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Abstract—Hydrogen - electricity coupled DC microgrids (HE-
DCMGsS) represent a promising and sustainable solution for off-
grid power supply. However, achieving high economic perfor-
mance while ensuring DC bus voltage stability is a critically
challenging task. This study proposes a hierarchical energy
management and control strategy for HE-DCMGs that inte-
grates an adaptive mutation Harris hawks optimization (AMH-
HO) algorithm at the system level with a fractional-order slid-
ing mode controller (FOSMC) at the device level. A multi-objec-
tive optimization problem is formulated to minimize hydrogen
consumption and reduce degradation of proton exchange mem-
brane fuel cells and lithium-ion batteries. The AMHHO algo-
rithm, augmented with differential evolution and Lévy flight
mechanisms, determines the optimal power allocation among
distributed sources, while the FOSMC provides robust DC bus
voltage regulation. The proposed strategy is validated on a 750
V HE-DCMG experimental platform capable of 168 hours of
off-grid operation. Experimental results show that the proposed
strategy reduces long-term operating costs and improves energy-
utilization efficiency, achieving an overall system efficiency of
80.49%-97.37%. The DC bus voltage is maintained with a re-
sponse time of 0.02 s, a low overshoot of 3.7%, and a voltage
fluctuation rate of 3.08%, all of which comply with IEEE Std
1547 - 2018 requirements.

Index Terms—DC microgrid, hybrid energy storage system,
hierarchical energy management, economic performance, volt-
age stability.

1. INTRODUCTION

ISTRIBUTED generation systems based on solar and
wind energy have developed rapidly in recent years
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[1]. However, their inherent intermittency and volatility intro-
duce significant challenges to the reliability of the power
supply. Hydrogen energy storage has been recognized as a
promising solution for facilitating the integration of renew-
able energy, owing to its high energy density, long-duration
storage capability, and suitability for large-scale deployment
[2]. Although hydrogen energy storage exhibits relatively
low round-trip efficiency and slow dynamic response, it can
be effectively complemented by electrochemical energy stor-
age systems, which provide high energy conversion efficien-
cy and fast transient performance. Within this context, the
hydrogen—electricity coupled DC microgrid (HE-DCMG) has
gained increasing attention, as it enhances the utilization of
renewable energy, improves operational flexibility and stabili-
ty, and supports energy transition toward low-carbon devel-
opment [3].

A typical HE-DCMG consists of photovoltaic (PV) arrays,
wind energy conversion systems (WECSs), proton exchange
membrane fuel cells (PEMFCs), battery energy storage sys-
tems (BESSs), DC loads, and an energy management system
(EMS) [4]. The EMS is essential for coordinating power
flows among heterogeneous energy sources and for maintain-
ing DC bus voltage stability under varying operating condi-
tions [5]. A wide range of energy management and control
strategies have been investigated in the literature for EMSs,
including optimization-based, heuristic, and rule-based meth-
ods [6]. For instance, [7] proposed a fuzzy-logic control al-
gorithm to retain the power balance. In [8], a hybrid scheme
combining fuzzy logic and fractional-order PID control was
developed to mitigate power fluctuations and improve power
quality in DC microgrids. Furthermore, a barrier function-
based adaptive sliding mode control algorithm was devel-
oped in [9] for AC/DC hybrid microgrids, which achieves
stable operation in both grid-connected and islanded modes.

Despite significant progress, many existing EMSs insuffi-
ciently address multiple system-level economic objectives.
Neglecting operating costs and component degradation limits
their practical applicability. To overcome these shortcomings,
[10] proposed a hybrid metaheuristic optimization scheme
that simultaneously considers cost, environmental impact,
and reliability for four standalone hybrid energy systems. In
battery-integrated microgrids, [11] introduced a golden jack-
al optimization algorithm to minimize total operating costs.
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In addition, [12] developed a bi-objective optimization
framework that accounts for load demand, market price vari-
ations, and renewable generation uncertainty in grid-connect-
ed microgrids. For DC hybrid microgrids incorporating PV
arrays, PEMFCs, lithium-ion batteries (LIBs), and superca-
pacitors (SCs), [13] presented a comparative assessment of
several optimization algorithms. The study reported that a
Harris hawks optimization (HHO) -based external energy
maximization strategy achieved superior performance in re-
ducing hydrogen consumption and improving overall system
efficiency.

However, the EMSs discussed above often overlook the
critical requirement of maintaining DC bus voltage stability.
In microgrid systems, stable DC bus voltage is essential
[14], as voltage fluctuations can degrade power quality, com-
promise equipment reliability, and impair overall system per-
formance. For HE-DCMGs, this challenge is further ampli-
fied by the need for advanced control strategies that jointly
consider operating costs, component aging, and physical con-
straints of devices [15]. Traditional single-objective algo-
rithms, typically designed to optimize either economic per-
formance or system stability, are limited in their ability to
manage the inherent trade-offs among multiple, and some-
times conflicting, operational objectives.

To address these limitations, hierarchical energy manage-
ment and control strategies, commonly referred to as hierar-
chical control, have been proposed and validated in various
studies. For instance, [16] introduced an optimized control
scheme for islanded hybrid microgrids that integrates optimi-
zation with fuzzy logic control to coordinate costs and stabil-
ity objectives. In [17], a hierarchical receding horizon con-
trol framework was developed to regulate hydrogen energy
storage in microgrids with wind and PV generation, effec-
tively mitigating power fluctuations caused by renewable en-
ergy sources and improving the system's capability to meet
load demands. Reference [18] implemented a hierarchical su-
pervisory control strategy to suppress power fluctuations in
grid-connected microgrids equipped with BESSs. Further-
more, [19] presented an enhanced hierarchical model predic-
tive control scheme for integrated microgrids involving mul-
tiple stakeholders, which achieves an effective balance be-
tween robustness and economic performance.

Typically, a hierarchical energy management and control
strategy comprises two distinct levels: a system level and a
device level [20]. The system level operates in a centralized
manner, focusing on long-term optimization to determine
globally optimal power-allocation strategies. Representative
approaches include economic energy management systems
(EEMS) [21], equivalent energy consumption minimization
strategies [22], and frequency-decoupled or state-machine-
based strategies. These approaches generate reference power
commands or operating setpoints for each distributed genera-
tion unit and energy storage equipment. In contrast, the de-
vice level focuses on local, real-time control, with the prima-
ry objective of ensuring fast dynamic responses for short-
term operation functions, such as DC bus voltage regulation
and load-following, using reference signals provided by the
system level, in combination with local measurements. Coor-

dination between the two levels is achieved through real-
time reference power commands and feedback signals, en-
abling effective balancing of economic performance, system
stability, and equipment lifespan.

Hydrogen consumption by PEMFCs represents a major
contributor to operating costs, while degradation of both
PEMFCs and LIBs reduces overall system efficiency and in-
curs higher long-term costs. Consequently, the system level
must jointly optimize hydrogen usage and degradation-relat-
ed costs to enhance the economic performance of HE-DC-
MGs. Although most existing energy management systems
rely on optimization algorithms [23], they primarily empha-
size minimizing hydrogen consumption costs and managing
the state of charge of LIBs and SCs. Neglecting the degrada-
tion costs of PEMFCs and LIBs may lead to suboptimal en-
ergy utilization and underestimation of long-term operating
costs. Incorporating degradation models can substantially im-
prove the fidelity and accuracy of energy management opti-
mization. However, doing so also introduces significant com-
putational complexity, making it challenging to obtain global-
ly optimal solutions with practical time constraints.

The HHO algorithm employed in [13] is a bio-inspired
metaheuristic technique that mimics cooperative hunting be-
haviors observed in nature and provides a well-balanced ex-
ploration-exploitation capability for solving complex optimi-
zation problems. However, the HHO algorithm suffers from
relatively low global-exploration efficiency and limited fine-
tuned exploitation accuracy [24]. To address these issues, dif-
ferential evolution (DE) can be introduced, featuring muta-
tion operations based on dynamic population differentials.
This enhances population diversity and reduces the likeli-
hood of premature convergence, though sometimes at the
cost of diminished local-search precision [25]. In addition,
the Lévy flight mechanism introduces random, long-distance
jumps that help escape local optima and accelerate global
convergence. When integrated with the DE and HHO algo-
rithm, the Lévy flight mechanism further improves the local
convergence accuracy and overall robustness of the hybrid
algorithm [26].

On the other hand, the inherent volatility of renewable en-
ergy sources, dynamic load variations, uncertainties in sys-
tem parameters, and stringent requirements for DC bus volt-
age stability demand robust and high-performance control-
lers at the device level. These controllers must both accurate-
ly track the optimal power references provided by the sys-
tem-level energy management and ensure rapid dynamic re-
sponses. In many of the aforementioned studies, controller
performance was tuned using metaheuristic algorithms to sat-
isfy system stability and voltage regulation requirements. In
contrast, the fractional-order sliding mode controller
(FOSMC) offers significant advantages. It effectively sup-
presses overshoot and mitigates chattering, ensuring stable
DC bus voltage regulation with rapid response to load varia-
tions [27]. Furthermore, FOSMC demonstrates strong robust-
ness against disturbances and parameter uncertainties, there-
by enhancing the disturbance rejection capability and dynam-
ic reliability of the controllers.

In view of the above, this study proposes a hierarchical
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energy management and control strategy for a HE-DCMG
that comprises PV arrays, WECS, PEMFCs, LIBs, and SCs,
which integrates an adaptive mutation Harris hawks optimi-
zation (AMHHO) algorithm at the system level and an
FOSMC at the device level. The proposed strategy dynami-
cally coordinates power allocation in response to variations
in load and renewable generation, aiming to simultancously
improve economic performance and ensure system stability
and robustness. The main contributions of this study are sum-
marized as follows:

1) A multi-objective optimization problem is formulated to
minimize hydrogen consumption and degradation costs of
PEMFC and LIB. To address this complex degradation-con-
scious problem, the AMHHO algorithm is developed by inte-
grating DE and Lévy flight mechanisms into the standard
HHO algorithm. This enhancement can improve the balance
between global exploration and local exploitation, enabling
adaptive and efficient optimization of power distribution
across system components throughout their lifespans.

2) An FOSMC is designed to regulate the DC bus volt-
age, improving dynamic response, steady-state accuracy, and
disturbance rejection capability. This controller allows the
system to rapidly respond to fluctuations in load demands
and renewable generation while maintaining voltage stability
under varying operating conditions.

The proposed strategy is implemented and validated on a
750 V HE-DCMG experimental platform. Results confirm
that the integrated AMHHO algorithm and the FOSMC en-
hance both economic performance and DC bus voltage stabil-
ity, meeting the technical requirements of IEEE Std 1547 -
2018 for practical deployment.

The remainder of this paper is structured as follows. Sec-
tion II elaborates on the overall architecture of the HE-DC-
MG and its mathematical model. Section III details the hier-
archical energy management and control strategy of HE-DC-
MG, which encompasses system-level optimization based on
the AMHHO algorithm and device-level optimization em-
ploying the FOSMC. Section IV analyzes the experimental
results obtained from the HE-DCMG experimental platform
and verifies the effectiveness of the proposed strategy. Final-
ly, Section V concludes the study.

II. OVERALL SYSTEM CONFIGURATION OF HE-DCMG
AND ITS MATHEMATICAL MODEL

The HE-DCMG under investigation, as illustrated in Fig.
1, comprises a renewable energy generation module and a
hybrid energy storage system (HESS). The primary power
supply is delivered by PV arrays and WECS within the re-
newable energy generation module, which are connected to
the DC bus via various power converters. Due to the inher-
ent intermittent and stochastic nature of renewable energy
sources, the HE-DCMG relies on the HESS, which compris-
es a PEMFC, an LIB, and an SC, to mitigate supply-demand
imbalances and ensure uninterrupted energy delivery [28]. In
this configuration, the PEMFC converts hydrogen into elec-
tricity with water as the sole byproduct, which exhibits high
efficiency and environmental sustainability [29]. The PEM-
FC is interfaced with the DC bus through a boost converter,

while the LIB and SC are connected via respective bidirec-
tional DC-DC converters.

To achieve optimal power allocation in the HE-DCMG un-
der dynamic load conditions and multiple operational con-
straints, we propose a hierarchical energy management and
control strategy that integrates the AMHHO algorithm and
the FOSMC. The output power of PV arrays and WECS is
controlled using respective maximum power point tracking
(MPPT) algorithms to ensure efficient renewable energy har-
vesting and support low-carbon operation. At the system lev-
el, the AMHHO algorithm determines the power references
for the PEMFC and LIB, denoted as Py, and P, ., respec-
tively. The optimization objective accounts for both hydro-
gen consumption and degradation costs of PEMFC and LIB,
which maximizes the long-term economic performance.
Meanwhile, the SC operates autonomously to compensate
for the short-term power mismatches and maintain load bal-
ance. At the device level, the FOSMC adjusts the duty cycle
of power converters, which forms a closed-loop control
structure that ensures DC bus voltage stability. The proposed
strategy thereby ensures that the HE-DCMG operates with
enhanced economic efficiency, improved transient response,
and robust system operation. The rest of this section presents
the optimization model used for obtaining the power refer-
ences of the HESS equipment.

HE-DCMG.

A. PEMFC Model

1) Hydrogen Consumption Model

Based on the underlying electrochemical mechanism of
PEMFCs [30], the stoichiometric ratio indicates that 1 mol
of H, is consumed per 2 mol of electrons transferred. Thus,
the molar consumption of hydrogen over a time interval Az
is calculated as:

i (6)= ’LPE’)Atz 1 Pe(®

2 2F Vi (0)
where te {1,2,---} is the discrete time index; Py, Vi, and
I are the output power, voltage, and current of the PEM-
FC, respectively; and F=96485 C/mol is the Faraday con-
stant.

The mass of consumed hydrogen within Ar can be ex-
pressed as:

At (1)

My, (t)zMHanz ®

where My, is the molar mass of hydrogen.

2

The corresponding hydrogen consumption cost of the
PEMEFC can be calculated as:

CH; (t):]vcell"nHZ (t)'priceH2

3)
where N, is the total number of cells; and price, is the

price of hydrogen, which is set to be 30 ¥/kg [31].
2) Aging Model of PEMFC

During operation, variations under external environmental
and operating conditions can significantly impact the service
life of PEMFC [32]. According to existing studies, the degra-
dation of PEMFC is mainly attributed to four operating con-
ditions: load power fluctuation, high-power operation, low-
power operation, and start-stop cycling [33]. To quantitative-
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Fig. 1. Hierarchical energy management and control strategy architecture of HE-DCMG.

ly assess the combined impact of these operating conditions
on the lifespan of PEMFC, we modify a weighted empirical
model proposed in [34], given as:
ADyc (t):kp (lehigh O+d, T, (D+d, Notartstop (t)+d4Pchange ®)
“)
where ADg. is the degradation of PEMFC's lifespan; T,
and T, equal Ar when the PEMFC operates under high-
power and low-power states, respectively, and zero other-
Wise; N gop 18 the number of start-stop cycles, and it is set
to be 1 when a start-stop cycle is identified; P, is the out-
put power fluctuation of PEMFC; d,, d,, d,, and d, are the
weighting coefficients of respective operating conditions;
and £, is a calibration coefficient.
The aging-induced cost of PEMFC can be expressed as:

_ ADFC(t)

CFC (t)_ D 'priceFC ' PFC,max (5)

FC,EOL

where Py .., is the maximum rated output power of PEM-

FC; pricey. is the price of PEMFC, which is set to be 3000

¥kW [31]; and Dy o is the threshold for ADg., which is

typically 10% [35]. The PEMFC is considered to have

reached its end-of-life when cumulative degradation Dy (f)=
+_ ADyc (k) increases t0 Dy gy -

By comprehensively accounting for the effects of start-
stop cycles, operating conditions, and power fluctuations on
PEMFC lifespan, (4) captures the long-term degradation
trends of PEMFC performance with relatively low modeling
complexity. This provides a foundation for subsequent multi-
objective optimization at the system level.

B. Aging Model of LIB

Considering the computational burden imposed by model
complexity, this study adopts a simplified empirical method,
previously validated in [36], to convert the capacity loss of

LIB into its expected remaining life:

| P,(0)|At
2N, 0,

where AD, is the expected remaining life of LIB; N, is the

total number of cycles before end-of-life; O, is the rated ca-

pacity of LIB; and P, is the output power of LIB. The aging-
induced cost of LIB can be expressed as:

AD, ()= (6)

C, (t)— AD, (@) -price, - E, (7)
h EOL
where £, and price, are the capacity and price (3000 ¥'kWh
[31]) of LIB, respectively; and D, is the threshold for
AD,, which is typically 20%. The LIB is considered to have
reached its end-of-life when the cumulative capacity loss
D,(t)=>"_ AD, (k) reaches D, y,.

C. Renewable Energy Generation

1) PV Array

The output power of the PV array P, is closely related to
the irradiance level G. The perturb and observe (P&O) meth-
od is employed for MPPT control. In the traditional P&O
method, real-time monitoring of G is incorporated, and the
direction and magnitude of irradiance variation are used to
assist in determining the trend of power changes. The P&O
method involves periodically perturbing the output voltage
or current of the PV array by small amounts, observing the
direction of power changes, and adjusting the operating
point accordingly to progressively approach the maximum
power point [37].

Based on the relationship between changes in irradiance
AG and changes in power of the PV array AP, the de-
signed power variation decision logic is as follows.

1) AG>0 and AP, >0: the PV array is currently operat-
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ing in a region where the operating point is shifting to the
right. Therefore, the output voltage of the PV array V,y,
should be increased appropriately.

2) AG>0 and AP,,<0: this suggests that the operating
point has shifted too far, and V,,, should be decreased.

3) AG<0 and APp,>0: this suggests that the operating
point is moving too quickly to the left, and V}, should be de-
creased accordingly.

4) AG<0 and AP,,<0: the operating point is likely close
to the maximum power point, and a fine adjustment of V7,
is required.

Based on AG, the perturbation step size AV is dynamically
adjusted, as defined below:

AG
AV= kl—‘ Gnom| (8)
where k, is the proportional coefficient; and G, is the nom-

inal irradiance level, which is typically 1000 W/m?. Through
the P&O method, the system converges to a stable maxi-
mum power point, thereby achieving the optimal P, calcu-
lated by (9).
Poy=Vpylpy

where /5y is the output current of the PV array.
2) WECS

For the WECS, MPPT is achieved by assuming the opti-
mal tip-speed ratio (TSR) 4,, is maintained. which can be
expressed as:

)

opt

w,.R
v

w

opt

(10)

where R is the rotor radius of the wind turbine; w, is the ro-
tational speed of the wind turbine; and v, is the wind speed.
Therefore, the electromagnetic torque of the generator 7, is

adjusted to control the rotational speed of the wind turbine,
aiming to reach the reference rotational speed w

rref*

Wr.releloptvw/R (1 1)
3p .
e= ZEW/Zq (12)

where vy, is the rotor flux linkage; i, is the g-axis current;
and p is the number of pole pairs. The stator currents are
transformed into the d-g coordinate system to calculate the
d- and g-axis currents i, and i,. The reference d-axis current
[ 18 set to be 0, and i, is controlled. By adjusting i,, the
electromagnetic torque is regulated, which in turn adjusts the
output power of the generator. This process allows the
WECS to reach a stable maximum power point, thereby opti-
mizing the output power of WECS Py, [38]:

Py = O.SpAvfuCp 4p)) (13)
where p is the air density; A4 is the swept area of the wind

turbine rotor; C, (") is the wind energy utilization coefficient;
A is the TSR; and g, is the pitch angle.

ITI. HIERARCHICAL ENERGY MANAGEMENT AND CONTROL
STRATEGY OF HE-DCMG

Based on the models constructed in Section II, this sec-
tion proposes a hierarchical energy management and control
strategy for the HE-DCMG, aiming to achieve multiple ob-

jectives, including economy, stability, and equipment life-
time. Considering the economic and environmental sustain-
ability of the HE-DCMG operation, the MPPT control is im-
plemented for PV arrays and WECS to ensure their opera-
tion near the maximum power point, thereby enhancing the
efficiency of renewable energy utilization while reducing reli-
ance on conventional energy sources and carbon emissions.
For the HESS, the objective function incorporates both hy-
drogen consumption costs and degradation costs of PEMFC
and LIB. The power references of PEMFC and LIB are opti-
mally determined via AMHHO algorithm, whereas the SC
autonomously compensates for the power deficit to maintain
power balance to stabilize the DC bus voltage. At the device
level, FOSMC is utilized to calculate the duty cycle of DC-
DC converters, allowing for closed-loop control through sys-
tem feedback. The proposed strategy maximizes the operat-
ing economy while achieving the control objectives of en-
hancing system stability and suppressing power fluctuations.

A. System-level Energy Management Strategy
The power reference of HESS P ¢ can be obtained by:
Pripss et (D= Psc et () + Pr e () + Py 1o ()= (14)

Proag ()= Ppy () =Py (1)

where Py ., Prc.p and P, are the reference power of SC,
PEMFC, and LIB, respectively; and P, is the power re-
quired by the load.

At the system level, the strategy is designed to solve (15).

DUCy, )+ Cyc )+ C, (1) (15)

t=1

min
P sor 0P e ()

S.t.

P min S Prc rer () S Prc max
PyinS Py (DS P
S0C ¢ in £S0C (1)< SoC
S0C,, 1in $S0Cy ()< SoC
0<Dyc ()< D por
0<D, (<D, oL

b, max
SC, max

(16)

b, max

where 7 is the time horizon under investigation; SoCy. and
SoC, are the states of charge of SC and LIB, respectively,
which are obtained using the coulomb counting method; and
the subscripts max and min denote the upper and lower lim-
its of corresponding variables. This constrained optimization
problem is generally nonlinear and nonconvex. The AMH-
HO algorithm aims to solve this optimization problem by in-
tegrating DE and Lévy flight mechanisms into the standard
HHO algorithm. This modification significantly improves the
exploration capability of the AMHHO algorithm, mitigates
premature convergence to local optima, and enhances global
search efficiency. In the AMHHO algorithm, P.. and P, rep-
resent two distinct Harris hawk populations, namely the
PEMFC population and the LIB population, respectively. We
denote X,=[P..P,;] as the positions (i.e., candidate solu-
tions) of the i" hawk in its respective population, and Prc e
and P, as the best candidate solutions (optimal prey posi-
tions) obtained through iterative optimization within each
population.
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1) DE

To balance exploration and exploitation capabilities, DE is
incorporated, where a nonlinear decay function is employed
to adaptively control the mutation probability p, and muta-
tion magnitude R,. This is achieved using an exponential ad-
justment mechanism, which ensures higher p,, and R, values
in the early stages to enhance global exploration, followed
by a rapid decay in later stages to facilitate local exploita-
tion. The corresponding mathematical formulation is ex-
pressed as:

p,,=0.6exp( —3n/N) +0.1 (17)
R, =0.4exp(—3n/N) +0.05 (18)

where n denotes the current iteration index; and N is the to-
tal number of iterations. DE enhances the exploration of the
search space through differential mutation operations on can-
didate solutions. Specifically, for each individual X, a mu-
tant vector can be generated according to (19).

X;(n+ =X, (m+R,, (X, ()= X5 ()

(19)
where X,,, X,,, and X, are the positions of three randomly
selected individuals (or hawks) from the same population.

2) Lévy Flight Mechanism

The Lévy flight mechanism is a stochastic random-walk
model that enhances the ability of the AMHHO algorithm to
escape local optima during global exploration [39]. This
study updates the power output of individuals (candidate so-

lutions) according to (20).

X,(n+D)=X,(m)+S-L,,, (20)

L,=ullv]” @1)
[ raspsinap) v o)
e popr

where § is a random vector with elements between 0 and 1;
L,,, denotes the step length; u~N(0,5.) and v~N(0, 1) are
the random numbers drawn from Gaussian distributions; o,
is the variance of the normal distribution to which u be-
longs; I'() is the Gamma function; and f is set as 1.5.
3) Adaptive Mutation Hybrid Strategy

The objective function (15) selects strategies between
global exploration and local exploitation based on the escape
uniform probability of the prey r,~U(0,1) and the energy
consumption £, which determines the optimal candidate solu-
tion for each iteration. The mutation operation is only per-
formed when r,>p,. The energy consumed by the prey dur-
ing escape is:

E=2E,(1-n/N) (23)

where E,~U(-1,1) is the initial energy. When |E|>1, the
following global exploration strategy is selected:
X, (n+ 1=

X;(m+R,, (X (M) =X, )+ R, (X, ()=X3() r2p,

Xref(n)_Xm (n)_ ry [1”5 (Xmax _Xmin )+Xmin ] To<Pp
(24)
X, 00= 4 X, 0) 25)

where X ; is the optimal solution in the current iteration; X,
is the average position of individuals in the current iteration;
X, and X, are the maximum value and the minimum val-
ue, respectively; r,~U(—1,1),Vie {4,5}; and M is the num-
ber of individuals in the population.

When | E| <1, we adopt a local exploration strategy:

Yi(n) fY:(m)<f(X;(n)
Xt D= {Z,- W fZms Xm0
where f(-) is the objective function (15); and ¥, and Z, are

the strategies selected based on r, and E, which determine
whether to use the DE, Lévy flight, or HHO algorithm.
When r,>p,, the DE is introduced:

. {xref(n)-x,. m)—E|2(1-r)X, () -X,(n)| |E|20.5
' X, ()~ E| X,e (m) = X, (1) | |E|<0.5
(27)

Z,(m=X, (M+R, (X, (n)—X,;n) (28)

where r,~U(-1, 1).
When r,<p,, the Lévy flight mechanism is introduced,

and local Lévy mutation is used to replace the global Lévy
flight in HHO algorithm:

XoM—E|20-r)X,(m)-X,(n)| |E[20.5
Y, (n)= 29)
X () —E|20-r)X, () -X, ()| |E|<0.5
Zi(n):Yi(n)+Yi(n).Levy(dim) (30)

where r,~U(-1, ).

AMHHO algorithm adopts the adaptive mutation hybrid
strategy based on the improved HHO algorithm described
above to calculate the reference power Py . and P, . The
reference power for the SC can then be obtained based
on (14).

The AMHHO algorithm is presented as Algorithm 1.

B. Device-level Control Strategy

To mitigate the impact of the nonlinear behavior of the
HE-DCMG on the bus voltage, FOSMC is employed at the
device level. Meanwhile, to coordinate with the system-level
energy management and to ensure that the reference power
distribution determined at the system level is effectively im-
plemented, the device level introduces current error variables
for each module. A fractional-order sliding manifold is de-
signed based on these variables, and the FOSMC-based con-
trol laws determine the duty cycles D,—D; by leveraging
the system state equations. D, is the duty cycle of the switch
Q, in the boost converter of the PEMFC module; D, and D,
are the duty cycles of the switches Q, and Q, in the buck-
boost converter of the SC module, respectively; and D, and
Dy are the duty cycles of the switches Q, and Q, in the buck-
boost converter of the LIB module. By adjusting these duty
cycles, the closed-loop control enables dynamic regulation
and stabilization of the bus voltage.

Here, we adopt the Caputo definition of fractional calcu-
lus. Let y(#) be a function that is at least m-times differentia-
ble. The Caputo fractional derivative is given as [40], [41]:
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Algorithm 1: AMHHO algorithm
1. Input the HE-DCMG data and load demand
2. Determine M, N, dimensiond, , and search bounds (16)

3. Initialize population matrix of size M xd,,, by sampling uniformly with-
in search bounds (16)

4. for n=1to N do

5. Update mutation probability p, and mutation magnitude R,, using
(17) and (18)

im?

6.  for each solution X, do

7. Evaluate operating cost using (15)

8. Update optimal solution by comparison

9.  end for

10.  for each solution X, do

11. Compute energy E due to the escape of prey using (23)

12. Update escape uniform probability of the prey r,

13.  end for

14. if|E|>1 then

15. Prc and P, are adjusted by comparing r, with p,, via (24)

16. else if|E| <1 then

17. if r,>p,, then

18. P and P, are updated via (26) based on DE ((27) and (28))

19. else

20. P and P, are updated via (26) based on Lévy flight ((29)
and (30))

21. end if

22. end if

23. end for

24. Return best variables (Ppc . and P, ) and the corresponding cost

; 1 V(@)
C no _ t
tth y(t)_ I—'(m_a) '[T:[n(t_r)l‘F(l*Iﬂ dz

€2))

where m=o denotes the smallest integer greater than or
equal to the fractional order a; C is the plural.

To achieve the desired reference power allocation in the
system-level energy management, current tracking control is
implemented to ensure that the output currents (/nc, Isc, 1)
of the PEMFC, SC, and LIB precisely follow their respec-
tive reference currents (Jpc o¢=Prc et/ Vier Lscret=Pscoret/Vses
1, =P, /V,, where V. and V, are the output voltages of
the SC and LIB, respectively). For the fractional-order slid-
ing manifolds corresponding to the PEMFC, SC, and LIB,
the respective fractional-order sliding surfaces are defined as:

s, =é,+1,e,+4,D e, 32)
s,=é,+Ae,+4,D" e, (33)
sy=é;+Ase;+4,D% e, (34)

where D°"' denotes the Caputo fractional derivative defined
in (31); A,-44 are the constants; and e, =/l —Ipc op €=15c—
Ie . and e;=1,—1, . are the current tracking errors.

To control the three converters, three duty cycles D,, D,,
and D, are calculated based on the FOSMC [29]:

L, R v
D=1+ Mo ot L= € 26,4, D e, | +
1 Vdc FC. ref Ll FC L1 1*1 2 1
K sgn(s,) (3%5)

L . R V.
Dyy= =\ —Ige o= 1. +SC+/le+/1D“e)—
23 Vdc( SC. ref L2 Ne Lz 3+2 4 2 (36)
K,sgn(s, )
L . R v,
D= 3(—1 i L+ L +ie,+A,D e )—K sgn(s;)
45 Vdc b, ref L3 b L3 5%2 6 3 3 3
(37)

where L,, L,, L, and R, R,, R, correspond to the inductors
and resistors in the boost converter of the PEMFC module
and the buck-boost converters in the SC and LIB modules,
respectively; V. is the DC bus voltage; K, K,, and K, are
the constant control parameters; and D,; and D, are defined

as:
D 1-D, Boost mode
3D, Buck mode (38)
1-D, Boostmode
®7 Dy Buck mode (39)

IV. EXPERIMENTAL VALIDATION AND RESULT ANALYSIS

A. Convergence Performance Comparison of AMHHO Algo-
rithm

To evaluate the effectiveness and applicability of the AM-
HHO algorithm, a benchmark test set comprising a single-
peak function f;, a multi-peak function f,,, and a fixed-dimen-
sion multimodal function f;, was selected, as shown in Table
I [42], where x, is the i" independent variable of the func-
tion; and f,, is the minimum value of the function. The con-
vergence performance of the AMHHO algorithm in terms of
average best fitness was compared with that of several state-
of-the-art metaheuristic algorithms, including the particle
swarm optimization (PSO) algorithm, whale optimization al-
gorithm (WOA), DE algorithm, and HHO algorithm. As
shown in Fig. 2, the AMHHO algorithm converges after 74,
74, and 10 iterations for f,, f,,, and f, respectively. Further-
more, it achieves the smallest convergence error across all
cases, confirming its superior performance and practical ap-
plicability.

TABLE I
BENCHMARK TEST FUNCTIONS

Function Dimension Range Sonin
fi@)=>"" 27 30 [-100,100] 0
[ m
fio (x)=—206xp( -0.2 V,’ nizxg ) -
Li=1
30 [-32.32] 0
exp(%zcosenxi) +20+e
1
Sis@=[1+x, +x,+ 1)
(19— 14x, +3x% — 14x, + 6x, X, + 3x2)]-
(18- 30r 1 122 22 3

[30+(2x, - 3x,)* (18 = 32x, + 12x7 +
48x,—36x,x,+27x3)]
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Fig. 2. Convergence performance of AMHHO algorithm compared with
PSO algorithm, WOA, DE algorithm, and HHO algorithm on f,, ., and f,..
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B. Experimental Platform

An HE-DCMG experimental platform in Cixi, China, is
used in this study, as shown in Fig. 3. It integrates multiple
energy sources, including a 100 kW WECS and a 500 kW
PV array. A comprehensive EMS enables real-time monitor-
ing and coordinated control of all subsystems. To validate
the performance of the proposed strategy under islanded op-
eration, experimental tests were conducted on this platform
with a 750 V DC microgrid. In addition to the primary re-
newable generation capability, the platform is equipped with
a 500kW/1IMWh energy storage module and a 120kW PEM-
FC module, capable of providing 168 hours (7=168 hours)
of continuous power supply during extended power shortag-
es.

ol E
£\

Fig. 3. HE-DCMG experimental platform in Cixi, China.

C. Performance Metrics

For practical implementation, a set of performance metrics
is essential to evaluate the effectiveness of the proposed
strategy. To this end, a multi-dimensional evaluation frame-
work is established, where key economic, stability, and effi-
ciency indicators are incorporated.

1) Economic Indicator

As indicated in (15), the total operating cost in real-time
consists of three main components: the hydrogen consump-
tion cost by the PEMFC, the aging cost of the PEMFC, and
the aging cost of the LIB, expressed as:

Cooa (0=Cy, )+ Crc )+ C, (1) (40)

2) Stability Indicator

The dynamic response time measures how quickly the sys-
tem returns to steady-state operation following load or gener-
ation fluctuations, which serves as a key indicator of dynam-
ic stability. A shorter response time implies better system sta-
bility.

The overshoot quantifies the maximum percentage devia-
tion by which the system output exceeds its steady-state val-
ue during the transient period. It directly reflects the degree
of oscillation and system robustness.

The DC bus voltage fluctuation ratio o is defined as the
ratio between the voltage fluctuation range and the rated
voltage after the system reaches a steady state:

U:(Vdc, max Vdc, min )/ I/dc.rcf>< 100% (41)
where V. ... and V, .. are the maximum and minimum DC

bus voltages during operation, respectively; and V. =750
V is the reference bus voltage. A smaller ¢ thus corresponds
to better system stability.
3) Efficiency Indicator

The overall system efficiency 7 evaluates the energy utili-
zation performance of the system. Higher efficiency reflects
less energy waste and greater economic benefits:

1=Piog/(Ppy+ Py + P+ Py + P, )x 100% (42)

D. Results and Analysis

As illustrated in Fig. 4, the operational cycle is based on a
representative 168-hour weekly load profile of the750 V DC
microgrid. During the early morning (01:00-04:00), the mi-
crogrid experiences its minimum load of 10 kW. As residen-
tial demand increases, the load gradually increases, and the
first daily peak of 400 kW is reached during the morning
(07:00-11:00). A moderate reduction in load is observed dur-
ing the afternoon owing to reduced residential usage during
midday. The maximum daily load of 450 kW occurs during
the evening peak (18:00-20:00), which coincides with in-
creased lighting and household electricity consumption.
Thereafter, the load decreases gradually as activities reduce
toward nighttime.

0
0 20 40 60 80 100 120 140 160
Time (h)

Fig. 4.
crogrid.

Representative 168-hour weekly load profile of 750 V DC mi-

Throughout the week, the weather conditions followed the
sequence: sunny, cloudy, rainy, cloudy, cloudy, sunny, and
sunny. Although solar radiation and wind speed fluctuated
over the 168hour-long operation period, they remained rela-
tively consistent under the same weather conditions. Figure
5 illustrates the output power of the PV array and WECS,
controlled by respective MPPT algorithms, as well as the
output power reference of the HESS, derived from the oper-
ating conditions given in (14) and the load profile in Fig. 4.
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Fig. 5.

of HESS.

Output power of PV array and WECS and output power reference

Figure 6 illustrates the output power of different equip-
ment in the HESS that is controlled by the proposed strate-
gy. It can be observed that the fluctuations in P, and P, are
relatively small, consistent with the objective function that
penalizes the aging effects of both the PEMFC and the LIB.
The zoomed-in views for P, and P.. in Fig. 6 provide a
clearer depiction of the output power variations of the LIB
and the PEMFC under varying load conditions and weather
scenarios.
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Fig. 6. Output power of different equipment in HESS.

Detailed discussions on economic, stability, and efficiency
analyses are given as follows.
1) Economic Analysis

Figure 7(a) illustrates the variations in hydrogen consump-
tion cost, the aging cost of the PEMFC, the aging cost of
the LIB, and the total consumption cost over the 168hour op-
eration period under the proposed strategy. As shown in
Figs. 6 and 7, a reduction in the output power reference of
the HESS lowers the total consumption cost. Figure 7 also
indicates that the aging cost of the PEMFC is the smallest
among all cost components. As shown in Fig. 6, P, fluctu-
ates within a narrow range near its rated power of 120 kW,
thereby avoiding start-stop cycling or low-power operations.
Therefore, the primary cause of PEMFC aging is the varia-
tion in power over time.

Figure 7(b) shows the cumulative costs over the 168-hour
operation period. At the end of the operation period, the ag-
ing cost of the LIB is ¥441.79, the aging cost of the PEMFC
is ¥15.51, the hydrogen consumption cost is ¥2581.83, and
the total consumption cost is ¥3039.13. In contrast, Fig. 8(a)
displays the cost variations under the EEMS. In this case,
the cumulative costs increase: the aging cost of the LIB
reaches ¥1337.98, the aging cost of the PEMFC reaches
¥10.14, the hydrogen consumption cost reaches ¥2649.52,
and the total consumption cost reaches ¥3997.64.
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Fig. 7. Variations in hydrogen consumption cost, aging cost of PEMFC,
aging cost of LIB, and total consumption cost over 168-hour operation peri-
od under proposed strategy. (a) Real-time costs. (b) Cumulative costs.
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Fig. 8. Variations in hydrogen consumption cost, aging cost of PEMFC,
aging cost of LIB, and total consumption cost over 168-hour operation peri-
od under EEMS. (a) Real-time costs. (b) Cumulative costs.

Compared with EEMS, the proposed strategy reduces the
total consumption cost by 23.97%. As a result, the control
objective of minimizing the total consumption cost is
achieved at the system level.

2) Control Performance Analysis

The bus voltage regulation performance under the load con-
dition in Fig. 4 is presented in Fig. 9. As shown in Fig. 9(a),
the implementation of the FOSMC at the device level en-
ables the DC bus voltage to rapidly stabilize to its reference
value of 750V. The zoomed-in view in the lower-left inset in-
dicates a settling time of around 0.02 s with a slight over-
shoot of 3.7%. In Fig. 9(b), the bus voltage exhibits a maxi-
mum of 758.14 V at 70.82 hours and a minimum of 741.09
V at 146.88 hours. Based on (41), the corresponding fluctua-
tion rate o is calculated to be 2.27%.

To further evaluate the robustness of the control scheme, a
zero-mean, unit-variance Gaussian white noise signal, as
shown in Fig. 10(a), was injected into the error signals e -e,
mentioned in Section III-B. As illustrated in Fig. 10(b), the
proposed strategy preserves accurate voltage tracking perfor-
mance despite the introduced disturbance, with only a slight
increase in the fluctuation rate of 3.08%. The settling behav-
ior and overshoot remain essentially unaffected, indicating
the strong disturbance-rejection capability of the proposed
control strategy.

The above results confirm that the FOSMC fast dynamic
response while effectively suppressing voltage overshoot.
Even in the presence of disturbances, the controller main-
tains the bus voltage fluctuation rate within 3.08%, which
demonstrates its robust voltage stability control capability un-
der complex operating conditions and strong disturbance re-
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jection capability against random perturbations. Moreover,
the achieved voltage fluctuation rate meets the IEEE Std
1547—2018 [43] that requires a voltage deviation of <5%,
further validating the practical applicability of the proposed
strategy.

750
70+
300 780

730

740

10 112 114

100 120 140 160

002 004 0.06

0 20 40 o0 80
Time (h)

(a)

900

750 e o]

o ESAE 4R B

s %0 — £ 60
~ 450 758.]4"_‘

300wl an
i LAl A U TINRAY

300 750 Pt l‘,t._l 750 “‘I“iu'Hu"Wl.ll‘P“\'\Uw

150 ! : s ] DL

<

: 740 740 Lr 740

EE:) s s

0 20 40 60 80 100 120 140 160
Time (h}
(b)

0

Fig. 9. DC bus voltage performance under load condition in Fig. 4. (a)
Overall voltage response including start-up transient. (b) Localized wave-
forms around the maximum and minimum bus voltage excursions.
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Fig. 10. DC bus voltage performance with a white noise disturbance under
the load condition in Fig. 4. (a) Injected Gaussian white noise signal (zero-
mean, unit-variance). (b) Resulting bus voltage waveform.

3) Efficiency Analysis

Under the operating conditions in Fig. 4, the system effi-
ciency obtained using the proposed strategy is depicted in
Fig. 11. After reaching steady-state conditions, the efficiency
ranges from 80.49% to 97.37%. In particular, the highest ef-
ficiency is achieved when the load falls within the range of
50%-70%. In contrast, when the load drops below 30%, the
system efficiency decreases accordingly. Furthermore, Fig.
12 illustrates the percentage contribution of different power
sources to the total absorbed and emitted power. The value

larger than O represents the contribution to the emitted pow-
er, while the value smaller than O represents the contribution
to the absorbed power. It can be observed that when the load
reaches its peak, all power sources supply power to the load.
Conversely, during load valleys, the energy storage equip-
ment (LIB and SC) is charged by the remaining power sourc-
es, coinciding with a decline in system efficiency.

100} 97.37%
90
)
=
70 80.49%
60 L 'l 1 L L 1 T ij(a‘/ﬂ)
0 20 40 60 80 100 120 140 160

Time (h)

Fig. 11. System efficiency obtained using the proposed strategy under op-
erating conditions in Fig. 4.
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Fig. 12. Percentage contributions of different power sources to total ab-
sorbed and emitted power.

In summary, the experimental results are found to be well-
aligned with the theoretical expectations. Under the selected
benchmark test functions, the AMHHO algorithm exhibits
the fastest convergence speed with the smallest convergence
error among other optimization algorithms such as HHO,
PSO, DE, and WOA, making it an effective and applicable
solution. The proposed strategy, which combines the aging-
and cost-aware power allocation strategy via the AMHHO al-
gorithm with the robust control capability of FOSMC, effec-
tively balances economic performance with system efficien-
cy. The AMHHO algorithm ensures economic power dis-
patch at the system level, while the FOSMC expands the
control scope to accommodate highly nonlinear dynamics,
thereby maintaining high voltage stability and ensuring con-
trol adaptability under varying load and power source condi-
tions.

V. CONCLUSION

This paper proposes a hierarchical energy management
and control strategy for HE-DCMGs, which is validated on
an experimental platform with a 750 V DC microgrid. The
proposed strategy integrates an AMHHO algorithm for sys-
tem-level economic optimization and an FOSMC for device-
level voltage regulation. The AMHHO algorithm effectively
addresses a multi-objective nonlinear optimization problem
that considers the aging costs of fuel cells and LIBs at the
system level. By combining DE and Lévy flight mecha-
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nisms, the proposed strategy dynamically adapts to varying
conditions such as solar irradiance, wind speed, and load de-
mand, which enables economically efficient power dispatch.
At the device level, the FOSMC ensures voltage stability
with a fast dynamic response, achieving a settling time of
0.02 s, an overshoot of less than 3.7%, and a voltage fluctua-
tion of within 3.08%, in compliance with IEEE Std 1547 -
2018. The proposed strategy enhances both economic perfor-
mance and system stability, with steady-state energy efficien-
cy ranging from 80.49% to 97.37%. Future work will focus
on the real-time implementation and scalability of larger, in-
terconnected microgrids.

In practical deployments, the pressure threshold of the hy-
drogen energy storage tank has a significant impact on the
economic analysis of the system. The research covered in
this paper relies on real-time feedback from the system,
which places high demands on the system communication
equipment and increases infrastructure costs. In the future,
we will use advanced deep reinforcement learning to dynami-
cally optimize hydrogen energy storage and combine it with
machine learning-based predictive control to over-predict
load, PV, and wind power to generate optimization com-
mands in advance, which will further improve the system
economics, response speed, and robustness to sudden chang-
es under operating conditions.
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