technically, demand is fully met without energy losses.

In addition, fourteen sensitivity scenarios were evaluated
to assess the impact of parameter variations on the system.
Scenario 1 reduces technology investment costs by 50%,
resulting in a strong decrease in TAC. Scenarios 2—-3 modify
crop water requirements by +50%, revealing that higher irri-
gation needs substantially increase both CWC and the energy
required for pumping, which in turn demand larger PV and
storage capacities. Scenarios 4-5 vary crop energy demand by
+50%, showing similar trends in TAC and generation sizing.
Scenario 6 adjusts the irrigation schedule to coincide with
daylight hours, slightly improving energy utilization efficiency.
Scenarios 7-8 modify solar irradiation by factors of x2 and
x0.5, respectively, leading to pronounced changes in TAC and
PV sizing. Scenarios 9—10 double and halve residential water
and energy demand, moderately affecting the TAC. Scenario
11 increases pumping-system efficiency to 95%, reducing TAC
and diesel dependency, whereas Scenario 12 removes the
land-allocation constraint, allowing greater crop specialization.
Finally, Scenarios 13-14 double and halve both water and
land availability, confirming that resource availability strongly
affects the total cost and system configuration. The resulting
percentage variations in the objectives and installed capacities
are summarized in Figure 5.

IV. CONCLUDING REMARKS

This paper proposes an integrated framework for the plan-
ning and optimization of agro-energy systems within the
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Water-Energy—Food (WEF) nexus. By coupling system mod-
eling with multi-objective optimization, the approach jointly
allocates land, energy, and water resources under realistic
operational constraints. The results demonstrate the frame-
work’s ability to capture interdependencies among resources
and infrastructure, leading to balanced configurations that
reduce costs and water use while enhancing employment
opportunities. The proposed approach is especially relevant
in rural and decentralized contexts, where water extraction,
energy generation, and agricultural production depend on
shared and capacity-limited infrastructures. Moreover, it pro-
vides a replicable tool to support sustainable planning in
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rural settings and is adaptable to different contexts, although
its formulation and resulting optimal solutions depend on
local resource availability and data constraints. Future research
will incorporate temporal variability and battery degradation
to improve the long-term accuracy of system performance,
as well as extend the analysis to alternative multi-objective
optimization techniques, such as the e-constraint method.
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