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Abstract

To address the limitations of conventional single-stack fuel cell hybrid systems using
equivalent hydrogen consumption strategies, this study proposes a multi-stack energy
management strategy incorporating fuel cell health degradation. Leveraging a fuel cell
efficiency decay model and lithium-ion battery cycle life assessment, power distribution is
reformulated as an equivalent hydrogen consumption optimization problem with stack
degradation constraints. A hybrid Genetic Algorithm-Particle Swarm Optimization (GA-
PSO) approach achieves global optimization. The experimental results demonstrate that
compared with the Frequency Decoupling (FD) method, the GA-PSO strategy reduces
hydrogen consumption by 7.03 g and operational costs by 4.78%; compared with the
traditional Particle Swarm Optimization (PSO) algorithm, it reduces hydrogen consumption
by 3.61 g per operational cycle and decreases operational costs by 2.66%. This strategy
ensures stable operation of the marine power system while providing an economically
viable solution for hybrid-powered vessels.

Keywords: fuel cell; equivalent hydrogen consumption; state of health; multi-stack; marine
hybrid power systems; power distribution; GA-PSO algorithm; energy management; fuel
cell degradation

1. Introduction

International maritime transportation is the dominant mode of transportation in
international logistics. Compared to air freight and other modes of transportation, shipping
is the most economical and environmentally friendly method of transporting goods over
long distances. However, with the increasing volume of shipments from all over the
world in recent years, people are becoming more and more worried about the emission of
pollution from ship shipping. Ships emit a wide variety of pollutants such as oily water,
nitrous oxide, nitrogen monoxide, particulate matter, and greenhouse gases during their
voyages. According to the International Maritime Organization (IMO), carbon dioxide
emissions from international shipping may increase by 250% by 2050 [1]. In this context,
proton exchange membrane fuel cells (PEMFCs) have been increasingly adopted in the
shipbuilding field in recent years due to their high energy conversion efficiency and zero-
pollution emissions of water and water vapor [2]. Furthermore, renewable energy sources
have gained widespread recognition as viable alternatives to fossil fuels. However, their
inherent intermittency and variability, stemming from the unpredictable nature of natural
resources like sunlight and wind, pose significant challenges to ensuring stable energy
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supply and achieving large-scale deployment. Electrolysis for green hydrogen production
offers a promising solution. It serves not only as a key pathway to obtain clean hydrogen
energy but also as an effective means to mitigate the intermittency and fluctuation issues
associated with renewables [3]. This dual benefit significantly enhances the appeal and
practicality of fuel cells, further bolstering their adoption as power generation units and
propulsion systems, particularly in transportation. Proton exchange membrane fuel cell
(PEMEC) technology has undergone extensive research in maritime applications, and its
practical implementation in modern ship-building has markedly accelerated in recent years.
Global research teams are now actively investigating the integration of fuel cell hybrid
energy storage systems for all-electric vessels [4].

While conventional fuel cell vessels predominantly employ single-stack fuel cell
systems coupled with lithium-ion batteries, this configuration encounters critical power
density limitations when scaled for large commercial vessels engaged in international trade
routes. Specifically, the maximum continuous rated power of single-stack architectures
becomes constrained under sustained heavy-load operations. Maritime fuel cell systems
employing multi-stack architectures demonstrate superior operational flexibility compared
to single-stack configurations. To satisfy propulsion and auxiliary power requirements in
commercial-scale applications, contemporary marine designs increasingly adopt hybrid
systems integrating multi-stack fuel cells with advanced energy storage units. For example,
in Ref. [5], The authors propose a Particle Swarm Optimization algorithm for power
allocation in multi-stack fuel cell powertrains, utilizing dual-stack fuel cells and lithium-
ion batteries to minimize hydrogen consumption. In Ref. [6], the authors implemented a
PSO-based equivalent consumption minimization strategy (ECMS) for real-time power
allocation between dual-stack fuel cells and lithium-ion batteries, achieving enhanced
hydrogen consumption minimization and improved state of charge (SOC) management.

Beyond power constraints, the lifespan and degradation of fuel cells are also critical
factors. The state of health (SOH) of a fuel cell is a key indicator reflecting the degree of
performance degradation of a fuel cell stack during long-term operation. It is generally
defined as the ratio of the fuel cell’s maximum output performance (such as maximum
output power, rated current density, etc.) under the current state to its initial performance
in a brand-new state (SOH = current performance/initial performance x 100%). For
PEMECs, the degradation of SOH is mainly associated with the degradation processes of
core components, including the aging of proton exchange membranes, the decline in catalyst
activity, and the corrosion of carbon supports. This directly reflects the remaining service
life and reliability of the fuel cell stack. The SOH of fuel cells exerts a significant impact
on the development of energy management strategies for PEMFCs [7]. To address the
challenge of low durability in PEMFCs and ensure their consistent and reliable performance
throughout the operational cycle, it is essential to adopt necessary management measures
and system maintenance during the use of fuel cells. This includes monitoring SOH
and predicting the future aging trends of PEMFCs. During prolonged operation, their
performance gradually deteriorates due to complex operating conditions and component
aging, eventually dropping to the minimum acceptable threshold. As noted in research on
proton exchange membrane fuel cell degradation prediction using Transformer models,
such performance decline not only impairs efficiency and output power but also shortens
service life and raises maintenance and replacement costs. To tackle how the limited
lifespan of fuel cells hinders their commercialization, numerous researchers have been
continuously exploring health indicators and prediction models for these cells. For example,
in Ref. [8], The authors put forward the Virtual Relative Power Loss Rate (VRPLR) as a
health indicator for fuel cells, which markedly reduces the correlation with current. To
tackle the overfitting issue caused by the reversible voltage loss recovery phenomenon, they
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developed an LSTM model with a forced forgetting gate. This improved model achieves a
prediction range of 472 h, 46% longer than that of traditional models, while cutting down
the multi-step prediction error by around 50%. In Ref. [9], the authors employed both
model-based methods and a combinatorial optimized data-driven approach integrating
PSO and LSSVM to predict the remaining useful life of proton exchange membrane fuel
cells. The results demonstrated that the combinatorial optimization algorithm achieved
high prediction accuracy, offering a reference for fuel cell health management in terms of
fault identification and life prediction.

Conventional energy management systems (EMS) for fuel cell-powered vessels pri-
marily employ rule-based or proportional-integral (PI) control strategies. While these
approaches offer straightforward implementation, they fail to deliver optimal energy
distribution for multi-stack configurations or accommodate dynamic load variations char-
acteristic of maritime operations, such as transient power requirements during vessel
docking and anchorage maneuvers. Consequently, optimization-based energy manage-
ment strategies demonstrate superior performance in large-scale marine fuel cell systems.
Optimization-based energy management strategies adaptively regulate power distribution
according to vessel operational profiles, effectively addressing excessive generation, fre-
quent energy storage cycling, and auxiliary system inefficiencies inherent in conventional
rule-based approaches. For example, in Ref. [10], the authors employed a two-dimensional
dynamic programming algorithm to determine the global optimal policy and utilized a
two-dimensional Pontryagin’s least-squares principle algorithm to acquire the optimal pol-
icy. In Ref. [11], the authors implemented stochastic dynamic programming to enhance fuel
cell longevity while maintaining fuel efficiency in hybrid vehicle powertrains, achieving
14% extended fuel cell service life with merely 3.5% incremental hydrogen consumption.
In Ref. [12], the authors develop a dictionary-order-augmented constraint optimization
method for coordinated voyage planning and multi-objective scheduling of ship power
systems with hybrid energy storage systems. In Ref. [13], the authors establish a dis-
tributed variable-slope control strategy with adaptive energy management to improve
state-of-charge balancing in marine energy storage devices. In Ref. [14], the authors model
time-varying hydrogen consumption and efficiency by incorporating fuel cell degrada-
tion rates, proposing a dual-mode energy management strategy for co-optimizing energy
consumption and fuel cell performance. In Ref. [15], the authors formulate the original
nonlinear problem as a mixed-integer linear programming model, solving it through an
enhanced e-constraint method to simultaneously reduce operational costs and emissions.

For large fuel cell vessels, energy management strategies and fuel cell lifespan hold
equal importance. For example, in Ref. [16], the authors focus on hybrid fuel cell-electric
ship energy management, proposing an optimization model that simultaneously considers
fuel cell degradation costs and hydrogen consumption. The study transforms nonconvex
voyage constraints into convex formulations while applying linearization techniques to
address nonlinear degradation factors including start-stop cycles and power fluctuations.
This mixed-integer programming approach minimizes total operational costs (fuel + degra-
dation), with simulations showing the strategy reduces fuel cell aging costs to 13% of
conventional methods, confirming its effectiveness in prolonging stack service life. In
Ref. [17], the authors proposed an adaptive equivalent consumption minimization strategy
(AECMS) for hybrid fuel cell marine power systems to address efficiency degradation.
By establishing a time-varying efficiency model, this study quantitatively links efficiency
degradation to operational conditions and dynamically adjusts the energy management
objective function using degradation factors. The simulation results demonstrate 5.05%
efficiency improvement and 3.32% equivalent hydrogen consumption reduction across
degradation stages (slight, semi-degraded, severe), effectively mitigating performance de-
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cline impacts on system economy. In Ref. [18], the authors developed a deep learning-based
energy management strategy for fuel cell hybrid ships, achieving multi-objective optimiza-
tion of voyage cost, fuel cell lifespan, and battery state of charge through action space
design optimization. This method converts fuel cell degradation into cost terms within the
reward function. In Ref. [19], the authors implemented a dynamic programming-based
optimization method to determine component sizing, baseline power control, and energy
management strategies for engine-battery systems. The framework integrates real-time
optimal control using extended Kalman filtering with model predictive control, accurately
predicting propulsion power demand and battery health through operational data and
degradation models.

Previous studies have mainly focused on two research priorities, such as integrating
energy management strategies with fuel cell lifespan optimization, but have not addressed
the challenges of multi-stack configurations. Building on previous research, this paper
proposes a marine fuel cell hybrid power system that combines a dual-stack fuel cell
system with a lithium battery system. Compared with single-stack fuel cells, the dual-stack
configuration has a broader load power coverage and stronger fault tolerance—if one stack
fails, the other can continue to operate. The experimental framework takes into account
both fuel cell efficiency and lifespan and adopts a novel energy management strategy that
integrates the Genetic Algorithm (GA) and Particle Swarm Optimization (PSO) algorithm,
comparing it with the PSO algorithm and Frequency Decoupling (FD) algorithm. This
hybrid approach is compared with the traditional PSO algorithm, aiming to synergize the
global search capability of GA and the local search efficiency of PSO, thereby achieving
faster convergence speed and better solution quality.

2. Ship Simulation Model
2.1. Fuel Cell Efficiency Modeling

The fuel cell model investigated in this paper is developed using experimentally de-
rived polarization curves. During operation, dynamic variations in fuel cell output power
caused by external conditions lead to inconsistent degradation levels among individual
stacks. This study focuses on validating the hydrogen consumption optimization and sta-
bility enhancement effects of the proposed power allocation strategy, rather than analyzing
transient fuel cell responses during prolonged aging. Consequently, fixed state of health
(Soh) values are assigned to fuel cells to isolate dynamic aging interference and enable
controlled performance evaluation at predetermined degradation thresholds. Considering
different fuel cell aging degrees, this paper investigates four fuel cells with Soh values of 1,
0.7, 0.5, and 0.3, respectively. Soh is defined as the voltage degradation level based on the
rated current, with the maximum allowable voltage drop specified as 10%.

Figure 1 shows the energy flow of the fuel cell system. The efficiency of the fuel cell
system (77¢.5) is defined as the ratio of the net electrical energy output (Eyet) to the input
hydrogen (Ep, ;). The system efficiency of a fuel cell system is defined as [20]

M fes = N fuelllconvlelec )

where 777, is the fuel efficiency of the fuel cell, which is set to 1 and does not change in this
study. #conv is the conversion efficiency of the fuel cell and #,j,, is the electrical efficiency of
the fuel cell.
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Figure 1. Energy flow of the fuel cell system.
The conversion efficiency #¢on0 is determined only by the voltage of the fuel cell:

Heonv = M 2)
Haconsumed
where Eq is the electrical energy generated by the fuel cell stack and Ep, consumed is the
chemical energy of hydrogen consumed by the electrochemical reaction of the fuel cell.
The conversion efficiency of the fuel cell after degradation can be expressed by the
coefficient of variation {cony:

Ceono = 0.9 + 0.1SOH )

The electrical efficiency 7, is defined as the ratio of the output energy to the energy
produced by the fuel cell and is determined by the efficiency #pc/pc of the DC/DC
converter and the power of the auxiliary components Egx:

Enet Eaux

Melec = =1Mpc/pc —
Estack / Estack

(4)

In this study, it is assumed that E,,y starts at 15% of Eg, and increases during
degradation. The decline of Eqyx can be represented by Eyx, degraded:

Eaux
Euux, degraded — é (5)
conv

So the efficiency of 7., after degradation can be expressed by the coefficient of

variation . .
_lelec, degraded

Celec - (6)

Helec

According to the above equation, the coefficient of variation in the system efficiency,
Cfe_sys, of the fuel cell can be calculated:

gf = CelecGeonv (7)

Csys

Nfe 8

Ufcsys, degraded — gfﬁsys sys

According to Equations (1)—(8), the fuel cell efficiency decay curve (Figure 2) can be
derived for a Soh of 1, 0.7, 0.5 and 0.3.
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Figure 2. Fuel cell efficiency decay curves.

2.2. Li-lon Battery Model

The state of charge (SOC) of lithium-ion batteries, as a core indicator for measuring
remaining battery capacity, plays an irreplaceably critical role in optimizing the operational
efficiency of energy management systems, extending battery service life, and ensuring
the stability of battery performance. In practical applications, academia and industry
have developed various SOC estimation methods, among which the more widely used
ones include the voltage method, coulomb counting method, and Kalman filter method.
The voltage method primarily relies on the corresponding relationship between battery
terminal voltage and SOC for estimation; it is simple to operate but easily disturbed by
factors such as temperature and aging degree, resulting in limited accuracy. The Kalman
filter method, on the other hand, achieves dynamic estimation through establishing battery
state equations and observation equations and using recursive algorithms. Although it can
effectively suppress the impact of noise, it has higher requirements for model accuracy and
relatively greater computational complexity.

Considering the application scenario of this study, computational costs, and actual
needs for estimation accuracy, this paper ultimately selects the coulomb counting method
for SOC analysis. Based on the principle of charge conservation, this method tracks changes
in battery capacity through integral calculation of charge-discharge current, featuring clear
principles, simple implementation, and high estimation accuracy in the short term. The
relevant calculation formula is as follows [21]:

f()T Ucolibatt (t)dt
Qbatt

Lithium-ion battery cycle life is quantified through a degradation model accounting
for charge—discharge cycles and depth of discharge (DOD) [22]. The process consists of
three stages: data reconstruction, extraction of the number of cycles, and calculation of the
DOD for each cycle. The equivalent cycle life of a Li-ion battery is given by Eq:

SOC(t) = SOCy + ASOC = SOCy — 100 )

o - ;i

where i is the number of cycles, N(1) represents the cycle life when DOD is 1, DOD,, is
the DOD in cycle m, and N(DODy,) is the cycle life when DOD,,,.

As shown in Table 1 and Figure 3, the rated cycle life at different DODs can be derived
from the above equation.
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Table 1. Rated cycle life at different DODs.
DOD Cycle Life (Day)
0 10,610
0.2 8720
0.4 7200
0.6 5200
1 4700
11000 -
10000 -
9000 |-
= 8000
S 1000 |
6000 |-
5000 |-
4000 1 1 1 1 1
0.0 0.2 0.4 0.6 0.8 1.0
DOD
Figure 3. Relationship between number of cycles and depth of discharge (DOD).
The cycle life function can be fitted as
N = 4375 x DOD — 10,280 x DOD + 10,610 (11)

This equation enables estimation of lithium-ion battery remaining cycle life following
individual maritime voyages.

3. Energy Management Strategy

The core idea of ECMS is to equate the energy demand of the fuel cell and energy stor-
age system to equivalent hydrogen consumption. In this paper, we propose an optimization
algorithm that simultaneously optimizes the equivalent hydrogen consumption of FCS
and lithium-ion batteries, aiming to minimize hydrogen consumption. Energy losses from
power distribution and conversion are excluded to enable direct comparison of energy
management strategies under the improved algorithm. The optimization process steps are
shown below:

(1) A possible Li-ion battery and fuel cell output power.

(2)  Define the scope of the variables Py and Ppgy.

(3) Calculate the optimized equivalent hydrogen consumption using the PSO or
GAPSO algorithms.

(4) Repeat steps 1-3 until an optimal solution is found.

3.1. Comparison of Intelligent Optimization Algorithms

Intelligent optimization algorithms, characterized by self-organization and adapt-
ability, have demonstrated unique advantages in solving complex optimization problems.
However, due to differences in their inspirational sources and core mechanisms, vari-
ous algorithms exhibit significant disparities in terms of search capability, convergence
speed, applicable scenarios, and other aspects. To intuitively compare the characteris-
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tics of different algorithms, Table 2 summarizes the core advantages and disadvantages
of current mainstream intelligent optimization algorithms, including typical methods
such as the Genetic Algorithm (GA), Particle Swarm Optimization (PSO), the Artificial
Bee Colony Algorithm (ABC), the Firefly Algorithm (FA) and Ant Colony Optimization
(ACO). The comparison is conducted from dimensions such as global search capability,
local optimization accuracy, convergence efficiency, parameter sensitivity, and applicable
problem types, providing a reference for subsequent algorithm selection and analysis of
improvement directions.

Table 2. Comparison of advantages and disadvantages of different intelligent optimization algorithms.

Algorithms Advantage Disadvantage
. Low local search precision, slow
GA Strong global search capability, robust convergence, and complex

performance, and broad applicability parameter tuning

Simple implementation, fast
PSO convergence, and
minimal parameters

Prone to local optima and ineffective
for discrete optimization problems

Exhibits strong robustness and - -
S § 1o ©ss Insufficient local search precision and

ABC possesses powerful global

search capability

low late-stage convergence efficiency

Strong global exploration capability,

Exhibits slow convergence speed and

FA particularly suitable for high sensitivity to parameters
multimodal functions (e.g., light absorption coefficient)
Strong global search capability, Suffers from slow convergence, is

ACO making it well-suited for discrete prone to local optima, and is

optimization problems

parameter-intensive

Since this paper adopts the ECMS energy management strategy, which is a continuous
problem, the PSO algorithm and GA-PSO algorithm are used for optimization after com-
prehensive consideration. Although the PSO algorithm may fall into local optimum, the
advantage of the GA, having a strong global search capability, can help the PSO algorithm
jump out of the local optimum.

3.2. Hybrid GAPSO Algorithm

GA-PSO is a hybrid optimization algorithm that incorporates the features of the
Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). Its main purpose is
to achieve faster convergence and better solution quality by fusing the global search
ability of the Genetic Algorithm with the local search capability of the Particle Swarm
Optimization algorithm [23]. GA-PSO introduces crossover and mutation operations from
Genetic Algorithms into the PSO framework, enhancing the algorithm’s global search
capability while preventing convergence to local optima. The implementation flowchart is
detailed in Figure 4.

The updating of the particles is carried out by the following equation:

(1) Speed update formula:

ol = w-vl + 111+ (pbest; — xt) + ca-rp- (gbest — xt) (12)
(2) Position update formula:

it = xb ot (13)

i i
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where vf*l is the velocity of particle i in the t + 1 generation; xf“ is the position of particle
i in the t + 1st generation; w is the inertia weight, which is used for balancing the global
search and the local search; cj, ¢ are the learning factors, which control the particle’s
proximity to the local optimum and global optimum; rq, r, are the random numbers
between [0, 1], which are used to introduce randomness; pbest; is the local optimal position
of particle i; and gbest is the global optimal position of all particles.

Figure 4. Flowchart of GA-PSO algorithm.

The Genetic Algorithm part is mainly used to optimize the particle swarm through
the following steps:

(1) Selection operation

Selection operation is the most important step in Genetic Algorithms; it determines
which individuals (particles) can proceed to the next generation. In GA-PSO, high-fitness
particles are selected as parents for crossover and mutation based on their fitness (objective
function value).

(2) Crossover operation

The crossover operation generates new particles through partial dimension exchange
of solution vectors between parent particles. This mechanism simulates biological genetic
recombination, thereby expanding the solution space exploration. The mathematical
formulation is expressed as

X1,chitd = & X1 + (1 —a)-x2 (14)

X chitd = &-Xp + (1 —a)-xq (15)

where xq, xp are the positions of the two parent particles; « is the crossover factor, which
usually takes values in the range [0, 1].
(3) Mutation operation
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The mutation operation introduces stochastic perturbations to particle positions in
Genetic Algorithms, enhancing solution space diversity and preventing premature conver-
gence to local optima.

XY = x; + 6-rand (16)

where x; is the current position of the particle; J is the magnitude of the variation, which
is usually taken as a small positive number to control the degree of variation. rand is a
random number between [0, 1], which is used to introduce randomness.

The parameters of the algorithms used in this paper are summarized below:

PSO: N=50,c1 =2, =2, w=1;

GA: N=50,a4 =0.8,6 =0.1.

3.3. ECMS-Based Energy Management Strategies
3.3.1. Fuel Cell Equivalent Hydrogen Consumption

The hydrogen consumption rate of a fuel cell is related to the fuel cell output power
and system efficiency as defined below [24]:

Pyc

Cte (17)

th”fc degraded

sys’

Ly, is the low level calorific value of hydrogen, which is 119.96 MJ /kg.

By organizing Formulas (1)—(8) and substituting them into Formula (18), we deduced
the relationship between hydrogen consumption characteristics and fuel cell output power
under different health states. This leads to the fuel cell equivalent hydrogen consumption
diagram shown in Figure 5:

6
Soh=1
”\G 5L Soh=0. 7
b Soh=0. 5
9 Soh=0. 3
E 4k ohe0.3-Soh=0.
N
'% \ Soh=1
= h-0.
23t
=
12}
o
5]
[} o |
=]
[}
oo
o
<
Sl
=
0 1 1 1 1
0 50 100 150 200 250

Output power (kW)

Figure 5. Relationship between fuel cell output power and hydrogen consumption rate under
different Sohs.

A quadratic polynomial with Soh = 1 and Soh = 0.5 can be fitted to the fuel cell
hydrogen consumption rate function based on the data in Fig:

Cre = aPJ%C +bPre+c (18)
where 4, b, and c are the fitting coefficients for the fuel cell. When Soh =1, 2 =2.12271 x 10~10,

b =1.3377 x 107°, ¢ = 0.00735; when Soh = 0.5, 2 = 2.33828 x 10719, p = 1.40562 x 1079,
¢ =0.01087.
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Marine hybrid power systems commonly integrate new and aged fuel cell stacks
to reflect real-world operational scenarios. Through extreme-condition testing of hybrid
configurations combining fresh and degraded stacks, this research demonstrates energy
management strategies’ power allocation optimization capabilities while quantifying hy-
drogen consumption and stability metrics. The experimental setup employs two fuel cells
with Soh values of 1 (pristine) and 0.5 (degraded) to simulate operational extremes.

3.3.2. Li-Ion Battery Equivalent Hydrogen Consumption

The basic principle of the ECMS approach lies in the conversion of the energy de-
mand of the ESS system into an equivalent hydrogen consumption (regarded as an indirect
hydrogen consumption process), and the instantaneous hydrogen consumption equa-
tion of a Li-ion battery is related to the output power of the battery, P, and the SOC
of the battery [25].

n(t
Cpart = L(h ) Pyatt Psoc (19)
v
50C
t)=1-2 —0. 2
n( ) : (Socmax — 50Cpin 0 5) 20

SOC — SOClarget ]3 1)

Pope=1—
0 [Socmux = SOCin

where Py, is the output power of the Li-ion battery at time t; n(t) is the equivalent
factor, which is used to convert the electrical energy consumed by ESS into the equivalent
hydrogen consumption; Pso is the penalty factor to ensure that the SOC of the Li-ion battery
is in a reasonable range; y is the balance coefficient, which is taken to be 0.6; and Ly, is
the low calorific value of hydrogen (120 MJ/KG). SOCyax, SOCyyi, and SOCtgrget are the
maximum, minimum, and target values of SOC, respectively. SOC sy is 90%, SOC,,;, is
20%, SOCltarget is 80%; SOCyqax < SOC < SOC iy,

3.3.3. Power Allocation Strategy

In this system, the fuel cell serves as the primary power source while the energy storage
system functions as the auxiliary power source. The output power allocation between these
two components is primarily determined by minimizing total hydrogen consumption.

Figure 6 depicts the hybrid power system architecture for fuel cell-powered vessels,
comprising two 250 kW fuel cell stacks and two lithium-ion battery banks (550 V, 100 Ah).
To compensate for the inherent slow transient response of fuel cells, the energy storage
system is integrated to ensure rapid load power tracking [26]. In this simulation model, the
DC/DC converter control adopts PI control based on the DC bus voltage error. By real-time
detection of bus voltage deviation, the PI controller generates PWM drive signals to adjust
the duty cycle of switching transistors, achieving stable bus voltage and precise output of
fuel cell power. For the DC/AC inverter control, a dual closed-loop structure is employed,
consisting of an outer voltage loop and an inner current loop. The outer loop regulates the
amplitude and frequency of the AC voltage, while the inner loop tracks current commands.
Combined with SVPWM modulation technology, this setup ensures the stability of output
voltage even under load fluctuations.

The power distribution of the hybrid system is dominated by hydrogen consump-
tion, and the instantaneous hydrogen consumption of the system can be defined by the
following equation:

C = min| (Cra + Coar ) + (Cea + Coara ) | 22)
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Figure 6. Fuel cell vessel power system topology.

Considering that the health of fuel cell 2 is 0.5, the coefficient § is introduced to adjust
the power distribution of the hybrid energy storage system in order to slow down the
degree of continued decline of fuel cell 2. The output power constraints of the fuel cell and
Li-ion battery depend on the following equation:

B (Pfcl + Pbattl) +(1-p): (Pfcz + PbuttZ) = Pload

Pfc,min < Pffl'PfCZ < Pfc,max
SOCin < SOCq,50C; < SOCax

(23)

At low to medium load (<50 kW), B = 0.5; at high load (>=50 kW), ﬁ=#j§ohz In this

way, the use of fuel cell 2 is reduced at high loads in order to prolong its life.

4. Results

This section evaluates the proposed method’s performance. The load profiles from the
fuel cell passenger ship Alsterwasser [27]—equipped with two fuel cells and lithium-ion
battery packs for power generation—are analyzed, consistent with the simulations con-
ducted. The vessel Alsterwasser operates in four states: cruising, docking, anchoring, and
sailing. Figure 7 indicates that cruising exhibits minimal power fluctuations, while docking
primarily involves low-power variations. To analyze hydrogen consumption during dy-
namic load changes and observe fuel cell/lithium-ion battery output under high-load and
peak conditions, this study focuses on mooring and sailing scenarios. Moreover, this paper
introduces the equivalent consumption minimization strategy based on Frequency Decou-
pling (FD) from reference [28] to compare the pros and cons of the GA-PSO algorithm.

Key simulation parameters are listed in Table 3.

Table 3. Main parameters of the model.

Parameter Value
Pte min 20 kW
P 85 kW
FCS fc,max
p fc,rate 85 kW

Power ramp rate limit of FCS +4.24 kW/s
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Table 3. Cont.

Parameter Value
Nominal voltage/capacity 550 V/100 Ah
Phatt,max 110 kW
ESS SOCax 90%
SOCuin 30%
SOCltarget 80%
120 - docking sailing
100 |
_ 80f
=
e}
g 60r
40 F
20
0 1 1 1 1 1 1
0 20 10 60 80 100 120

Time/s
Figure 7. Load power.

4.1. Comparison of Power Under Different Algorithms

The output power of the power source is shown in Figures 8a and 8b, which are the
output power graphs of fuel cell 1 and fuel cell 2, respectively, and Figures 8c and 8d
are the output power graphs of Li-ion battery 1 and Li-ion battery 2, respectively. The
four diagrams demonstrate that fuel cell 2 consistently bears lower output power than
fuel cell 1, intentionally slowing its degradation rate to preserve health. During medium-
low load conditions with both fuel cells stabilized at 20 kW output, lithium-ion batteries
primarily compensate for power fluctuations. In the interval of 2443 s, the load fluctuation
is larger, covering medium-low and high-load intervals. As shown in Figure 8a, the peak
power using the FD strategy is the largest, and the peak power using the Particle Swarm
Optimization (PSO) algorithm strategy is larger than that of the Genetic Algorithm—Particle
Swarm Optimization (GA-PSO) algorithm strategy. This is because the PSO algorithm
falls into local convergence and cannot effectively find the optimal value. During 65-106 s,
the load power rises rapidly and reaches a peak value at 106 s. Among them, the peak
value corresponding to the FD strategy is 63.00 kW, the peak value corresponding to the
PSO algorithm is 62.29 kW, and the peak value corresponding to the GA-PSO algorithm
is 61.11 kW. Finally, the total energy provided by both fuel cells is 30 kW, as shown in
Figure 8b Compared to scenario (a), peak power magnitudes show reductions, especially
at the 100 s mark. The peak output power under the FD strategy is 44.79 kW and the peak
value corresponding to the PSO algorithm is 44.80 kW, while the peak value corresponding
to the GA-PSO algorithm is 44.41 kW. Fuel cell 2 maintains a stable 20 kW output across
all control strategies and operates consistently within the low-to-medium power range
(20-50 kW) to reduce the degradation rate. Figure 8c shows that compared with the FD
method and the PSO algorithm, the GA-PSO algorithm has a faster response speed and
smoother power fluctuations. Notably, during the intervals of 25-27 s and 37-43 s, the
GA-PSO algorithm can quickly adapt to load changes. All three methods maintain the final
output power of the lithium-ion battery at 3.33 kW. The characteristics of (d) are similar
to those of scenario (c). The GA-PSO algorithm shows faster response characteristics than
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the FD method and the PSO algorithm, and all three strategies converge to a final output
power of 13.33 kW.
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Figure 8. (a) Fuel cell 1 output power, (b) fuel cell 1 output power, (c) Li-ion battery 1 output power,
(d) Li-ion battery 2 output power.

4.2. Comparison of Hydrogen Consumption

Figure 9 compares the hydrogen consumption of fuel cell 1 and fuel cell 2 under
different control strategies. The hydrogen consumption profiles of the three methods are
generally stable. However, due to the tendency of the Particle Swarm Optimization (PSO)
algorithm to fall into local optima during power surges, the hydrogen consumption of
the Genetic Algorithm-Particle Swarm Optimization (GA-PSO) algorithm is significantly
lower than that of the PSO algorithm. Meanwhile, the Frequency Decoupling (FD) method
performs the worst in searching for the optimal value because of its weak global optimiza-
tion capability and susceptibility to frequency-related factors. The GA-PSO algorithm has
stronger adaptability to the dynamic changes of the system and better ability to save hy-
drogen. Table 4 presents the hydrogen consumption values as follows: 153.33 g for the FD
method, 149.91 g for the PSO algorithm, and 146.30 g for the GA-PSO algorithm. Compared
with the traditional PSO algorithm, the GA-PSO strategy reduces hydrogen consumption
by 3.61 g and the single-operation cost by 2.66%. Compared with the FD method, the

GA-PSO strategy reduces hydrogen consumption by 7.03 g and the single-operation cost
by 4.78%.
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Figure 9. (a) Fuel cell 1 hydrogen consumption, (b) fuel cell 2 hydrogen consumption.

Table 4. Total hydrogen consumption and costs under the same algorithm.

The Hydrogen

Consumption (g) Cost (USD)
FD 153.33 0.691
PsO 149.91 0676
GA-PSO 146.30 0658

In Ref. [25], while the authors, who compared PSO with Support Vector Machine
(SVM) methods, demonstrated a 2% reduction in hydrogen consumption, this study de-
velops an enhanced PSO architecture. When implemented within the ECMS framework
under identical operating conditions, the proposed GA-PSO achieves a 2.66% greater hy-
drogen consumption reduction than standard PSO. The findings demonstrate that hybrid
algorithm strategies exhibit superior potential compared to conventional single-algorithm
substitution approaches.

4.3. Battery SOC and Its Lifetime Prediction

The SOC variation in Li-ion batteries is shown in Figure 10. The final SOC values are
shown in Table 5. Here, (a) shows the variation in SOC of Li-ion battery 1 and (b) shows
the variation in SOC of Li-ion battery 2. The figure indicates that the SOC trajectories of
the lithium-ion batteries under the three methods are basically consistent during the initial
24 s. After 24 s, the SOC decline rate of the Frequency Decoupling (FD) method is the
slowest compared to the other two methods. In contrast, the SOC consumption rate under
the Genetic Algorithm—Particle Swarm Optimization (GA-PSO) algorithm is accelerated
compared to the Particle Swarm Optimization (PSO) algorithm, especially after 100 s. The
final SOC under the FD method is 79.71% (battery 1) and 79.45% (battery 2); under the PSO
algorithm, the final SOC levels reach 79.68% (battery 1) and 79.43% (battery 2); while under
the GA-PSO algorithm, the final SOC levels are 79.65% (battery 1) and 79.40% (battery 2).
The final state of charge (SOC) of both lithium-ion batteries 1 and 2 is close to the SOCtarget-
Analysis of the figure shows that the depth of discharge (DOD) of the FD method is the
smallest, and the DOD under the GA-PSO strategy is larger than that under the PSO
algorithm, which leads to a shorter cycle life of the lithium-ion batteries under the GA-PSO
operation mode. As shown in Table 4, the cycle life of the fuel cell can be calculated using
the provided formula. The cycle life of the FD method is the longest, and the cycle life
of the lithium-ion battery under the PSO algorithm is slightly longer than that under the
GA-PSO strategy.
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Figure 10. (a) SOC of Li-ion battery 1, (b) SOC of Li-ion battery 2.

Table 5. Li-ion battery SOC and its cycle life under different algorithms.

Algorithm Battl SOC (%) Batt2 SOC (%) Battl Cycle Life (Day) Batt2 Cycle Life (Day)
FD 79.71 79.45 8704 8683
PSO 79.68 79.43 8702 8680
GA-PSO 79.65 79.40 8700 8678

5. Conclusions

This study focuses on fuel cell-powered passenger ships and adopts an equivalent
hydrogen consumption methodology that incorporates fuel cell degradation, combined
with a semi-empirical lithium-ion battery cycle life model. To minimize hydrogen consump-
tion, an optimization algorithm based on Genetic Algorithm—Particle Swarm Optimization
(GA-PSO) is developed for power allocation. For the 250 kW fuel cell system, compared
with the Frequency Decoupling (FD) method, the GA-PSO strategy reduces hydrogen
consumption by 7.03 g and operational costs by 4.78%; compared with the conventional
Particle Swarm Optimization (PSO) algorithm, the GA-PSO strategy reduces hydrogen
consumption by 3.61 g and operational costs by 2.66%.

The GA-PSO based power distribution strategy can effectively reduce hydrogen
consumption, although the final results show that using the GA-PSO power distribution
strategy leads to a lower number of cycle life times for the Li-ion batteries than using PSO,
but the reduction is relatively small and negligible. Future work will further optimize the
ECMS and take into account the cycle life of Li-ion batteries and use other ways to reduce
Li-ion battery losses.

Moreover, in actual systems, as the number of integrated components increases,
the number of required connectors, control loops, and protection elements will increase
accordingly. This also raises higher requirements for system reliability. Furthermore, these
system-level components themselves have a probability of failure and may even become a
bottleneck for system reliability under certain circumstances. The article has insufficient
research on system reliability, and we will conduct in-depth studies on such issues in
future work.
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