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Abstract—This paper proposes a coordinated planning and
operational optimization framework for grid-connected agri-
voltaic microgrids. The framework integrates interdependent
optimization modules to address long-term capacity planning
and short-term operational control under agrivoltaic constraints.
Planning decisions determine photovoltaic and battery capacities,
while operational optimization governs solar panel tilt and
battery charging and discharging under time-of-use tariffs. A
virtual case study using open-source datasets demonstrates the
applicability of the proposed framework. The resulting optimal
planning capacities are compared with those from other solar
farm designs, highlighting the importance of accounting for
operational constraints in agrivoltaic microgrid planning.

Index Terms—coordinated optimization framework, agrivoltaic
microgrids, planning and operation

I. INTRODUCTION

Sustainable energy transitions have gained increasing global
attention. The Long-Term Strategy of the United States explic-
itly targets net-zero greenhouse gas emissions by 2050 [1]. In
Europe, the European Green Deal and the European Climate
Law commit the EU to becoming climate-neutral by 2050 and
to reducing net greenhouse gas emissions by at least 55%
by 2030 [2]. Rural areas play a pivotal role in achieving a
renewable energy future. In the United States, rural regions
have a disproportionately large impact on national greenhouse
gas emissions. Accounting for only 18% of the population,
U.S. rural areas contribute more than 36% of total emissions.
Moreover, more than 47% of all power plant emissions occur
in rural areas [3]. Renewable resources such as solar and wind
offer viable pathways to improve sustainability in these areas.
However, their high land requirements conflict with existing
agricultural and ecological uses, leaving limited land available
for renewable energy deployment without disrupting current
functions [4].

Agrivoltaics (APV) is a dual-land-use strategy that inte-
grates agricultural production with solar energy generation
on the same land parcel, offering a promising solution to
land—energy conflicts. The feasibility has been well examined
[5]. By enabling synergistic rather than competitive outcomes,
APV can relieve pressure on agricultural land, enhance so-
lar efficiency through microclimatic effects, improve yields
for certain crops, and increase overall economic returns via
combined energy and agricultural production [6]. Additionally,
solar-tracking strategies in APV systems have been widely
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studied to further enhance their attractiveness. Existing APV
tracking studies mainly investigate how panel orientation and
motion regulate light sharing between crops and photovoltaic
(PV) modules. Prior work considers standard single-axis track-
ing, adaptive or crop-oriented strategies, and, in some cases,
combinations of standard and reverse tracking, with perfor-
mance evaluated using metrics such as photosynthetically
active radiation (PAR), crop yield, or solar energy output under
specific operational conditions [7]-[9].

These advantages make APV particularly attractive in rural
regions, where energy delivery costs are higher due to low
population densities and dispersed loads [10]. In such con-
texts, renewable-based microgrid systems can further improve
reliability, resilience, and economic performance by providing
localized generation and storage, reducing dependence on
long transmission lines, and enhancing operational flexibility
[11]. Together, APV and microgrids present a complementary
solution for sustainable rural energy development.

However, most existing APV and distributed energy system
studies, including those on PV and wind turbine (WT) systems,
focus on component-level sizing or high-level optimization,
leaving an important gap [12]-[14]. While microgrid en-
ergy management strategies are well studied, their integra-
tion within APV systems remains limited [15]. In particular,
agrivoltaic-specific operational decisions, such as solar track-
ing strategies, can significantly affect solar output and, con-
sequently, optimal system sizing, yet are rarely incorporated
into long-term planning frameworks.

To address this gap, this paper develops a coordinated opti-
mization framework for agrivoltaic microgrids integrating PV
systems under agrivoltaic constraints, battery energy storage,
and grid interaction. The coordinated treatment of short-term
operational control and long-term capacity planning within
a hierarchical formulation is realized. By explicitly linking
hourly operational decisions, including solar tracking, with
multi-year system sizing, the proposed framework identifies
PV and battery configurations that better reflect the operational
characteristics of agrivoltaic microgrids.

II. OPTIMIZATION FRAMEWORK DESCRIPTION

A. Framework Flowchart Overview

The proposed framework integrates long-term planning op-
timization and short-term operational optimization to achieve
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both economic and operational efficiency in an APV micro-
grid. The overall workflow is illustrated in Fig. 1. Green
blocks highlight critical outputs from planning and operational
optimization.

A nonlinear programming (NLP) model is used to capture
the nonlinear relationships among shadow width, solar gen-
eration calculations, and other agrivoltaic variables. A linear
programming (LP) model is adopted for capacity planning due
to its simplicity and tractability, while a mixed-integer linear
program (MILP) is used to explicitly model battery charge
and discharge behavior, rather than relying on a single scalar
state-of-energy representation.

In the long-term planning optimization, hourly weather data
for an entire year are first input into the NLP model. The NLP
model estimates the hourly solar generation profile, subject to
specific constraints in the agrivoltaic context, for a unit with
full-year capacity, producing a unit generation profile. This
normalized generation profile is then passed to the LP model,
which determines the optimal PV and battery capacities that
minimize system costs.

In the short-term operational optimization, the PV ca-
pacity determined in the planning stage is provided to the
NLP model. The NLP model uses forecasted weather data
over an optimization horizon to maximize solar production
subject to operational constraints. The resulting generation
profile, together with forecasted load, is then passed to the
MILP model, which computes the optimal battery charging
and discharging schedule that minimizes power import costs
over the same horizon. As forecasts update, the optimization
is recalculated at each step, enabling adaptive, data-driven
operational decisions. In realistic applications, optimization-
based control or other control schemes can ensure consistency
throughout the lifetime of microgrid operation [16].

The integration of long-term and short-term optimization
enables coordinated decision-making, with strategic capacity
planning and hourly operational actions informing one another.
Each optimization component is described in detail in the
following subsections.

B. LP Model for Solar & Battery Capacity Planning

The renewable power system optimization problem is for-
mulated as an LP that minimizes the total system cost while
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satisfying energy balance and technical constraints at each
hourly time step t € T = {0,1,...,7 — 1}.
1) Decision Variables: Components of variables set V; are:

Spv : installed PV capacity (kWac)

Chat : installed battery capacity (kWh)
SOE,; : battery state of energy (kWh)

PF7Y : hourly power flow from z to y (kW)

x and y represent two of the microgrid components includ-
ing PV, battery and utility.
Every variable in V; is assumed nonnegative.
2) Constraints:
Power Balance: The available solar generation at each
time step is given by

GV = P! Spy (1)

where P} is the unit solar generation at time ¢.

The renewable electricity distributed from the PV system to
the load and to the battery must not exceed the total available
generation:

PEVH]oad 4 PtPVHbat < G?V (2)

The electricity demand of the household must be met by
the combined supply from solar generation, battery discharge,
and utility power:

PV —load bat—load til—load
Pt —loa +Pta—>0a _’_Ptul—m)a :Dt (3)

where D, denotes the hourly electricity demand.

Battery Dynamics: The SOC (state of charge) of the
battery must remain within allowable limits, leading to the
following inequality involving SOE,; as variables:

Chat - SOCin < SOE; < Chat “4)

where SOC;, represents the minimum allowable SOC.
The SOE evolves according to

SOE, = SOC™M . Gy, t=0
SOE; = SOE;_; + (PtPVHbat + ptutilﬂbat) “Men (5)
_‘Ptbal—ﬂoad/ndis £>0

where SOC™ is the initial battery state of charge, nc, and 7g;s
the battery charging and discharging efficiency. Note that with
a one-hour time resolution, power in kW is numerically equal
to energy in kWh.

Battery charging and discharging rates are limited by the
maximum power rate of the battery:

Ptbat*)k)ad § Cbat * Pmax (6)
PfV—)bat T Ptulﬂ—>bat S Cbat © Fmax (7)

where 1.« 1S the battery’s maximum charging/discharging rate
in percentage.



3) Objective Function: The optimization objective is to
minimize the system’s equivalent annual cost (EAC), including
investment, operation, and maintenance (O&M), and utility
electricity costs.

I{‘llin EAC = CPV,annual + C'bat,annual + Cupp ¥

Each term in (8) is detailed as follows:

Annual Cost of PV and Battery Systems: For each asset
x € {PV,bat}, the equivalent annual cost is

C(ar;,annual =1, -CRFy + I, - Yx,0&M &)

where I, is the upfront investment, v, o&m the O&M cost
rate and CRFy the capital recovery factor for a lifetime of NV
years.

Annual Utility Power Purchase Cost: The annual operat-
ing cost for grid electricity purchases is given by

Coop = Z (Pgnilaload T PtutiHbat) - (Pael + Poupit) - (1 + @)
teT
(10)

where pge; is the utility power delivery charge, pp ¢ the utility
power supply price, based on time-of-use tariff rate and o
accounts for applicable surcharges or taxes rate.

C. NLP Model for Solar Panel Tilt Angle Control

The NLP model determines the optimal panel tilt angle
trajectory, 6;, over a certain simulation horizon, ¢ € Hs; =
{0,1,...,H; — 1}, to maximize total energy production
while maintaining acceptable shading, backtracking, and plant
growth conditions. This formulation preserves robustness and
tractability while allowing economic and agronomic factors to
be incorporated in specific engineering contexts.

Decision Variable:

9,5 S [_emaxa 9max]7 Vt S Hs (11)

where 0.« is the maximum tolerable tilt angle.
Constraints:
a) Shadow Width: The shadow cast by one row should
not fall on the panels of the neighboring rows. Therefore, the
shadow width (w{P?) is constrained by:

0<w <S, (12)
and the formula for calculating w§h is:
sin ¢, (t) .
raaals (tan(zeiti sin 6; + cos 9t> - Wp (13)

where w,, is the panel width, S, the pitch distance, ¢, the
relative solar azimuth angle (difference between solar azimuth
and solar panel rows azimuth) and 6, the solar elevation angle.
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b) Crop Growth Requirement: The Daily Light Integral
(DLI) quantifies the accumulated PAR received by the crop
canopy over 24 hours and is widely used as a species-
independent indicator of daily light availability for photosyn-
thesis and biomass production. In practice, policy and subsidy
requirements may also mandate minimum crop production
levels, which can be enforced by specifying appropriate DLI
targets or constraints [17].

Therefore, a constraint on DLI, defined as (14), ensures the
crop can grow normally in an agrivoltaic context.

His > DLI; > DLl
teH,
In this framework, DLI is calculated based on ground
radiation, considering both direct normal irradiance (DNI) and
diffuse horizontal irradiance (DHI), expressed by

(14)

nd wshad .
5 = (1— é >sin(96(t)) -DNI, + f8".DHI, (15)
P
where ftdiff, diffuse fraction, is a polynomial of 6, calculated
based on diffuse radiation integration between panel rows,
accounting for sky obstruction using a discretized sky dome
[18].
Finally, DLI (in mol - m~2 - day™!) is calculated by

DLL, = I fpur - €pag - 24 - 3600/10° (16)

where fpap is fraction of total solar irradiance that is PAR
(dimensionless) and epapr iS quantum conversion coefficient
(in umol/J).

Objective Function: The objective of the NLP is defined as

me?? Z Py - poup,t (17

T teHs
where P, denotes the PV power output at time ¢. The coef-
ficient, pgp,¢, denotes the time-of-use tariff rate. As typical
TOU tariffs are uniform during most daylight hours when
solar generation occurs, incorporating this coefficient into the
objective function provides only a limited additional benefit
and can be omitted for simplicity.

In the bifacial scenario, generation is determined by both
front and back surface irradiance, denoted as Itf“’m and I}faCk,
respectively:

I = cos(AOI,) DNI; + DHI, f;F + o IE 7 (18)

I =DHI, f; + o I fF (19)

where AOI represents the angle of incident (angle between
sunlight and normal of any solar panel), o represents surface
albedo, and f;" and f;” represent the sky view factors for the
front and back surfaces, respectively.

Solar generation of solar panels can be expressed by

Ifront + K Iback
P = Prated t t
tTORY 1000

where Ppited is the PV nameplate capacity,  the bifaciality
factor, I' the temperature coefficient of the solar panels,
Teel the cell temperature at time ¢, and Ty the reference
temperature [19].

(14 T(T7" — Trey)] (20)



D. MILP Model for Battery Operation Management

The battery scheduling problem is formulated as an MILP
model that optimizes the behavior of a battery energy storage
system over a time horizon H;, = {0,1,..., H, — 1}, given a
solar generation profile and a battery capacity. The optimiza-
tion seeks to minimize the cost of electricity imported from
the utility.

1) Decision Variables: Components of variables set Vs are:

Ph pdis : battery charging/discharging power (kW)

SOE; : battery state of energy (kWh)

m", m®S . binary indicators for charging/discharging modes
P : power flow from component z to y (kW)

Every variable in V, is assumed nonnegative.
2) Constraints:
Mutual Exclusivity of Charging and Discharging: The
battery cannot charge and discharge simultaneously:
mih 4 m;lis

<1 1)

Power Balance and Battery Dynamics: The power bal-
ance, battery charging/discharging power constraints and SOE
evolution rule are detailed in (3)—(7) and here are adopted
again.

Battery Charging Source: In this model, battery charging
power can be from solar generation and utility:

PtCh _ PtPV—>bat 4 Ptutil—>bat (22)

P is not specified because it is essentially equivalent to
phat—=load (Feed-in to the utility is not considered).

3) Objective Function: The objective is to minimize the
total utility grid import cost:

min E

v
2 teEH

( puit—ioad | Ptutimbat) . (p ael + Dsup, t) (14a) (23)

III. CASE STUDY OF THE AGRIVOLTAIC MICROGRID
APPLICATION

To demonstrate the applicability of the proposed framework,
a virtual case study is conducted. Public data are collected
and the framework is implemented. Both long-term planning
and short-term operational problems are solved based on the
scheme stated in Fig. 1.

A. Data Overview and Model Implementation

An open-source load profile for a dairy farm is adopted
[20]. The dataset represents a farm with approximately 180
cows and an annual electricity consumption of around 275
MWh. The dataset is used hypothetically to represent an
agrivoltaic farm scenario. Weather data is obtained from the
US National Solar Radiation Database [21]. Attributes selected
are DNI, DHI and temperature. Other weather data involved in
calculation, including ¢, and 6., are retrieved using the pvlib
library [22]. The calculation for the I, upfront investment of
PV and battery are based on U.S. Solar Photovoltaic System
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TABLE I: Model Parameters

Symbol Description Value  Unit
socmt Battery initial state of charge 100 %
ch Battery charging efficiency 95 %
"dis Battery discharging efficiency 95 %
SOCin Minimum tolerable SOC 20 %
Tmax Battery’s maximum power rate 25 %
N Asset lifetime 25 year
Yo&M Annual O&M cost rate 2.5 %
Ddel Utility power delivery charge 0.075  $/kWh
ot Applicable surcharges or taxes rate 5 %
Omax Maximum tolerable tilt angle 60 degree
p Pitch distance 6 meter
K Bifaciality factor 0.8 -
Temperature coefficient of the solar panels  -0.3 %/°C
Tref Reference temperature 25 °C

and Energy Storage Cost Benchmarks, Q1, 2023 [23]. Other
input parameters are detailed in Table L.

Hourly weather data are first provided to the NLP model,
with the simulation horizon set to H; = 8760 and the nominal
panel power set to PFated = 1 kW. The resulting optimized
hourly unit solar generation profile is then used as input to the
long-term planning LP model, which determines the optimal
PV capacity Spy, battery capacity Chy, and the associated
annualized cost of electricity (ACE), defined as the ratio of the
equivalent annual cost (EAC) to the annual electricity demand.

With the optimal PV capacity Spy and battery capacity Chq
determined from the planning stage, a short-term operational
analysis can be conducted within the framework to evaluate
APV microgrid performance under realistic operating condi-
tions. Forecasted weather data can be provided to the NLP-
based controller to determine an optimal tilt-angle trajectory
over a representative control horizon.

Unlike conventional STPV operation, the APV control
scheme incorporates crop-related constraints that restrict tilt-
angle selection and prevent continuous operation at orienta-
tions that solely maximize solar energy yield. As a result,
the optimal tilt-angle trajectory reflects a trade-off between
maximizing solar generation and maintaining sufficient light
availability for crops.

The solar generation profile implied by the optimized tilt-
angle trajectory is subsequently passed to the MILP-based
energy management model, which determines the optimal bat-
tery charging and discharging schedules as well as power ex-
changes with the utility grid. This control framework enables
consistent coordination between APV-specific solar operation
and microgrid-level energy management, capturing the oper-
ational impacts of agrivoltaic constraints on both renewable
generation and storage dispatch.

B. Planning Results Comparison and Discussions

The planning results under different operational assump-
tions are examined and results are summarized in Table
II. The results indicate that the unconstrained STPV case
achieves a lower ACE and larger optimal battery and ef-
fective solar generation levels (despite a smaller installed
nameplate capacity). This outcome arises because removing



TABLE II: Comparison of Three Microgrid Plans

Spy (KkWac) Cpat (kWh) ACE ($/kWh)  DLI
APV 173.85 19351 0.190 25.000
STPV 154.35 346.13 0.149 17.593
Baseline 15435 346.13 0.197 25.000

agrivoltaic operational constraints allows substantially higher
solar energy yield, thereby creating an unrealistically strong
economic incentive for PV deployment in an APV context.
Such solutions, however, are not physically or agronomically
feasible, as excessive shading (around 30% DLI sacrificed)
would limit light availability for the crop and hinder normal
plant growth. These findings highlight that conventional STPV-
based planning can significantly overestimate the economic
performance of agrivoltaic systems, underscoring the necessity
of a planning framework explicitly tailored to APV operational
constraints.

To further illustrate the importance of accounting for APV-
specific operational conditions during planning, the system
sized under the STPV scenario is subsequently operated while
enforcing APV constraints (Baseline). This experiment repre-
sents a realistic but flawed workflow: a microgrid is designed
assuming standard PV operation but later deployed as an
APV system, where crop-related constraints, particularly DLI
requirements, must be satisfied in practice. As shown in Table
II, enforcing APV constraints during operation results in a
higher ACE than that obtained with the proposed framework.
For an annual electricity demand of 275 MWh, this mismatch
results in approximately $1925 of additional annualized cost,
demonstrating the economic penalty associated with neglecting
APV operational considerations during the planning stage.

IV. CONCLUSION

This work demonstrates that combining long-term plan-
ning with short-term optimization-based control can provide
a coherent pathway for designing and operating agrivoltaic
microgrids. The proposed framework demonstrates the impact
of incorporating agrivoltaic constraints into the planning op-
timization. The case study illustrates the value of such coor-
dination, revealing opportunities to improve both economic
performance and the feasibility of agrivoltaic microgrids.
Continued development of this approach could support broader
deployment of agrivoltaic microgrids and strengthen their role
in sustainable rural energy systems, especially with more case-
specific considerations.
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