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Abstract

With the widespread adoption of electric vehicles (EVs), the deep integration of transporta-
tion and power grids has emerged as a significant trend. EV charging stations, acting
as dynamic loads, present challenges to real-time power balance and economic dispatch
in microgrids, while EVs serving as mobile energy storage units offer new opportunities
for system flexibility. To address these issues, this paper proposes a hardware-in-the-
loop (HIL) co-design method for vehicle-grid-integrated microgrid energy management
systems, covering the entire workflow from simulation to embedded deployment. This
method resolves the core challenges of multi-objective optimization algorithm deployment
on embedded platforms (i.e., high computational complexity, strict real-time constraints,
and heterogeneous communication protocol integration) via deployability analysis, hybrid
code generation, real-time task restructuring, and consistency validation. A prototype
microgrid system integrating photovoltaic panels, wind turbines, diesel generators, an
energy storage system, and EV charging loads was built on the RK3588 embedded platform.
An improved multi-objective particle swarm optimization (MOPSO) algorithm is employed
to optimize operational costs. Experimental results verify the effectiveness of the proposed
co-design method. Compared with traditional rule-based control strategies, the MOPSO
algorithm reduces the total daily operating cost of the VGIM system by approximately
50%. After integrating vehicle-to-grid (V2G) scheduling, the operating cost is further re-
duced. In addition, this method ensures the consistency of algorithm functionality and
performance during the migration from HIL simulation to embedded deployment, and
the RK3588-based embedded system can complete a single optimization iteration within
60 s, which fully satisfies the real-time requirements of industrial applications. This work
provides a feasible technical pathway for the reliable deployment of vehicle—grid-integrated
microgrids in practical industrial scenarios.

Keywords: vehicle-grid-integrated microgrid; hardware-in-the-loop (HIL) co-design; em-
bedded multi-objective optimization

1. Introduction

The vehicle-grid-integrated microgrid (VGIM) represents an innovative application
within distributed energy systems. Compared with traditional power grids, VGIM lever-
ages electric vehicles and their energy storage units to achieve bidirectional energy inter-
action and intelligent regulation with the grid [1,2]. The system can operate in islanded
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mode or achieve flexible power balancing through grid-coordinated operation. The energy
sources of VGIM primarily include two aspects: first, clean energy sources such as photo-
voltaic and wind power supply electricity to electric vehicles and microgrid loads; second,
energy storage systems and energy conversion devices such as microturbines serve as
regulatory means for power supply. VGIM integrates multiple energy sources and energy
storage units, including solar panels, wind turbines, energy storage systems, and EV charg-
ing facilities, forming a “source-storage-load-vehicle-grid” microgrid architecture [3,4].

The key objectives of VGIM energy management include real-time power balance,
optimal supply-demand matching, and maximizing energy utilization efficiency. The rapid
growth of EV ownership and large-scale V2G application impose higher demands on en-
ergy management systems. VGIM energy management encompasses critical technologies
such as energy forecasting, scheduling, power control, and load management, which must
address the intermittency and unpredictability of renewable energy sources. Therefore,
research is dedicated to developing efficient, robust, real-time intelligent scheduling al-
gorithms and architectures to ensure economic viability and sustainability [5]. However,
transitioning from simulation to embedded deployment still faces major challenges: high
computational complexity, stringent real-time constraints, and heterogeneous communica-
tion protocol integration.

In the research field of energy management, control, and operation of vehicle-grid-
integrated microgrids, existing work can be broadly categorized into several key directions.
One stream focuses on energy regulation, coordinated dispatch, and operational optimiza-
tion, often employing game-theoretic approaches or distributed frameworks [6-8]. In
parallel, studies on bidirectional charger topologies and dynamic modeling of energy stor-
age systems provide foundational support for system-level integration and simulation [9].
Together, these research directions constitute important pillars in the development of
vehicle-grid-integrated microgrids. In terms of intelligent algorithm applications, deep re-
inforcement learning, V2G dispatchable capacity forecasting, and vehicle-grid-coordinated
optimization control are employed to improve the utilization efficiency of distributed
energy storage resources, reduce system operating costs, and enhance the robustness of
vehicle-grid-integrated microgrids [10-12]. Smart grids and digital technologies, including
smart sensors, communication technologies, and big data analytics, are implemented in
microgrid systems to improve monitoring, control, and decision-making capabilities of
energy systems [13,14]. As an effective system verification method, HIL simulation has
attracted extensive attention for its engineering adaptability challenges and application
progress, and relevant studies have focused on HIL modeling of distributed generation
systems and HIL analysis of distributed energy resources in microgrids [15-17].

HIL technology has been widely applied in testing and validation across various
specific energy systems and integrated scenarios. Case studies on distributed energy
management in networked microgrids and dynamic power management strategies for DC
microgrids demonstrate the role of HIL in validating advanced control algorithms [18,19].
In the integration of electric vehicles with microgrids, HIL testing has been conducted on
energy management controllers for microgrids incorporating electric vehicles [20]. In terms
of evaluating the grid integration impact of energy storage systems, real-time simulation
has been used to analyze the dynamic effects of battery energy storage systems connected
to the grid, providing insights for system planning and operation [21]. Collectively, these
studies indicate that HIL simulation has become a crucial tool supporting the design,
verification, and iterative refinement of control strategies for complex energy systems,
particularly in applications with high reliability and stringent real-time requirements.

Current research on energy management systems for VGIM primarily focuses on V2G
scheduling algorithms, while the seamless transition from HIL simulation to embedded
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deployment remains underexplored. To meet scalability requirements across diverse
scenarios, embedded energy management systems should adopt an extensible and modular
architecture adaptable to various energy system scales and types. To address this research
gap, this paper presents a systematic co-design methodology for the energy management
system of vehicle-grid-integrated microgrids, covering the entire development process
from HIL simulation to embedded deployment. The methodology integrates deployability
analysis, hybrid code generation, real-time task restructuring, and consistency validation
into a unified workflow. A concrete case study deploys an improved MOPSO algorithm
on an RK3588 embedded platform for coordinated operation optimization of a vehicle—
grid-integrated microgrid incorporating EV clusters, PV, and energy storage. Experimental
results demonstrate that the proposed method reduces system operating costs and ensures
a smooth transition from simulation to embedded execution. The main contributions are
as follows:

e A systematic co-design methodology bridging HIL simulation to embedded deploy-
ment for VGIM energy management systems.

e An improved MOPSO algorithm achieving approximately 50% reduction in daily
operating cost.

e A consistency validation framework ensuring functional and performance preserva-
tion from simulation to embedded execution.

e A modular RK3588-based embedded architecture completing a single optimization
iteration within 60 s.

2. Vehicle-Grid-Integrated Microgrid System Analysis and Modeling

A vehicle-grid-integrated microgrid is a localized energy system that incorporates
EVs as mobile energy storage units. In addition to conventional components such as pho-
tovoltaic panels, wind turbines, diesel generators, and stationary energy storage systems,
the system also integrates EV clusters through charging stations, enabling V2G energy
interactions. The architecture, shown in Figure 1, reflects the multi-dimensional synergy of
“source-storage-load-vehicle-grid” elements.

Photovoltaic Power  Battery Energy  Wind Power
Generation Storage Generation
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Figure 1. Vehicle-grid-integrated microgrid energy management system.

2.1. Photovoltaic Grid-Connected System

Photovoltaic power generation relies on solar radiation. Its optimized scheduling
is necessitated by the intermittency of solar energy, requiring the rational utilization of
photovoltaic power based on real-time weather conditions and load demands to prevent
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energy waste or supply interruptions caused by insufficient or excessive power generation.
Based on electronic circuit theory, the equivalent circuit of a photovoltaic cell is shown in
Figure 2, and its output current characteristic is described by the following equations:
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Figure 2. Equivalent circuit of a photovoltaic cell.
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where [, is the photocurrent, I; is the diode saturation current, I, is the shunt resistance
current, U is the output voltage of the photovoltaic cell, R is the series resistance, and Ry, is
the shunt resistance.

When the leakage resistance R, is sufficiently large and the series resistance Rs is
relatively small, Equation (4) can be approximated as follows:

q(U+IRg)

I=Ign—Io(e” AT —1) 5)

The output power expression of the photovoltaic cell is as follows:

(U+IRs)

q
P =Ulp, — Ulp(e” AT —1) (6)

As shown in Figure 3, the photovoltaic grid-connected system comprises four stages:
photovoltaic array, Boost converter, three-phase full-bridge inverter, and three-phase trans-
former. To maximize power output, the photovoltaic system employs a Maximum Power
Point Tracking (MPPT) controller, which adjusts the duty cycle of the Boost converter to
track the maximum power point under varying irradiance and temperature conditions. The
output power model of the photovoltaic array (Equation (7)) is based on the single-diode
equivalent circuit model widely adopted in microgrid simulation studies [22,23].

Photovoltaic o | Step-up o | Three-phase o | Three-phase - Grid
Array "| Conversion "| Inversion "| LCL Filter il

Figure 3. Structure of the photovoltaic grid-connected system.
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Photovoltaic cells typically operate in MPPT mode, and the output power model can
be expressed as follows:

Ppv = 1pv ApyG(1 — T)[1 + B(T — Tic)] )

Py is the output power of the photovoltaic cell; 77, is the conversion efficiency of the
photovoltaic cell; Apv is the area of the photovoltaic panel; G is the ratio of the light intensity
to the light intensity under standard test conditions; 7 is the light transmittance of the
photovoltaic cell; 7y is the temperature coefficient of the photovoltaic cell; T is the current
operating temperature of the photovoltaic cell; Ty is the temperature under standard
test conditions.

The photovoltaic cell model described by Equations (1)—(6) follows the standard single-
diode model reported in [22-24]. The output power model in Equation (7) adopts the
parameterization method from [25].

2.2. Wind Turbine Grid-Connected System

As shown in Figure 4, the wind power generation system operates as follows: a
permanent magnet synchronous generator converts mechanical energy into three-phase
AC, which is rectified to DC by a three-phase rectifier and smoothed by a parallel capacitor.
A three-phase inverter then converts the DC into grid-compliant AC while controlling the
voltage and frequency in real time. Finally, a three-phase LCL filter ensures the AC power
meets grid requirements for voltage, frequency, and power factor.

- Three-phase
Wind Permanent Magnet w | Three-phase p Three-phase .
Turbine ) Synchronous Motor 1 Rectifier Voltage-controlled 9 [ Filter P Grid
- Inverter
A A
Machine- Grid-side
side Control Control

Figure 4. Structure of the wind power grid-connected system.

The output power model of wind power generation can be expressed as follows:

0 0<v <0

PM v < v <0
Pyr=4q ‘v O (8)

Py Ur S0 < U

0 Vo K0 <0

Py is the output power of the wind turbine; P, is the rated output power of the wind
turbine; V;, V;, and V, are the cut-in wind speed, rated wind speed, and cut-out wind
speed, respectively.

2.3. Diesel Generator System

As shown in Figure 5, the core of a diesel generator system is its control system, which
monitors and regulates operation. It provides automatic start/stop, protection functions,
and parameter monitoring (voltage, frequency, current). The control system primarily
consists of governor control and excitation control.
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Figure 5. Diesel generator system structure.
The output power model of diesel generator set can be expressed as follows:
Prated L
PDE:Prated'[lfkl'(P )]'[17k2.(L )] )
rated_fuel rated

Ppr is the output power of the diesel generator; P, is the rated power of the diesel
generator; Praseq fel is the fuel consumption of the diesel engine under rated load; L is the
load demand of the diesel engine; L, is the rated load of the diesel engine; k; is the fuel
consumption coefficient of the diesel engine, used to describe the relationship between the
generator output power and fuel consumption; k; is the load loss coefficient of the diesel
engine, used to describe the relationship between the generator output power and the load.

2.4. Battery Energy Storage System (BESS)

As shown in Figure 6, the BESS enables bidirectional energy transfer with the grid.
A bidirectional DC-DC converter manages charging/discharging, while a three-phase
full-bridge inverter handles AC/DC conversion.

Bidirectional Three-Phase Power
Battery ——| Dc-DC P Full-Bridge > Grd
Conversion Inverter Circuit B

Figure 6. Battery energy storage system structure.

The output power model of the battery energy storage system can be expressed
through the charge—discharge state model:

SOC(t [Pan(t+1) — DoadlEED 7 Ay
SOC(t 1) = (t) + 178 [Pau((:l)) Tw ) (10)
SOC(t) + g - [Fo280 == — Pan(t + 1)] - At

SOC(t + 1) and SOC(t) are the battery capacities at time ¢ + 1 and time f, respectively;
inv is the operating efficiency of the inverter; 77rs and # gg are the charging efficiency and
discharging efficiency of the battery, respectively; P,;(f + 1) is the total output power of
distributed generation at time f + 1; Pj,,4(f + 1) is the total system load at time ¢ + 1.

2.5. Electric Vehicle Integration System

As shown in Figure 7, EVs integrate into microgrids as both adjustable loads and
mobile energy storage units, achieving synergy among vehicles, charging piles, the grid,
storage, and generation sources. Their charging/discharging behaviors are influenced
by battery characteristics, travel patterns, and grid dispatch. The system comprises three
stages: grid AC connection, AC/DC conversion by the charging pile, and DC charging via
the on-board charger.

EV Charging > On-Board Electric

Power Grid F——>1 Station Charger Vehicle

Figure 7. Electric vehicle-integrated system structure.
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The EV-related cost includes charging cost and V2G compensation revenue:

CEV(t> = Pgrid(t) : PE}\’/(t) - At

i 11
Rong(t) = pung(t) - PES(t) - At (1)

where pg,4(f) is the time-of-use electricity price, and pooe(f) is the V2G compensation rate.

In the vehicle-grid-integrated microgrid, the power generation and energy storage
systems from multiple sources need to operate collaboratively based on the demand on
the load side to achieve optimal energy utilization. Analyzing the output characteristics
of each unit in the VGIM provides quasi-real-time data for the simulation verification of
embedded systems.

3. Analysis on Vehicle-Grid-Integrated Microgrid Energy
Management Strategy

3.1. Vehicle-Grid-Integrated Microgrid Energy Management

Energy management systems optimize VGIM performance by monitoring generation,
storage, and consumption and adjusting energy distribution based on real-time demand
and electricity prices. As shown in Figure 8, a hierarchical control strategy is adopted,
comprising three layers: power dispatch, in-place control, and communication control.
This enables efficient coordinated operation, optimal energy utilization under varying
conditions, and enhanced system reliability and stability.

o Q Remote Cloud

Communication Configuration &

control layer Sereen
Power dispatch MEMS
layer
In-place control ¢ ¢ ¢ ) ¢ ~ ¢ F‘ o Local Controller
layer ‘ 1 Local Protection
aeEg i ‘ :
1 \]< ..I E — Power Transmission Line
L | | y Wi g, - Microgrid Communication
Wind Diesel Energy ; Line
EY Turbine Load Generator ~ Storage e

Figure 8. Hierarchical control architecture of vehicle-grid-integrated microgrid.

e  Power dispatch layer: Intelligently dispatches energy resources to adapt to fluctuations
in generation and load demand.

e In-place control layer: Monitors equipment status and environmental parameters via
sensors and actuators and adopts local optimization strategies to ensure energy supply
and operational stability.

e Communication control layer: Integrates IoT devices, processes data, and provides
Node-RED visualization.

3.2. Vehicle-Grid-Integrated Microgrid Power Dispatch Decision Design

The core of VGIM energy management is coordinated optimization of “source-storage-
load-vehicle-grid” through three mechanisms: real-time monitoring, dynamic adjustment,
and safety assurance. The real-time monitoring mechanism achieves full perception of
energy output, load demand, and equipment status via sensor networks—e.g., PV out-
put considers light intensity and temperature, wind power considers wind speed and
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turbine status, and BESS tracks SOC and charge/discharge efficiency. This monitoring
data provides a decision-making basis for the power dispatch layer, ensuring effective
scheduling strategies.

When the VGIM system starts to operate, calculate the power of each unit of the
microgrid system:

(1) When the total output power of photovoltaic and wind power generation is higher
than the load demand, i.e., Pyy + Pyt > Py, the diesel generator is shut down, and
the surplus power is stored in the battery energy storage system (BESS). If the battery
S0C > 98%, then orderly charging is initiated for the electric vehicle cluster (EV cluster). If
the overall state of charge (SOC) of the EV cluster also reaches the preset upper limit, the
remaining surplus is exported to the grid.

(2) When the power of photovoltaic power generation and wind power generation
is less than the load value, i.e., Ppy + Pyt < Pjoaq, the real-time optimization algorithm is
activated, which comprehensively considers diesel generator power generation costs, fixed
energy storage charging/discharging costs, electric vehicle V2G compensation costs, and
grid electricity purchase prices, to select the dispatch combination with the lowest total cost.

If the diesel generator has the lowest operating cost, it is put into operation. When
the total output power of photovoltaic, wind, and diesel generation is higher than the load
demand (i.e., Ppy + Pyt + Pge > Pjogq) and the SOC of the BESS exceeds 98%, the surplus
power is fed into the main grid; otherwise, the surplus power is continuously stored in
the BESS. When the sum of the power of photovoltaic power generation, wind power
generation, and diesel generator power generation is less than the load value, i.e., Py, + Pyt
+ Py, < Pjya4, the battery energy storage system operates. If Py, + Pyt + Pyge + Pess > Pioad,
the excess power is sold to the grid; otherwise, purchase power from the grid.

If the operating cost of battery energy storage is the lowest, the battery discharges.
When the sum of the power of photovoltaic power generation, wind power generation,
and battery energy storage system is greater than the load value, i.e., Pyy + Pyt + Ppgss
> Pjyq, the diesel generator does not operate, and power is sold to the grid. The excess
power is sold to the grid. When the sum of the power of photovoltaic power generation,
wind power generation, and battery energy storage system is less than the load value, i.e.,
Ppy + Pyt + Pgess < Pjogq, the diesel generator operates. At this time, if Ppy + Pyt + Py, +
PgEss > Pjoaq, sell power to the grid; otherwise, purchase power from the grid.

4. Energy Optimization Management Based on Improved
MOPSO Algorithm
4.1. Energy Optimal Scheduling Model Architecture

Based on the component modeling and energy scheduling analysis above, a real-
time rolling optimization approach is developed to adapt to varying data conditions
across different time intervals. An optimal scheduling model for the “PV-wind-diesel-
storage-vehicle”-integrated microgrid is constructed (Figure 9), where EVs participate as
dispatchable mobile storage units and controllable loads.
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Figure 9. System operational optimal scheduling model architecture.

The VGIM optimal scheduling model primarily consists of the following three components:

(1) Input Section: Initial parameters including PV output, wind turbine output, load
data, BESS initial state, and diesel generator parameters.

(2) Operational Optimization Section: Multi-objective functions, operational constraints,
improved MOPSO algorithm, optimization variables, and equipment output strategies.

(3) Output Optimization Results: Optimization results including BESS output, diesel
generator power, and grid power.

The objective function of the VGIM dispatch model is to minimize the total oper-
ating cost, which consists of four components: power generation cost, equipment loss
cost, environmental pollution cost, and EV-related cost. The mathematical expression is

as follows:
W =aY1 4+ BY2 +7Y3 4+ 0Y, (12)
T
Y) = El {va(f) + Cpe1(t) + Cpar(t) + Cgrid(t)}
T
Y2 = ¥ [Cpea(t) + Cpaz(t)]
= (13)
Y; = El [CDE_EN(t) + Cgrid_EN(t)}
T
Yy = t);l [Cev (t) — Rogg (1)]

W is the total cost of the VGIM; Y7, Y3, Y3, and Y4 are the cost of power generation, the
cost of equipment, and the cost of environmental pollution and EV-related costs; «, B, ¢, and
6 are the proportions of power generation costs, equipment costs, environmental pollution
costs, and EV-related costs in the total cost of the vehicle-grid-integrated microgrid, where
«, B, v, and 0 are weighting coefficients and satisfy « + g + v + 0 = 1; Cpy(t), Cpgi(t),
Cpai(t), and Cg;y(t) are the total cost of photovoltaic power generation at time ¢, the power
generation cost of the diesel generator, the power generation cost of the battery energy
storage system, and the total cost of interaction between the microgrid and the external
main power grid; Cpgz(t) and Cpas(t) are the equipment cost of the diesel generator power
generation and the equipment cost of the battery energy storage system at time ¢; Cpg_gn(#)
and Cgrig_gn(f) are the environmental pollution cost of diesel generators at time ¢ and the
environmental pollution treatment cost of the external main power grid; and Cgy(t) and
Ry24(t) represent the EV charging cost and the EV scheduling participation revenue at time
t, respectively.
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In the VGIM system, the power balance constraint ensures that total generation from
PV, WT, DE, BESS (discharging), and grid imports equals total load, including user demand,
BESS charging, and EV charging. The expression is written as follows:

Ppy (t) + Pwr(t) + Poe(t) + Pais(t) + Poria,in(t) = Proad(t) + Pen(t) + Pev,cn(t) + Porid,out (t) (14)

where Pryq,(t) and Pgygs(t) are the charging and discharging power of the EV cluster,
respectively;

Adaptive inertia weight enhances PSO’s search capability, convergence speed, ro-
bustness, and exploration-exploitation balance [23]. MOGA, MOSA, and MOPSO are
population-based meta-heuristic algorithms requiring parameter tuning. To evaluate their
applicability for microgrid optimization, this paper uses MATLAB2019a to test them on a
standard multi-objective function (Equation (15)), comparing solution quality, convergence
speed, and computational efficiency.

_ A+
W= { (x1-2)*+ (2 - 2)° )

MOPSO is adopted for the following reasons. Particle swarm optimization (PSO) has
a simple structure, few parameters, and is easy to implement [24]. It has been successfully
applied in diverse fields, including neural modeling and fuzzy logic control for two-
wheeled wheelchair systems, frequency control of multi-area interconnected hydrothermal
power systems, and robust MEMS temperature control with GA-fuzzy PID. As shown by
the red Pareto front in Figure 10, MOPSO achieves a superior trade-off distribution. It
has been successfully applied in diverse fields, including improving frequency control of
multi-area interconnected hydrothermal power systems [25] and robust MEMS temperature
control with GA-PSO-fuzzy PID control [26]. These applications demonstrate PSO’s strong
global search capability, fast convergence, and robustness against parameter variations,
which are highly desirable for microgrid energy management problems involving multiple
conflicting objectives. As shown by the red Pareto front in Figure 10, MOPSO achieves a
superior trade-off distribution compared to other multi-objective algorithms, making it
suitable for the vehicle—grid-integrated microgrid optimization task in this work.

Dode @ 068 kE
Comparison of Pareto Fronts in Multi-Objective Optimization Algorithms
10.0

® MOPSO
9.0 & ®  Pareto Search
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aAog ® MOGA
7.0 *
|
c
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]
=
3 5.0 \
w
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= 4.0 ¢
g %
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Qa2 b
& 30 L
2.0 -
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e TTY °
A
0 2.0 4.0 6.0 8.0 10.0

Objective Function 1

Figure 10. Comparison of Pareto fronts in multi-objective optimization algorithms.

However, single-agent optimization algorithms (e.g., improved smoothing functional
algorithms [27], normalized SPSA [28], modified safe experimentation dynamics [29]) are
often preferred when computation time is critical, as they require no population mainte-
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nance and run faster. MOPSQO, while offering better exploration and Pareto front coverage,
has four main gaps compared to single-agent methods: (1) higher computational cost;
(2) slower convergence under the same iterations; (3) high parameter sensitivity; (4) re-
liance on parallelization for efficiency. Simulation results confirm that MOPSO provides
better solution quality and Pareto front distribution than simulated annealing, but at the
cost of longer runtime. Thus, MOPSO is suitable for offline optimization where solution
quality is prioritized over computation time.

The multi-objective optimization process of the microgrid is divided into two parts,
namely the improved MOPSO algorithm process and the overall operation process, as
shown in Figure 11a,b. The solution steps of the MOPSO-based multi-objective optimal
dispatch model for VGIM are as follows:

Step 1: Establish the complete mathematical model of the VGIM system, including the
modeling of PV, WT, DE, BESS and EV units.

Step 2: Determine that the multi-objective function is the minimum total cost, including
three parts, namely power generation cost, equipment cost, environmental pollution, cost
and EV-related costs.

Step 3: According to the improved MOPSO algorithm, the multi-objective optimization
operation problem is solved.

Step 4: Solve the optimal dispatch decisions, including battery energy storage output,
diesel generator power, and EV charging power, based on the improved MOPSO algorithm.

Step 5: According to the output of each power generation unit of the vehicle-grid-
integrated microgrid, the effectiveness of the design is verified by building a micromodel
in Simulink.

( STn ) ( Start )

Initialize population parameters . . L. . .
based on predicted data Establish vehicle-grid integrated microgrid

photovoltaic, wind, grid interaction system operation model

l !

Multi-objective function: Minimize

Calculate multi-objective function values

for particle population generation cost, equipment cost,
environmental pollution cost , and EV
l related costs
Update particle position, l
velocity, adaptive inertia weight
MOPSO Algorithm: Multi-objective
l optimal operation problem
No

Update individual local extremum
and global optimal extremum
based on fitness

Output optimized power generation of
battery energy storage system and diesel
generator system

Termination condition
satisfied?

Validate the effectiveness of the platform
Yes design based on the output of each
{ generation unit in the microgrid

Output optimal solution

(a) (b)
Figure 11. Flowchart. (a) Improved MOPSO algorithm flowchart; (b) operation flowchart.

https:/ /doi.org/10.3390/ electronics15091786


https://doi.org/10.3390/electronics15091786

Electronics 2026, 15, 1786

12 of 20

4.2. Vehicle-Grid-Integrated Microgrid Energy Optimal Scheduling Verification

The Raspberry Pi CM4 was selected for preliminary algorithm validation due to its
compact form factor, strong community support, and seamless integration with Simulink
via TCP/IP. These features enable rapid prototyping and efficient debugging of the im-
proved MOPSO algorithm under real-world load data conditions, without the need for
complex embedded toolchain configuration. Raspberry Pi CM4 is adopted as the core
computing board for preliminary data acquisition and optimization algorithm verification
(Figure 12a) [30]. Its core processor is the Broadcom BCM2711, a 64-bit quad-core A72 chip
with a main frequency of 1.8 GHz. Simulink successfully established a connection with the
Raspberry Pi via TCP/IP, and load data from the user side of the vehicle-grid-integrated
microgrid was input. The load data consisted of 24 distinct load values over a 24 h period.
The flow for processing and optimizing the data is illustrated in Figure 12b below.

Raspberry Pi HMI Input Load Value

!

Simulink sends predicted data via TCP/IP

l

Raspberry Pi receives data
ESO algorithm calculates

Expansion Board

Raspberry Pi sends optimized data via
TCP/IP

Raspberry Pi CM4 l

Optimized data to control program

(a)

Figure 12. Verification process. (a) Raspberry Pi CM4 expansion board; (b) Raspberry Pi CM4

optimization processing data flow.

The operation results are shown in Figure 13, including photovoltaic power generation,
wind power generation, battery energy storage, diesel generator, and main grid interac-
tion. On the Raspberry Pi CM4 platform with a population size of 50 and a maximum of
200 iterations, the improved MOPSO algorithm achieves convergence after approximately
78 iterations. The total computation time per optimization cycle is 55.6 s, while the sim-
ulation runtime in Simulink is 10 s for the complete 24 h operational period. The system
basically realizes the main functions in the design of the vehicle—grid-integrated microgrid
energy management system, including energy optimization, data communication, etc.
Through the predicted data of photovoltaic power generation, wind power generation,
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and main grid interaction, under the condition of meeting the multi-objective optimization
of minimizing power generation cost, equipment cost, environmental pollution cost, and
EV-related costs, it can simulate the output power of the battery energy storage system and
diesel generator after rolling optimization in different time periods and different situations
to meet the power supply needs of the vehicle-grid-integrated microgrid according to
the load side. During periods of high renewable generation, surplus power is stored in
the BESS; during peak load periods, the BESS discharges to supplement the diesel gen-
erator, reducing grid dependency. These simulation results serve as the baseline for the
hardware-in-the-loop validation presented in Section 5.
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Figure 13. Simulated operating power waveforms of each unit in the VGIM.

5. Embedded Deployment and Hardware-in-the-Loop Validation
5.1. Simulation Testing of the Microgrid Model

After constructing the vehicle—grid-integrated microgrid model in Simulink, the simu-
lation design was validated through hardware-in-the-loop testing. Once a TCP/IP commu-
nication connection was established between Simulink and the RK3588 main control board,
the microgrid simulation model began running, with real-time data on photovoltaic power
generation, wind power generation, battery energy storage, diesel generator output, grid
status, and load values being collected and transmitted via the TCP/IP module to the main
control board. Using the received power values, the VGIM energy management system
performed real-time optimization following the scheduling model (Figure 14). Additionally,
the data visualization interface designed on Node-RED enabled real-time monitoring and
display of the output from each unit, as shown in Figure 15.
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Data Visualization
Interface
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VGIM energy
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Figure 14. Energy management system optimization testing.
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PV Power Trend Wind Power Trend DE Power Trend BESS Trend Load Trend Actual Value Trend

Figure 15. Node-RED visualization interface for VGIM energy management.

The RK3588-based system completes the entire data processing and optimization
cycle in approximately 60 s. As shown in Figure 16 and Table 1, the proposed improved
MOPSO algorithm achieves a daily operating cost of 1.80 CNY after 78 iterations, which is
49.7% lower than the rule-based control strategy (3.58 CNY/day) and 50.0% lower than
the traditional PSO algorithm (3.60 CNY/day after 124 iterations). This 50% reduction
confirms the superior economic performance of the proposed improved MOPSO algorithm
under the same system configuration and load conditions.
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Figure 16. Operating cost comparison. (a) Traditional PSO; (b) Improved MOPSO. The x-axis
represents iteration number, and the y-axis represents daily operating cost in CNY/day.

Table 1. Performance comparison of different energy management strategies.

Algorithm Einal Operating Conver‘gence ‘ Computation Reduction vs.
ost (CNY/Day)  Iteration  Time per Cycle (s) Rule-Based
R‘(‘:lgﬁfgfd 3.58 N/A <0.1 -
Tra‘;isﬁoonal 3.60 124 55.0 +0.6%
Iﬁlgg‘s’gd 1.80 78 60.0 49.7%

Convergence is defined as the iteration at which the change in Pareto front hypervolume is less than 0.1% over
10 consecutive generations. Reported values are the average over 10 independent runs.

5.2. Embedded Platform Design

The RK3588 was selected for final deployment due to its high-performance multi-core
ARM architecture, which accelerates MOPSO parallel iterations [31]. Its rich industrial
interfaces (R5485, CAN, Gigabit Ethernet, 5G) and strong community support facilitate
Modbus-based smart meter and MQTT-based HMI integration, ensuring a smooth transi-
tion from HIL simulation to physical deployment. As shown in Figure 17, the scaled-down
VGIM prototype comprises PV, wind, diesel, BESS, EV loads, and grid, with smart me-
ters collecting data via RS485/Modbus communication. An isolated RS485 hub enables
one-to-many Modbus connections. The HMI screen communicates via MQTT, providing a
configurable interface for real-time monitoring and control.
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Figure 17. Hardware block diagram of the VGIM energy management system.

The dispatch layer imposes real-time requirements, demanding that algorithms com-
plete complex computations and generate optimized solutions within a short time frame.
This requires a high-performance CPU with multi-core parallel architecture to ensure rapid
MOPSO iterations. Based on this analysis, Table 2 presents key performance indicators of
the ARM-based RK3588.

Table 2. RK3588 Performance Table.

Performance RK3588
Manufacturing Process 8 nm
Architecture Quad-core ARM Cortex-A76 + Quad-core Cortex-A55
Core Frequency Cortex-A76: 2.4 GHz; Cortex-Ab55: 1.8 GHz
Graphics Processing ARM Mali-G610 MP4 GPU
Memory Support Up to 32GB LPDDR4/LPDDR5
Storage Interface eMMC 5.1, SD Card
External Interfaces eDP, MIPI-DSI, USB 3.0, GPIO, CAN, etc.
Video Encoding H.265/H.264/VP9 (8Kp30, 4Kp120)
Network Support Gigabit Ethernet, Wi-Fi 6, 5G, etc.
Power Consumption Relatively High

When running a general optimization program, the RK3588 takes approximately
55 s in total. With its richer communication interfaces and higher-performance GPU, the
RK3588 can provide comprehensive solutions for industrial IoT and multi-dimensional
data visualization. Therefore, a vehicle—grid-integrated microgrid energy management
system using the RK3588 as the core computing board in an embedded computing platform
offers computational performance that better meets the requirements of the algorithm for
data analysis and optimization processing.

5.3. Joint Debugging and Testing

A scaled-down VGIM prototype was developed on the RK3588 platform, integrating
PV, WT, BESS, diesel generator, and EV loads. To validate the human-machine interface of
the vehicle-grid-integrated microgrid energy management system and the actual hardware
data acquisition, a hardware platform was constructed as shown in Figure 18. In this
experiment, the RS5485 interface of the main control board was connected to an R5485
hub, which in turn connected two smart meters to obtain real-time voltage and current
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measurements. The RK3588 main control board communicated with the smart meters in
real time via Modbus, receiving corresponding data packets, extracting and converting
them into voltage and current values, and finally calculating the corresponding power
values, which were used to simulate the output of each unit. At the same time, the
RK3588 main control board is equipped with an EM05-CE module (enabling M2M and
IoT communication), allowing MQTT communication with the HMI (human-machine
interface) screen via this module.

Smart Meter
Configuration
Screen
RS485 Hub
EMO5-CE Module
RK3588 Core
Computing Board

RS485 Interface

Figure 18. Hardware platform.

Under normal operating conditions, the output of each unit can be monitored properly
through the upper computer. As shown in Figure 19, in the parameter configuration
interface, the lower limit of the diesel generator output power is set to 1 kW, and the upper
limit is 10 kW; for the energy storage system, the lower limit is set to 5 kW and the upper
limit is 10 kW. The human-machine interface (HMI) allows for real-time monitoring of
each unit and enables start-stop control commands.

Parameter Configuration Interface

Diesel Engine Energy Storage
Upper Limit: 10.00) kW Upper Limit: 10.00) kW

Lower Limit: 1.00) kW Enwer (imit: 5.00) kW

N - |

Figure 19. Diesel generator and battery parameter configuration.

Based on the parameter configuration of the DE and BESS, the power distribution of
each unit in the VGIM system under two operating conditions (DE on/off) was measured
and summarized in Table 3, where the positive grid power indicates power fed into the
main grid and the negative value indicates power drawn from the grid.

https://doi.org/10.3390/ electronics15091786


https://doi.org/10.3390/electronics15091786

Electronics 2026, 15, 1786

18 of 20

Table 3. Power distribution under diesel generator on/off conditions.

Operating Condition Diesel ON Diesel OFF
PV (kW) 2.58 2.58
Wind (kW) 1.93 1.93
ESS (kW) 4.22 9.84
Diesel (kW) 6.33 0
Grid (kW) 2.05 —0.24
Load (kW) 14.11 14.11

Note: Positive grid value indicates power fed into the grid; negative value indicates power drawn from the grid.
ESS positive value indicates discharging.

Table 3 presents the power distribution under two operating conditions. When the
diesel generator is operating, it supplies 6.33 kW. Together with the PV (2.58 kW), wind
(1.93 kW), and ESS (4.22 kW), the system meets the load demand of 14.11 kW while feeding
2.05 kW into the grid. After the diesel generator is switched off via the HMI control, the
ESS output increases to 9.84 kW to compensate for the power shortage, and the system
draws 0.24 kW from the grid to maintain power balance. This quantitative comparison
demonstrates the effectiveness of the proposed energy management system in maintaining
power balance under unit start-stop scenarios. At the same time, the battery SOC was
maintained at 69.53% during diesel generator operation.

When the diesel generator is shut down, the corresponding switch button on the HMI
screen is set to the “OFF” state, and the indicator light turns red (Figure 20). Therefore, the
VGIM energy management system can realize on-site acquisition of actual hardware data
and execution of start/stop control commands through the HMI.

Indicator Light:

Real-time power of diesel generator

Real-time data
Real-time data

Power: [ 0.00 | kW

Figure 20. Diesel generator shut down state on HML

6. Conclusions

This paper presented a systematic co-design methodology for energy management
systems in vehicle—grid-integrated microgrids, covering the entire development process
from HIL simulation to embedded deployment. The proposed approach addresses key
challenges in deploying multi-objective optimization algorithms on embedded platforms
through deployability analysis, hybrid code generation, real-time task restructuring, and
consistency validation.

The main contributions and findings of this work are summarized as follows:

a.  Excellent real-time performance: The RK3588-based embedded system can complete
a single optimization iteration within 60 s, which is far less than the 15 min industrial
dispatch interval requirement, and the Modbus communication protocol ensures the
real-time nature and reliability of on-site data acquisition and equipment control.

b.  Deployment Consistency: The consistency between HIL simulation and physical
hardware deployment was validated. This confirms that the proposed co-design
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method successfully preserves algorithm functionality and performance during the
transition from simulation to embedded execution.

c. Industrial Applicability: The modular hardware architecture and standardized com-
munication protocols (Modbus, MQTT) enable easy adaptation to different microgrid
scales and configurations. The Node-RED visualization interface provides intuitive
real-time monitoring and control, facilitating practical deployment in industrial
scenarios.

Future research will focus on three specific directions:

i.  Extending the proposed co-design method to the coordinated operation of multi-
VGIM systems for large-scale industrial applications;

ii.  Integrating LSTM-based renewable energy output forecasting into the improved
MOPSO algorithm to further improve the dispatch accuracy;

iii. ~Conducting long-term field trials in actual industrial microgrid scenarios to verify the
long-term stability and adaptability of the VGIM energy management system.

This study provides a feasible technical solution and engineering reference for the in-
dustrialization and reliable deployment of VGIM systems in actual industrial scenarios and
lays a theoretical and experimental foundation for the deep integration of transportation
and power grids.
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