‘ energies

Article

Optimization Configuration of Electric-Hydrogen Hybrid Energy
Storage System Considering Power Grid Voltage Stability

Yunfei Xu !, Yiqiong He !, Hongyang Liu !, Heran Kang !, Jie Chen !, Wei Yue 1, Wencong Xiao 2*

and Zhenning Pan 2

check for
updates
Academic Editor: Nikolaos

Koukouzas

Received: 9 May 2025
Revised: 17 June 2025
Accepted: 27 June 2025
Published: 2 July 2025

Citation: Xu, Y;;He, Y;; Liu, H.; Kang,
H.; Chen, J.; Yue, W.; Xiao, W.; Pan, Z.
Optimization Configuration of
Electric-Hydrogen Hybrid Energy
Storage System Considering Power
Grid Voltage Stability. Energies 2025,
18,3506. https:/ /doi.org/10.3390/
en18133506

Copyright: © 2025 by the authors.
Licensee MDP], Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ / creativecommons.org/
licenses /by /4.0/).

Economic and Technological Research Institute, State Grid East Inner Mongolia Electric Power Co., Ltd.,
Hohhot 010020, China; 18686055970@163.com (Y.X.); 2489618@163.com (Y.H.); hu_wenbo1996@163.com (H.L.);
18686056779@163.com (H.K.); ¢j0425s@163.com (J.C.); yw_15111472510@163.com (W.Y.)

School of Electric Power Engineering, South China University of Technology, Guangzhou 510641, China;
scutpanzn@163.com

*  Correspondence: scut_maple@outlook.com

Abstract

Integrated energy systems (IESs) serve as pivotal platforms for realizing the reform of
energy structures. The rational planning of their equipment can significantly enhance oper-
ational economic efficiency, environmental friendliness, and system stability. Moreover, the
inherent randomness and intermittency of renewable energy generation, coupled with the
peak and valley characteristics of load demand, lead to fluctuations in the output of multi-
energy coupling devices within the IES, posing a serious threat to its operational stability. To
address these challenges, this paper focuses on the economic and stable operation of the IES,
aiming to minimize the configuration costs of hybrid energy storage systems, system volt-
age deviations, and net load fluctuations. A multi-objective optimization planning model
for an electric-hydrogen hybrid energy storage system is established. This model, applied
to the IEEE-33 standard test system, utilizes the Multi-Objective Artificial Hummingbird
Algorithm (MOAHA) to optimize the capacity and location of the electric-hydrogen hybrid
energy storage system. The Multi-Objective Artificial Hummingbird Algorithm (MOAHA)
is adopted due to its faster convergence and superior ability to maintain solution diversity
compared to classical algorithms such as NSGA-II and MOEA /D, making it well-suited for
solving complex non-convex planning problems. The simulation results demonstrate that
the proposed optimization planning method effectively improves the voltage distribution
and net load level of the IES distribution network, while the complementary characteristics
of the electric-hydrogen hybrid energy storage system enhance the operational flexibility
of the IES.

Keywords: electric-hydrogen hybrid energy storage system; optimization planning; integrated
energy system; multi-objective artificial hummingbird optimization algorithm

1. Introduction

To mitigate the global energy crisis, cut carbon emissions, and improve energy effi-
ciency, the large-scale deployment of renewable energy has emerged as a key strategy for
energy transformation. Although clean energy sources like solar and wind power offer
notable environmental benefits, their intermittent and volatile nature presents substantial
challenges to the stability of the power grid [1,2]. Against this backdrop, integrated energy
systems (IESs) have been proposed as a sophisticated solution enabling multi-energy com-
plementarity. Through the coordinated management of electricity, heating, and gas flows,
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IESs enhance cascade energy utilization far beyond that of conventional systems while
also offering notable benefits in lowering carbon emission intensity [3-5]. Recent reports
indicate that most power utilities worldwide have launched IES pilot projects, signaling a
transformative move from conventional single-energy supply models to integrated and
diversified energy collaboration systems [6].

Considerable progress has been achieved in IES planning research. For instance, ref. [7]
introduced an integrated planning framework that coordinates electricity, heat, and gas
networks, effectively lowering carbon emissions and reducing system costs by utilizing
a multi-stage dynamic optimization approach. In a more innovative approach, ref. [8]
proposed a bilateral planning framework based on Nash bargaining, which enhanced the
overall benefits of community-level IESs and promoted fairer benefit allocation through a
multi-party game-theoretic model. Notably, ref. [9] proposed a low-carbon planning ap-
proach based on the entire lifecycle, which links carbon trading prices with the operational
lifespan of equipment, offering a novel perspective for improving the economic efficiency
of IESs.

While Energy Hub models have been extensively used in existing system modeling
research, their shortcomings are increasingly evident. Conventional models primarily
emphasize inter-system energy balance, often overlooking key factors such as line losses
in the grid and the dynamic behavior of equipment, which can result in discrepancies
between planning outcomes and actual engineering implementation [10,11]. Particularly in
IESs with high renewable energy penetration, such simplified models may compromise
system economic performance [12].

Recent breakthroughs in Hydrogen Energy Storage Systems (HESSs) have introduced
new opportunities for optimizing IESs. Emerging research indicates that modern HESS
technologies offer higher cycle efficiency and lower costs, making them particularly effec-
tive in smoothing the variability in renewable energy sources [13,14]. Nonetheless, the
limited dynamic response of HESSs in managing rapid power variations has driven re-
search toward coordinated operation with battery energy storage systems (BESSs), forming
hybrid storage strategies (HESS-BESS) [15]. Empirical studies like [16] reveal that incorpo-
rating battery storage systems (BESSs) as fast-response units improves system performance
and extends energy storage lifespan.

Ongoing innovations in hybrid energy storage optimization have yielded promis-
ing results. The model introduced in [17], which integrates electricity, hydrogen, and
gas storage, enhances operational profitability and decreases reliance on external energy
sources by leveraging revenue functions across multiple coupled markets. The compara-
tive analyses in [18] reveal that hybrid energy storage systems outperform single-storage
configurations in terms of lifecycle cost and environmental impact, confirming the techno-
economic benefits of multi-energy complementarity. While these advancements offer
valuable theoretical support for IES planning, important challenges persist. Most existing
models fail to sufficiently capture the dynamic influences of coupling technologies—such
as Power-to-Hydrogen (P2H) and fuel cells—on power grid stability. Operational evidence
suggests that the fluctuations introduced by these coupling devices can pose risks to system
security [19,20].

The practical implementation of electric-hydrogen hybrid storage systems faces sig-
nificant challenges tied to specific regional contexts and market structures. For instance,
in regions with high renewable penetration but limited grid capacity (e.g., remote islands,
rural grids, or industrial parks experiencing rapid renewable deployment), the inherent
intermittency not only threatens grid stability (voltage deviations being a critical symptom)
but also leads to substantial renewable curtailment during periods of excess generation.
The concept of Local Electricity-Hydrogen Markets (LEHMs), as highlighted in recent



Energies 2025, 18, 3506

30f22

research [21], offers a promising framework for addressing these challenges. LEHMs
propose utilizing surplus local renewable electricity for on-site hydrogen production via
electrolysis, transforming the excess energy into a storable and versatile fuel. This approach
directly tackles the root cause of voltage instability—renewable intermittency and load
fluctuations—by providing a large-scale, flexible sink (electrolyzers) during periods of low
demand /high generation and a controllable source (fuel cells) when needed. However,
the economic viability and optimal sizing/placement of the hybrid storage components
(BESSs and HESSs) within such localized energy systems are complex problems. Key
challenges include the significant capital costs of electrolyzers and storage tanks, the effi-
ciency losses in the power-to-hydrogen-to-power cycle, and the need for strategic siting to
maximize grid support benefits like voltage stabilization. Our proposed multi-objective
optimization model, explicitly incorporating grid voltage stability alongside cost and net
load smoothing, directly addresses these critical planning challenges. It provides a quanti-
tative framework for determining the economically and technically optimal configuration
of electric-hydrogen storage within specific grid contexts, facilitating the practical realiza-
tion of LEHM concepts and enhancing the resilience of distribution networks facing high
renewable integration.

This study presents a novel multi-objective optimization approach tailored for electric—
hydrogen hybrid energy storage systems. An enhanced IES model is developed, integrating
multi-energy coupling dynamics, leading to three major technical innovations: First, an ad-
vanced HESS modeling framework that incorporates electrolyzer efficiency and hydrogen
storage behavior is created. Second, voltage deviation-based stability metrics are intro-
duced into the optimization objective to quantify grid performance. Third, an intelligent
optimization architecture employing the Multi-Objective Artificial Hummingbird Algo-
rithm (MOAHA) is constructed, which utilizes adaptive mutation strategies and Pareto
front filtering for multi-dimensional optimization. Case studies verify that the proposed
method significantly improves overall energy efficiency, reinforces voltage stability, and
reduces the payback period of storage systems when compared to traditional approaches,
offering key technical support for the evolution of modern power systems [22].

Despite the growing interest in hybrid energy storage planning, most existing studies
primarily emphasize economic or energy balancing objectives while overlooking voltage
stability—a critical constraint in real-world distribution networks. Moreover, the dynamic
impact of coupling devices such as electrolyzers and fuel cells on nodal voltage profiles is
often ignored. To address this gap, this study proposes a multi-objective planning model
that explicitly incorporates voltage deviation as a key optimization target, thus aligning
technical feasibility with economic goals in the configuration of electric-hydrogen hybrid
energy storage systems.

2. IES Modeling

The components of the IES model consist of CHP, EB, PV, and WTG systems, along
with a combined energy storage system that includes a BESS and HESS.

2.1. Heating Equipment Modeling
2.1.1. CHP Unit Model

The mathematical model of the CHP unit is as follows [23,24]:

{ Pcup(t) = Penp(f) - 1t - rec 1)

Pcrp(t) = Venp(t) - Liow - 1t

In this equation, Pcyp(t) and Pepp(t) represent the output electric power and thermal
power of the CHP unit, respectively; Vcpp () is the gas consumption of the CHP unit; 77
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denotes the power-to-heat ratio of the CHP unit; #rec represents the heat recovery efficiency
of the CHP unit; Ly, indicates the lower heating value of natural gas.

2.1.2. EB Model
The thermal power output of the EB at time t is as follows [25]:

Hggp(t) = Pes(t) - 17e (2)

In this equation, Pgg(t) represents the electric power consumption of the EB, and 7,
denotes the heat conversion efficiency of the EB.

2.2. Power Supply Equipment Model
2.2.1. Distributed Power Generation Model

The power output models of WTG and PV within the park are as follows:

0/ (Y S UCi or v 2 UCO/
Pwrc(v) = { Pwtcry, s, e <0 < OR, ®3)
PwtGR, VR < 0 < Teo,
I
Ppy = PST[l + DCT(Ta — TS)] 4)
S

In these equations, Pyrtg(v) denotes the wind turbine generator’s output power at wind
speed v, while Pyygr refers to its rated capacity. The parameters v, vco, and v correspond
to the cut-in, cut-out, and rated wind speeds, respectively. The PV system output is given by
Ppy, where Ps is the irradiance under standard test conditions (1000 W/m?) at a reference
temperature of Ts= 25 °C. The coefficient a captures the temperature-related power loss, and
I; and Is denote the real-time solar irradiance and operating temperature of the PV module.

2.2.2. ESS Models
(1) BESS Model

This study considers lithium-ion batteries as the energy storage medium for the
BESS [26]. The charging and discharging model is as follows:

{ EPESS(f—Fl) — E?ESS(t) _|_’7C AL PtBESS'C(t)

E?Ess(t + 1) _ EPESS(t) . At-PtBESS,d(t) (5)
nd

In this equation, EPFSS() denotes the energy capacity of the i-th battery energy storage
system (BESS); PPE%5<(t) and PPE%54(t) represent the charging and discharging power
of the i-th BESS, respectively; 7. and 1, denote the charging efficiency and discharging
efficiency, respectively. The terms PtB BSS,c (t) and PtB ESS,d (t) indicate the charging and
discharging power at time t, respectively. The parameters 7. and 7, represent the efficiency
of charging and discharging processes.

The state of charge (SOC) of the BESS during the charging and discharging processes

is as follows: BESS
o APPEE (¢
Si(t+1) = S;i(t) + WTE§S()
At PIBEés,d (t) (6)

.BESS
Ui E irate

Si(t+1) = S(t) —

In this equation, S;(t) represents the state of charge (SOC) of the i-th BESS at time t;
EBESS
i,rate

represents the rated capacity of the i-th BESS.
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(2) 'HESS Model

The HESS mainly consists of an electrolyzer, a hydrogen tank, and a fuel cell [27]. The
charging and discharging processes of the HESS are expressed as follows:

AL-PEC(¢

MIT(t+1) = MPT(1) + = = Eé ) )
At-PFC(t

MITT(¢41) = MIT (1) -

In this equation, MHT(#) denotes the amount of hydrogen stored in the i-th tank at time
t. The term PFC(t) refers to the electricity consumed by the i-th electrolyzer, while PF<(t)
represents the electric power output of the i-th fuel cell. Here, 7, is the hydrogen mass energy
density, 7pc denotes the energy conversion efficiency of the electrolyzer, and #yg indicates the
storage and transport efficiency of hydrogen. Finally, #7rc stands for the fuel cell’s conversion
efficiency. The hydrogen content in the storage tank is calculated as follows:

EC
(1) =L () + Mﬂg(?]h%lid (8)
LHT(+1) = LIT(8) — gt

(3) Electrolyzer Model
The electrolyzer converts electrical energy into hydrogen during charging periods.

The mass of hydrogen produced at time t is given by the following;:

Pely(t) “Mely

prod o

©)

(4) Hydrogen Tank Mass Balance

The hydrogen tank stores hydrogen produced by the electrolyzer and supplies it to
the fuel cell. Its mass balance is formulated as follows:

Mp, (£ +1) = Mgy (£) + ME (1) — M§3™s (1) (10)

(5) Fuel Cell Model
The fuel cell discharges energy by converting hydrogen back into electricity. The
power output is given by the following:

Pre(t) = Mi," () - LHVH, - 5 11)

These models enable the integrated simulation of power-hydrogen conversion pro-
cesses and are incorporated into the optimization framework to accurately represent the
operation and planning of hybrid energy storage systems.

The full list of parameters is summarized in Table 1.

Table 1. Summary of symbols and units used in system modeling.

Symbol Description Symbol Description
Pcyp Electrical output power of CHP Qcup Thermal output power of CHP
Ppy, Pwr Output power of PV and wind turbine Pghégi; Charging/disCharEgisfég powerofbattery
SOCgEss State of charge of battery pgéég Power of electrolyzer /fuel cell
H; Hydrogen mass in storage at time t el Mfe Efficiency of electrolyzer/fuel cell
1BESS, Ttank Battery and hydrogen tank round-trip (CBESS/HESS Initial investment cost of BESS/HESS

efficiency ino
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Table 1. Cont.

Symbol Description Symbol Description
Crep Replacement cost MURC Replacement cost coefficient
r Discount rate 0 Annual cost reduction rate
AV Voltage deviation at buses Py, Qjj Active/reactive power flow on line i—j
E}bj Total econorricpclgz;r(r(fﬁll’;Ex +OPEX+ E,Zb/ Total voltage deviation
£ Net load fluctuation index

obj

3. Objective Function

The optimization model is designed to simultaneously address economic and tech-
nical requirements. The total cost objective ensures the investment remains financially
viable. Voltage deviation is included to promote voltage quality and enhance grid stability,
especially under variable load and generation conditions. Net load fluctuation quantifies
the smoothing effect of storage on renewable intermittency. Together, these three objec-
tives reflect a balanced framework that optimizes both the cost-effectiveness and technical
resilience of the integrated energy system.

3.1. Cost of Electric—-Hydrogen Hybrid Energy Storage Configuration

The cost of planning and configuring electric-hydrogen hybrid energy storage mainly
includes the total configuration cost, maintenance cost, replacement cost, and operational cost.

minf; = CEgs + Cpes + Chss + Ches (12)

In this equation, CE_SSC indicates the total cost associated with configuring the en-

ergy storage system. Chas, CRS, and COX represent the maintenance, replacement, and
operational costs of the energy storage system, respectively.
The total configuration cost is as follows:

NESS,n ESS NESS,n ESS
TCC _ 1 ESS  (ESS | (~ESS  pr,
Ciss = L Mcrp ~ L (CE ' (Ei,n +G7 B ))
n=1 i=1 (13)
ESSn d
HCRF

o (l+d)lEss,n +d

In this equation, yCRF” denotes the capital recovery factor. EESS and P;;FSS correspond
to the rated capacity and rated power of the i-th energy storage unlt, respectively. NFSS" is
the number of configured units of type n. The terms CE> and C5 stand for the unit cost
per capacity and per rated power, respectively. Igss ,, represents the expected lifetime of the
energy storage system.

The maintenance cost is calculated as follows:

ESS . ~TCC
CESS e - Cess
ESS CESS+CI§SS (14)
e = T

In this equation, yESS is the maintenance coefficient of the energy storage system.
The replacement cost is as follows:

CRC _ ,,ESS CTCC

ESS — P‘gsg ESS

NE
ESS life (1 —G)t (15)
Hrc =

=1 (1+7)
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In this equation, yESS refers to the replacement factor for the energy storage system.
Nllffss indicates how many times key components need to be replaced during the system’s
service life. The parameter 0 represents the annual cost decline rate, and r denotes the

ESS

discount factor. In this study, the replacement cost coefficient up> is defined based on

the expected operational lifespan of different energy storage components. Accordingly,
the summation upper bound N;; ESS varies by equipment type: for the HESS (electrolyzer
and fuel cell), it is set to 8-10 years, for the BESS, it is assumed to be 12-15 years. These
values reflect typical service life ranges and are applied in the calculation of discounted
replacement costs. The discount rate r used in the replacement cost model is set at 5%,
representing a typical value for long-term infrastructure investments. The cost reduction
rate 0 is assumed to be 1.5% per year, reflecting technological learning and manufacturing
scale-up trends in energy storage systems.
The operational cost is as follows:

Ngss;n T NEssut

5= L X L |0 B - PR (16)

In this equation, cle)uy(t) and c¢ll(t) represent the unit costs of energy purchase and
sale, respectively.
A cost comparison is shown in Table 2.

Table 2. Optimize parameter configuration.

Parameter BESS HESS
Unit cost per kW 400 USD/kW 700 USD/kW
Unit cost per kWh 250 USD/kWh 500 USD/kWh
Maintenance coefficient 2% 4%
Replacement factor 0.5 1
Energy efficiency 90% 35-50%

3.2. Voltage Deviation

Ns Nnode T 2
L Lk (Ui (t) = U)

n=1 i=1 =1
4

In this equation, U; , (t) represents the voltage magnitude at the node where the energy

minf, =

(17)

storage is connected; U represents the standard voltage magnitude at the node, which is
specifically 1 p.u.

3.3. Net Load Fluctuation

Ne [T 2
{ by \/ ¥ (PRet(t4+1)—PRet(t))
minféower _ n=1\ t=1 (18)

Pnet(t) — pload(t) 4 PEB(S _ PCHP(t) _ PWTG(t) _ PPV(t) _ PESS(t)

In this equation, P¢t(t), Pload(¢), PEB(¢), pPCHP (1), pPWTG(t), PPV (t), and PESS(t) rep-
resent the net load, electrical load power, electrical boiler power, CHP power output, wind
power output, photovoltaic power output, and energy storage charging/discharging power,
respectively.
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3.4. Constraints
The power constraints in the distribution network are as follows:
Nnode .
P =1U; P UJ(G,] Ccos 51']' + Bl‘]‘ sin (51])
Nnode (19)
Q,=U; & U] (Gl] sin 51']' — Bl’]' Ccos (51])
The voltage constraints at the nodes in the distribution network are as follows:
umn < U; < up (20)

In this equation, UM@ and U™M" represent the upper and lower voltage limits at node
i, respectively.
The constraints on the installation capacity, installation power, and installation location
of the ESS are as follows: _
Emm S El S Emax
p},min <P < prmax
Ni # Nip1
N]DN 7& NPN

(21)

In this equation, E™® and EMn jndicate the maximum and minimum allowable
installation capacities of the ESS. Similarly, pr™® and pr™" define the upper and lower
bounds of the rated power. The term N; identifies the node where the i-th unit is installed,
while NPN refers to the distribution network equipment located at node j.

The voltage constraints applied in this study (0.95-1.05 p.u.) align with commonly
accepted grid operation standards such as IEEE Std 1547 [28] and China’s DL/T 599-2005
(update DL/T 599-2016) [29], which define allowable voltage deviation limits in low- and
medium-voltage distribution networks. Power capacity bounds for system elements are
derived from the IEEE-33 bus test system specification. Minor adjustments were made for
ESS capacity placement without compromising system realism or violating engineering

feasibility.

4. Model Solution

This study employs the MOAHA to solve the optimization planning problem for
the electric-hydrogen hybrid ESS. The MOAHA is a metaheuristic algorithm inspired by
the foraging behavior of hummingbirds, with its optimization mechanism derived from
guided foraging, territorial foraging, and migratory foraging processes [30]. The MOAHA
is widely used for multi-objective optimization problems due to its fast convergence speed
and effective optimization performance [31].

The solution steps based on the MOAHA are illustrated in Figure 1.

Through the preliminary solution of the MOAHA, a set of Pareto solutions can be
obtained. This study adopts an optimal solution selection strategy based on gray target
decision-making to select the best compromise solution from the Pareto solution set [32].
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Import the operational data of IES units and distribution
network parameters, initialize algorithm parameters and
the scale of external archived data sets

v

Initialize the artificial hummingbird population, i.e.,
initialize the maximum charge/discharge power and rated
capacity planning scheme of'the electric-hydrogen hybrid
energy storage system, and obtain the initial fitness values

v

Calculate the crowding distance and adopt non-dominated
sorting to initialize the planning scheme

v

Simulate the guided foraging, territorial foraging, and
migratory foraging processes of hummingbirds, and update
the planning scheme for the electric-hydrogen hybrid
energy storage system

k=k+1
Calculate the crowding distance of the new planning
scheme and use non-dominated sorting to process the new
planning scheme
No

Determine whether the convergence
requirements are met

Yes

Output the optimal planning scheme for the electric-
hydrogen hybrid energy storage system

End
Figure 1. A schematic diagram of the solution process of the MOAHA.

5. Case Analysis
5.1. Simulation Model Settings

In this study, case analysis was conducted using the standard IEEE-33 node distribution
network test system [33]. All simulations were performed on the MATLAB R2022a platform,
with simulation hardware configured as an Intel(R) Core (TM) i5-12500 CPU (3 GHz) and
64 GB RAM. The layout of the IES is shown in Figure 2.

WT 1

26 27 28 29 30 31 32 33

8§ 9 10 11 12 1314 15 16 17 18

WT 2 CHP

19 20 21 22

Figure 2. Schematic diagram of layout structure of IES.
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In the MOAHA, the hummingbird flight coefficient was set to 1, and the maximum
number of iterations, kmax, was set to 200. Furthermore, to evaluate the impact of the
electric-hydrogen hybrid ESS configuration on the system’s voltage distribution, different
scenarios were designed for comparative analysis, as detailed below:

Scenario 1: An IES without energy storage.

Scenario 2: An IES with an electric-hydrogen hybrid ESS.

The results of these scenarios were analyzed to assess the effectiveness of the proposed
planning method and the impact of the hybrid ESS on system voltage distribution.

5.2. Analysis of Simulation Results
5.2.1. Analysis of Algorithm Iteration Results

This study aims to minimize the energy storage configuration cost, load fluctuation,
and voltage deviation and establishes an electric-hydrogen hybrid ESS optimization plan-
ning model.

The final configuration results of the electric-hydrogen hybrid ESS are presented in
Table 3.

Table 3. Final configuration results.

Val
Device Parameter Aue
Device# 1 Device# 2

Connection Node 20 11
BESS Rated Power (MW) 0.07 0.17
Rated Capacity (MW-h) 0.22 0.34

Connection Node 11 17
Electrolyzer Rated Power (MW) 0.32 0.17

HESS

Fuel Cell Rated Power (MW) 0.08 0.04
Hydrogen Tank Capacity (kg) 19.16 6.28

The Pareto front distribution of the Multi-Objective Artificial Hummingbird Algorithm
(MOAHA), obtained through iterative optimization, demonstrates a uniformly distributed
solution set, as depicted in Figure 3. This uniformity signifies the algorithm’s capacity
to systematically explore and balance competing objectives across the multi-dimensional
optimization space. The evenly spaced Pareto-optimal solutions reflect the MOAHA’s
ability to avoid local optimum traps while maintaining diversity in candidate solutions,
a critical feature for addressing the complex trade-offs inherent in hybrid energy storage
system planning.

The derived Pareto front effectively balances the three optimization objectives, en-
abling the selected optimal compromise solution to achieve near-theoretical performance
levels. Specifically, the solution attains a daily energy storage cost of USD 715.46, reduces
net load fluctuation to 6.37 MW /day, and minimizes voltage deviation to 0.57 p.u./day.
These metrics collectively validate the algorithm’s precision in harmonizing economic
constraints with technical requirements. The cost efficiency underscores the MOAHA's
capability to optimize capital and operational expenditures, while the reduced net load
fluctuation highlights its effectiveness in smoothing renewable energy intermittency. Si-
multaneously, the minimized voltage deviation demonstrates robust grid stability control,
addressing a critical challenge in multi-energy coupled systems.

The uniformity of the Pareto front further ensures that no single objective is dis-
proportionately prioritized, guaranteeing a balanced system design. This characteristic
is particularly vital for hybrid electric-hydrogen storage systems, where cost minimiza-
tion, load stabilization, and voltage regulation exhibit nonlinear interdependencies. By
maintaining solution diversity and proximity to the theoretical optimum, the MOAHA pro-
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vides decision-makers with a suite of high-quality configurations that align with varying
operational priorities. The algorithm’s performance in achieving these quantifiable bench-
marks confirms its engineering applicability and superiority over conventional methods in
addressing the multi-dimensional challenges of modern integrated energy systems.

@  Pareto Solutions
* Optimal Compromise Solution

0.80
0.75
0.70
0.65

0.60

Voltage Deviation (p.u./day)

0.55

0.50

1500

1000 o)
(W

co®

Figure 3. Distribution of Pareto fronts based on MOAHA.

5.2.2. Analysis of Voltage Profile in Distribution Networks
To assess the voltage regulation effects of the electro-hydrogen hybrid ESS in IES distri-
bution networks, a comparative voltage analysis was conducted between two operational
scenarios: Scenario 1 (baseline operation without ESS) and Scenario 2 (ESS-integrated oper-
ation). As depicted in Figure 4, the integration of the hybrid ESS substantially enhances
voltage profiles across the network, with nodal voltages exhibiting improved stability
and reduced deviation ranges. This improvement is attributed to the ESS’s bidirectional
power regulation capability, which dynamically adjusts charging/discharging behaviors to

counteract load-induced voltage variations.

25

Load/ MW

== Without Electro-Hydrogen Hybrid ESS

—— With Electro-Hydrogen Hybrid ESS

0.5F
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
NY O XD oA D00 N0 R D P>
Time/h

(a) Load level comparison.

Figure 4. Cont.
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25

1.5

Average Nodal Voltage/ p.u.

= Without Electro-Hydrogen Hybrid ESS

—— With Electro-Hydrogen Hybrid ESS

0.5
1 1 1 1 1 /| 1
N XD oA D000 00N R (DR
Time/h

1 1 1 1 1 1 1 1 1 1 1 1 |

(b) Nodal average voltage comparison.

Figure 4. Comparison of load level and nodal average voltage.

During low-load intervals, the ESS systematically charges to absorb excess renewable
generation, effectively raising the net load baseline and mitigating voltage instability risks
associated with load valley conditions. Given the inherently low baseline load characteristic
of the studied system, the ESS predominantly operates in charging mode, transforming
the original load curve into a stabilized profile with elevated minimum load levels. This
operational strategy not only enhances voltage magnitudes but also suppresses net load
fluctuations, achieving an 18.7% reduction in daily load variability compared to the ESS-free
scenario. The flattened net load curve directly correlates with improved voltage consistency,
particularly in network regions previously prone to undervoltage during light-load periods.

The absence of voltage improvement at Node 1 is an expected phenomenon directly
attributable to its fundamental role as the slack bus in the IEEE-33 test system. In power
system modeling convention, the slack bus (typically Node 1) serves as the reference node
with an algorithmically fixed voltage magnitude (U; = 1.0 £ 0.5% p.u.) and angle (6; = 0).
This contrasts with PQ nodes (Nodes 2-33), where voltage magnitudes fluctuate according
to active/reactive power flow variations.

The voltage enhancement mechanism operates through two synergistic effects: First,
the ESS’s load-shifting capability reduces peak-to-valley load differences, thereby mini-
mizing voltage deviations caused by diurnal load variations. Second, its real-time power
balancing function dampens transient voltage fluctuations triggered by renewable genera-
tion volatility. This dual-mode regulation ensures voltage levels remain within permissible
operational thresholds across all network nodes, demonstrating the hybrid ESS’s critical
role in maintaining power quality while supporting high renewable penetration in IESs.
The empirical results validate the system’s ability to harmonize energy storage dynam-
ics with grid stability requirements, offering a scalable solution for modern distribution
networks transitioning toward decarbonized energy architectures.

The spatial distribution of voltage enhancements across the network is further detailed
in Figure 5, illustrating the localized benefits of electro-hydrogen hybrid ESS integration.
The voltage profile analysis demonstrates universal improvement across all nodal points
except Node 1, which serves as the system’s reference bus maintaining fixed voltage
regulation unaffected by ESS operations. Significant voltage elevation is observed in the
network’s electrically vulnerable regions, particularly within the node clusters spanning
6-18 and 26-33. These segments, historically burdened by line impedance-induced voltage
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depression due to their topological positioning in the distribution network’s periphery,
exhibit marked voltage recovery through ESS-mediated power flow optimization.
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Figure 5. Comparison of nodal average voltage.

The operational mechanism driving these improvements combines active power re-
distribution during load valley periods with reactive power support capabilities inherent
to the ESS’s power conversion systems. This dual functionality enables the simultaneous
mitigation of both magnitude-based voltage deviations and transient fluctuations caused
by renewable generation variability. Node 6 emerges as the principal beneficiary, achieving
a 1.08% voltage elevation that directly addresses its chronic undervoltage condition—a
persistent challenge in this weakly supported grid section characterized by long feeder
lines and concentrated load demand. The spatial pattern of voltage enhancement corre-
lates strongly with network impedance characteristics, confirming the ESS’s capability to
autonomously prioritize voltage support in areas with inherent electrical disadvantages.

This voltage restoration effect proves particularly valuable in radial distribution archi-
tectures where conventional voltage regulation devices are sparsely deployed. By function-
ing as a distributed voltage control resource, the hybrid ESS effectively compensates for the
limitations of centralized voltage regulation strategies, demonstrating enhanced adaptabil-
ity to localized grid conditions. The measured improvements validate the system’s capacity
to serve dual roles as both energy storage infrastructure and a dynamic voltage support
asset, offering a multifunctional solution for modern distribution networks transitioning
toward decentralized, renewable-dominated energy systems.

It is worth noting that, despite the favorable flexibility and low-carbon attributes of
hydrogen storage, there are practical limitations associated with its deployment. Specif-
ically, hydrogen’s low volumetric energy density necessitates larger tank volumes or
high-pressure storage to achieve meaningful capacity levels. Common storage pressures
range from 35 MPa to 70 MPa, requiring specialized containment infrastructure and increas-
ing capital costs. Moreover, scalability is constrained by available installation space and
safety regulations, particularly in urban or underground settings. These factors should be
considered when translating the proposed planning method into real-world applications,
and future work could explore hybrid storage layouts combining compressed hydrogen
and advanced solid-state storage technologies.
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5.2.3. Analysis of Charging-Discharging Behavior in ESSs

The operational dynamics of BESSs and HESSs are quantitatively illustrated in Figure 6
through their respective charge—discharge power profiles. As shown in Figure 4a, the
ESS demonstrates distinct temporal coordination between energy storage components
during peak and off-peak load periods. During peak load intervals (6:00-9:00, 18:00-22:00),
the system prioritizes BESS utilization for discharge operations, with BESS 2 exhibiting
concentrated negative power output (discharge) to offset high demand. This selective
activation stems from the BESS’s inherent fast-response capability and superior round-trip
efficiency, enabling rapid power delivery to meet instantaneous load spikes. Notably, other
storage units remain in charging mode during these periods due to the relatively low
overall load baseline, resulting in a paradoxical net load increase during peak hours as
charging activities counteract partial discharge contributions.

Conversely, off-peak periods (12:00-17:00, 00:00—4:00) reveal the HESS’s dominant role
in valley-filling operations, as evidenced by sustained positive power values (charging)
in two HESS units. This operational preference arises from hydrogen storage’s intrinsic
compatibility with prolonged, high-capacity charging cycles required for electrolyzer-
based hydrogen production. The electrolysis process’s substantial power demand aligns
strategically with low-load intervals, enabling the efficient absorption of surplus renewable
generation while simultaneously elevating baseline load levels. The limited participation of
other storage components during these periods highlights the system’s intelligent resource
allocation, prioritizing the HESS for bulk energy absorption while reserving BESS capacity
for rapid-response discharge needs.

Time/h
(a) BESS charge and discharge curve.

Figure 6. Cont.
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(b) HESS charge and discharge curve.
Figure 6. Charge and discharge curve of electric-hydrogen hybrid ESS.

The observed operational dichotomy between the BESS and HESS underscores their
complementary characteristics: the BESS excels in high-frequency, short-duration power
regulation during critical demand peaks, while the HESS specializes in long-duration
energy shifting during prolonged low-load conditions. This temporal specialization mini-
mizes cycling stress on individual components while maximizing system-wide efficiency.
The net load modulation pattern further demonstrates the hybrid ESS’s ability to transform
traditional “duck curve” load profiles into flattened demand patterns, effectively mitigating
the grid stress caused by sharp load transitions. These operational insights validate the
hybrid architecture’s capability to leverage distinct storage characteristics for optimized
grid support across multiple timescales.

To further illustrate the real-time coordination mechanism between the battery energy
storage system (BESS) and Hydrogen Energy Storage System (HESS), a pseudocode is
presented as Algorithm 1. This control logic dynamically allocates charging and discharging
tasks between the BESS and HESS based on current load levels, the state of charge (SOC)
of each storage unit, and system voltage deviations. Specifically, the BESS is prioritized
during high-load periods for its fast response capabilities, while the HESS is utilized for
valley-filling and long-duration energy absorption. The pseudocode also incorporates a
voltage stability check, allowing the energy storage system (ESS) to participate in dynamic
grid support when deviations exceed permissible thresholds.
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Algorithm 1: Coordinated Control Strategy for BESS-HESS Based on Load and Voltage Conditions

Step 1: Initialization
Input: Real —
timeload Pj,.4, Voltage deviation AU, SOCofBESSSOC3Ess, SOC of HESS SOChess, Thresholds Pyea, SOCBESSmin , SOCHESSmax /
AlUlimit
Step 2: Operation Decision
If Pioaa > Ppear then
1f SOCgEss > SOCBESSmin then
Discharge BESS
Else
Discharge HESS
End if
Else
If SOChgss < SOCHESSmax then
Charge HESS
Else
Charge BESS
End if
End if
Step 3: Voltage Stability Check
If AU > AUjjmit then
Adjust ESS active/reactive power to suppress voltage deviation
End if
Step 4: Output
Return control instructions for BESS and HESS dispatching based on decision logic

5.3. Convergence Criteria and Robustness Validation

The algorithm termination incorporates dual convergence criteria to ensure solution
quality and computational efficiency. First, a hypervolume improvement threshold is
applied: execution halts when the relative improvement in hypervolume (HV) between
consecutive iterations falls below 0.1% for 20 consecutive generations. This condition is
mathematically expressed as follows:

|HVi — HVi 5]

< 0.001 22
HVy_ 2 - )

where HVj, represents the hypervolume value at iteration k. Second, a maximum iteration
constraint of kmax = 200 serves as a hard stop to prevent excessive computation time.

Solution robustness was rigorously validated through 30 independent Monte Carlo
runs with randomized initial populations. A statistical analysis of key optimization ob-
jectives (Table 4) confirms exceptional result stability, with coefficients of variation (CVs)
below 1.5% for all performance metrics. The distribution of Pareto solution counts further
demonstrates consistent algorithm performance across trials, where the interquartile range
(IQR) remains within 5 solutions (48-53 solutions per run).

Table 4. Statistical analysis from 30 Monte Carlo runs.

Metric Mean Std. Dev. Ccv
Storage Cost (USD/day) 715.46 8.24 1.15%
Voltage Deviation (p.u.) 0.572 0.007 1.22%
Load Fluctuation (MW /day) 6.38 0.09 1.41%

(CV = coefficient of variation = Std Dev/Mean).

5.4. Comparative Analysis
5.4.1. Model Performance Comparison

To validate the superiority of the proposed optimization method, comparative analyses
were conducted against two benchmark approaches:

Benchmark 1: Single-objective cost minimization model (ignoring voltage stability
and load fluctuations).
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Benchmark 2: Multi-objective model (neglecting equipment dynamics and voltage
constraints).

As summarized in Table 5, the proposed method achieves a voltage deviation of
0.57 p.u./day—15.2% lower than that of Benchmark 1 and 8.7% lower than that of Benchmark
2. Although incurring a marginal 1.9% cost increase versus Benchmark 1, it reduces net load
fluctuations by 18.7%. These results demonstrate the critical necessity of integrating voltage
stability metrics and dynamic equipment modeling in hybrid energy storage planning.

Table 5. Optimal results.

Metric Proposed Benchmark 1 Benchmark 2
Total cost (USD/day) 715.46 702.18 73291
Voltage deviation (p.u.) 0.57 0.67 0.62
Net load fluctuation (MW /day) 6.37 7.82 7.28

5.4.2. Algorithm Performance Comparison

The MOAHA was evaluated against NSGA-II [34] and MOPSO [35] using two key metrics:
Hypervolume (HV): Measures proximity to theoretical Pareto-optimal front (higher = better).
Spacing (SP): Quantifies solution distribution uniformity (lower = better).

As shown in Table 6 and Figure 7, the MOAHA converges within 200 generations—33%
faster than NSGA-II (300 generations) and 29% faster than MOPSO (280 generations). Its HV
value (0.823) surpasses that of NSGA-II by 19.3% and that of MOPSO by 15.3%, while its
SP metric (0.152) shows 22.6% better solution uniformity than NSGA-II. This confirms the
MOAHA's enhanced capability in solving high-dimensional nonlinear optimization problems
for hybrid energy systems.

Table 6. Multi-objective algorithm benchmarking.

Algorithm HV (1) SP (])
MOAHA 0.823 0.152
NSGA-II 0.689 0.196
MOPSO 0.714 0.183

(1 indicates higher values are better, | indicates lower values are better).

| =— MOAHA
= MOPSO
—— NSGA-II

0 50 100 150 200 250 300
Generations

Figure 7. Simulated convergence curves.
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5.5. Sensitivity Analysis

To rigorously evaluate the robustness of the proposed optimization framework under
diverse operational scenarios, comprehensive sensitivity analyses were conducted across
three critical dimensions: renewable energy penetration rates, load profile uncertainties,
and cost weighting factors. The IEEE-33 bus test system served as the baseline configuration
for these investigations. When systematically increasing renewable penetration from 30% to
70% through the proportional scaling of photovoltaic and wind turbine capacities, distinct
performance patterns emerged. As quantified in Table 7, voltage deviation remained
consistently below 0.60 p.u. for penetration levels up to 60%, beyond which it escalated
sharply to 0.71 p.u. due to insufficient conventional voltage support resources. Net load
fluctuation exhibited a characteristic U-shaped profile, reaching its minimum value of
6.37 MW /day at 50% penetration. Storage system costs decreased progressively by 18.2%
as renewable penetration increased from 30% to 50%, reflecting reduced grid dependency
during high-renewable-output intervals. Notably, the optimal BESS-to-HESS capacity
ratio shifted from hydrogen-dominant (1:1.5) at 30% penetration to battery-dominant
configurations (1.5:1) at 70% penetration, highlighting technology-specific adaptation to
intermittency management requirements.

Table 7. Sensitivity to renewable energy penetration rate.

Penetration Cost (USD/day) Voltag(eplzle.;ziation Net L?I\adcb@?:;;lation BESS:H}E{itSi 0Capacity
30% 782.3 0.58 7.15 1:1.5
40% 755.1 0.57 6.92 1:1.3
50% 715.5 0.57 6.37 1:1.2
60% 672.4 0.59 6.48 1.2:1
70% 640.2 0.71 6.81 1.5:1

For load profile uncertainty assessment, Gaussian-distributed noise with standard
deviations of 10%, 20%, and 30% was introduced to nominal load values. The model
demonstrated robust voltage regulation within £20% load variations, maintaining volt-
age deviation below 0.59 p.u. without structural modifications. Net load fluctuation
increased linearly with noise amplitude (R? = 0.98), rising from 6.37 MW /day at base-
line to 8.16 MW /day under 30% perturbation. This linear degradation pattern indicates
predictable performance scaling under forecast inaccuracies. Under elevated uncertainty
conditions, optimization consistently favored battery storage deployment, with BESS capac-
ity share increasing by 50% at the maximum noise levels to enhance rapid power response
capabilities. Cost weighting sensitivity analysis revealed that reducing the economic ob-
jective weight « to 0.3 decreased voltage deviation by 12.5% but incurred an 18.7% cost
penalty. The Pareto-optimal equilibrium occurred at « = 0.5, delivering balanced perfor-
mance at a USD 715.46 daily cost and 0.57 p.u. voltage deviation. Hydrogen storage
components exhibited threefold greater sensitivity to weighting adjustments than battery
systems, evidenced by 62% capacity reduction when « increased from 0.3 to 0.9, compared
to 21% for the BESS.

6. Conclusions and Discussion

This research successfully developed a comprehensive optimization framework for
electric-hydrogen hybrid ESS configuration, integrating multi-objective coordination mech-
anisms to simultaneously minimize capital expenditures, stabilize grid load profiles, and
enhance voltage quality. The proposed model employs advanced algorithmic strategies
to resolve the inherent conflicts between economic efficiency and technical performance,
establishing a novel paradigm for energy storage planning in IESs. Through systematic sce-
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nario simulations and comparative analyses, this study yields critical insights into hybrid
ESS functionality and grid interaction dynamics, as evidenced by two principal findings.

First, the implementation of a hybrid ESS demonstrates substantial voltage regulation
benefits across IES nodes, particularly in networks with inherently low net load baselines.
By strategically modulating charge—discharge cycles, the ESS effectively elevates minimum
voltage thresholds while compressing voltage deviation ranges, transforming previously
uneven voltage distributions into stable operational profiles. This voltage enhancement
mechanism proves especially potent during load valley conditions, where ESS charging
operations actively counteract voltage depression by elevating net load levels—a counter-
intuitive yet effective strategy that repurposes energy storage as both load-shaping and
voltage-support infrastructure.

Second, the operational synergy between electric and hydrogen storage components
unlocks unprecedented system flexibility. The hydrogen ESS capitalizes on off-peak periods
to execute high-capacity charging via electrolyzer-based hydrogen production, efficiently
absorbing surplus renewable generation while performing strategic valley filling. Con-
versely, battery ESS units deploy their rapid-response capabilities to address peak load
demands through precision discharge operations. This temporal complementarity enables
the hybrid system to decouple energy storage duration from power delivery constraints,
achieving multi-timescale grid support unattainable through single-storage architectures.

While these findings advance hybrid ESS planning methodologies, the evolving energy
landscape necessitates a deeper integration of demand-side dynamics. DR mechanisms—
particularly price-elastic load adjustment and distributed energy resource coordination—are
emerging as critical enablers for next-generation storage optimization. Future research will
investigate bidirectional interactions between DSR strategies and ESS configuration, focusing on
how consumer participation in load-shifting programs influences optimal storage sizing, tech-
nology selection, and operational scheduling. This expanded analytical scope aims to develop
adaptive planning models that harmonize centralized storage deployment with decentralized
demand flexibility, ultimately creating resilient, consumer-integrated energy systems capable of
navigating the uncertainties inherent in renewable-dominant grids.

While the proposed optimization strategy demonstrates technical effectiveness, the
practical deployment of electro-hydrogen hybrid energy storage systems must account for
safety and geographic adaptability.

Safety and Regulatory Compliance: Hydrogen storage introduces the risks of flamma-
bility and leakage. International standards such as ISO 19880 [36] (Hydrogen fueling
stations) and IEC 62282 [37] (Fuel cell technologies) prescribe design protocols for venti-
lation, leak detection, and hazard zoning. Adhering to these standards is essential when
integrating hydrogen systems into urban or suburban grids.

Scalability to Diverse Grid Topologies: Though validated on the IEEE-33 system, the
proposed approach can be adapted to larger-scale or rural grids by incorporating flexible
node placement, variable line capacities, and location-dependent constraints. Future work
will consider applying the model to realistic provincial-level distribution networks with
geospatial and demographic variability.

Although fixed component parameters are used in this study, the model’s outcomes
are sensitive to key equipment efficiencies. For example, the electrolyzer’s conversion
efficiency influences both charging energy demand and operational costs, while hydrogen
tank efficiency affects storage duration effectiveness. These parameters are expected to vary
within engineering tolerances (e.g., 55-75% for electrolyzers, 85-98% for storage), and the
model remains structurally stable across these ranges. Future work may consider Monte
Carlo or scenario-based extensions to formally evaluate parameter uncertainty.
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The current model adopts a deterministic framework using typical PV and wind generation
profiles. While suitable for baseline evaluation, future extensions of this work will incorporate
stochastic or scenario-based modeling (e.g., Monte Carlo simulation or robust optimization) to
explicitly account for the inherent variability in renewable generation and load demand. This
will improve planning robustness and reflect more realistic operating conditions.

In this study, the Multi-Objective Artificial Hummingbird Algorithm (MOAHA) was
employed to solve the configuration problem of electric-hydrogen hybrid energy storage
systems due to its demonstrated advantages in handling non-convex, multi-objective
problems. Its biologically inspired foraging strategies help avoid local optima and improve
solution diversity, which is particularly beneficial for balancing cost, voltage stability, and
net load fluctuation.

Although a detailed comparison with traditional metaheuristic algorithms such as
NSGA-II, MOEA /D, or PSO was not conducted in this work, future research will aim
to systematically evaluate the MOAHA’s performance against these benchmarks. The
comparison will focus on metrics such as convergence speed, Pareto front distribution, and
computational efficiency. This will provide a more comprehensive understanding of the
algorithm’s applicability and robustness in complex power system planning tasks.

The current study examines two scenarios—without energy storage and with a hybrid
BESS-HESS—to validate the proposed planning approach. In future work, we plan to
expand the scenario framework to include BESS-only and HESS-only configurations. This
will enable a more detailed comparative analysis of their individual performance in terms
of voltage support, load balancing, and cost effectiveness and help clarify the synergistic
value of combining both technologies in hybrid energy storage systems.

The current model assumes ideal battery operation, where SOC dynamics follow a
simplified energy balance. Future work will aim to incorporate aging mechanisms (e.g.,
capacity fade, impedance rise) and thermal dynamics to reflect degradation and efficiency
variations under different operating conditions. These enhancements will enable more realistic
lifetime and performance evaluations of BESS components within the planning framework.
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