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The rapid growth of renewable energy sources (RESs) has introduced significant uncertainty and instability to the
operation of smart microgrids. To address these challenges, energy storage systems (ESSs) have become essential,
as they can effectively mitigate the impact of the fluctuations of RESs. However, ESSs consisting of single-type
energy storage devices face limitations in meeting the various requirements of microgrid applications. A
hybrid energy storage system (HESS) that integrates multiple types of ESSs offers a popular solution by exploiting

their complementary characteristics. This article provides a comprehensive review of the state-of-the-art tech-
nologies of HESSs, covering their types, modeling methods, control strategies, and particularly, the safety con-
siderations that have often been overlooked in the existing review papers. The pros and cons of the existing
works across these four dimensions are also critically analyzed. Finally, future trends and potential directions are
highlighted to carry out further research and the practical implementation of HESS technologies.

1. Introduction

As the concept of carbon neutrality gains wide recognition and
support from countries around the world, renewable energy sources
(RESs), including solar photovoltaic, wind, hydro, and geothermal, have
attracted increasing attention for their ability to provide a sustainable
and clean power supply [1]. To fully leverage these advantages, it is
significant and urgent to develop microgrid technologies, which have
the capability to convert, store, and supply high-quality electrical power
[2]. The energy storage system (ESS) is an important component in a
microgrid, which contributes to RES integration by flattening power
fluctuations, improving power quality, and enhancing system stability
[3].

ESSs have been widely used for decades with continuous improve-
ment over time. According to different power and energy characteristics,
ESSs can be divided into high energy-density storage (HES) devices and
high power-density storage (HPS) devices, as shown in Fig. 1. HES

devices can store relatively large amounts of energy to guarantee long-
term energy consumption in the form of mechanical (compressed air),
chemical (hydrogen storage), electrochemical (batteries and fuel cells),
or thermal processes. However, the main disadvantages of HES devices
are the relatively short cycling life and slow response speed. HPS de-
vices, known for their fast dynamics, store electrical power mainly in the
form of mechanical (flywheel), electrochemical (supercapacitor), and
magnetic energy (superconducting magnetic energy storage, SMES).
However, HPS devices are not suitable for long-term discharge [4]. A
hybrid energy storage system (HESS), which combines HESs and HPSs,
offers a promising solution to address these limitations by leveraging
and maximizing the advantages of both technologies [5]. Consequently,
HESSs can be integrated with RESs in microgrids to regulate DC bus
voltage and enable more economical operation. A general AC/DC
microgrid with HESS is shown in Fig. 2. In Fig. 2, a unity grid, distrib-
uted energy resources (DERs), and AC loads are connected to the AC bus.
HESS, DC loads, and renewable energy generation are connected to the
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Fig. 1. Classification of ESSs and potential components of HESSs.
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Fig. 2. Topology of a general AC/DC microgrid with HESS.

DC bus. The AC bus and DC bus are tied by the bi-directional interlinking
converter.

With the rapid development of materials science and chemistry,
many novel ESSs have been reported recently, which show great po-
tential as components of HESSs. For example, all-solid-state batteries,
considered to be one of the next-generation technologies of lithium-ion
batteries, are discussed in [6], thermal energy storage technique is re-
ported in [7], and the recent progress in the capture air energy storage
(CAES) technique is reviewed in [8]. To fully exploit the potential and
unique characteristics of different ESSs, accurate modeling technologies
are essential. In particular, data-driven and artificial intelligence (AI)
technologies have enabled the extraction of key features from extensive
operational data, improving the accuracy of ESS modeling [9]. On the
other hand, advances in control theory have facilitated the application
of advanced control technologies, such as model predictive control
(MPC) [10] and sliding mode control (SMC) [11], to HESSs.

However, the integration of multiple ESS technologies into a
microgrid system presents several challenges. These include the
complexity of managing the interactions between different ESSs,
ensuring the reliability and stability of the system under varying oper-
ational conditions, and addressing the efficiency of energy conversion
and storage. Moreover, the lack of standardized protocols and interfaces
for HESSs, along with the need for advanced real-time monitoring and
control systems, further complicates their practical implementation.

Motivated by the rapid progress and associated issues, this paper
presents a comprehensive review of HESSs for microgrid applications,
focusing on types, modeling, control, and safety. Unlike existing surveys
that mainly focus on power electronic topologies and control strategies
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in [12,13], this review covers a broader spectrum of HESS configura-
tions, summarizes a three-tier taxonomy of modeling approaches, and
structures the modeling, control, and safety discussions as an integrated
framework. The unresolved challenges and corresponding potential
research directions are also discussed for future investigations.

2. Type of HESS

Relying on a single energy storage technology often forces a
compromise between HES and HPS. The fundamental premise of a HESS
is to create a synergistic storage system capable of handling power
fluctuations across multiple timescales in microgrids. Driven by the
rapid advancements in materials science and chemistry, the toolkit of
available ESS components has expanded significantly in recent years.
Consequently, selecting and pairing the most appropriate storage tech-
nologies is the crucial first step in overcoming the broader integration,
efficiency, and management challenges of microgrid applications. To
provide a clear overview of this expanding landscape, this section cat-
egorizes and reviews various HESS configurations. It explores both the
conventional combinations those have formed the widely adopted HESS
in current microgrid deployments, as well as emerging HESS architec-
tures which offer promising site-specific solutions for the future
[14-30].

2.1. Conventional HESS

Conventional HESSs represent the most mature researched and
widely deployed configurations in contemporary microgrid applica-
tions. These systems fundamentally rely on well-established storage
technologies. By pairing a primary HES device with a secondary HPS
counterpart, conventional HESS architectures successfully bridge the
gap between long-term energy provision and rapid dynamic response.
This proven synergy is critical for mitigating the inherent intermittency
of renewable energy sources, ensuring stable bus voltages, and
improving overall power quality within the microgrid. To provide a
comprehensive overview of these foundational architectures, this paper
will elaborate on the following aspects: A. HESS Based on Batteries, B.
HESS Based on SMES, and C. HESS Based on Fuel Cell/Hydrogen
Storage.

A. HESS based on batteries

As one of the most common types of HESSs, battery-based HESS has
been widely investigated [14-17]. For example, in a battery-flywheel
HESS, two control strategies are designed for splitting power between
the battery and flywheel in order to flatten the power fluctuation and
reduce the power loss, respectively [15]. It is noteworthy that flow
batteries, with liquid electrolytes stored in the external storage tanks
and circulated by the pump, are a potential replacement for the lithium-
ion battery in HESS for microgrid applications due to their advantages of
long cycle life, high safety, and good charge-discharge characteristics
[16]. Behera et al. [17] proposed HESS, integrating a hydrogen/bromine
redox flow battery (RFB), supercapacitor, and photovoltaics (PV) with a
resilient controller.

B. HESS based on SMES

SMES is a potential type of HPS technique, which utilizes the prop-
erties of superconducting materials to store electrical energy in the form
of a magnetic field [18,19]. Jacques et al. [18] contributed to the per-
formance improvement of a PV/wind DC microgrid by integrating a
hybrid SMES/battery energy storage unit, applying a coordinated fuzzy
logic control and PI controller strategy to effectively manage energy
exchange, smooth power fluctuations, and maintain stable bus voltage
and load profile under various disturbances. Liu et al. [19] designed a
battery-SMES HESS with the optimal control strategy to improve the
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economy and stability of microgrid operation by optimizing the capacity
allocation and output of HESS.

C. HESS based on fuel cell/hydrogen storage

Various hybrid battery-fuel cell HESSs with energy management are
reported in [20-22]. Alharbi et al. [20] proposed an optimized energy
management and control strategy for a DC microgrid with PV, and a
hybrid fuel cell-battery-supercapacitor storage system, developing a
novel Beluga Whale Optimization-based strategy to efficiently allocate
the load among components and to improve system efficiency while
reducing hydrogen consumption. Belkhier et al. [21] proposed a novel
design and adaptive coordinated energy management strategy for a
microgrid integrating tidal, wind, PV, and hybrid fuel cell-battery stor-
age, utilizing a fuzzy logic modified super twisting algorithm to optimize
system operation, ensure service continuity, and smooth power output.

2.2. Other HESS

While the conventional HESS configurations provide a reliable and
well-established foundation for microgrid operations, their reliance on
electrochemical and magnetic processes can sometimes be constrained
by scaling costs, lifecycle degradation, and specific environmental lim-
itations. As microgrids evolve to manage larger energy capacities and
integrate more deeply with local infrastructure, there is a growing need
to explore alternative storage mechanisms. To address these evolving
demands, researchers are increasingly investigating emerging HESS ar-
chitectures which leverage large-scale mechanical and thermal pro-
cesses. These alternative systems offer unique advantages, such as
extended storage durations, massive capacity scaling, and the ability to
repurpose local geographic or thermal assets. To highlight the potential
of these innovative architectures, this paper will discuss the following
key perspectives: A. HESS based on CAES and B. TES-Based HESS.

A. HESS based on CAES

In the charging phase of CAES, energy is usually captured, com-
pressed, and stored in an underground cavern. During the discharging
phase, compressed air is withdrawn from storage, mixed with fuel and
combusted, then expanded through a turbine to drive a generator,
thereby converting the stored energy into electricity [23,24]. Naghibi
et al. [23] proposed an economic energy scheduling and flexibility
regulation framework for multi-microgrids containing non-renewable/
renewable units and a battery-CAES HESS, utilizing a hybrid grey
wolf-red panda optimizer and an unscented transformation model to
minimize energy cost and loss while enhancing system safety. Bartela
et al. [24] proposed a novel HESS combining CAES and hydrogen as
energy carriers, utilizing thermal integration to achieve efficient large-
scale energy storage with a competitive efficiency, as demonstrated
through thermodynamic assessment and comparison with pure
hydrogen and other reference systems. The thermodynamics of the
hybrid CAES-hydrogen system is analyzed in [25]. Sensitivity analysis
indicates that the outlet temperature of the hydrogen combustor and
specific energy consumption of the water electrolysis hydrogen gener-
ator are key influencing factors of system performance. Hybrid
hydrogen-fueled CAES and PEM electrolyzer are assessed in [26], where
the PEM electrolyzer is employed to smooth out long-duration time-
scale fluctuation, while hydrogen-fueled CAES is used to settle the
remaining time-scale fluctuations. The proposed HESS has relatively
higher power supply reliability than any single energy storage unit.

B. TES-Based HESS
In the charging phase of thermal energy storage (TES), thermal en-

ergy can be stored in well-insulated phase change materials as internal
energy, and the process is reversed during discharging. TES has been
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widely integrated with solar power generation [27] and cooling systems
[28]. Guo et al. [29] developed a hybrid battery-TES system with the
optimal planning method to improve the economy and prolong the
second-life battery service life. Wang et al. [30] compared the integrated
energy efficiency and carbon emissions of hybrid hydrogen-heat,
hydrogen ESS, and hybrid battery-heat schemes, and the result
showed the superiority of the hybrid hydrogen-heat system over the
other two types. A hybrid TES-hydrogen system is proposed in [31] to
extend operational hours of the electrolyzer during the night time, lev-
elized cost of hydrogen is further minimized. Despite potential re-
ductions in the price of TES, large-scale TES in the hydrogen generation
system is still not cost-effective.

2.3. Comparison of different types of HESSs

To provide a comprehensive understanding of the aforementioned
HESS configurations within a microgrid context, it is crucial to evaluate
their qualitative differences. Microgrids present unique operational
environments characterized by spatial limitations, specific localized
demands, and the critical need for cost-effective resilience. Table 1
summarizes the comparison of various HESS configurations regarding
cost, efficiency, complexity, and specific implementation constraints.

A critical evaluation of these HESS configurations reveals that no
single combination offers a universal solution for microgrid applica-
tions, as each presents distinct trade-offs between performance metrics
and practical feasibility. From the perspective of economic viability and
energy conversion efficiency, battery-based HESSs coupled with super-
capacitors or flywheels remain the most commercially mature options,
offering high overall efficiency and moderate capital costs. Conversely,
systems integrating SMES, despite possessing exceptional efficiency and
fast dynamic responses, are severely constrained by their prohibitive
capital costs and the necessity for extreme cryogenic cooling. When
long-term or seasonal energy storage is required, hybrid configurations
utilizing fuel cells or hydrogen become attractive. However, their
widespread adoption is predominantly hindered by relatively low
round-trip efficiency and high initial investments.

Beyond cost and efficiency, the physical deployment of emerging
HESS technologies in microgrids is frequently impeded by imple-
mentation barriers and site-specific constraints. For example, while
CAES provides a promising avenue for large-scale energy shifting, its
absolute reliance on specific geological formations, such as underground
caverns, makes it impractical for typical commercial or residential
microgrids with limited space. Similarly, the economic and operational
viability of TES-integrated HESS heavily depends on the existence of
localized heating or cooling demands, and TES loses its operational
advantage in a purely electrical microgrid without such coupled thermal
requirements. Even for geographically flexible systems, HESS integra-
tion introduces distinct feasibility challenges. For battery-
supercapacitor combinations, energy management systems must
constantly mitigate the asymmetric degradation caused by continuous
high-frequency cycling. Meanwhile, the control complexity significantly
escalates for hydrogen-based HESSs, because the system must coordi-
nately optimize components operating across different thermodynamic
and electrochemical domains while strictly adhering to safety protocols
for hydrogen storage in localized environments.

2.4. Future trends

Based on the aforementioned discussion, lithium-ion batteries are
still the most common type used in HESS because they are well-
developed and easy to manage [14-16,18]- [24,29,30]. However,
relying too much on lithium-ion batteries creates a major problem, that
is, existing works lack good ways to combine them effectively with
newer types of storage technologies that work very differently. The
advent of novel technologies, such as solid-state batteries, sodium-ion
batteries, and liquid-metal batteries, promises enhanced performance
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Table 1
Comparison of Different HESS Configurations in Microgrid Applications.
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Reference ~ HESS Configuration Capital Overall Control Geographic / Site Primary Implementation Barriers in Microgrids
Cost Efficiency Complexity Constraints
[14-17] Battery + Supercapacitor / Medium High Medium Low 1. Asymmetric aging;
Flywheel 2. Continuous cycle stress;
3. Limited long-term energy capacity.
[18,19] Battery + SMES Very High High High Low 1. Prohibitive costs of superconducting materials;
2. Extreme cryogenic cooling requirements.
[20-22] Battery + Fuel Cell / High Low to High Low (but requires safe 1. Low round-trip efficiency;
Hydrogen Medium storage) 2. Complex multi-domain energy management;
3. Strict safety protocols.
[23,24] Battery + CAES High Medium Medium Very High 1. Absolute reliance on specific geological
formations;
2. Scaling down issues.
[27-30] Battery + TES Medium Medium to Medium High 1. Requires localized heating/cooling demands for
High optimal viability;

2. Thermal energy leakage.

metrics at the device level. However, their effective integration into
microgrid-scale HESS introduces new challenges, particularly in dy-
namic response coordination under intermittent renewable generation,
lifecycle degradation synchronization under frequent charge/discharge
cycles, and safety redefinition within spatially constrained microgrid
environments. For instance, while the multi-timescale energy manage-
ment system proposed in [32] addresses component-level response
heterogeneity, its underlying optimization architecture, real-time
interoperability under microgrid disturbances, and scalability to
diverse distributed technology mixes remain insufficiently studied in
microgrid applications.

Furthermore, existing planning models frequently assume uniform
aging, but in practice, the frequent and high-depth cycling required for
microgrid stability affects components through fairly different mecha-
nisms, such as the chemical degradation of batteries versus the me-
chanical wear in CAES or thermal stress in TES. Developing co-
optimized capacity allocation models that account for these asym-
metric aging trajectories is essential to prevent a single weakest link
from prematurely compromising the entire HESS investment. Finally,
current microgrid-scale HESS configurations remain overly generic and
inadequately adapted to local environmental and geographic con-
straints. Future studies are suggested to prioritize integrated systemic
optimization driven by local datasets, where the HESS composition is
dictated not just by cost, but by site-specific factors such as underground
cavern availability for CAES or local thermal demands for TES. This
evolution from a descriptive selection to a deeply coupled and site-
specific structural design will be the cornerstone of next-generation
resilient microgrids.

To make these directions more actionable, two research frameworks
are introduced. For degradation-synchronized planning, a multi-
objective co-optimization framework should be formulated that in-
tegrates capacity design with degradation-aware energy management,
explicitly quantifying the asymmetric cycling aging of batteries, CAES,
and TES components. For site-specific design, representative operating
and tail scenarios derived from local datasets should be systematically
used for testing and validation, ensuring that geographic constraints
such as cavern availability and local heat-demand profiles are embedded
directly into the HESS design process.

3. Modeling of HESS

The landscape of HESS encompasses a diverse and complex array of
technologies, ranging from conventional battery-SMES pairings to
emerging mechanical and thermal configurations like CAES and TES.
Integrating these heterogeneous components into a cohesive microgrid
system presents a significant operational challenge. To safely manage
their interactions, optimize energy dispatch, and fully exploit their
complementary characteristics, highly accurate and adaptable modeling

technologies are imperative. To address the multifaceted nature of these
hybrid systems, advanced modeling methods for HESS have evolved
accordingly. This section reviews the major advanced modeling meth-
odologies for HESS, encompassing mechanistic (physics-based), data-
driven, and mechanism-data fusion approaches, outlining their funda-
mental principles.

3.1. Mechanistic modeling

Mechanistic modeling serves as the foundational approach for un-
derstanding and simulating the dynamic behaviours of HESS compo-
nents. By translating complex internal physical and electrochemical
processes into mathematical equations, these methods provide a trans-
parent “white-box” representation of energy storage devices. Within this
domain, the Equivalent Circuit Model (ECM) is particularly prominent,
which simplifies intricate physicochemical reactions into intuitive
combinations of standard electrical components. This abstraction is
widely adopted in related research fields because it retains a clear
physical meaning. Moreover, it only requires relatively low computa-
tional overhead and offers ease of parameter identification for mathe-
matical analysis and control system design. To systematically explore
the fundamental architectures and recent advancements in this area, this
manuscript will elaborate on this category from the following key per-
spectives: A. Thevenin ECM and B. Fractional-order Modeling.

A. Thevenin ECM

Using the battery as an example, the most basic form of a Thevenin
ECM is shown in Fig. 3. This model consists of a series resistor and an RC
parallel network designed to predict the battery's response to transient
load events at a given state of charge (SOC). The electrical behaviours of
the Thevenin ECM can be generally expressed as:

. 1 1
U1 = —R1C1U1 +C—1[b

" eb)
Up = Us — bRy — Y Ui

i=1

Up

Fig. 3. Diagram of nth-order Thevenin ECM.
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where n is the number of the parallel RC units in the ECM. The polari-
zation characteristics of the battery are particularly considered by the
parallel RC units. In practice, the number of RC units is determined by
the required accuracy, sampling bandwidth, and fitting performance.
EIS-based comparisons indicate that a single RC ECM typically matches
measured impedance only over a mid-frequency band (approximately 1
Hz-10 kHz), while two to three RC units are needed to extend the fit
toward the mHz decade. Usually, a single RC unit is sufficient for the
early-stage HESS simulation. Furthermore, when the modeling accuracy
fails to meet the requirements and the sampling bandwidth is sufficient
while the model is not overfitted [33], a higher-order model can be
developed.

The electrolyzer is another important component of HESS, often
simulated using the mechanistic modeling method. As shown in Fig. 4,
Hossain et al. [34] introduced a simplified first-order ECM, where only a
single loop is used to describe the anodic and cathodic dynamics of the
electrolyzer. This model incorporates double-layer charge effects to
capture its influence on dynamics. However, these models only focus on
the electrolysis stage, and the start-up and turn-off stages are ignored in
the modeling process. To address this limitation, a multi-timescale ECM
was proposed in [35], which simulates the stable electrical character-
istics of electrolyzers under both voltage- and current-controlled modes.
This model accurately represents dynamic characteristics during the
start-up, electrolysis, and turn-off stages. In order to improve the esti-
mation accuracy of electrode impedance during operation, Wang et al.
[36] proposed a comprehensive ECM of electrolyzer considering the
double-layer capacitance and electro-thermal characteristics. This
advanced model provides a more detailed representation of the elec-
trolyzer's dynamic and thermal behaviour.

B. Fractional-order modeling

Fractional-order modeling (FOM) is developed from the Thevenin
ECM by introducing constant phase elements (CPEs), and the model
parameters are identified by fitting the electrochemical impedance
spectroscopy (EIS) in order to address the limitations of the ideal
capacitor in ECMs [37]. The inclusion of CPEs allows FOM to more
accurately simulate the double layers on the electrode compared with
the ideal capacitors in conventional ECMs, thereby improving model
accuracy, which is given as:

25) = g @

s

where Z is a complex impedance, C is a constant representing the main
capacitive effect, s is a complex variable, and 0 < a < 1. The voltage
dynamics of RC branches can be expressed as:

L 3)

1
e Uerprs
crri(t) + G

D*Ucpri(t) =

CPEI( ) R] C]
where D denotes the fractional differential operator with respect to
time. Then, the Kirchhoff's voltage law is adopted to obtain the terminal
voltage, as follows:

ANODE MEMBRANE CATHODE
+ R _
Ry,
? A4
“«— Te——"
TUE] UACTJJ Um UACTI

Fig. 4. ECM of an electrolyzer.
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Recently, FOM has attracted significant research attention in the
modeling of energy storage devices [38,39]. In [38], a partial-adaptive
FOM was constructed by combining offline and online parameter iden-
tification techniques, which enables the mitigation of model mismatch
issues and the effective interpretation of battery dynamics across
different timescales. Moreover, a fractional-order multi-model system
was proposed in [39] by incorporating sub-models in different temper-
atures, and the sub-model coefficients are fine-tuned online via a regu-
larized moving-horizon estimation algorithm with temperature
embedding. Beyond model accuracy, practical deployment of FOM has
also been demonstrated in embedded and real-time environments. An
embedded implementation of a fractional-order cell model for internal
resistance estimation is reported in [40], achieving very low computa-
tional cost by combining float- and fixed-point arithmetic. Furthermore,
experimental evaluation of FOM for microgrid frequency control is
validated on a real-time OPAL-RT hardware-in-the-loop platform in
[41].

3.2. Data-driven modeling

While the mechanistic approaches provide excellent physical inter-
pretability and are highly effective when internal processes are well-
understood, they face significant limitations in practical HESS applica-
tions. Specifically, deriving precise mathematical equations and
tracking dynamically changing parameters for complex, multi-physics
systems under highly variable microgrid conditions can be exception-
ally challenging and computationally expensive. To overcome these
limitations, research has increasingly shifted toward data-driven
modeling. Supported by rapid advancements in sensing technology,
high-resolution operational data can now be efficiently collected. Par-
allel developments in machine learning and artificial intelligence pro-
vide powerful tools to analyze these massive datasets, allowing
researchers to map highly non-linear relationships without relying on
explicitly defined physical equations. This approach, driven by data
analysis, effectively complements traditional mechanistic methods by
offering superior adaptability and high accuracy in state estimation and
degradation prediction. To systematically review the prominent algo-
rithms applied in this domain, this paper will go through the following
key perspectives in detail: A. Gaussian Process Regression, B. Random
Forest Regression, and C. Deep Neural Network.

A. Gaussian process regression

Gaussian process (GP) regression assumes system model to take the
form of y = f(x) + &, where f(x) represents a latent function and & ~
4°(0,02) is an independent and identically distributed noise contribu-
tion. A GP prior on the latent function is designed as:
£x) ~ GP(m(x) . k(x.X)) ®)

Given a labelled training set 7 = {(x;,y;)}\7, the predictive distri-
bution for a test input can be obtained from the conditional Gaussian
distribution,

PYIX Xy)=('mc") (6
where closed-form mean m” and variance ¢" are determined as:
m" =KX, X)'KX,X) 'y )

o =KX, X')—KXX)KEX X)'KX,X) 8

This enables GP regression to provide both point predictions and
uncertainty quantification for SOC or SOH estimation, which is
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advantageous for modeling of HESS.

In [42], a Gaussian process (GP) model was employed for battery
capacity estimation. This method addresses the challenges of differen-
tiating voltage-time data while also ensuring voltage measurements
encompass the peaks in IC/DV curves, achieved by smoothing the
voltage curve. The Savitzky-Golay filter is applied to improve the ratio of
signal to noise. To improve model accuracy, a deep GP model was
proposed in [43] by adopting the multilayer GP. Consequently, the
predicted result is shown to be robust against different selections of
kernel functions and scales of training data. In addition, a hybrid
modeling method with uncertainty quantification is proposed in [44],
where a Kalman filter-based state tracking process transforms the bat-
tery degradation trend into a function of its virtual degradation rate and
acceleration. Then, the battery degradation is predicted iteratively using
a GP regression strategy with multistep predictions and moving sliding
windows.

B. Random forest regression

Random forest regression (RFR) is developed using the input vector
X = [x1,X2, -+, Xn| to build a forest. A set of m trees {T1, T, -+, Tjn } is used
inside the forest, thus, the output value of each tree can be represented
asyx(X) = Tx(X), wherek =1,2,---,m. The prediction output of RFR can
be obtained by calculating the average of the outputs of all trees:

5B = > lX) ©

In [45], the RFR technique with an optimization approach is pro-
posed by adopting a differential search algorithm to determine the
optimal values of trees and leaves in the RLR model, eliminating the
need for an exhaustive trial-and-error process. Another optimized RFR
model was developed in [46], where Harris Hawks Optimization is
employed for hyperparameter tuning, and sensor fusion is applied to
extract more meaningful features from the data, thereby further
enhancing the model's accuracy.

C. Deep neural network

Deep learning technology provides an effective means to directly
extract useful features from raw input data, which serves as a foundation
for various modeling tasks using different neural network architectures.
DNNs have found widespread application in modeling tasks, with
various architectures such as convolution neural networks (CNN), long
short-term memory (LSTM), gated recurrent unit (GRU), transformer
networks, etc. A general DNN-based modeling method is illustrated in
Fig. 5, where the output of each layer can be expressed as follows:

y = A(Wx+b),W e R™* x ¢ R®! b e R™!? (10)

An auto-CNN-LSTM model was proposed in [47], where a CNN is

Uy,
ey

/ // -

A
Output
Layer

a
\
11,12,

oIn

. Hidden
Layern

Hidden .
Layer 1

Fig. 5. Diagram of DNN-based modeling method.
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used for data augmentation and feature extraction, and LSTM is
employed to process time series data, which are then combined with the
feature map and normalized. Furthermore, in [48], the data-model
interactive approach incorporated a temporal attention-based bidirec-
tional-GRU that assigns a self-learned weight to each time instance. In
[49], a temporal transformer-based sequence network was designed to
fully utilize temporal dimensional information. The temporal trans-
former encodes the temporal features, and the resulting features are
further fed into an attention-guided feature fusion module to enable
interaction across different dimensions.

3.3. Mechanism-data fusion modeling

While the purely data-driven methods excel at extracting complex,
non-linear features from massive operational datasets, their inherent
“black-box” nature often limits their physical interpretability and
generalization capabilities when facing unexpected microgrid condi-
tions. Conversely, the purely mechanistic models provide strict physical
boundaries and clear interpretability, but they frequently struggle to
adapt to real-time parameter degradation and unmodeled external dis-
turbances. To bridge this critical gap, Mechanism-Data Fusion Modeling
has emerged as an advanced paradigm.

These fusion methods systematically utilize the complementary ad-
vantages of both physics-based and data-driven approaches. By
embedding known physical laws, electrochemical equations, or equiv-
alent circuit features directly into machine learning architectures, these
hybrid models offer significantly improved adaptability, computational
efficiency, and robustness. They ensure that Al predictions are not only
accurate but also physically feasible. To illustrate the evolution and
application of this cutting-edge approach, this section investigates
various prominent fusion frameworks, including coupled ECM-AI mod-
ules, high-precision Digital Twin (DT) technologies, and Physics-
Informed Neural Networks (PINNs).

In [50], an open-circuit voltage (OCV) model was developed to
extract the OCV curves, incremental capacity curves, and their associ-
ated feature-of-interest. The extracted features are further fused for SOH
estimation through an ANN. In [51], a coupling module based on
modified adaptive boosting was applied to integrate the advantages of
multiple LSTM-based ECMs. In contrast, the work in [52] proposed a
fractional-order ECM incorporating two CPEs and a Warburg component
to better describe battery impedance characteristics, alongside a random
forest regression method to model the OCV-SOC relationship across
varying temperatures. A generative adversarial network (GAN) model
was used for the battery calendar aging forecasting, where the electro-
chemical knowledge of the battery is used as the guidelines for designing
the GAN conditioner [53].

DT modeling is a promising solution for high-precision modeling of
complex systems [54]. A general DT structure is shown in Fig. 6. In [55],
the authors proposed a DT-based real-time SOH estimation model
established based on a variable cycling data synchronization approach, a
time-attention state estimation algorithm, and a future data recon-
struction strategy. In [56], an extended Thevenin model-based cloud DT
was developed for battery management systems, which provides useful
internal information of battery packs, with H-infinity and PSO algo-
rithms applied for SOC and SOH estimation.

PINN is another powerful modeling method that integrates extra
information derived from partial differential equations (PDEs) that
govern specific physical processes. By leveraging the underlying phys-
ical laws, PINNs enhance the prediction capabilities of DNNs. A repre-
sentative PINN-based modeling method is illustrated in Fig. 7. Wu et al.
[57] proposed a PINN method to estimate battery parameters through
the single particle model. Nascimento et al. [58] proposed a hybrid PINN
model that integrates a reduced-order model (based on Nernst and
Butler-Volmer equations) to represent overall battery discharge, a
multilayer perceptron to capture non-ideal voltage, and an ensemble of
variational Bayesian multilayer perceptrons to model time-dependent
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Fig. 7. Diagram of PINN-based modeling method.

internal resistance and available Li-ions, thereby predicting battery
voltage and capacity. To improve the PINN model, a physics-informed
composite network consisting of four DNNs is presented in [59].
Recent work [60] demonstrated that NN can be readily integrated with a
high-fidelity partial differential-algebraic equation-based pseudo-two-
dimensional (P2D) model of Li-ion batteries, and the resulting model-
integrated NN (MINN) is shown to be capable of providing fast model
solutions under a wide range of operating conditions.

3.4. Comparison of different modeling methods of HESSs

To effectively implement energy management and control strategies
in microgrids, selecting an appropriate HESS modeling method is crit-
ical. Microgrid controllers typically operate under strict constraints

Table 2
Comparison of Different HESS Modeling Methods in Microgrid Applications.

regarding computational resources, real-time responsiveness, and sys-
tem stability under highly volatile renewable energy generation. Table 2
provides a comparison of the aforementioned modeling techniques,
highlighting the fundamental trade-offs among accuracy, computational
efficiency, complexity, and data dependency.

A critical evaluation of these modeling methodologies reveals a
persistent tension between physical interpretability, computational
burden, and predictive accuracy within microgrid environments. Con-
ventional mechanistic models, particularly standard Thevenin ECMs,
remain the industry standard for baseline control due to their excep-
tional computational efficiency and explicit physical meaning. To
ensure that ECM parameters retain valid physical meanings in practice,
three aspects of parameter identification require careful attention. First,
physical bounds such as R > 0 and C > 0 should be enforced as hard

Reference Modeling Approach Accuracy & Fidelity Computational Efficiency Interpretability Data Dependency
[30-32] Mechanistic: Thevenin ECM Low to Medium Very High High (White-box) Low

[33-35] Mechanistic: Fractional-order (FOM) Medium to High Medium High (White-box) Low

[36-43] Pure Data-Driven (GP regression, RFR, DNN) High Low (Training) / High (Inference) Low (Black-box) Very High

[44]- [47,51-54] Mechanism-Data Fusion (PINN) Very High Medium to Low Medium (Grey-box) Medium

[48-50] Digital Twin Very High Low (Requires Edge/Cloud) High Very High




B. Wang et al.

constraints to prevent physically meaningless solutions [61]. Second,
model order should be selected judiciously, as excessively high RC or-
ders can cause parameter degeneracy and absorb measurement noise
[62]. Third, structural identifiability analysis should be conducted to
verify that each parameter is uniquely recoverable from the available
data. Without this check, parameters in higher-order ECMs tend to
overcompensate for one another and lose their physical uniqueness [63].
However, their simplified nature frequently fails to capture the intricate
multi-physics degradation induced by the highly stochastic charge/
discharge cycles typical in microgrids. While advancing to FOM im-
proves fidelity, it introduces complex mathematical operators that are
often computationally prohibitive for real-time execution on standard
embedded edge devices.

Conversely, pure data-driven approaches bypass the need to explic-
itly map complex internal electrochemical phenomena, achieving high
accuracy provided high-quality training data are abundant. Neverthe-
less, their inherent “black-box™ nature presents a severe implementation
barrier for resilient microgrids. When a microgrid operates under un-
precedented conditions, such as extreme weather events or sudden to-
pological faults, purely data-driven models may extrapolate unreliably,
potentially leading to control failures. Specifically, RFR fundamentally
cannot extrapolate beyond the boundaries of its training data, leading to
systematic errors under advanced aging conditions. Standard DNNs may
yield overconfident but erroneous estimations under distributional shift,
though transfer learning and domain adaptation have been shown to
substantially improve cross-condition generalization with minimal
retraining data [64]. GPR offers a partial remedy through its inherent
uncertainty quantification, providing an interpretable reliability indi-
cator for the microgrid management system [65]. For RFR, extracting
physics-informed relative features rather than raw sensor measurements
has been demonstrated to improve robustness against sensor drift and
aging-induced distributional shift [66]. To solve the above issues,
mechanism-data fusion paradigms, including PINNs and Digital Twins,
are rapidly emerging as the most promising solutions. By embedding
thermodynamic and electrochemical laws into neural network archi-
tectures, these models constrain predictions within physically plausible
boundaries. Despite their theoretical superiority, the practical deploy-
ment of these fusion models in decentralized microgrids is currently
hindered by the necessity for costly cloud and edge computing in-
frastructures, strict requirements for real-time data, and the complex-
ities associated with co-optimizing physical and data-driven loss
functions.

3.5. Future trends

HESS involves interactions across multiple physical domains, such as
electrochemistry, thermodynamics, electromagnetics, and mechanics.
However, current modeling approaches often remain confined to a sin-
gle domain, which is incapable of capturing the diverse dynamic in-
teractions critical for microgrids' stability and safety. Furthermore, a
more profound issue is the static parameter assumption prevalent in
existing models. In fact, parameters are intrinsically dynamic, varying
with SOC, SOH, and ambient conditions. This gap renders many high-
fidelity models inaccurate in practice, underscoring the urgent need
for adaptive models with embedded real-time parameter identification,
particularly for the fluctuating operational situations in microgrids.

While data-driven methods [47-49] are increasingly applied, their
“black-box” nature and poor generalizability under shifting operational
regimes limit their reliability for safety-critical microgrid control. The
future modeling lies in mechanism-data fusion, such as DT and PINN,
which offers a promising path by embedding physical laws into learning
architectures and enhances interpretability and robustness against
parameter variations. On the other hand, as HESS models grow in
complexity to incorporate multi-physics dynamics, adaptive parameters,
and hybrid Al mechanisms, computational tractability becomes a key
bottleneck for real-time microgrid management. Future research must
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explicitly address this accuracy-computation trade-off, developing hi-
erarchical or reduced-order modeling strategies that preserve essential
dynamics for control assessment without prohibitive computational cost
[67]. Furthermore, the absence of standardized benchmarks and pub-
licly available datasets collected under representative microgrid condi-
tions makes it difficult to fairly evaluate and compare different modeling
approaches.

To make the aforementioned future trends more feasible, four
research frameworks are discussed. For multi-physics modeling, co-
simulation frameworks with clearly defined coupling interfaces, such
as electric power exchange and heat flux, should be established to enable
systematic cross-domain validation. For adaptive parameter identifica-
tion, online update mechanisms incorporating physics-informed con-
straints should be implemented, with PINN-based and DT-based
methods serving as promising candidates given their superiority in in-
dustrial process control applications [68-70]. For reduced-order real-
time modeling, future work should systematically benchmark sampling
rate, computation budget, and model accuracy across different control
timescales to ensure practical implementation. For standardized
benchmarking, publicly available HESS datasets with unified test pro-
tocols covering multi-component interactions and long-term aging
under representative microgrid conditions should be developed to
enable rigorous cross-method comparison.

4. Control strategies

Building upon the high-fidelity modeling techniques, which accu-
rately capture the multi-physics and non-linear dynamics of heteroge-
neous storage devices, the next critical step is active system
management. While accurate mathematical representation is founda-
tional, it is the control framework that translates these models into
practical performance. The operation of HESS within a microgrid is
complex, as the widespread adoption of RESs and non-linear loads in-
troduces severe power fluctuations and transient disturbances. To safely
manage the interacting dynamics of the models, the applied control
strategies must exhibit exceptionally fast response, high reliability, and
strong robustness. Conventional linear controllers, such as standard PID,
typically lack the bandwidth and adaptability to handle these non-
linearities or to fully leverage the detailed system states captured by
advanced models. Therefore, the implementation of advanced control
architectures is imperative. In this section, rule-based, optimization-
based, and hybrid control approaches are reviewed, outlining their basic
operation principles and how they address the challenges posed by HESS
applications.

4.1. Rule-based control

Rule-based control strategies are fundamental and highly effective
approaches for managing the dynamics of HESS. Unlike conventional
linear controllers, these methods are designed around predefined
mathematical rules, structural boundaries, or dynamics governed by
state errors that force the system to follow a desired trajectory,
regardless of external perturbations. In the context of microgrids, HESS
converters must constantly manage varying renewable energy inputs,
fluctuating loads, and internal parameter variations. By systematically
addressing system non-linearities through techniques like defined
sliding surfaces, cascaded virtual control laws, or real-time disturbance
observation, these methods ensure reliable power tracking and bus
voltage stability. To provide a comprehensive understanding of these
robust methodologies, this paper will discuss the following three control
methods in detail: A. Sliding Mode Control, B. Backstepping Control, and
C. Active Disturbance Rejection Control.

A. Sliding mode control

SMC is a robust, variable structure nonlinear control technique that
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is highly favoured in both industry and academia due to its simplicity
and ease of implementation. The core concept of SMC involves designing
a control law that drives the system state to reach and maintain a pre-
defined sliding mode surface, which corresponds to the desired system
dynamics defined by the designer [71]. For a simple first-order system,
the design procedure of SMC can be described as follows:

e=x—x
{ u = 0.5[1 + sign(s) | an

where s is the sliding surface, and it can be calculated with a propor-
tional form as s = Ke and K represents the sliding coefficient to be
designed. u is the system input signal.

In [72], an SMC-based method utilizing a hyperbolic tangent func-
tion was proposed for HESS to overcome the chattering problem caused
by highly nonlinear feedback and mitigate oscillations resulting from
control delays. Furthermore, in [73], a finite-time SMC method was
proposed for the buck converter of HESS, where lumped disturbance
estimations were integrated into the designed sliding mode surface to
alleviate the impact of mismatched disturbances. The finite-time SMC
method was further improved by using coordinate transformation and a
second-order sliding mode observer, further enhancing its performance
in HESS applications [74].

B. Backstepping control

The backstepping control (BC) method is one of the most efficient
nonlinear techniques for HESS, especially when the system can be
decomposed into subsystems with cascaded dynamics [75], as shown in
Fig. 8. The whole system is stabilized by designing a control law for each
subsystem in a step-by-step manner. Bi-directional DC-DC converters,
commonly used as the interface for HESS, allow the 2nd-order system
model to be transformed into a standard form:
{ )E.'l =Xz + d1

J&z :V+d2 (12)

where v is the intermediate control law to be designed in the subsequent
steps, d; and d, are uncertainties to be estimated. The coordinate
transformation is determined as:

21 =X — X,
N 13
{ZZ_XZ_XZ ( )

Considering the Lyapunov function V; = 0.522, x, can be designed
as:

Xy = —Kyz, +X, —d a4

Considering the Lyapunov function V; = 0.5z% + 0.5z,, the inter-
mediate control law can be obtained:

V= —KzZz—dz +X; —Kl(Zz—Klzl) (15)
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Fig. 8. Diagram of BC implementation.
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The input duty ratio of the bidirectional DC-DC converter can be
transformed from the intermediate control law as:

B2 2V2, EViis 20, Vs
ufl—(f*FRZC—V)/( I +T (16)

where R, C, and L are nominal circuit parameters. E and Vj,sare input
and output voltage, respectively, and I, is the inductor current.

In [76], to make the estimated disturbance more comprehensive, the
effects of both matched and mismatched uncertainties, as well as
parameter variations, are simultaneously considered during the HESS
modeling phase. In addition, the integration of a second-order differ-
entiator into the virtual control laws further enhances the system's dy-
namic performance. In [77], an improved BC method was proposed for
HESS, where a sliding mode surface and a higher-order sliding mode
observer are adopted in the control law to achieve finite-time conver-
gence and fast dynamic response. However, the BC method has the
drawback of a high computational burden, which limits its industrial
applicability.

C. Active disturbance rejection control

Active disturbance rejection control (ADRC) is a nonlinear control
method similar to PID mathematically. As shown in Fig. 9, the ADRC
uses an extended state observer (ESO) to estimate system disturbances,
which are then compensated in the control law. The ADRC control law
can be summarized as:

e =y —2
llg = K€1 (17)
u = (uo — 22)/bo

where y* is the reference signal, K and by are the control parameters. z;
and z; are internal states to be estimated by the ESO as follows:

€ =21 —Y .
Z.l = Z.z —/)’131 + boll (18)
Z.g = 7ﬂ2fal(€1,a, 5)

where 1 and f; are observer gains. The nonlinear function fal() is
expressed as:

& ler] <6
61—117 11 = (19)

le1|*sign(er), |e1| > &

fal(e;,a,6) =

where a € (0,1) is tuneable control parameter related to the conver-
gence of ESO and § is a small value usually selected equal to the sam-
pling time. In [78], a centralized ADRC method was proposed for HESS
in electric vehicles. However, the aforementioned studies related to
ADRC only consider resistive loads. In [79], a decentralized ADRC
method was proposed for DC microgrid feeding CPLs with a simple
control law design while achieving performance comparable to existing
large-signal stable methods.

@...@_H Xl_m
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Fig. 9. Diagram of ADRC implementation.
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4.2. Optimization-based control

While the rule-based control strategies provide robust and fast
transient responses to handle non-linear disturbances, they generally
operate reactively and lack the capability to optimize long-term system
performance. In modern microgrid applications, controlling HESS is
rarely just about maintaining immediate stability. It also involves
juggling multiple operational constraints, such as minimizing conver-
sion losses, extending battery lifespan, and optimizing dynamic power
sharing. To address these multi-objective requirements, optimization-
based control strategies have become increasingly essential. To
explore how these predictive algorithms enhance HESS efficiency and
robustness, this section reviews two prominent optimization-based
methods: model predictive control (MPC) and deadbeat control.

MPC is a powerful control strategy and is widely used in both in-
dustry and academia. A general MPC diagram is shown in Fig. 10. It is
shown that the key idea of MPC is to predict future behaviours of the
controlled system based on a state-space model and compute the optimal
control signals by minimizing a cost function [80]. A general cost
function is expressed as follows:

17 12 2
=g [ (19 =y ) 20)

where y?and y” are output predictions and reference outputs relatively,
and u is the input of the controlled system.

MPC predicts system behaviours based on a state-space model, and
the duty ratio is generated as the input of the controlled system.
Generally, MPC is classified into continuous and discrete types, both of
which share similar state-space model forms. Take the discrete system as
an example, the state-space model is expressed as:
{ x(k +1) = Ax(k) + Bu(k)

v (k+1) = Cx(k+ 1) + Du(k) @D

where x and y represent the instantaneous states and outputs of the
controlled system at either the k-th or (k + 1)-th time instant. A, B, C,
and D represent the system parameter matrices.

A composite MPC-based decentralized dynamic power-sharing
strategy is proposed for HESS in [81]. Through transferring the HESS
model to a standard feedback model, a coordinate scheme is developed
for HESS by integrating MPC and virtual resistance/capacitance droop
control. The main goal of HESS control is to maintain the bus voltage
balance and reduce the imbalance of supply and demand power. How-
ever, with increasing concern about HESS lifespan and power loss, more
constraints are considered in MPC to obtain the desired performance. In
[82], a multi-objective MPC strategy based on linear parameter-varying
HESS models was developed to optimally split the load current, thereby
reducing energy losses and battery degradation. Whereas in [83], a dual-
layer MPC method was proposed to govern HESS charging/discharging.
The primary layer MPC controls converter states, while the secondary
layer utilizes predicted currents and optimized signals to forecast
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Fig. 10. Diagram of MPC implementation.
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dynamic power loss, ultimately generating the power reference to ach-
ieve efficient control.

Deadbeat control is another online optimization-based method. The
main idea of deadbeat control is to make control signals reach the
reference values in one control cycle. Thus, improved robustness can be
achieved [83]. In [84], a deadbeat voltage controller is proposed for
HESS to achieve fast dynamics, simple design, and high accuracy where
the HESS current reference is calculated by an energy conservation
equation between inductors and capacitors, as shown in Fig. 11.
Furthermore, the power loss of converters is considered in the deadbeat
controller's energy equation to improve the accuracy [85].

4.3. Hybrid control method

Rule-based methods deliver robust transient responses, while
optimization-based methods manage long-term and multi-objective
goals. However, single-type control methods that are only based on
rules or optimization may not be able to cope with every aspect of HESS
or the complicated operation situations. Therefore, hybrid control
methods have been developed to achieve improved performance across
multiple aspects. To briefly outline the recent advancements in this area,
this paper will elaborate from the following perspectives: A. Hybrid
Rule-based Method and B. Hybrid Rule and Optimization Method.

A. Hybrid rule-based method

In [86], an L2 gain disturbance attenuation technique is integrated
with passivity-based control to guarantee fast response, high perfor-
mance, and asymptotic stability. In [87], a dual fuzzy logical controller
combined with an MPC scheme is proposed to improve the energy
economy and lifespan of HESS, where the input of the fuzzy logical
controller is the required power prediction, and the output is the power
allocation result.

B. Hybrid rule and optimization method

It is noteworthy that control parameters of rule-based methods can
be optimized to further improve control performance. With a reward
function defined by the sum of voltage output errors, the study in [88]
utilizes a deep deterministic policy gradient (DDPG) reinforcement
learning (RL) algorithm to adaptively tune the gains of an ADRC
controller, as shown in Fig. 12. Different from tuning the control gains,
an adaptive compensator using DDPG is proposed to compensate the
control signal of the model-independent controller to improve the
robustness and eliminate observer estimation error in [89].

4.4. Comparison of different control methods of HESSs

The implementation of control strategies for HESS in microgrids
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Fig. 11. Diagram of deadbeat control implementation.
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requires a delicate balance among transient response speed, computa-
tional overhead, and resilience against system uncertainties. Unlike the
main power grid, microgrids are low-inertia systems susceptible to
renewable energy intermittency and sudden load variations. Conse-
quently, selecting an appropriate control scheme is a critical determi-
nant of system stability. Table 3 presents a comparison of the above
discussed control strategies, evaluating their complexity, robustness,
and reliability.

A critical analysis of these methods reveals trade-offs between
theoretical optimality and practical reliability in microgrid de-
ployments. Optimization-based strategies, particularly MPC and dead-
beat control, are good at handling multi-objective constraints. However,
their reliability is strictly bound to the accuracy of the mathematical
models. In a microgrid environment, the intrinsic parameters of HESS
components continuously drift due to aging and thermal variations. If
the predictive model fails to adapt to these drifts, the control perfor-
mance deteriorates rapidly. Furthermore, the calculations required by
MPC over a receding horizon impose a heavy computational burden on
the low-cost digital signal processors (DSPs) typically used in microgrid
converters, thereby limiting their application in high-frequency
switching scenarios.

In contrast, nonlinear rule-based controllers offer superior robust-
ness against unmodeled dynamics. SMC provides excellent transient
tracking with minimal computational effort, yet its inherent chattering
phenomenon introduces high-frequency oscillations that can accelerate
the degradation of energy storage devices. While BC mitigates some of
these oscillatory issues through rigorous Lyapunov-based step-by-step
design, its cascaded derivation process becomes mathematically difficult
and computationally heavy for complex HESS topologies. Among the

Table 3
Comparison of Different Control Methods for HESSs in Microgrids.
Reference  Control Computational & Robustness to Model
Strategy Design Disturbances Dependency
Complexity (Reliability)
[56-59] SMC Low High Low
[60-62] BC High High Medium
[63-64] ADRC Medium Very High Very Low
[65-68] MPC Very High Medium to Very High
High
[69-70] Deadbeat Medium Medium Very High
Control
[71-74] Hybrid / Very High Very High Low to
Al-Assisted Medium
Control
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rule-based paradigms, ADRC emerges as a highly practical alternative
for microgrids with HESS. By actively estimating and compensating for
both internal parameter variations and external load disturbances
through an extended state observer, ADRC achieves high reliability with
low model dependency.

Despite the individual merits of these foundational techniques, the
increasing complexity of modern microgrids has catalyzed the devel-
opment of hybrid and Al-assisted control frameworks. These advanced
configurations theoretically leverage the robustness of nonlinear control
and the adaptivity of machine learning. Nevertheless, a major imple-
mentation barrier persists: Al algorithms, such as reinforcement
learning, fundamentally lack rigid mathematical proofs for bounded
stability under extreme conditions. Until these hybrid architectures can
mathematically guarantee safety during transient events, their deploy-
ment will remain restricted to secondary energy management layers
rather than the high-frequency converter-level control.

4.5. Future trends

The evolving complexity of microgrids, resulting from high-
penetration power electronics and dynamic loads, exposes significant
limitations in current HESS control paradigms. Even though the inte-
gration of the aforementioned rule-based, optimization-based, and data-
driven methods is often proposed, the fusion remains largely conceptual.
For example, using an artificial neural network to emulate an MPC
controller [90] addresses computational latency but inherits the original
model's inaccuracies and offers no interpretability for safety validation.
Similarly, while RL promises model-free optimization [91,92], its
training inefficiency and lack of safety guarantees during exploration
hinder its direct application in real-time HESS operation. One promising
direction is the development of physics-informed learning controllers,
which adopt known system dynamics as constraints within data-driven
models to enhance their interpretability and safety. Furthermore,
employing DT environments for extensive offline training and real-time
validation of hybrid control strategies can bridge the gap between
conceptual proposals and field-ready solutions. This approach ensures
that advanced controllers are rigorously tested under a wide range of
microgrid contingencies before the deployment of HESS.

Another fundamental flaw of existing works is the prevailing reliance
on centralized control architectures [79]. These schemes create failures
due to communication reliability and cyber-physical security, which are
unacceptable for resilient microgrids. Distributed and decentralized
control schemes, enabled by sparse communication networks, offer a
compelling alternative by enhancing robustness and enabling plug-and-
play functionality. However, the implementation of HESS in microgrids
faces several challenges, including the design of consensus protocols
that reconcile heterogeneous storage device dynamics, the assurance of
stability, and the cybersecurity mechanisms. Key research directions
include fault-tolerant control, stability evaluation under delays or
packet loss [93], and cybersecurity mechanisms, such as attack detec-
tion and diagnosis [94,95].

Three promising research frameworks are introduced to make the
aforementioned future directions more actionable. For controller design
under non-ideal sources, HESS model dynamics should be explicitly
integrated into controller design and stability analysis, considering
performance evaluation conducted under intermittent renewable gen-
eration and disturbances induced by converters. For safe and explain-
able learning-based controllers, future work should focus on physics-
informed learning frameworks with online safe boundary estimation,
providing quantified stability and clear explainability to address the
interpretability gap that currently restricts learning-based controllers
from converter deployment. For resilient distributed control, future
work should develop fault-tolerant consensus protocols and cyberse-
curity mechanisms that can handle concurrent communication impair-
ments and cyber-attacks, evolving from individual point solutions
toward an integrated design of communication, control, and safety.
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5. Safety

While the advanced control strategies are vital for managing power
flow, optimizing efficiency, and maintaining the electrical stability of a
HESS, they inherently operate within the cyber-physical domain.
However, even the most robust and adaptive control algorithms cannot
eliminate the risks associated with internal hardware defects, chemical
aging, or severe environmental abuse. When operational limits are
exceeded or when components physically fail, the system transitions
from an electrical control problem to a critical physical safety emer-
gency. In recent years, catastrophic failures have frequently been re-
ported, particularly thermal runaway accidents in battery systems,
resulting in severe safety hazards and massive economic losses. Given
that lithium-ion and other battery technologies remain the foundational
components of most HESS configurations, implementing a rigorous
physical safety framework is critical for microgrid resilience. Therefore,
physical safety is mainly discussed in this section, with an emphasis on
early warning systems for thermal runaway and fire suppression
strategies.

5.1. Early warning of thermal runaway

Thermal runaway evolution, as illustrated in Fig. 13, is not an
instantaneous event but rather a progressive chain reaction. It advances
through distinct phases, with each phase exhibiting specific character-
istic signals that can be captured and analyzed to prevent catastrophic
failure. As shown in the general early warning framework in Fig. 14, an
effective diagnostic system typically consists of three sequential stages.
Specifically, characteristic signals are first obtained from sensors, and
after data pre-processing of these signals, various algorithms can be used
to predict thermal runaway. Because the accuracy, reliability, and
response time of these predictive algorithms depend fundamentally on
the physical or electrical parameters being monitored, existing early
warning methods are heavily defined by their target indicators. To
comprehensively review the latest technologies in this critical safety
domain, this paper will elaborate on the following three methods: A.
Temperature-based Method, B. Electrical-Characteristic-Based Method,
and C. Other Methods.

A. Temperature-based method

Temperature is a critical indicator in the early warning of thermal
runaway in battery systems [96]. The central controller continuously
monitors the temperature and issues an early-warning alert once the
threshold is exceeded. Thus, the key to a temperature-based method is to
obtain accurate temperature measurements and predictions. Xie et al.
[97] enhanced internal temperature estimation by integrating a 1-D
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About 100°C

Fig. 13. Simplified diagram of thermal runaway.
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model with a dual Kalman filter that concurrently estimates internal
resistance and SOC, thereby achieving higher accuracy. Deep learning-
based methods can further make temperature estimation more accu-
rate. For example, Li et al. [98] proposed a novel thermal runaway
prognosis model for early warning by detecting abnormal heat genera-
tion, which integrates LSTM and CNN architectures. The results
demonstrated that thermal runaway could be accurately predicted 27
min in advance using their proposed method.

B. Electrical-characteristic-based method

The electrical-characteristic-based methods normally adopt voltage
and impedance as two of the most informative and directly measurable
indicators.

a) Voltage: Gan et al. [99] devised a two-tier machine-learning
strategy for detecting over-discharge, which establishes the residual
between measured and predicted voltage as a diagnostic threshold to
classify fault severity. Complementing this, Li et al. [100] formulated a
diagnostic technique that fuses an LSTM network with an equivalent
circuit model, employing modified adaptive boosting to enhance accu-
racy and a pre-judging module to boost computational efficiency and
reliability. Separately, Xiong et al. [101] conceived a novel two-step
ECM capable of discriminating between polarization-induced voltage
changes and abrupt drops from high current, subsequently deriving an
online diagnostic framework for external short circuits in battery packs
from this model.

b) Impedance: Impedance serves as a critical battery parameter,
varying with factors such as SOC and temperature. It is widely utilized
for remaining useful life assessment, state-of-health estimation, perfor-
mance testing, and abnormality detection [102]. In a related diagnostic
study, Lyu et al. [103] observed that the slope of dynamic impedance
within the 30-90 Hz frequency band shifts from negative to positive as
the cell initiates overcharging. Accordingly, the authors developed a
theoretical explanation that can be used as an indicator of overcharge-
induced thermal runaway accidents. Li et al. [104] proposed a three-
stage thermal runaway warning method using impedance and phase
angle, which overcomes the shortcomings of existing warning methods
based on traditional signals with reduced time delay and low cost.

C. Other methods

The sound of gas generation is an important indicator of faults and
thermal runaway. Lyu et al. [105] introduced an innovative acoustic-
based method for battery fault warning and localization, achieving
precise cell identification with a maximum error of 0.1 m using just four
sensors placed at the corners of the storage cabin. Beyond acoustic sig-
nals, gas concentration serves as a key failure indicator. Cai et al. [106]
employed a non-dispersive infrared CO2 sensor to monitor exhaust gases
during overcharging, setting the volume-averaged CO: concentration in
the vent channel as the detection threshold upper limit. Separately, Jin
et al. [107] created a highly sensitive detection technique based on H:
gas produced from reactions between metallic lithium and polymer
binders. Capturing this Hz gas can fully suppress lithium dendrite growth
without smoke or fire, offering an effective strategy for early safety
warning. Recently, ultrasound has shown the potential as a promising
technique for battery condition monitoring. Appleberry et al. [108]
devised a detection scheme utilizing ultrasound to identify physical al-
terations in Li-ion cells under conditions linked to thermal runaway.
Despite the high sensitivity and reliability of such ultrasonic alarm
methods, their industrial adoption is primarily hindered by sensor size
and expense. In a different approach, Zhang et al. [109] created a vision-
based algorithm to identify swelling faults within battery packs. This
method merges deep learning with image processing to enable high-
accuracy detection of incipient internal defects, offering an early-
warning function that surpasses the capabilities of standard BMS
monitoring. Hou et al. [110] proposed a fault warning and localization
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Fig. 14. Diagram of early warning of thermal runaway.

method for lithium-ion batteries by laser signal analysis, which detects
and pinpoints thermal runaway through the phase shift of laser beams
obstructed by vaporized electrolyte, enabling early intervention before
catastrophic failure occurs.

5.2. Fire suppression strategy

While the early warning mechanisms are crucial for detecting pre-
cursor anomalies and attempting to halt thermal runaway in its nascent
stages, they cannot eliminate the possibility of a catastrophic failure. To
effectively manage the fire risks of HESS, a combination of targeted
suppression strategies is essential. These approaches address different
stages of thermal runaway, from early detection to final containment.
Current research focuses on five key directions: precise point-source
extinguishing using fire detection tubes, synergistic agent combina-
tions for enhanced effectiveness, intermittent spray techniques for
improved cooling, innovative microcapsules for in-situ response, and
post-suppression ventilation to prevent secondary hazards. Each method
offers specific advantages in speed, efficiency, or system integration. To
systematically review the recent developments in active firefighting for
microgrid HESS applications, this paper will elaborate on the following
key perspectives in detail: A. Fire Detection Tube Technology, B.
Collaborative Fire-Extinguishing Method, C. Intermittent Spray, D.
Suppression Microcapsule, and E. Ventilation and Explosion
Suppression.

A. Fire detection tube technology

The deployment of fire detection tubes enables effective battery fire
identification and localized extinguishment, thereby minimizing dam-
age. The mechanism involves the tube fracturing at a predetermined
temperature, which allows the pressurized extinguishing agent to be
discharged through the opening for precise firefighting [111]. Experi-
mental work by Liu et al. [112] demonstrated that positioning the tube
60 mm above a battery readily achieves successful fire suppression.
Battery fire suppression experiments are also conducted in [113] under
different water consumption and driving pressure. The results show that
the fire detection tube material can respond to the battery's thermal
runaway quickly, release extinguishing agents, suppress gas production
and combustion, and cool the battery rapidly. Therefore, once the
extinguishing material and tube position are set properly, the fire
detection tube can detect and suppress the fire effectively.

B. Collaborative fire-extinguishing method

Due to the inherent limitations of individual extinguishing agents, a
single agent is often insufficient for effective battery fire suppression,
making a multi-agent synergistic formulation a preferable strategy.
Zhang et al. [114] developed a novel method combining a gaseous agent
with water mist to assess their synergistic effect, finding it superior to
any single agent. In parallel, Yao et al. [115] presented an approach
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integrating CgF120 with water mist to curb thermal runaway propaga-
tion. Their experiments confirmed that C¢F120 coupled with intermit-
tent water mist spraying provided optimal cooling, markedly reduced
peak temperature, and delivered the highest level of heat suppression.

C. Intermittent spray

Currently, the intermittent spray technique functions as an active
flow control method aimed at enhancing cooling efficiency, a practice
frequently employed for heat dissipation in electronic components and
thermal management systems [116]. Research in [117] assessed the fire-
suppression and cooling capabilities of this technique across various
operational modes, concluding that the intermittent strategy delivers a
more potent suppression effect than continuous water spray and is
highly effective at preventing thermal runaway propagation. In com-
parison to continuous spray cooling, the intermittent approach offers
dual benefits, i.e., it not only prolongs the duration of low-temperature
conditions but also significantly mitigates the rate of temperature in-
crease within the battery.

D. Suppression microcapsule

In [118], the authors introduced an in-situ suppression strategy
utilizing a self-contained microcapsule extinguishing agent for lithium-
ion batteries. This method effectively suppresses flame in ternary bat-
teries while maintaining temperatures below 130 °C. Furthermore, the
strategy features autonomous early detection and response at the onset
of thermal runaway, enabling it to act directly on the faulty cell within
the battery pack and effectively inhibit both the initiation and propa-
gation of thermal runaway. In a complementary development, Guo et al.
[119] developed a novel core-shell structured solid-liquid composite
fire-extinguishing powder. Results from fire suppression, pyrolysis, and
characterization experiments elucidate the physicochemical synergistic
inhibition mechanism of the microcapsules, providing effective coun-
termeasures for preventing hydrogen-related safety incidents.

E. Ventilation and explosion suppression

Providing ventilation and explosion prevention measures after
extinguishing a battery thermal runaway is crucial for avoiding sec-
ondary incidents, ensuring safety, and reducing environmental hazards
[120]. Liu et al. [121] investigated the cooling characteristics and
combustion inhibition capability of batteries under three typical active
control modes for the venting port. Their findings indicate that active
vent control effectively retains the cooling energy of the gasified
refrigerant, thereby substantially improving the cooling capacity, tem-
perature uniformity, and oxygen suppression effect of emergency spray
cooling compared to non-active control. In a separate study, Liu et al.
[122] performed thermal runaway experiments in both open and
confined environments. The results demonstrate that confined spaces
accumulate a greater volume of combustible gases and present a higher
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risk of deflagration. Additionally, the minimum fresh air renewal rate
was calculated to offer quantitative guidance for ventilation, fire-
fighting, and rescue operations. Complementing these experimental
studies, Wang et al. [123] introduced a novel multi-scale model that
simulates the multiphase processes during battery venting, encompass-
ing the complete chain of chemical reactions and physical trans-
formations in thermal runaway. This model provides new insights for
advancing battery thermal safety and venting system design.

F. Synergistic strategy of spray, suppression, and ventilation

While individual fire mitigation techniques exhibit specific advan-
tages, their isolated application is often insufficient for managing the
complex, multi-stage hazards of battery thermal runaway. Conse-
quently, a cooperative strategy that dynamically coordinates spray
cooling, chemical fire suppression, and active ventilation is essential for
comprehensive HESS safety. During the initial temperature anomaly and
off-gassing phase, intermittent water spray and localized in-situ sup-
pression should be deployed early to absorb sensible heat and inhibit
further cell degradation. Concurrently, active ventilation must operate
at a moderate rate to extract early combustible gases without excessively
diluting the localized extinguishing agents. As thermal runaway esca-
lates into active combustion, the primary objective shifts to rapid
extinguishment. A collaborative multi-agent suppression strategy must
be aggressively deployed to smother the fire, during which ventilation
must be temporarily restricted to maintain the effective suppressant
chemical concentration and prevent oxygen influx. Finally, in the post-
suppression phase, intermittent spray is maintained to extract residual
deep-seated heat and prevent reignition. Simultaneously, the ventilation
system should operate at maximum capacity to exhaust accumulated
explosive mixtures, driving the confined environment below the lower
flammability limit and ensuring overall safety against secondary
deflagration.

5.3. Safety-by-design approaches

Safety-by-design complements early warning and fire suppression by
embedding preventive and propagation-resistant measures at the cell,
module, system, and site levels. The goal is to reduce both the likelihood
and the consequences of thermal runaway in HESS. At the cell level,
inherently safer chemistries reduce runaway propensity and the
violence of failure. At the module level, recent studies show that prop-
erly engineered thermal barriers and interlayers can measurably delay
or suppress thermal runaway propagation, such as aerogel felt coupled
with flame-retarded PCM [124], and the sensitivity of barrier properties
and critical thresholds [125]. Moreover, since sustained high tempera-
ture accelerates degradation and can move cells closer to thermal
runaway, thermal management system design can be essential for
reducing initiation risk and limiting escalation when abnormal heat
generation occurs [126]. At the system and site level, safety-by-design
requires fault isolation and rapid shutdown, physical segregation from
other hazards, and engineered gas management. A recent NREL case
study further demonstrates practical site-level measures, including
enhanced deflagration venting, increased separation distances, gas
detection thresholds at early warning levels, and high ventilation rates
[127].

5.4. Future trends

Current safety research for HESS predominantly follows a reactive
paradigm, focusing on symptom detection and local suppression
[111,116,120]. To achieve safety integration, future efforts are better to
shift toward predictive and systemic approaches. In early warning,
reliance on fixed thresholds for parameters like temperature or voltage is
fundamentally limited, as alarms often trigger only after irreversible
internal reactions have begun. Recent innovations have begun to bridge
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this gap by detecting subtle physical precursors that precede critical
electrical or thermal changes, with more advanced techniques such as
vision [109] and laser [110]. These examples highlight the critical di-
rection for future research: the development of ultra-early prognostic
models that fuse multi-physics mechanisms with real-time data to
identify precursor anomalies long before critical thresholds are
breached, enabling predictive maintenance rather than last-minute
alarms.

Regarding fire suppression, the development of more effective and
environmentally benign agents remains important, but a greater chal-
lenge lies in designing system-level suppression strategies for hetero-
geneous storage systems in HESS. Consequently, the critical research
gap is the absence of comprehensive, integrated fire suppression
frameworks specifically designed for HESS. Future work, therefore,
moves beyond technology-specific validation to establish hybrid-
oriented protocols. Moreover, the safety of HESS must evolve from a
physical concern to a cyber-physical co-design challenge. The integra-
tion of IoT and remote control exposes HESS to cyber-attacks, which can
directly induce physical safety failures. Therefore, future research works
are suggested to develop control frameworks that simultaneously embed
physical safety constraints and cybersecurity mechanisms, creating a
unified defense-in-depth strategy for next-generation smart microgrids.

Based on the above discussion, three future research frameworks are
suggested. For ultra-early warning, future work should develop prog-
nostic models that integrate multi-physics sensing modalities, including
mechanical, optical, and acoustic signals, into unified anomaly detec-
tion architectures, building upon emerging vision-based [109] and laser-
based diagnostic techniques [120] to identify precursor signatures well
before conventional threshold-based alarms are triggered. For HESS-
level suppression protocols, future studies should establish hybrid-
oriented frameworks covering suppression agent compatibility across
different ESS types, coupled modeling of heat and gas dispersion and
propagation, and device-specific response systems incorporating isola-
tion, shutdown, ventilation, and suppression sequencing. For cyber-
physical safety cooperative design, future work should develop unified
control frameworks that jointly enforce physical safety constraints and
cybersecurity mechanisms, including attack detection, resilient com-
munications, and fault mitigation, where adversarial learning-based
frameworks represent a particularly promising research direction.

6. Conclusion

This article provides a comprehensive review of HESS technologies,
covering various types, including battery-SC, battery-SMES, battery-
CAES, battery-fuel cell, CAES-hydrogen, and RFB-flywheel systems,
etc.. For the modeling aspect, conventional mechanism-based, data-
driven, and mechanism-data fusion modeling methods are reviewed. In
terms of control, advanced rule-based, optimization-based, and hybrid
control methods are reviewed. Moreover, the safety of HESS, including
early warning and fire suppression strategies, is reviewed. Future trends
of the aforementioned aspects are highlighted at the end of the respec-
tive section, offering a holistic understanding of HESS development and
potential research directions.

Different from other reviews that are limited to the ESS types,
characteristics, control, and topologies, this article provides a new
perspective to analyze HESS. Thus, the main contribution of this work is
that it not only highlights new types of HESSs, advanced modeling
methods, and control strategies but also considers the safety issues to
give a comprehensive overview of HESS implementation. This review
has proposed important and selective suggestions for further develop-
ment of HESSs in microgrid applications:

1) Considering cost and profit maximization, the type and scale of
HESSs should be properly adjusted and planned according to the
local conditions. Moreover, research works are required to deeply
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explore the characteristics and potentialities of emerging ESS
technologies.

Mechanism-data fusion modeling, which combines the advantages of
mechanism models and data-driven methods, is a promising tech-
nology for achieving the accurate modeling of HESS behaviours.
However, the balance between the performance and the computation
burden should be studied in the future.

Rule-based methods and Al-based control methods can be further
combined effectively to maximize their advantages for HESS, aiming
to improve microgrids' stability and scalability.

Ultra-early warning of thermal runaway and predictive maintenance
technologies are required to further improve the safety of HESS.
Furthermore, cyber-attacks can lead to severe accidents of HESS in
microgrids. Adversarial threat models, attack detection, and miti-
gation strategies should be developed in the future.
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