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Abstract— This paper proposes a photovoltaic, battery, and
hydrogen based hybrid energy system (HES) coordinated by
a fuzzy logic based energy management system (FL-EMS)
and optimized using a multi-objective NSGA-II algorithm. The
objectives are to minimize annualized life cycle cost (ALCC),
carbon emissions, and grid energy import index (EII). The
impact of grid carbon intensity is assessed by comparing a
low carbon French grid and a high carbon global grid.

Results show that grid carbon intensity significantly affects
optimal design and operation. Under the low carbon grid,
storage provides limited emission benefits, while under the high
carbon grid, the system achieves up to 71% reduction in CO2

emissions compared to the grid-only case. The FL-EMS adapts
energy dispatch to balance cost, emissions, and autonomy.

The results highlight the trade-off between embodied and
operational emissions and the strong dependence of optimal
HES design on grid characteristics.

Index Terms— Hybrid Energy System, Multi Objective Op-
timization, Grid Carbon Intensity, Fuzzy Logic Energy Man-
agement, Hydrogen Energy Storage, Lifecycle Emissions

I. INTRODUCTION

Renewable energy integration is essential for reducing
greenhouse gas emissions, yet the variability of photovoltaic
(PV) generation and the need to balance economic and envi-
ronmental objectives pose significant design challenges [1],
[2]. Hybrid Energy Systems (HES) combining PV, batteries,
hydrogen storage, and grid interaction provide a promising
solution, though their optimal design strongly depends on
grid characteristics and environmental constraints [3], [4].

Most existing studies address system sizing, control strate-
gies, or multi-objective optimization separately, rather than
in an integrated framework. In addition, many works assume
constant grid emission factors and neglect regional variabil-
ity, which can significantly affect optimal configurations [5]–
[7]. Lifecycle emissions of PV, batteries, and hydrogen com-
ponents are also often overlooked despite their contribution
to total emissions [8], [9].

This paper investigates a PV–battery–hydrogen HES co-
ordinated by a fuzzy logic based energy management system
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(FL-EMS). A multi-objective NSGA-II algorithm is used
to minimize the annualized life cycle cost (ALCC), carbon
emissions (CO2), and grid energy import index (EII). Unlike
conventional approaches, grid carbon intensity is treated as
a scenario-dependent parameter to evaluate its impact on
system design and operation.

The main contributions are: (i) a joint optimization frame-
work integrating system sizing and EMS parameter tuning,
(ii) explicit inclusion of lifecycle emissions, considering both
embodied and operational components, and (iii) a compar-
ative analysis of low and high carbon grid scenarios to
evaluate their impact on optimal configurations.

The remainder of the paper is organized as follows:
Section 2 presents the system model and FL-EMS, Section 3
formulates the optimization problem, Section 4 presents
the results, Section 5 provides discussion, and Section 6
concludes the paper.

II. HYBRID ENERGY SYSTEM MODELING AND FUZZY
LOGIC BASED ENERGY MANAGEMENT

The proposed HES comprises PV, battery, hydrogen sys-
tem, and the utility grid, supplying a commercial building via
a FL-EMS. System sizing and fuzzy controller parameters
are jointly optimized to minimize ALCC, CO2, and EII.
Fig. 1 shows the overall architecture.

Fig. 1: Proposed PV–battery–hydrogen HES architecture.
A. PV System

PV output power is modeled as [10]:

PPV (t) = ηPV (t)APV Ir(t) (1)

where APV is the PV area (m2), Ir(t) the solar irradiance
(W/m2), and ηPV (t) the effective efficiency, given by:

ηPV (t) = ηr ηPC [1− βt (Tc(t)− TSTC)] (2)



where ηr, ηPC , βt, Tc(t), and TSTC = 25◦C are the ref-
erence efficiency, performance ratio, temperature coefficient,
cell temperature, and standard test temperature, respectively.
B. Battery Storage System

A lithium-ion battery is modeled using an equivalent
circuit [11]:

Vbat(t) = Eb(t)−RoIbat(t) (3)

Eb(t) = E0−
KQ

Q− Ibat(t)t
(Ibat(t) + I∗)+Ae−BIbat(t) (4)

SoCbat(t+∆t) = SoCbat(t) + ηch/dis
Ibat(t)∆t

Q
(5)

where Vbat, Eb, Ro, Ibat, E0, K, Q, A, B, I∗, and ηch/dis are
the terminal voltage, open-circuit voltage, internal resistance,
current, fully charged voltage, polarization constant, nominal
capacity, exponential parameters, filtered polarization cur-
rent, and charge-discharge efficiency, respectively.
C. Hydrogen System

The hydrogen system consists of a Proton Exchange
Membrane (PEM) electrolyzer, storage tank, and PEM fuel
cell. The fuel cell and electrolyzer voltages share the same
overpotential structure [12]:

VFC(t) = Eth(t)− ηact(t)− ηdiff (t)− ηohm(t) (6)

VEL(t) = Eth(t) + ηact(t) + ηdiff (t) + ηohm(t) (7)

where Eth, ηact, ηdiff , and ηohm = IFCRtot are the thermo-
dynamic, activation, diffusion, and ohmic terms, respectively,
with:

Eth = E0 +
RTFC

nF
ln

(
PH2

√
PO2

PH2O

)
(8)

ηact = ATFC ln

(
IFC + Icrossover

I0

)
(9)

ηdiff = BTFC ln

(
1− IFC + Icrossover

Ilim

)
(10)

Tank dynamics and hydrogen state of charge are given by:

dmstored

dt
= ṁin − ṁout, H2C(t) =

PHST (t)

PNWP
(11)

where PHST (t) and PNWP are the instantaneous and nom-
inal working pressures [12].
D. Commercial Building Load

Measured hourly load data from a French commercial site
for year 2022 captures realistic daily and seasonal variations.
Fig. 2 shows a representative one-week profile.

Fig. 2: Representative one-week building load profile (kW).

Fig. 3: Fuzzy logic control structure of the energy manage-
ment system.

E. Fuzzy Logic-Based Energy Management System

A Mamdani-type fuzzy logic controller (FLC) is designed
to manage energy flows in the hybrid system, as illustrated
in Fig. 3. The input variables are selected to capture both
power balance and storage dynamics.

The controller uses four inputs: normalized power imbal-
ance ∆Pn, hydrogen imbalance ∆Hn, battery state of charge
SoCbat, and hydrogen capacity H2C, to generate reference
signals for the battery (P ref

bat ), electrolyzer (P ref
EL ), and fuel

cell (P ref
FC ). The power and hydrogen imbalances are normal-

ized using a hyperbolic tangent function to ensure bounded
and smooth control behavior: reducing abrupt variations in
control actions.

∆Pn = tanh(∆P ), ∆Hn = tanh(∆H) (12)
Triangular and trapezoidal membership functions are used

for computational efficiency and smooth transitions. The
inputs ∆Pn and ∆Hn have three linguistic levels (negative,
zero, positive), while SoCbat and H2C use low, medium,
and high states. The fuzzy inference system includes fuzzi-
fication, rule evaluation with the max operator, and centroid
defuzzification. The rule base contains 31 rules, with a
representative subset shown in Table I.

TABLE I: Representative fuzzy rule base

∆Pn ∆Hn SoC H2C FC EL BAT
P – H H OFF OFF Idle
P – M L OFF ON Charge
Z – – – OFF OFF Idle
N P H H ON OFF Discharge
N – M L OFF OFF Discharge
N – L L OFF OFF Idle

P: Positive, N: Negative, L: Low, M: Medium, H: High

The EMS follows a hierarchical strategy where PV gen-
eration first supplies the load, then charges the battery and
powers the electrolyzer, with excess energy exported to the
grid. During deficits, the battery discharges first, followed

(a) Input (b) Output

Fig. 4: Membership functions of the fuzzy logic controller.



by fuel cell activation when hydrogen is available, and the
grid covers the remaining demand. The fuzzy rules enforce
these priorities, ensuring a balanced trade-off between cost,
emissions, and energy autonomy.

III. JOINT MULTI-OBJECTIVE OPTIMIZATION OF
COMPONENT SIZING AND FUZZY EMS

The optimization problem considers three objectives:
ALCC, CO2, and EII. The NSGA-II algorithm is used to
explore the trade-offs among them. The decision vector
includes both system sizing and fuzzy EMS parameters,
capturing their strong interdependence. The EMS influences
energy dispatch, which in turn affects optimal component
sizing. This coupling is explicitly considered to ensure co-
ordinated design and control.
A. Decision Variables

The optimization vector combines system sizing and fuzzy
logic parameters:

x = [x1,x2] ∈ R13 (13)
where

x1 = [APV, Qbat, QH2 tank, PFC, PEL]

x2 = [α1, α2, α3, α4, β1, β2, β3, β4]

The two subsets are strongly coupled, since the fuzzy
membership breakpoints directly influence storage activation,
affecting energy flows and overall system performance. Only
the membership function breakpoints associated with SoCbat

and H2C are optimized, while the fuzzy rule base re-
mains unchanged and the membership ordering is preserved
through bounded constraints. The corresponding parameter-
ization is summarized in Table II.
TABLE II: Triangular membership functions for SoCbat and
H2C (%)

Level H2C SoCbat

Initial Optimized Initial Optimized
L [0,10,20] [0,10,α1] [0,10,20] [0,10,β1]
M [10,50,90] [10,α2,α4] [10,50,90] [10,β2,β4]
H [80,90,100] [α3,α4,100] [80,90,100] [β3,β4,100]

Optimized parameters αi and βi are constrained within [10, 90] to
preserve meaningful fuzzy partitions and avoid boundary degeneration.

B. Objective Functions

Three conflicting objectives are considered.
1) Annualized Life-Cycle Cost (ALCC):

ALCC = CRF ·NPCsys, CRF =
r(1 + r)N

(1 + r)N − 1
(14)

where NPCsys includes capital, replacement, O&M, and grid
costs over the lifetime N .
2) Total Carbon Emissions:

COtotal
2 = COgrid

2 + COPV
2 + CObat

2 + COH2
2 (15)

Grid emissions are computed from hourly imports:

COgrid
2 =

T∑
t=1

Pgrid(t)∆t · CO2,grid (16)

while embodied emissions are annualized over component
lifetimes:

COPV
2 =

APV · CO2,PV

LPV
, CObat

2 =
Qbat · CO2,bat

Lbat
(17)

COH2
2 =

QH2,tank · CO2,tank

LH2,tank
+
PFC · CO2,FC

LFC
+
PEL · CO2,EL

LEL
(18)

3) Energy Import Index (EII): EII quantifies grid energy
dependence as the ratio of imported grid energy to total load
demand:

EII =

∑T
t=1 P

import
grid (t)∆t∑T

t=1 Pload(t)∆t
∈ [0, 1], (19)

where P import
grid (t) = max(Pgrid(t), 0). A value of 0 indi-

cates full autonomy, while 1 indicates full grid dependence.
Therefore, a reduction in EII corresponds to an improvement
in system autonomy.

The optimization problem is formulated as:
min
x∈X

F(x) = [ALCC, COtotal
2 , EII] (20)

subject to the bound and operational constraints:
xlb ≤ x ≤ xub, (21)

10% ≤ SoCbat ≤ 90%, 10% ≤ H2C ≤ 90% (22)
PPV (t)+Pgrid(t)+PFC(t) = PLoad(t)+PEL(t)+Pbat(t)

(23)
C. Pareto Front Analysis

The multi-objective problem is solved using NSGA-II,
yielding a Pareto-optimal set P . Four representative solutions
are selected:

• Solution I – Minimum Cost:
xI = argmin

x∈P
ALCC(x)

• Solution II – Minimum Carbon:
xII = argmin

x∈P
COtotal

2 (x)

• Solution III – Minimum Energy Import:
xIII = argmin

x∈P
EII(x)

• Solution IV – Compromise: This solution provides
a balanced trade-off among the three objectives. It
is obtained by minimizing the average of normalized
objectives over the Pareto set:

xIV = argmin
x∈P

1

3

3∑
i=1

fi(x)

maxx∈P fi(x)

This ensures a fair balance between ALCC, CO2, and
EII.

IV. SIMULATION SETUP AND RESULTS

This section presents the simulation setup, optimization
results, and analysis of the proposed PV–battery–hydrogen
HES under two grid carbon intensity scenarios.

A. Simulation Setup

The optimization follows a structured workflow. System
data, load profiles, and tariff inputs are first defined. A 13-
dimensional decision vector is then constructed, comprising
system sizing variables and FL-EMS parameters. Annual
simulations are performed using a MATLAB/Simulink model
at hourly resolution. Three objectives are evaluated: ALCC,
COtotal

2 and EII. The NSGA-II algorithm generates the Pareto
front, from which four representative solutions are selected
for analysis.

A representative commercial building in France is consid-
ered, using measured load and meteorological data. Dynamic



Blue, Yellow, and Green tariffs from the French electricity
market are applied according to grid subscription levels [13].
The same tariff structure is used across both scenarios so that
differences in results can be attributed solely to grid carbon
intensity.

Techno-economic parameters and embodied carbon coef-
ficients are summarized in Tables III and IV. A discount
rate of r = 5% and a project lifetime of N = 25 years are
assumed [14]–[22].
TABLE III: Techno-economic parameters (r = 5%, N =
25 yr) [14]–[16]

Component Unit Cost O&M/yr Lifetime Bounds
PV array m2 200 EUR/m2 1 EUR/m2 25 yr 1 – 2000
Li-ion battery Ah (at Vnom = 48 V) 5 EUR/Ah 0.15 EUR/Ah 10 yr 420 – 84,000
H2 tank m3 625 EUR/m3 10 EUR/m3 30 yr 4 – 20.4
PEM fuel cell kW 400 EUR/kW 8 EUR/kW 15 yr 6 – 120
PEM electrolyzer kW 650 EUR/kW 5 EUR/kW 15 yr 8 – 160

TABLE IV: Embodied carbon coefficients and operational
grid emission factors [17]–[22]

Component / Source Value Unit
French grid (operational) 0.039 kg CO2/kWh
Global grid (operational) 0.454 kg CO2/kWh
PV array (embodied) 129.93 kg CO2/m2

Li-ion battery (embodied) 6.78 kg CO2/Ah
H2 tank (embodied) 80 kg CO2/m3

PEM fuel cell (embodied) 62.5 kg CO2/kW
PEM electrolyzer (embodied) 80 kg CO2/kW

Simulations are performed on a 13th Gen Intel Core i7
13700K (3.40 GHz) with 32 GB RAM using MATLAB
parpool with 12 workers. The NSGA II algorithm is
implemented using gamultiobj with 130 individuals and
100 generations, enabling parallel computation and direct
coupling with the Simulink based model. Crossover and
mutation operators ensure diversity and convergence, while
constraint handling follows the feasibility rule.

Two grid carbon intensity scenarios are compared: a low-
carbon French grid (39 g CO2/kWh) and a high-carbon
global average grid (454 g CO2/kWh), the latter being
approximately 11.6× higher. The corresponding grid-only
baselines are 14,988 and 174,472 kg CO2/yr, respectively,
serving as benchmarks. The same French electricity pricing
is applied in both cases to isolate the effect of carbon
intensity.
B. Pareto Front Analysis

The multi-objective optimization results are presented as
Pareto fronts in the ALCC–COtotal

2 –EII space. Fig. 5 shows
two-dimensional projections for both grid scenarios.

In the ALCC–COtotal
2 plane, the global grid Pareto front is

shifted substantially upward relative to the French grid front,
indicating that grid carbon intensity has a dominant influence
on achievable emissions at any given cost. In the ALCC–EII
plane, the two fronts are nearly coincident, suggesting that
EII is mainly constrained by system sizing limits rather than
emission factors

Table V summarizes the objective ranges across both
scenarios. The global grid yields higher emissions and a
wider ALCC range, while the EII range remains relatively
narrow, reflecting the physical limitations imposed by system
sizing constraints.
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TABLE V: MOGA Pareto front objective ranges under
France and global grids, based on Solutions I–IV.

Indicator France grid Global grid
Min ALCC (EUR/yr) 61 342 (Sol. I) 62 500 (Sol. I)
Max ALCC (EUR/yr) 103 280 (Sol. III) 113 000 (Sol. III)
ALCC range (EUR/yr) 41 938 50 500
Min CO2 (kg/yr) 14 207 (Sol. II) 50 800 (Sol. II)
Max CO2 (kg/yr) 47 431 (Sol. III) 87 000 (Sol. III)
CO2 range (kg/yr) 33 224 36 200
Min EII 0.374 (Sol. III) 0.371 (Sol. III)
Max EII 0.521 (Sol. I) 0.481 (Sol. I)
EII range 0.147 0.110

C. Representative Pareto Solutions

Table VI presents the four representative Pareto solutions
under each grid scenario. Fig. 6 provides a direct comparison
of ALCC, COtotal

2 , and EII relative to the respective grid-
only baselines; Fig. 7 compares optimal component sizing
across all solutions.

TABLE VI: Representative Pareto solutions under France
(0.039 kg/kWh) and global (0.454 kg/kWh) grids.

France grid (0.039 kg/kWh) Global grid (0.454 kg/kWh)
Indicator Sol. I Sol. II Sol. III Sol. IV Sol. I Sol. II Sol. III Sol. IV
Optimal sizing
APV (m2) 1 760 1 947 1 980 1 964 1 933 1 978 1 975 1 976
Qbat (Ah) 1 030 1 075 49 636 2 560 866 1 482 62 205 4 790
QH2 tank (m3) 4.87 5.62 16.57 10.40 7.41 16.25 20.03 14.17
PFC (kW) 12.90 13.25 101.93 25.18 11.11 76.04 94.51 60.88
PEL (kW) 13.57 13.74 21.13 25.64 24.95 23.83 23.27 23.97
FL-EMS parameters (%)
α1 20.79 21.89 16.52 17.93 22.09 19.11 17.85 17.81
α2 24.43 35.88 61.13 32.44 37.05 45.14 49.88 38.22
α3 27.02 37.88 66.28 46.23 53.58 62.51 70.43 68.84
α4 29.02 40.84 68.28 48.23 60.25 68.15 75.40 72.81
β1 17.18 29.51 41.67 27.69 33.59 32.74 33.26 31.01
β2 25.86 31.86 48.78 32.88 35.59 35.71 36.57 35.82
β3 28.93 45.88 52.97 52.17 43.86 72.87 74.60 73.40
β4 44.42 52.21 72.57 69.34 55.72 74.87 76.60 75.40
Performance indicators
NPC (k EUR) 864.55 864.96 1 455.70 906.79 881.00 929.00 1 600.00 947.00
ALCC (EUR/yr) 61 342 61 371 103 280 64 339 62 500 65 900 113 000 67 200
LCOE (EUR/kWh) 0.1596 0.1597 0.2688 0.1674 0.1626 0.1715 0.2950 0.1749
COtotal

2 (kg/yr) 14 340 14 207 47 431 15 764 53 400 50 800 87 000 53 700
EII 0.521 0.497 0.374 0.450 0.481 0.456 0.371 0.414

The results indicate that higher grid carbon intensity
drives greater renewable penetration and increased storage
utilization. Under the global grid, PV capacity reaches its
upper bound and hydrogen storage increases in emission-
focused solutions, as reducing reliance on carbon-intensive
grid electricity becomes the dominant optimization driver.

D. FL-EMS Co-Optimization Contribution

The contribution of jointly optimizing FL EMS parameters
alongside system sizing is evaluated by comparing Config-S
(sizing only) and Config-J (joint optimization).

Table VII summarizes sizing, FL-EMS parameters, and
performance for both configurations.
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Fig. 6: COtotal
2 , ALCC, and EII for Solutions I–IV under

France and global grids, relative to grid-only baselines.
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TABLE VII: Config-S (sizing only, 5D) vs. Config-J (joint
sizing and control, 13D) for the France grid scenario.

Config-S (Sizing only, 5D) Config-J (Joint, 13D)

Indicator Unit Sol. I Sol. II Sol. III Sol. IV Sol. I Sol. II Sol. III Sol. IV
Optimal sizing
APV m2 1,758 1,873 1,978 1,970 1,760 1,947 1,980 1,964
Qbat Ah 1,887 1,493 50,485 5,653 1,030 1,075 49,636 2,560
QH2 tank m3 11.81 11.89 15.24 14.13 4.87 5.62 16.57 10.40
PFC kW 8.75 12.87 99.26 30.18 12.90 13.25 101.93 25.18
PEL kW 15.47 17.57 17.53 17.56 13.57 13.74 21.13 25.64
FL-EMS parameters (%) — Config-J only
α1 % fixed (20) 20.79 21.89 16.52 17.93
α2 % fixed (50) 24.43 35.88 61.13 32.44
α3 % fixed (80) 27.02 37.88 66.28 46.23
α4 % fixed (90) 29.02 40.84 68.28 48.23
β1 % fixed (20) 17.18 29.51 41.67 27.69
β2 % fixed (50) 25.86 31.86 48.78 32.88
β3 % fixed (80) 28.93 45.88 52.97 52.17
β4 % fixed (90) 44.42 52.21 72.57 69.34
Performance
NPC kC 876.04 878.22 1,458.71 927.50 864.55 864.96 1,455.70 906.79
ALCC C/yr 62,157 62,312 103,499 65,808 61,342 61,371 103,280 64,339
LCOE C/kWh 0.1617 0.1621 0.2693 0.1712 0.1596 0.1597 0.2688 0.1674
CO2 kg/yr 15,020 14,753 47,958 17,671 14,340 14,207 47,431 15,764
EII – 0.495 0.483 0.372 0.416 0.521 0.497 0.374 0.450
∆: Config-J vs. Config-S
∆ALCC C/yr – −815 −941 −219 −1,469
∆ALCC % – −1.31 −1.51 −0.21 −2.23
∆CO2 % – −4.53 −3.70 −1.10 −10.79

These results confirm that co optimization improves both
economic and environmental performance, although the mag-
nitude of improvement depends on the level of operational
flexibility. In the France grid scenario, ALCC is reduced by
up to 2.23% and CO2 emissions by up to 10.79%.

In contrast, improvements are limited for highly con-
strained solutions where system sizing dominates perfor-
mance, reducing the impact of control optimization.

V. RESULTS DISCUSSION

Grid carbon intensity plays a critical role in shaping
optimal system configurations and operational strategies,
leading to distinct trade-offs between cost, emissions, and
grid dependence.

A. Impact of Grid Carbon Intensity on System Sizing

Grid carbon intensity has a significant impact on optimal
component sizing. Under the low carbon French grid, cost
optimal solutions select moderate PV sizes and relatively
small battery capacities. Due to the low emission factor,
additional storage provides limited environmental benefit and
is not economically justified.

Under the global grid, PV capacity approaches its upper
bound across all solutions, and hydrogen storage increases
significantly. Fuel cell capacity also increases in emission-
focused solutions, reflecting the need for dispatchable gen-
eration to reduce reliance on high-emission grid electricity.

B. Embodied vs. Operational Carbon Trade-Off

A key observation is the trade-off between embodied
carbon and operational emissions. Under the French grid, the
grid-only baseline is already very low in emissions. Thus,
adding large storage systems increases lifecycle emissions
due to embodied carbon, which can outweigh operational
benefits.

This leads to the counterintuitive result where Solution III
produces higher emissions than the grid-only baseline. This
highlights the importance of lifecycle-based design rather
than focusing solely on energy independence.

Under the global grid, the situation reverses. Avoided grid
electricity becomes the dominant source of emission reduc-
tion, and all solutions achieve significant CO2 reductions,
typically in the range of 69–71%.

C. EII Behavior and Physical Bounds

The energy independence index shows limited variation
across grid scenarios. This confirms that EII is mainly con-
strained by system sizing rather than grid emission factors.

Even in the most independent solution, a significant
portion of energy is still supplied by the grid, indicating
that complete self sufficiency is not achievable under the
considered constraints.
D. FL-EMS Adaptation to Grid Carbon Context

The fuzzy logic-based EMS adapts through optimized
α and β parameters defining H2C and SoC membership
functions. Since the electrolyzer operates when H2C is Low
or Medium, upward shifts in α reshape these regions to
favor operation under higher PV surplus, ensuring renewable-
driven hydrogen production. Similarly, increased β values



promote higher battery reserves, reducing grid dependence
during low PV periods. These adjustments show that opti-
mization refines both sizing and control strategy.
E. Deployment Relevance

The results highlight different deployment opportunities
depending on grid carbon intensity.

Under the French grid, the hybrid system achieves mod-
est emission reductions with minimal cost variation across
solutions.

Under the global grid, the system achieves substantial
emission reductions while remaining economically compet-
itive, with up to 69.4% CO2 reduction and only a 1.9%
increase in ALCC for the best trade-off solution.

These results confirm that the framework adapts effectively
to different grid carbon intensities without structural modifi-
cation. The emission factor is the primary scenario-dependent
input, while the system model and EMS remain unchanged.

This enables direct deployment across regions with vary-
ing carbon intensities, while allowing optimization of both
sizing and control strategies.

VI. CONCLUSION AND FUTURE WORK
This paper presented a PV–battery–hydrogen HES with a

fuzzy logic based EMS, optimized using a multi-objective
NSGA-II framework. The results demonstrate that grid car-
bon intensity significantly influences both optimal system
sizing and operational strategies.

Quantitative results show that under a high carbon grid,
the proposed system can achieve up to 71% reduction in CO2

emissions compared to the grid-only baseline, while under a
low carbon grid, the benefits of additional storage are limited
due to the dominance of embodied emissions.

A key contribution of this work is the identification of
the trade-off between embodied and operational emissions,
highlighting that energy independence does not always lead
to lower lifecycle emissions.

The proposed framework effectively captures the trade offs
between cost, emissions, and grid dependence, while main-
taining adaptability across different grid scenarios without
structural changes.

Future work will extend the model by incorporating addi-
tional renewable energy sources, evaluating multiple building
types and geographic regions, and including component
degradation to improve long term accuracy and robustness.
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