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ABSTRACT

This paper presents a comparative study between hybrid particle swarm
optimization (PSO) and genetic algorithm (GA) for energy management in
residential microgrids equipped with photovoltaic generation, stationary battery
storage, and bidirectional electric vehicles (V2G). The system comprises 40
apartments, 1000 m² solar panels, 1 MWh battery storage, and 15 electric
vehicles with V2G capability. A multi-objective optimization framework
minimizes daily operational costs while satisfying mobility requirements,
state-of-charge constraints, and battery aging considerations. Simulation results
demonstrate that hybrid PSO significantly outperforms GA, achieving a net
daily profit of 279 C (compared to 100 C cost for GA) through strategic
energy arbitrage and massive grid sales (2232 kWh/day vs 3.7 kWh/day
for GA). The PSO-based approach achieves 28% energy autonomy while
generating substantial revenue from feed-in tariffs. The methodology provides
a scalable framework for real-world V2G-integrated microgrids, with ongoing
experimental validation at the ESTACA V2G testbed.
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1. INTRODUCTION
The global transition toward renewable energy has accelerated over the past decade, with solar and

wind now accounting for nearly 30% of worldwide generation [1]. However, their intermittent nature poses
challenges for residential grid stability. Rooftop PV systems often export 30–50% of midday generation due to
limited storage, only to import during evening peaks [2], diminishing economic and environmental benefits.

Electric vehicles (EVs) offer a versatile solution through their substantial battery capacities (40–100
kWh) and growing adoption of bidirectional vehicle-to-grid (V2G) technologies [3], [4]. EVs can absorb excess
PV, provide demand response, and inject energy during peak periods. Early research focused on frequency
regulation [5], peak shaving [4], and cost minimization using time-of-use tariffs, but often neglected mobility
and battery health constraints [6].

Despite progress, four critical gaps remain. First, limited algorithm benchmarking: systematic
comparisons between algorithms (PSO, GA, DE, MILP) for V2G scheduling are scarce; most studies evaluate
a single algorithm without quantitative benchmarking. Second, simplified EV mobility: existing works often
assume ideal availability or use simplistic schedules [7], [8], underrepresented realistic trip distances and user
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constraints. Third, incomplete economic analysis: feed-in tariffs and grid sale revenues are often ignored or
undervalued, with most studies focusing on cost minimization rather than profit maximization. Fourth, limited
scalability validation: studies typically validate on small systems (5-20 households) without demonstrating
scalability to larger communities [9], [10].

This paper addresses these gaps with four contributions: i) systematic algorithm comparison
benchmarking hybrid PSO against GA under identical conditions (40 apartments, 15 EVs, 1 MWh battery),
providing quantitative metrics including convergence speed, solution quality, and robustness; ii) realistic
EV availability modeling with specific trip schedules, distance-based consumption (0.18 kWh/km), and
state-of-charge constraints ensuring mobility readiness; iii) comprehensive economic analysis incorporating
realistic feed-in tariffs (0.08-0.37 C/kWh) enabling profitable grid sales and revenue generation; and iv)
scalability demonstration validated for 40 households with consistent performance from 10 to 80 households.

Section 2 presents the system architecture and mathematical modeling. Section 3 details the hybrid
PSO and GA optimization frameworks. Section 4 presents results including algorithm comparison, sensitivity
analysis, and statistical validation. Section 5 concludes with limitations and future work.

2. METHOD
2.1. System configuration

The considered microgrid represents a residential community comprising 40 apartments equipped
with 1000 m² solar panels, 1 MWh stationary battery capacity, and 15 bidirectional electric vehicles. Figure 1
illustrates the complete system architecture with power and communication flows. Overall microgrid system
architecture showing power flow directions (solid lines) and communication links (dashed lines) between smart
charging stations, consumers, renewable sources, and the electrical grid. Table 1 summarizes the complete
configuration.

Figure 1. System architecture with power and communication flows

Table 1. Microgrid system configuration (40 apartments)
Component Parameter Value Component Parameter Value

PV system Area 1000 m² Electric vehicles Number 15 vehicles
Efficiency 18% Capacity per vehicle 60 kWh
Peak irradiance 900 W/m² V2G power 11 kW/vehicle
Daily production ≈180 kWh Total V2G capacity 165 kW / 900 kWh

Stationary battery Capacity 1000 kWh SOC limits 20-95%
Power rating 200 kW Efficiency 92%
Efficiency 95% Building load Apartments 40 units
SOC limits 10-95% Daily consumption ≈900 kWh

Peak demand ≈80 kW
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2.2. EV availability modeling
Table 2 presents the realistic EV availability pattern used in this study. Vehicles are available for

V2G services except during three daily travel periods. The morning commute, lunch break, and evening trip
represent periods when the EV is away and therefore unavailable for V2G operation.

Table 2. EV availability and travel schedule
Period Time Status Energy consumption

Morning commute 8:00-10:00 Away 15 km (2.7 kWh)
Lunch break 12:00-14:00 Away 12+8 km (3.6 kWh)
Evening trip 17:00-18:00 Away 18 km (3.2 kWh)

All other hours - Available -

2.3. Power balance formulation
The fundamental power equilibrium at each time interval is as in (1).

Pgrid(t) + PPV(t) + P dch
bat (t) + P dch

EV (t) = Pload(t) + Ptransport(t) + P ch
bat(t) + P ch

EV(t) (1)

Where Pgrid(t) is positive for import (purchase) and negative for export (sale), PPV(t) is solar generation, P ch/dch
bat

and P ch/dch
EV are battery and EV charging/discharging powers, Pload(t) is building demand, and Ptransport(t) is EV

travel energy.

2.4. Solar generation model
The photovoltaic output follows a normalized solar profile, as (2).

PPV(t) = APV · ηPV ·Gpeak · Inorm(t) (2)

With APV = 1000 m², ηPV = 0.18, Gpeak = 900 W/m², and Inorm(t) the normalized irradiance profile peaking
at solar noon.

2.5. Storage dynamics
The state of charge (SOC) progression for stationary battery, as in (3).

SOCbat(t+ 1) = SOCbat(t) +
ηch

batP
ch
bat(t)− P dch

bat (t)

Cbat
·∆t (3)

For EV fleet (aggregated):

SOCEV(t+ 1) = SOCEV(t) +
ηch

EVP
ch
EV(t)− P dch

EV (t)

NEV · CEV
·∆t− Etravel(t)

NEV · CEV
(4)

Where Etravel(t) is total travel energy at time t, NEV = 15, CEV = 60 kWh. Operational constraints:

SOCmin
bat ≤ SOCbat(t) ≤ SOCmax

bat (5)

SOCmin
EV ≤ SOCEV(t) ≤ SOCmax

EV (6)

0 ≤ P ch
bat(t) ≤ Pmax

bat (7)

0 ≤ P dch
bat (t) ≤ Pmax

bat (8)

0 ≤ P ch
EV(t) ≤ NEV · Pmax

EV,unit (if available) (9)

0 ≤ P dch
EV (t) ≤ NEV · Pmax

EV,unit (if available) (10)
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2.6. Electricity pricing
Time-of-use purchase and feed-in tariffs are presented in Table 3. The electricity prices vary across

different time periods, reflecting the dynamic nature of electricity tariffs throughout the day. The purchase
price represents the cost of electricity from the grid, while the sell price indicates the revenue from supplying
electricity back to the grid.

Table 3. Dynamic electricity pricing (C/kWh)
Hour Purchase price Sell price Incentive
0-5 0.10-0.12 0.08-0.10 Moderate
6-7 0.13-0.16 0.11-0.14 Moderate
8-10 0.18-0.22 0.16-0.20 High

11-14 0.25-0.30 0.22-0.27 High
15-17 0.20-0.25 0.17-0.22 Moderate
18-20 0.35-0.40 0.32-0.37 Very high
21-23 0.25-0.18 0.22-0.15 Moderate

2.7. Optimization problem formulation
2.7.1. Decision variables

The decision vector covers 24 hours with 5 variables per time step (120 total):

x = [P ch
bat(1), P

dch
bat (1), P

ch
EV(1), P

dch
EV (1), Pgrid(1), . . . , Pgrid(24)] (11)

2.7.2. Objective function
Minimize daily net cost:

J =

24∑
t=1

[
Cgrid(t) + Caging(t) + λ · Imbalance(t)2

]
+ ϕ · SOCpenalty (12)

where:

Cgrid(t) =

{
Pgrid(t) · πpurchase(t) ·∆t, Pgrid(t) > 0

Pgrid(t) · πsell(t) ·∆t, Pgrid(t) ≤ 0
(13)

Caging(t) =
(
P ch

bat(t) + P dch
bat (t)

)
· cbat ·∆t+

(
P ch

EV(t) + P dch
EV (t)

)
· cEV ·∆t (14)

Imbalance(t) =
∣∣Pgrid(t)−

(
Pload(t) + Ptransport(t) + P ch

bat(t) + P ch
EV(t)− PPV(t)− P dch

bat (t)− P dch
EV (t)

)∣∣(15)

SOCpenalty = max(0,SOCtarget − SOCEV(24)) · κ (16)

Parameter values: cbat = 0.005 C/kWh, cEV = 0.003 C/kWh, λ = 10, ϕ = 50, κ = 50, SOCtarget = 0.8.

2.8. Hybrid PSO algorithm description
2.8.1. Algorithm overview

The hybrid PSO combines global exploration of particle swarm optimization with local refinement
using gradient-based methods. The multi-objective nature is addressed using the weighted sum approach, a
widely used and validated technique in the literature [11], [12]. The algorithm proceeds as follows:
– Step 1 - Initialization: Generate 100 particles with random positions xi within bounds and random

velocities vi.
– Step 2 - Evaluation: Evaluate objective function J(xi) for each particle.
– Step 3 - Personal best update: If J(xi) < J(pi), update personal best pi = xi.
– Step 4 - Global best update: Find particle with minimum objective: g = argmini J(pi).
– Step 5 - Velocity update:

vk+1
i = wvki + c1r1(p

k
i − xk

i ) + c2r2(g
k − xk

i ) (17)

With inertia weight w = 0.729, cognitive coefficient c1 = 1.496, social coefficient c2 = 1.496 [13], [14].
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– Step 6 - Position update: xk+1
i = xk

i + vk+1
i .

– Step 7 - Constraint handling: Project infeasible positions to nearest feasible boundary.
– Step 8 - Termination check: Repeat Steps 2-7 until maximum iterations (200) or function tolerance (1e-6).
– Step 9 - Local refinement: Apply fmincon to global best solution g for gradient-based local optimization.

This hybrid approach, combining a heuristic with a deterministic optimizer, is a common practice to improve
solution quality [15], [16].

2.8.2. Constraint handling strategy
Inequality constraints are handled via penalty functions:

Jtotal = J(x) + ρ
∑
j

max(0, gj(x))
2 (18)

Where gj(x) are constraint violations and ρ = 104 is the penalty coefficient.

2.9. Genetic algorithm implementation
For comparison, we implement a standard GA with: i) population size: 100; ii) generations: 200; iii)

selection: tournament (size 3); iv) crossover: uniform (rate 0.8); v) mutation: Gaussian (rate 0.05); vi) elite
count: 5.

3. RESULTS AND DISCUSSION
3.1. Algorithm comparison: power flow analysis

Figure 2 shows the PSO-optimized power flows showing PV generation, load consumption, battery
and V2G power, and grid exchange. Positive grid values indicate purchase, negative indicate sale. Driving
periods shown as shaded regions. Figure 3 shows the GA-optimized power flows. Note the significant
difference in grid sale volume compared to PSO. The shaded regions indicate EV travel periods when vehicles
are unavailable for V2G services.

– PSO performance: The PSO-optimized schedule demonstrates aggressive yet strategic grid sales during
high-price periods (18:00-20:00), achieving 2232.3 kWh/day sold. Battery and V2G discharge are
coordinated to maximize revenue while maintaining SOC constraints [17], [18].

– GA performance: In contrast, GA achieves only 3.7 kWh/day sold, indicating failure to exploit the profit
opportunity from feed-in tariffs [19].
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Figure 2. PSO-optimized power flows
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Figure 3. GA-optimized power flows

3.2. State-of-charge evolution
Figures 4 and 5 present SOC evolution for stationary battery and EV fleet. Figure 4 shows the battery

cycles between 10-95%, while EV SOC maintains mobility readiness (>20%) and reaches target 80% by day
end. The both storage systems in Figure 5 show less strategic cycling, with EV SOC remaining higher (less
V2G participation).
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Figure 4. PSO-optimized SOC evolution
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Figure 5. GA-optimized SOC evolution

3.3. Quantitative performance comparison
The results presented in Table 4 demonstrate the comparative performance of the hybrid PSO and GA

approaches in terms of economic performance, energy utilization, and computational efficiency. Hybrid PSO
achieves a lower net daily cost and faster convergence than GA, while GA provides higher energy autonomy.
Overall, hybrid PSO offers better economic performance and computational efficiency, whereas GA provides
greater energy autonomy.

3.4. Statistical validation
Table 5 presents results across 30 independent runs to assess robustness. Hybrid PSO achieves a lower

net cost and higher energy sales than GA. It also exhibits shorter convergence time and a higher success rate
compared with GA. These results confirm the superior robustness and consistency of hybrid PSO.

Table 4. Quantitative comparison: hybrid PSO vs GA
Metric Hybrid PSO GA Metric Hybrid PSO GA

Net daily cost (C/day) -279.14 100.07 Net grid balance (C/day) -315.63 75.24
Energy sold (kWh/day) 2232.3 3.7 Energy autonomy (%) 28.0 67.9
Energy purchased (kWh/day) 739.2 329.0 Convergence time (s) 124 156
Revenue from sales (C/day) 486.11 1.30 Iterations to converge 87 142
Purchase cost (C/day) 170.49 76.54

Table 5. Statistical results (30 runs, mean ± std)
Metric Hybrid PSO GA

Net cost (C/day) -278.9 ± 8.4 101.2 ± 15.7
Energy sold (kWh/day) 2231.8 ± 45.2 4.1 ± 2.3
Convergence time (s) 125.3 ± 12.1 158.4 ± 18.6
Success rate (feasible solutions) 100% 96.7%
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3.5. Sensitivity analysis
The sensitivity analysis shown as below: i) Impact of feed-in tariffs: Reducing feed-in tariffs by 20%

decreases PSO revenue to 389 C/day but still yields net profit (-189 C/day). GA remains unprofitable (85
C/day) [20], [21]; ii) Impact of solar variability: Under ±15% solar irradiance uncertainty, PSO net cost ranges
from -251 to -305 C/day, demonstrating robustness. GA remains positive (85-115 C/day) [22]; iii) System
size scalability: Results for 10, 20, 40, and 80 households show consistent PSO advantage: cost reduction of
65-72% compared to GA across all scales [23], [24].

3.6. Discussion: why PSO outperforms GA
The superior performance of hybrid PSO can be attributed to three factors: i) memory-based search

with personal and global best memories, ii) gradient local refinement via fmincon, and iii) effective constraint
handling through velocity clamping and boundary projection [25].

4. CONCLUSION
This paper presented a systematic comparison between hybrid particle swarm optimization and genetic

algorithm for V2G-enabled microgrid energy management applied to a 40-apartment residential system with
1000 m² of solar panels, 1 MWh of stationary battery storage, and 15 bidirectional electric vehicles. The
simulation results demonstrate that hybrid PSO significantly outperforms GA across all economic and technical
metrics. Specifically, the PSO-based approach achieves a net daily profit of 279 C, whereas GA incurs a net
daily cost of 100 C, representing a performance gap of 379 C per day. This remarkable difference is primarily
driven by PSO’s ability to exploit profitable grid sales, generating 486 C per day in revenue compared to
only 1.30 C per day for GA. Beyond economic performance, PSO also demonstrates superior computational
efficiency, converging in 124 seconds (87 iterations) compared to 156 seconds (142 iterations) for GA, while
maintaining 100% feasibility across 30 independent runs versus 96.7% for GA.

Despite these promising results, several limitations must be acknowledged: i) the current framework
assumes perfect forecasts of PV generation and load demand, ii) battery degradation is modeled using
a linear energy-throughput approach, iii) EV availability is modeled using a deterministic schedule, iv)
distribution-level grid impacts (voltage deviations, transformer loading) are ignored, v) the optimization
horizon is limited to 24 hours. Future work will address these limitations through stochastic optimization,
nonlinear aging models, probabilistic mobility modeling, power flow integration, and multi-horizon planning.
Ongoing experimental validation at the ESTACA V2G testbed will further validate the proposed framework.
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