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ABSTRACT: Hydrogen fuel cell ships are one of the key solutions to achieving zero carbon emissions in shipping.
Multi-fuel cell stacks (MFCS) systems are frequently employed to fulfill the power requirements of high-load power
equipment on ships. Compared to single-stack system, MFCS may be difficult to apply traditional energy management
strategies (EMS) due to their complex structure. In this paper, a two-layer power allocation strategy for MFCS of a
hydrogen fuel cell ship is proposed to reduce the complexity of the allocation task by splitting it into each layer of the
EMS. The first layer of the EMS is centered on the Nonlinear Model Predictive Control (NMPC). The Northern Goshawk
Optimization (NGO) algorithm is used to solve the nonlinear optimization problem in NMPC, and the local fine search
is performed using sequential quadratic programming (SQP). Based on the power allocation results of the first layer,
the second layer is centered on a fuzzy rule-based adaptive power allocation strategy (AP-Fuzzy). The membership
function bounds of the fuzzy controller are related to the aging level of the MFCS. The Particle Swarm Optimization
(PSO) algorithm is used to optimize the parameters of the residual membership function to improve the performance
of the proposed strategy. The effectiveness of the proposed EMS is verified by comparing it with the traditional EMS.
The experimental results show that the EMS proposed in this paper can ensure reasonable hydrogen consumption, slow
down the FC aging and equalize its performance, effectively extend the system life, and ensure that the ship has good
endurance after completing the mission.

KEYWORDS: Energy management strategy; fuel cell; nonlinear model predictive control; fuzzy rule control; perfor-
mance consistency; hydrogen fuel cell ship

1 Introduction

Hydrogen energy is considered the clean energy source with the greatest development scope and
application potential in the 21st century [1]. The International Maritime Organization (IMO) has adopted
a more rigorous stance in recent years regarding energy efficiency and emission targets for ships [2]. The
application of clean energy on ships has increasingly become a focal point of research within the field of
shipping. The application of hydrogen fuel cells on ships has become a potential solution to achieve zero
carbon emissions and to meet the goals of ship maneuverability, durability, efficiency, and low noise [3].

Due to technical and material limitations, high-power fuel cells suffer from high cost and short
lifetimes [4,5]. The direct replacement of high-power fuel cells with MFCS may be a more reasonable option.
It can not only share the power demand, reduce the burden of FC, and reduce the risk of failure but also
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improve the stability and safety of the system, avoiding the problems caused by a single high-power FC.
However, although multi-fuel cell hybrid ships show many advantages in applications, existing research still
has limitations. On the one hand, for the energy management of multi-fuel cell hybrid ships, most of the
existing strategies are based on a single reactor system. It’s difficult to be directly applied to the more complex
multi-stack scenarios and to realize the best performance. On the other hand, there is inconsistency in the
performance of each stack, power generation output, and service life. This increases the complexity of MFCS
power allocation, and most existing strategies are inadequate to address these issues.

Efficient energy management technology is one of the necessary prerequisites for hydrogen fuel cell-
powered ships to realize zero emissions. The existing energy management strategies for fuel cell-powered
ships are typically classified into two main categories: rule-based and optimization-based [6]. For example,
an energy management approach based on load prediction and real-time optimization is proposed in [7]
to optimize real-time energy allocation through current operating conditions to meet system constraints
and maintain battery SOC at a healthy level to minimize operating cost consumption. In [8], an energy
management strategy based on fuzzy logic control is proposed to adaptively manage the power allocation
between the fuel cell and the energy storage system and reduce the system’s hydrogen consumption. In [9],
a dual adaptive EMS is proposed. It uses an adaptive low-pass filter to divide the load current into high-
frequency and low-frequency components and generates an adaptive battery current in real time based on
the charging state of the supercapacitor. Accordingly, the filter cutoff frequency is dynamically adjusted to
ensure that the battery only accepts low-frequency current, while the supercapacitor absorbs high-frequency
peaks. This method compresses the range of cutoft frequency changes into a narrower interval, significantly
reducing the battery’s peak current and stress, thereby extending battery life. In [10], an energy management
strategy for hydrogen fuel cell ships based on an improved dynamic programming algorithm (DP) is
proposed to effectively reduce hydrogen fuel consumption and significantly decrease the solution time. In
addition, in recent years, deep learning technology has been increasingly applied in the field of energy
management. It has gradually become a mainstream research direction. Different from energy management
strategies based on rules and optimization algorithms, deep learning-based energy management strategies
learn autonomously. They do this by inputting a large amount of historical and real-time ship driving data.
It is able to recognize the complex nonlinear relationships and patterns of ships. This is done under different
operating conditions. Thus, it realizes accurate and adaptive energy management decisions. For example,
in [11], an EMS uses deep Q-learning to optimize the objectives of ship operating cost, fuel cell life, and
battery SOC. Meanwhile, the complexity of the reward function is simplified by designing the action space to
improve the control effect and convergence of the algorithm. In [12], a data enhancement method combining
long- and short-term memory (LSTM) with a deep reinforcement learning (DRL) algorithm is proposed.
By utilizing LSTM to enhance the data, the diversity and richness of the data are increased. This operation
enables the DRL strategy to better adapt and respond under unknown navigation conditions. The method
effectively improves the generalization ability of the DRL strategy and reduces the FC operational stress and
hydrogen consumption. Enhance its ability to adapt to changes in the real environment. These strategies offer
satisfactory results when applied to a single FC system. But they are not optimal in a ship with MFCS due to
the inherent complexity of the system structure and the challenges associated with power allocation across
FC. In addition, when the performance of each FC is inconsistent, they will have different power generation
efficiencies and lifetimes, which will increase the complexity of power allocation in MFCS. Consequently,
these strategies require further optimization and adaptation to effectively address these issues.

Currently, there is limited research on MFCS, and most of the existing studies focus on optimizing for

system hydrogen consumption. For example, in [13], a constrained optimization algorithm based on Karush-
Kuhn-Tucker conditions is proposed to optimize the efficiency and system hydrogen consumption for MFCS.
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In [14], a control strategy, in conjunction with a designed DC/DC converter, is proposed to maintain the fuel
cell stack in the MFCS at the maximum power point, with the objective of reducing the system’s hydrogen
consumption. In [15], a degradation power allocation strategy is proposed for MFCS, which better optimizes
the low power output while satisfying the load power demand. In [16], a two-layer energy management
strategy is proposed to dynamically adjust the power allocation through real-time load information and the
previous day’s power generation schedule to adapt to the ship’s load fluctuations in actual operation and
reduce the system’s fuel consumption. Although existing studies have been effective in optimizing some of
the metrics, most of them have neglected the impact of the degradation of the performance of each fuel cell in
the MFCS and its differences on the studied metrics. Most of the current studies assume that the performance
of the stacks will not degrade and that there is no aging difference between the stacks. However, in long-term
operation, the active area of the stack catalyst decreases, the membrane electrode impedance increases, and
the performance changes over time due to factors such as operating environment and load fluctuations [17].
Therefore, the development of effective energy management strategies to slow the aging rate of the FC is a
necessary condition to ensure the long-term stable operation of the MFCS [18]. For example, in [19], a novel
multi-time scale EMS approach for a hybrid FC/battery propulsion system is proposed in this paper. The
EMS takes into account battery and FC degradation losses and fuel consumption costs based on actual ship
power requirements. It also makes an effective trade-oft between time complexity and system optimization
by exploring different time scales. The method has a good display of reference significance. In addition, the
consistent performance degradation across the MFCS is also important, which not only reduces the number
of maintenance visits but also allows users to better predict the current state and lifetime of the MFCS.
Currently, three mainstream power allocation strategies are applied to MFCS systems: equal, sequential, and
independent allocation strategies [20]. Scholars have compared these three types of strategies [21,22] and
improved them [23,24] so that these strategies can equalize the level of performance degradation across
FC [25] or ensure the SOC consistency of the storage system [26]. In [27], the research results show that the
longer the operating time of the stack under load fluctuation, the faster its aging rate. Therefore, the output
power fluctuation rate of the fuel cell stack should be made as small as possible during its operation [28].
Furthermore, it is also necessary to establish a corresponding fuel cell stack aging model, with the help of
which the performance degradation of the FC during operation can be monitored in real time [29].

In order to solve the above problems and provide new ideas and methods for energy management
of multi-fuel cell hybrid ships. A two-layer energy management strategy for multi-fuel cell hybrid ships
is proposed in this paper. It can effectively cope with problems such as inconsistent performance of
electric stacks in multi-fuel cell systems and improve the ship’s energy utilization efficiency and operational
performance by optimizing the power allocation. Among them, the first layer EMS of the strategy is based on
NMPC to realize the optimization of hydrogen consumption, aging increment of batteries, and ships range
capability during ship’s operation, and to generate the demand power of the MFCS and batteries. The MFCS
demand power will be used as the input of the second layer EMS. The second layer EMS is based on the
tuzzy rule algorithm (fuzzy) for power allocation, and its goal is to improve the lifetime of the MFCS while
maintaining the aging consistency of the MFCS system or reducing the aging differences of each FC.

2 System Structure and Power System Modeling
2.1 Hybrid Ship Design Parameters

The energy topology used in this study is designed using the energy topology of the “Three Gorges
Hydrogen Ship No. 1” [30] as a reference, assuming a ship speed of 20 km/h and a hydrogen storage
capacity of 240 kg. A simplified energy transfer diagram of the ship power system is shown in Fig. 1. The
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system comprises electric motors, fuel cells, and auxiliary energy storage devices, which are connected to the

shipboard equipment through rectifiers or inverters.
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Figure 1: Ship energy conduction diagram

2.2 Ship Power System

Bidirectional DC/DC

Lithium Battery

I

The timely adjustment of the output power distribution of each stack when multiple stacks are put into
operation simultaneously can effectively enhance the durability, service life, and system stability of the power
stacks [15]. MFCS topology is divided into series and parallel. This paper adopts the parallel structure, the
advantage is to improve the stability of the system and make it easy to maintain. The main parameters of the

stacks are presented in Table 1.
Table 1: Equipment parameters

Equipment Description Symbol Value
FC Output voltage Vi (V) 200-380
Output current Irc (A) 0-400
Output power Psc (kW) 0-70
High power Phigh (kW) 67
Low power Py (kW) 3
Number of FC N¢ (-) 4
Battery Battery capacity Qpar (kWh) 900
Maximum SOC SOCpax (V) 0.8
Minimum SOC SOCpin (V) 0.2
Initial SOC SOCinitial (V) 0.52
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2.3 System Model
2.3.1 Fuel Cell Hydrogen Consumption Model

In this paper, a fuel cell hydrogen consumption model is used to describe the numerical relationship
between the output power, hydrogen consumption rate, and fuel efficiency. The mathematical model is shown
in the following equation:

dez _ Pfc
dt Elow,Hz nfc

©)

where Py, is the fuel cell output power (kW), 7 7. is the fuel efficiency (%), Ejoy, 1, is the low calorific value of
hydrogen and is set as 33.33 kWh/kg, 77, is a function of Py, and their relationship is shown in Fig. 2 under
different degrees of performance degradation. Based on reference [16], it is known that the total efficiency
Y fe,tot Of the MFCS can be obtained from the following equation:

Pfc,tot
Mfe,tor = N (2)
festot Cfc,totElow,Hz
Ny p, .
fe,i
Cretor =), ———— (3)
fertot IZ:; ﬂfc,iElow,Hz

where N, is the number of FC, ¢, 1o; and 7 7. ; are the total fuel efficiency of the MFCS and power generation
efficiency of the individual FC, Cy. ;,; is the overall fuel consumption rate of the MFCS, and Py, ;o and Py, ;
are the total output power of the MFCS and the output power of the individual FC. In addition, to avoid
repeated startups of the FC and prolonged operation in the low-load condition and low efficiency range. The
set FC power curve is not plotted from 0 kW. This helps to optimize the overall performance and stability of
the system and ensures that the FC operates within a reasonable efficiency range.

——— After 1k hours usage
—— After 10k hours usage

After 5k hours usage
After 20k hours usage

70 - -

Efficiency/%

Power/kW

Figure 2: Fuel cell efficiency curves at different degradation levels
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2.3.2 Fuel Cell Aging Model

The aging of fuel cells depends on numerous factors, but currently, scholars believe that its aging is
primarily caused by four factors: load power fluctuation, start-stop, low-power load, and high-power load.
To ensure the validity and accuracy of the construction strategy, a discrete degradation model for the fuel
cell was established as follows [31]:

n

ch = Z (dsturt,stop (l) + dlow (l) + dloadf;mﬂge (l) + dhigh (1)) (4)

i=1

where Dy, is the degree of FC degradation. d;ar1,st0p is the performance degradation caused by the start-stop
condition, and the unit is %/cycle. dloadchangz is the performance degradation caused when the load power
of the FC changes, and the unit is %/kW. dj,,, and d;,, are degradation caused by the low and high load

conditions, respectively, and they all have units of %/h. The corresponding performance degradation rates
for the four operating conditions are shown in Table 2.

Table 2: Degradation rate of different operating condition

Condition Symbol Degradation rate

Start and stop  dstart,stop 1.96 x 1072
Load change dloadfhmge 9.27 x 1077
Low load diow 1.26 x 1073
High load dhigh 1.47 x 107

2.3.3 Endurance of Hydrogen Fuel Cell Ships Model

The endurance of hydrogen fuel cell ships is a main performance indicator for ship design. Based on
the ship endurance evaluation model [32], the endurance evaluation model of the hydrogen fuel cell hybrid
ship is established as:

_ Gumrcs + Mpz (SOCepna - Qpar)
Gumrcs, T + Gar, T

S - Vs (nkm) (5)

where Gyrcs is the total quantity of fuel remaining in the MFCS (kg), SOC,, 4 and Qy,; are the remaining
SOC (%) and the total capacity (kWh) of the battery at the end of the present mission, mp; is the total
amount of fuel corresponding to the current remaining SOC of the battery (kg), Gyrcs, 7 and Gpgy, 1 are,
respectively, the hourly fuel consumption of the MFCS and the battery (kg/h), V; is the design speed of the
ship (km/h).

2.4 Battery Model

To simplify the analysis process, this paper adopts the Rint circuit model to model the battery. The
relationship between voltage Uy,,; and current I, is:

Ubat = Uocba[ - IbatRhat (6)

where current I, is calculated as:
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UOCbur - \/UOChatz - 4Rbat1bat
2Rbat

7)

Tyt =

where U,,, , and Ry, are the open-circuit voltage (V) and internal resistance (Q2) of the battery, and Py, is
the current power of the battery.

The SOC expression is as follows:

1 t
S0C=50C(0) - o [O Tpat (7) d7 8)

where Q.,, is the battery capacity (Ah), SOC(0) is the battery’s initial SOC (%).

2.4.1 Battery Equivalent Hydrogen Consumption Model

The operating state of a battery is complex and difficult to determine in real time. To simplify the
calculation, this paper adopts the average operating state to calculate the equivalent hydrogen consumption.
The equivalent hydrogen consumption of battery Cy,; can be calculated:

Pbatcfc,,vg

Cpar =90
bat Pfcavg

)

where Cy.,,, is the average hydrogen consumption of the fuel cell (kg), Py.,,, is the average power of the fuel
cell (kW), the ratio of which is the constant g, it can be calculated as:

Mfcavg -4

(10)

Pfc,avg

§ can be calculated as:

1

——————Ppar 20
8 = nhatchgavg : ﬂhatdis (11)

r]batchg ’ nbatdisavgpbat < 0
where #pat,,,,, a0d Hpat,,,,, are the average charge/discharge efficiencies of batteries, Mbateygee = 0-99

Mbatgisae = 0-9% Mbat,,, and Npar,,, are the charging and discharging efliciency of the considered battery, and
the corresponding calculation formula is defined as:

1 4Rbatd- Pbat
Mbatg, = = |1+ | 1- — e 200 (12)
2 ( \‘ Vbat
2
I/Ibatchg = IR 7 (13)
batchg bat
(1 +4/1+ v )

where Rp,y,,, and Ry, are, respectively, the battery discharge resistance ((2) and charging resistance ().
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2.4.2 Battery Degradation Model

The battery degradation model used in this paper is an empirical model. Based on the research
result [33], the degradation model of batteries is established as:

Dyar = DelF* ) . nE 4l 4] (14)

where D, E, F, G, H, and ] are the fitting parameters, T is the temperature (K), and Dy, is the degradation
degree of the battery, indicating the current performance degradation of the battery.

3 Energy Management Strategy

The essence of the energy management for MFCS ships is to meet the ship’s power demand through
two energy allocations. The first allocation is the power allocation between the MFCS and the energy storage
system, and the second allocation is the power allocation between the FC in the MFCS. The block diagram
of the energy management strategy is shown in Fig. 3, where SOC, P,,,; and Dy, are the current remaining
power, load power, and performance degradation of the battery, respectively. P;,,4 is the load power of the
ship. Ps._req> Purcs, and narcs are the reference output power, actual output power, and fuel efficiency of
the MFCS, respectively. Drc, and Prc, denote, respectively, the performance degradation and output power
of each FC in the MFCS.

‘Pﬁ'_w Constraints
o, | T—m——=1 T 1
Torard First principles I PM;
and data fitting :
1
1
Dynamic model | 1
[}
Model |
NMPC Controller
ad SOC Battery
1p Pyires Wares Dy
load
| Membership function | | Rule base |
DF‘C,‘
P .
Obfuscation |p, .. t Fun.}' e JF“-Z?Jr

Fuzzy Controller

Figure 3: Energy management strategy block diagram

As shown in Fig. 3, compared with the existing EMS, the NMPC-NGO + AP-Fuzzy architecture
constructed in this paper is more comprehensive in optimizing the ships key operation parameters. The
architecture innovatively combines NMPC-NGO and AP-Fuzzy. This retains the control accuracy and
robustness of the optimization algorithm and the efficiency of the rule-based strategy. The architecture
enables the algorithm in this paper to maintain superior performance when dealing with multi-objective
optimization tasks. In terms of implementation, this architecture can reasonably allocate several different
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optimization objectives, thus reducing the computational complexity of the algorithm. In addition, the two-
layer EMS designed in this paper fully utilizes the power generation characteristics of Li-ion batteries and
fuel cells. At the same time, it takes into account the performance differences of fuel cells in the MFCS.
According to these differences, a targeted power allocation strategy is formulated, which greatly reduces the
design difficulty of the EMS. The design method is versatile and has unique novelty and high efficiency.

To ensure the effectiveness of the energy management strategy, all the data used in this experiment come
from the experimental test platform. The platform is established on the basis of the experimental platform of

Wuhan University of Technology. Where the ship load power is shown in Fig. 4a and the fuel cell reference
power is shown in Fig. 4b.
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Figure 4: (a) Ship load power and (b) MFCS reference power

As shown in Fig. 4a, the ship load power covers a wide range of operating conditions, which can
effectively characterize the different working conditions that may be encountered in ship operation and
ensure the validity and representativeness of the test results. As shown in Fig. 4b, the reference power setting
of MFCS enables the fuel cell to take up most of the output power and respond smoothly to load changes,
thus alleviating the accelerated aging problem of FC due to load fluctuations.

3.1 NMPC-NGO Based Energy Management Strategy

Fuel cell energy management is a typical decision-making process for multi-stage optimization prob-
lems and thus is suitable for the NMPC algorithm. However, the traditional NMPC algorithm has a greater
dependence on the selection of initial values when solving using the SQP algorithm. Improper selection of
initial values may lead to falling into local optimal solutions or even failing to find feasible solutions. To solve
this problem, the NGO algorithm is introduced into the optimization process in this paper. By transforming
the single SQP search into a combination of NGO global search and SQP local accurate search, the problem

of improper selection of initial value is avoided, and the stability and tracking performance of the algorithm
are improved.

Compared with traditional population optimization algorithms, the NGO algorithm has a stronger
ability to find the optimal value and a faster convergence rate [34], and the algorithm primarily encompasses
two processes of prey recognition: pursuit and escape [35]. The initial stage, random selection and fast
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approximation, is described by the following equation:

X,-,j+r(p,-,j—1x,-,j),Fp,» < F;
Xnew,Sli,j = (15)
' Xi,j+r(xi,j—pi,j),Fpi > F;

where X; j and X,.,s, ;,j are the positions of the i™ northern goshawk before and after the jth dimensional
update, p; ; is the current location of the i northern goshawk’s /" dimensional prey, F; and Fp; are the
fitness value of the i" northern goshawk and the corresponding objective function value of its prey, r is a
random parameter in [0, 1], I is a random parameter of 1 or 2 for the random parameters.

The second stage, the escape and pursuit stage, is described by the following equation:

Xnew,Szyi,j IX,')]'—R(ZT'—I) Xi,j (16)

R=0.02 (1 - t—jﬁ) 17)

where X,.,,s, i,j is the new position of the Northern Goshawk after pursuit, R is the radius of the pursuit
circle, and ¢; and T are the current and maximum iteration times, respectively.

In this simulation, to improve the prediction accuracy, the sampling time is set to 1 s, and both the control
time domain N, and the prediction time domain N, are set to 10. The output power of MFCS and the battery
are used as the decision variables, while the battery SOC, fuel cell hydrogen consumption, battery hydrogen
consumption, and battery aging as state variables. The overall system hydrogen consumption, the battery
aging increment, and the final battery residual capacity are defined as the optimization objectives. These
objectives are to achieve the best balance under different constraints. The MFCS output power obtained after
optimization is used as the input of the second layer energy management strategy, and the input is allocated
further. The cost function of NMPC is described by the following equation:

N N
. 2
min J = wlmHz_Wz + Wy Z (Pfc,,- - Pf”eq,i) + w3 Z Dbut,iz + W SOCN? (18)
i=1 i=1

Pfc,min < Pfc,i < Pfc,max

s.t. Pbat,min < Pbat,i < Pbat,max (19)
APfc,min < ‘Pfc,i - Pfc,i—l‘ < APfc,max

Socbat,min < SOCbat,i < Socbat,max

where Py ., is the output power reference of MFCS, my,,, is the total hydrogen consumption of the
system, SOCy is the final residual power of the battery, Dy, is the degradation degree of the battery,
Ptemin and Pyc pax are, respectively, the minimum and maximum values of the output power of the MFCS,
Pyat,min and Ppyas may are the minimum and maximum values of the output power of the battery, respectively,
SOChpat,min and SOCpat,max are, respectively, the minimum and maximum values of the SOC of the battery.
(Pfc - Pfc,mi)2 is a punitive measure for the deviation of the output power of the MFCS, which can ensure
that the output power of the FC conforms to the expectation in the whole operation cycle, w;, w,, w3 and w4
are the corresponding penalty coefficients of each term, they take the values 143.7, 0.00055, 112, and 0.0031
and are acquired through expert experience and parameter tuning.

In order to reduce the difficulty of obtaining the NMPC control parameters, the sensitivity of the
controller is analyzed in this paper in conjunction with the parameter adjustment process in the experiment.
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It is found that the sensitivity of the controller to parameter changes is closely related to the priority of
the optimization objective and the rate of change. When the optimization objective (e.g., reference power
tracking error) varies greatly with time steps, parameter changes can disturb the optimization sequence and
lead to controller failure. In addition, a change in the weighting factor of a high-priority objective (e.g., system
hydrogen consumption) can have a significant impact on its optimization effect. Once the corresponding
weighting parameters are adjusted, the overall performance of the controller is also greatly affected.

3.2 Fuzzy Rule-Based Adaptive Power Allocation Strategy

In MECS, the system’s performance will be constrained by the output power of the FC exhibiting
the poorest performance [36]. To enhance the lifespan, and performance of the MFCS and reduce the
performance degradation of each FC, a fuzzy rule-based adaptive power allocation strategy is proposed in
the section. The strategy is dynamically adjusted by linking the membership function boundaries to the aging
degree of the MFCS, ensuring that the fuzzy control rules remain effective despite the gradual convergence
of aging differences among the FC. In comparison to the conventional fuzzy control strategy, the AP-Fuzzy is
capable of accurately tracking the degradation trend of the MFCS performance. The convergence threshold
is set to prevent the issue of fluctuating final values and failure to converge due to excessive optimization.

In addition, the membership functions and rules of fuzzy controllers rely on expert experience and are
subjective, making it difficult to achieve optimal results. To address this limitation, the PSO algorithm is used
to optimize the parameters of the residual membership function to improve the efficiency and performance
of the proposed strategy.

The steps of algorithm improvement are briefly described below:

Step 1: Calculate the aging degree of each FC:
Drc.i = Drc (t)i=1,2,3,4. (20)

Step 2: Identify the FCs with the largest and smallest performance degradation and record their aging
values:

Dmax :maX(DFC,i)aDmin = min (DFC,i)- (21)

Step 3: Calculate the current MFCS aging degree of discrepancy:

(Z?:l Z?:l ‘DFCJ B DFC,J")
2(n-1)

Durcs = (i#j)i,j=1,2,3,4. (22)

Step 4: Set the convergence threshold for the aging difference degree and update the actual values
corresponding to the upper and lower limits of the domain of the membership function:

Dmax +6— LB,Dmin -8—>UB-6= DMFCS”, (23)

Step 5: Use the optimization algorithm to optimize the remaining parameters of the membership
function:

4
Costpso = w17 + W2Djeror” + w3 ». Dyei” (24)
P
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{xl,opt’ x2,0pt> e >x25,apt} =PSO {xl,rouh X2, rout> " 3x25,r0ut} (25)

where ¢ is the aging difference degree threshold, UB and LB are the upper and lower bounds of the domains,
7 is the average fuel efficiency of the MFCS, Costpso is the cost function of the optimization algorithm,
D 101 is the total degradation degree of the MFCS, Dy ; is the degradation degree of each stack, x; and x; o
are, respectively, the parameters of the membership function before and after optimization, and Dyrcs,,
indicates that the current aging difference degree has reached an acceptable range, and its role is to avoid the
end value fluctuation and convergence problems caused by over-optimization. The fuzzy input and output
membership function diagrams of fuzzy controllers are shown in Figs. 5-7.
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Figure 5: Dpc membership function distribution
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Figure 6: Pjrcs membership function distribution

The domain of fuel cell stack degradation D¢ is defined as [Dpin — 0, Dmax + 6], the domain of total
demand power Pyrcs is set as [0, 280 kW], and the fuzzy set distributions of them are {RS, S, VS, M, RB,
B, VB}. The domain of demand power ratio Prc percentage is set as [0, 100], and the fuzzy set distribution
is {RS, S, VS, RM, M, VM, RB, B, VB}. The control rules are shown in Table 3. In addition, the sensitivity



Energy Eng. 2025;122(9) 3693

of the fuzzy controller to aging coefficients and fuzzy rules is addressed. The designed fuzzy rules are used
to set the power ratio of each FC load and to constrain the output power fluctuation. When the fuzzy
rules change, it may lead to irrational FC power allocation or aggravate power fluctuation, which affects the
stability of the controller. In contrast, the aging coefficient value of FC changes steadily and with a very small
amplitude. The impact on the controller performance within a short time simulation is weak and almost
negligible. Therefore, the controller is highly sensitive to the fuzzy rules while relatively insensitive to the
aging coeflicient.
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Figure 7: Ppc percentage membership function distribution

Table 3: Fuzzy control rules

Preq
RS § V§S M RB B VB

RS RS RS RS RS S S S

VS VB B RB RB RB VM M

M B B RB VM M M RM
RB RB RB RB M RM M VS
B RB RB RB VM VM VM VS

VB S S S S VS VS VS

4 Experimentation and Analysis

In this section, the effectiveness of the proposed energy management strategy is verified by conducting
simulation studies and comparing and analyzing the data obtained from the experiments. The experimental
environment is configured with MATLAB R2022a and an Intel Core i5-12400f CPU at 2.50 GHz. The project
code is available here: https://gitcode.com/qq_64948492/NMPC_NGO_and AP _Fuzzy (accessed on 22 July
2025).


https://gitcode.com/qq_64948492/NMPC_NGO_and_AP_Fuzzy
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4.1 Analysis of Optimization Effect Based on NMPC-NGO Algorithm

The effectiveness of the proposed algorithm in this paper is verified by comparing it with the three algo-
rithms NMPC-SQP, GA, and DP. The optimization objectives mainly include power tracking performance,
system hydrogen consumption, battery aging increment, and algorithm runtime. The average power tracking
error of the fuel cell output power is shown in Table 4.

Table 4: Average tracking error of solving algorithm

Algorithm  Average tracking error (W)

NMPC-NGO 326.2141
NMPC-SQP 393.8863
GA 468.7697
DP 607.1086

The tracking effect of each algorithm is shown in Fig. 8. Combining Fig. 8 and Table 4, and it can be
observed that all four control algorithms can effectively follow the reference output power. Compared with
the other three algorithms, the proposed NMPC-NGO algorithm has a smaller average tracking error.
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Figure 8: Output power tracking

Moreover, the NMPC-NGO algorithm can respond fast and track the reference trajectory when it
changes abruptly. Therefore, the proposed NMPC-NGO strategy outperforms the other three algorithms in
terms of tracking.
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In order to compare the performance of the four algorithms more intuitively and accurately, the total fuel
consumption, ship endurance, battery aging increment, and total computation time of the four algorithms
during the optimization process are shown in Table 5.

Table 5: Total fuel consumption, ship endurance, battery aging increment, and total computation time

Algorithm Total fuel Ship Aging Computation
consumption endurance increment (%) time (s)
(kg) (km)
NMPC-NGO 24.0697 212.4045 0.05842 684.9119
NMPC-SQP 24.1034 212.1133 0.05850 662.5336
GA 24.1301 211.8717 0.05840 1661.1563
DP 24.0859 212.2122 0.05827 2091.1719

The hydrogen consumption of the four compared algorithms at each step is shown in Fig. 9. As shown
in Fig. 9, the hydrogen consumption profile of NMPC-NGO is lower than the hydrogen consumption profiles
of the other methods. According to Table 5, the NMPC-NGO algorithm has the lowest total hydrogen
consumption, and the longest duration compared to the other three algorithms. Based on each time step
with the system hydrogen consumption, NMPC-NGO is at a low hydrogen consumption level most of the
time. Therefore, it can be concluded that NMPC-NGO has a more obvious and stable energy-saving effect.
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Figure 9: System hydrogen consumption
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The output power and SOC of the battery of the four compared algorithms are shown in Fig. 10.
Combining Fig. 10 and Table 5, it finds that all four algorithms can effectively utilize the batteries to adapt to
the load power fluctuations. With the NMPC-NGO algorithm, the battery residual SOC is minimized. This
indicates its ability to fully utilize the battery to balance the load power fluctuation to reduce the output power
fluctuation of the MFCS system. The NMPC-NGO algorithm has the third highest inhibition capability of
battery degradation among the four algorithms, which is only higher than that of the NMPC-SQP algorithm.
However, it can be judged from the values of battery aging increment that the four algorithms have a small
difference in inhibiting battery performance degradation.
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Figure 10: (a) Battery power changes and (b) Battery SOC

Although the NMPC-NGO algorithm is slightly less capable of suppressing the degradation of battery
performance compared to the DP and GA algorithms, the length of computation time consumed is also one
of the important evaluation indexes for evaluating the optimization algorithms. The computation times of
the NMPC-NGO, NMPC-SQP, GA, and DP algorithms are shown in Table 5.

According to Table 5, compared with GA and DP algorithms, NMPC-NGO and NMPC-SQP algorithms
can better meet the real-time requirements of ships. Although the computation time of the NMPC-NGO
algorithm is higher than that of the NMPC-SQP algorithm, the comparison of the optimization parameters
above shows that the comprehensive performance of the NGO-SQP algorithm is not as good as the NMPC-
NGO algorithm.

4.2 Fuzzy Rule-Based Adaptive Power Allocation Strategy’ Effectiveness Analysis

Different power allocations will affect the aging speed rate of the FC. The effectiveness of the proposed
allocation strategy is verified by comparing it with Fuzzy, Average and Independent allocation strategies. The
principles of the Average allocation strategy and the Independent allocation strategy are as follows:

Independent allocation: the on/off state and output power of each FC in the MFCS can be controlled
independently and decided by the optimization algorithm.

Average allocation: the MFCS demand power is evenly distributed to each FC.

The performance variation of each FC is shown in Fig. 11. The aging of FC and MFCS under the four
strategies is shown in Table 6. According to Fig. 11, the FC aging profiles of the AP-Fuzzy and Average
strategies are always lower than those of the Fuzzy and Independent strategies during the optimization
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time period. Further, with the AP-Fuzzy strategy, the aging of FCl and FC2 is greater than that of the
Average strategy, while the aging of FC3 and FC4 is less than that of the Average strategy, but the overall
aging of MFCS is the smallest. This indicates that the AP-Fuzzy strategy performs well in suppressing FC
performance degradation.
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Figure 11: Performance degradation of the MFCS

Table 6: The aging increment of FC and MFCS

PEMFC AP-Fuzzy (10*) Fuzzy (10™) Average (10*) Independent (10™*)
FC1 3.2647 3.5133 3.2277 3.4143
FC2 3.2495 3.4542 3.2277 3.4111
FC3 3.2063 3.4491 3.2277 3.3765
FC4 3.1625 3.4114 3.2277 3.3337
MECS 12.8618 13.8280 12.9108 13.5356

However, the ability to inhibit FC aging alone does not allow for a comprehensive assessment of the
strategy. To effectively extend the service life of MFCS, it is also necessary to consider whether the allocation
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strategy can narrow the performance gap among FCs. According to Table 6, it finds that with the three
strategies other than the Average strategy, the performance degradation of FC1, FC2, FC3, and FC4 shows
a decreasing pattern from large to small. This indicates that the difference in the performance degradation
between the FCs will be gradually narrowed with the long-term operation of the MFCS, which further
illustrates the effectiveness of the AP-Fuzzy strategy. In addition, compared with the other three allocation
methods, NMPC-NGO fully considers the performance differences of each FC. It can dynamically adjust the
load to avoid overloading the inefficient FCs while allowing the efficient FCs to undertake reasonable tasks,
thus reducing the loss and equalizing the performance decay at the global level. It not only promotes the
consistency of the performance attenuation of each stack in the MFCS but also suppresses the performance
attenuation of the MFCS more significantly, with smaller performance attenuation of each stack and the
MECS, and the service life of the energy system can be effectively extended by utilizing the method proposed
in this paper.

Compared with the other three allocation strategies, the AP-Fuzzy strategy not only reduces the degree
of difference in performance degradation among the FCs but also minimizes the overall performance
degradation of the MFCS, better protects the FCs with poorer performance, and thus is more advantageous
in maintaining the system performance and prolonging the service life of the MFCS.

Fuel efficiency and strategy calculation time are also important in the evaluation of power allocation
strategies. The power generated by each FC with the four power allocation strategies is illustrated in Fig. 12.
The results of the comparative analysis of the four strategies are presented in Table 7, which includes the
MFCS fuel efficiency with the calculation time.

As shown in Table 7, in terms of the average fuel efficiency of the MFCS, the average fuel efficiency of
the MFCS under the AP-Fuzzy allocation strategy is ranked second among the four compared allocation
strategies, slightly lower than that of the independent allocation strategy. In terms of calculation time,
although the average allocation strategy has the shortest calculation time, it cannot effectively extend the
service life of the MFCS. Although the independent allocation strategy is better than the AP-Fuzzy allocation
strategy in improving the efficiency of the MFCS, its longer computation time is not conducive to the real-
time control of the ship. Compared with the fuzzy strategy, AP-fuzzy has an improvement in average fuel
efficiency, and the computation time is almost the same. Although AP-Fuzzy is not optimal in terms of
algorithm computation time and fuel efficiency, its overall performance is well balanced. Therefore, AP-Fuzzy
is more suitable as the EMS for fuel cell ship propulsion systems. It guarantees high fuel efficiency while the
computation time is well controlled, which shows better adaptability and practicability. In addition, in order
to further illustrate the effectiveness of the AP-Fuzzy strategy, the output power profiles of each FC during
the optimized time period are shown in Fig. 12.

According to Fig. 12, except for the Average allocation strategy, the other three allocation strategies can
achieve the preset power allocation targets. Among them, the effect of AP-Fuzzy is the most obvious, and the
output power curve of FC4 is obviously lower than that of FC1, FC2 and FC3, while that of FC1 is higher than
that of FC2, FC3 and FC4. During the optimization period, each stack performed its function effectively.
Among them, the sum of the output power of FC2 and FC3 is always close to half of the load power, which
balances the variation of the load power of the MFCS and avoids too large a difference in the output power
or load fluctuation endured by each stack. On this basis, FC1 and FC4 distribute power according to preset
requirements and avoid shifting to a high or low load state due to load changes during power distribution.
Due to the large performance gap between FCI and FC4, FC1 bears more output power and load fluctuation
than FC4, which effectively mitigates further aging of FC4 and improves the MFCS efficiency.
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Figure 12: MFCS power load power of each FC

Table 7: The MFCS average fuel efficiency and computation time

Allocation strategy  Average fuel efficiency (%)

Computation time (s)

AP-Fuzzy 37.57 8.2132
Fuzzy 35.44 8.2568
Average 36.72 0.4143
Independent 37.72 813.0011

In addition, the AP-Fuzzy allocation strategy is based on the continuity and high

efficiency of the

fuzzy controller, and its output power is more in line with the requirements of power stability and real-time

performance of real fuel cells.

5 Conclusion

In this paper, we have proposed a two-layer energy management strategy for fuel cell ships that considers
the consistency of fuel cell stack performance degradation. The initial layer of the proposed strategy is based
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on NMPC, and the NGO algorithm is used for global search and the SQP algorithm for local exact search,
ensuring the optimality of the initial power allocation. The second layer of the power allocation strategy is
based on fuzzy rule control, and the PSO algorithm is used to optimize the parameters of the membership
function with the fuzzy rules. Furthermore, the convergence domain value is defined, and the controller
membership function limits are correlated with the degree of aging of the MFCS to guarantee the efficacy of
the second power allocation. To enhance the authenticity of the experiment, the ship load power is obtained
from the experimental platform, and the power system of the “Three Gorges Hydrogen 1 Ship” is used as a
reference to construct the ship power system model.

The results of the theoretical analysis and simulation show that the proposed energy management
strategy shows better performance than other compared strategies. The NMPC-NGO algorithm has slightly
larger battery aging increments compared to the DP algorithm and the GA algorithm. Compared with the
NMPC-SQP algorithm, the NMPC-NGO algorithm is slightly more time-consuming. Although the NMPC-
NGO algorithm is slightly less optimized than other conventional algorithms for some parameter values,
its comprehensive performance is the best. The performance of AP-Fuzzy is better at promoting MFCS
performance degradation consistency and prolonging MFCS lifetime compared to Average, Independent,
and Fuzzy allocation. Compared to independent allocation, AP-Fuzzy is slightly less effective in improving
fuel efficiency, but its computational time is much shorter and better meets the real-time requirement of
ships. In addition, although the computational time of AP-Fuzzy is greater than that of Average allocation,
the Average allocation does not have a control function by itself. Therefore, the proposed two-layer energy
management strategy can effectively allocate ship energy and provide a viable solution for the energy
management of multi-fuel cell stack ships.
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