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Abstract 

The rapid growth of renewable energy sources, particularly solar and wind power, has 
increased the demand for efficient and reliable battery energy storage systems (BESSs) to 
address intermittency, enhance grid stability, and improve energy management. In recent 
years, artificial intelligence (AI) has emerged as a transformative technology for optimiz-
ing the operation, control, monitoring, and maintenance of battery storage systems. This 
review provides a comprehensive overview of AI-driven BESS technologies for renewable 
energy applications. The study examines recent advances in machine learning, deep learn-
ing, reinforcement learning, and hybrid intelligent algorithms applied to battery state es-
timation, energy management, fault diagnosis, predictive maintenance, thermal manage-
ment, and lifetime prediction. Furthermore, the integration of AI-based BESSs with pho-
tovoltaic systems, wind farms, microgrids, and smart grids is critically analyzed. The re-
view highlights the advantages of AI techniques in improving system efficiency, reliabil-
ity, adaptability, and decision-making capabilities under uncertain operating conditions. 
Current challenges, including data quality, model interpretability, computational require-
ments, cybersecurity concerns, and real-time implementation issues, are also discussed. 
Finally, emerging research directions such as digital twins, explainable artificial intelli-
gence, federated learning, and edge intelligence are explored to provide insights into the 
future development of intelligent battery storage systems. This review aims to serve as a 
valuable reference for researchers, engineers, and practitioners working at the intersection 
of artificial intelligence, battery technologies, and renewable energy systems. 
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1. Introduction 
The global energy landscape is undergoing a profound transformation as renewable 

energy (RE) sources (RESs), particularly solar photovoltaic (PV) and wind energy (WE), 
continue to expand at an unprecedented pace [1]. This transition is driven not only by the 
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urgent need to mitigate climate change and greenhouse gas emissions but also by the grow-
ing concerns surrounding fossil-fuel depletion, energy security, and the long-term sustain-
ability of conventional power generation [2]. Over the past decade, global investment and 
deployment of renewable technologies have increased substantially, with solar PV and 
wind power accounting for a dominant share of newly installed electricity-generation ca-
pacity [3]. However, unlike conventional generation, RESs are inherently intermittent, var-
iable, and weather-dependent. The resulting uncertainty and power fluctuations pose sig-
nificant challenges to power-system operation, stability, reliability, and flexibility, particu-
larly as the penetration level of renewable generation continues to increase [4]. 

Battery energy storage systems (BESSs) have consequently emerged as a key enabling 
technology for overcoming the temporal mismatch between renewable generation and 
electricity demand [5]. By absorbing surplus electricity during periods of high renewable 
generation and releasing it when generation is insufficient or demand is elevated, BESSs 
can provide a broad range of grid services, including energy balancing, peak shaving, 
frequency regulation, voltage support, load shifting, and resilience enhancement [6]. 
Among currently available storage technologies, lithium-ion batteries have gained a dom-
inant position because of their high energy density, long cycle life, fast dynamic response, 
and steadily declining cost [7]. Nevertheless, the rapid deployment of BESSs has brought 
a new generation of challenges involving battery degradation, thermal behavior, safety, 
state estimation, maintenance, lifetime prediction, and real-time operational optimization 
[8]. These challenges become particularly complex when batteries operate under highly 
variable renewable generation and dynamic grid conditions, creating a strong need for 
more intelligent and adaptive management approaches. 

The convergence of RE, electric vehicles (EVs), advanced power electronics, and dig-
ital intelligence is therefore creating new opportunities for improving the flexibility and 
reliability of modern energy systems. Several recent studies illustrate this evolution from 
different perspectives. Kumaoka et al. [9] investigated the minimum PV capacity required 
for solar-powered EV charging stations while considering route reassignment for clinic 
shuttle services in Japan. Their results highlighted the importance of BESS integration in 
compensating for solar intermittency, maintaining reliable charging services, and reduc-
ing the required PV capacity. Although the study did not introduce a dedicated battery 
control algorithm, its energy management framework coordinated PV generation, battery 
storage, and EV charging demand through optimal scheduling. Similarly, Dinanta et al. 
[10] developed a spatial allocation model for EV charging infrastructure in Indonesia’s 
new capital city. Their study showed that integrating BESSs into charging infrastructure 
can alleviate grid congestion, enhance charging reliability, and facilitate RE integration. 
The primary contribution, however, was infrastructure planning rather than battery-level 
control, with Geographic Information System (GIS)-based planning and optimization 
serving as the main methodological tools. 

Beyond physical infrastructure, digital intelligence and secure information exchange 
are becoming increasingly important components of future energy systems. Raghavendra 
[11] proposed a hybrid Artificial Intelligence (AI) and Blockchain architecture for secure 
and efficient digital transactions in EV ecosystems. Although the study primarily ad-
dressed cybersecurity and transaction management, its AI-based decision-making and 
Blockchain-enabled decentralized architecture could support BESS-assisted charging in-
frastructures through secure energy trading and intelligent charging coordination. In con-
trast, Do et al. [12] focused directly on power conversion and proposed a novel P–Q con-
trol structure for an interleaved full-bridge converter used in multifunctional single-phase 
AC battery applications. In this case, the BESS served as a central component for regulat-
ing active and reactive power exchange with the AC grid, thereby improving voltage reg-
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ulation, power quality, and energy balancing. The interleaved full-bridge DC–AC con-
verter enabled accurate bidirectional power-flow control and enhanced battery utilization 
under dynamic operating conditions. 

The role of intelligent data-driven technologies is further demonstrated by Gangaiah 
et al. [13], who investigated the integration of AI and Big Data for real-time decision sup-
port in EV ecosystems. Their findings demonstrated that AI-driven predictive analytics 
can enhance battery management, charging scheduling, and energy optimization. Alt-
hough the study did not develop a converter-level battery controller, its AI-based deci-
sion-support framework can be interpreted as a high-level energy management layer for 
BESS operation based on Big Data analytics and machine learning (ML). Duong et al. [14], 
meanwhile, examined the penetration of EV charging stations and RE sources in distribu-
tion networks with the objective of reducing energy losses and improving voltage profiles. 
Their results indicated that the integration of BESSs with renewable sources can smooth 
power fluctuations, reduce network losses, and improve voltage stability. The study relied 
primarily on optimization-based planning and energy management rather than a dedi-
cated battery control algorithm. At the charging-interface level, Seleem et al. [15] devel-
oped a dual-stage unified power factor (UPF) DC fast charger for plug-in EVs. The pro-
posed power-electronic architecture achieved high charging efficiency and improved in-
put-current quality. Although BESS integration was not the primary focus, coupling such 
high-performance charging systems with BESSs could further reduce grid stress, support 
peak shaving, and increase charging flexibility. In the cybersecurity domain, Ramesh [16] 
proposed a Blockchain-based secure digital identity management framework for EV 
charging networks. While the study concentrated on authentication, privacy, and secure 
user identification, its Blockchain architecture could facilitate trusted access to BESS-sup-
ported charging infrastructure and secure energy transactions among EVs, charging sta-
tions, and the grid. Because its focus was digital identity management, no dedicated bat-
tery control strategy was implemented. Similarly, Kumar [17] investigated IoT-driven pre-
dictive analytics for analyzing EV usage patterns in digital societies. By combining real-
time sensing, connected devices, and predictive analytics, such a framework can support 
BESS energy management through demand forecasting, battery-utilization optimization, 
and peak-load reduction. Nevertheless, the proposed approach relied on IoT and predic-
tive analytics rather than a dedicated battery control algorithm. 

While these studies demonstrate the growing convergence between BESSs, RE, EVs, 
power electronics, and intelligent digital technologies, more advanced control approaches 
have increasingly focused on directly improving the dynamic behavior of RE-based stor-
age systems. Debdouche et al. [18] proposed a robust integral backstepping control strat-
egy for a microgrid (MG)-connected PV system incorporating a BESS through a multi-
functional voltage source inverter. The BESS compensated for PV intermittency, main-
tained DC-link voltage stability, and improved power quality under changing operating 
conditions. The proposed architecture combined integral backstepping control with direct 
power control based on space vector modulation, achieving robust disturbance rejection, 
improved dynamic response, and efficient bidirectional power exchange. Similarly, Bel-
hadj Djilali et al. [19] developed a PV-battery-diesel hybrid system employing a fuzzy 
logic (FL)-based Perturb and Observe (FLP&O) maximum power point tracking algorithm 
integrated with an energy management strategy. In this configuration, the BESS ensured 
continuous power availability, reduced diesel-generator operation, and increased RE uti-
lization. The combined FLP&O and intelligent energy management strategy coordinated 
power sharing among the PV array, battery, and diesel generator, thereby improving sys-
tem efficiency and operational reliability. 

The transition toward intelligent and coordinated energy management is also evi-
dent in the work of Roopa [20], who introduced a multi-layer learning architecture for 
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optimal power sharing between EVs and MGs. The proposed AI-based framework ena-
bles coordinated operation between EV batteries and stationary BESSs, with the potential 
to improve power sharing, reduce operating costs, and enhance grid flexibility. Although 
the study did not introduce a converter-level battery controller, its multi-layer ML archi-
tecture provided a high-level decision-making and energy management mechanism. Bou-
taghane et al. [21] further investigated advanced control strategies for improving the ef-
fectiveness and efficiency of hybrid power systems incorporating BESSs. Their results 
demonstrated that optimized BESS control can improve energy management, system sta-
bility, and RE utilization while reducing power fluctuations and enhancing dynamic per-
formance. At the converter-control level, Bouziane et al. [22] developed a robust Type-2 
FL control strategy for a MG-connected PV system equipped with a BESS through a mul-
tifunctional voltage source inverter. The BESS was used to stabilize power exchange, mit-
igate RE fluctuations, and support voltage regulation. By combining Type-2 FL control 
with direct power control, the proposed approach improved robustness against parame-
ter uncertainties and external disturbances while enhancing the dynamic performance 
and reliability of the PV-BESS MG. 

Despite the progress achieved by conventional and advanced control approaches, 
traditional battery management strategies remain largely dependent on physics-based 
models and conventional control techniques [23]. Although such methods can provide 
reliable performance under well-defined operating conditions, their effectiveness may de-
teriorate when batteries are exposed to highly nonlinear, dynamic, uncertain, and rapidly 
changing operating environments associated with RE systems [24]. The increasing avail-
ability of large-scale operational datasets, high-resolution sensing technologies, cloud-
computing infrastructure, and high-performance computational platforms has therefore 
created a favorable environment for the development of AI-driven BESSs capable of learn-
ing from complex operating data and adapting to changing conditions [25]. 

AI has consequently emerged as a powerful paradigm for transforming battery moni-
toring, diagnostics, prognostics, control, and optimization [26]. Unlike purely model-based 
approaches, AI methods can extract hidden patterns and nonlinear relationships from large 
volumes of operational data, predict future system behavior, and support increasingly au-
tonomous decision-making [27]. Over the past decade, substantial research has focused on 
integrating ML, deep learning (DL), reinforcement learning (RL), and hybrid intelligent al-
gorithms into battery management systems (BMSs), energy management systems (EMSs), 
and RE control frameworks [28]. This transition from predominantly model-driven ap-
proaches toward data-driven and hybrid intelligence is particularly promising for BESSs, 
where battery states and operating conditions can vary significantly over time. 

Among AI techniques, ML has demonstrated strong capabilities in addressing a wide 
range of battery-management challenges. Supervised learning algorithms, including Sup-
port Vector Machines (SVMs), Random Forests (RFs), Extreme Gradient Boosting 
(XGBoost), and Gaussian Process Regression (GPR), have been successfully applied to 
state-of-charge (SOC) estimation, state-of-health (SOH) prediction, fault diagnosis, and 
remaining useful life (RUL) forecasting [29,30]. A major advantage of these methods is 
their ability to learn complex nonlinear relationships between measurable battery varia-
bles and internal battery states without requiring highly detailed electrochemical models 
[31,32]. This capability makes ML particularly attractive for practical BMS applications 
where computational efficiency, adaptability, and reliable state estimation are essential. 

The emergence of DL has further expanded the capabilities of intelligent battery sys-
tems. Deep neural network architectures, including Artificial Neural Networks (ANNs), 
Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long 
Short-Term Memory (LSTM) networks, and more recently Transformer-based models, 
have demonstrated strong performance in battery diagnostics and prognostics [33–37]. 
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Their ability to learn hierarchical representations from large-scale temporal and multidi-
mensional datasets enables them to capture complex degradation patterns, thermal dy-
namics, and operational characteristics that may be difficult to represent using conven-
tional analytical approaches. As a result, DL has become increasingly important for high-
accuracy prediction and condition monitoring in advanced BESS applications. 

In parallel, RL has attracted growing attention as a promising approach for intelligent 
battery energy management [38]. Unlike supervised learning, which generally requires 
labeled training data, RL enables an autonomous agent to learn control policies through 
interactions with its operating environment. This characteristic is particularly valuable for 
RE systems, where generation, demand, electricity prices, and battery states can change 
continuously and unpredictably [39]. Recent studies have demonstrated the potential of 
RL for battery scheduling, MG energy management, charging optimization, and grid-sup-
port services, highlighting its ability to address sequential decision-making problems un-
der dynamic operating conditions [40–42]. 

The integration of AI-driven BESSs with RE infrastructures is therefore emerging as a 
critical research direction. In PV-based systems, AI methods are increasingly being applied 
to solar-power forecasting, battery scheduling, maximum self-consumption optimization, 
energy management, and predictive maintenance [43]. In WE systems, AI-based approaches 
support WE forecasting, storage dispatch optimization, uncertainty management, and grid-
balancing operations. The coordinated integration of RESs, BESSs, and intelligent algo-
rithms offers the potential to transform conventional energy-storage systems into adaptive 
and predictive assets capable of responding to changing generation, demand, and grid con-
ditions [44]. Such integration is expected to become increasingly important in future smart 
grids, distributed energy systems, and sustainable energy communities. 

Another major development is the emergence of digital twin (DT) technology as an 
advanced framework for intelligent battery management [45–47]. A DT provides a virtual 
representation of a physical battery by integrating real-time operational measurements 
with physics-based models, data-driven methods, and AI algorithms [48]. By continu-
ously synchronizing the virtual and physical domains, DTs can support real-time condi-
tion monitoring, fault detection, predictive maintenance, degradation assessment, and 
lifetime optimization throughout the battery lifecycle [49]. The combination of DTs with 
ML and cloud-computing technologies further expands the possibilities for intelligent 
BMSs, enabling continuous data-driven assessment and improved coordination between 
battery operation and RE resources [50]. 

Nevertheless, the rapid development of AI-driven BESSs does not eliminate existing 
challenges; rather, it introduces new technical and methodological questions. AI models 
often require large quantities of high-quality data for effective training, validation, and 
generalization [51]. In practice, battery datasets may be limited in size, affected by meas-
urement noise and missing data, or generated under operating conditions that do not ad-
equately represent real-world applications. Moreover, many advanced DL models remain 
difficult to interpret, which can limit the ability of engineers and system operators to un-
derstand and trust their predictions and decisions [52]. Other unresolved issues include 
cybersecurity risks, computational complexity, real-time implementation constraints, 
model transferability, data privacy, and the absence of standardized benchmarking pro-
cedures for comparing AI-based battery solutions. 

In this context, Explainable AI (XAI) has emerged as a promising paradigm for im-
proving the transparency and interpretability of intelligent battery systems [53,54]. XAI 
methods seek to provide meaningful explanations of the factors underlying model pre-
dictions and decisions, thereby reducing the opacity associated with complex ML and DL 
models [55,56]. For BMS applications, improved interpretability can be particularly im-
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portant because battery-related decisions may directly affect safety, reliability, perfor-
mance, and lifetime. Integrating XAI into BMSs can therefore contribute to greater user 
trust, improved diagnostic confidence, enhanced reliability, and broader industrial ac-
ceptance of AI-driven battery technologies [53,56]. 

At the same time, several emerging AI paradigms are expected to shape the next gen-
eration of intelligent battery systems. Federated learning can enable collaborative model 
development across distributed datasets without requiring direct sharing of sensitive op-
erational data, while edge AI can move computational intelligence closer to battery-man-
agement devices and support low-latency, real-time decision-making [57,58]. In addition, 
physics-informed machine learning (PINNs and related physics-informed approaches) of-
fers a promising means of combining the flexibility of data-driven models with funda-
mental physical and electrochemical knowledge. Such hybrid approaches may improve 
model accuracy, physical consistency, robustness, and generalization, particularly when 
available battery datasets are limited or heterogeneous [59,60]. 

Despite the substantial progress reported across AI-based battery monitoring, control, 
energy management, digital twins, and predictive maintenance, the literature remains 
highly fragmented across technologies, application levels, AI methodologies, and valida-
tion approaches. A comprehensive and systematic synthesis is therefore needed to clarify 
how different AI techniques contribute to the various functions of BESSs, identify meth-
odological and technological trends, assess current limitations, and reveal the research 
gaps that continue to restrict large-scale deployment. Accordingly, this review provides a 
systematic assessment of AI-driven BESSs for RE applications, covering recent develop-
ments in ML, DL, RL, DTs, predictive maintenance, and intelligent energy management. 
Particular emphasis is placed on the interaction between AI techniques, BMS functions, 
RE integration, emerging intelligent technologies, and the practical challenges that will 
shape the evolution of next-generation energy-storage systems [61–64]. 

The remainder of this review is organized as follows. Section 2 presents the system-
atic literature review methodology, including the PRISMA 2020 framework and study-
selection process. Section 3 provides an overview of battery energy storage technologies 
and examines their role in RE systems. Section 4 discusses the principal AI techniques 
employed in battery-related applications. Section 5 reviews AI-based BMSs, including in-
telligent state estimation, diagnostics, and prognostics. Section 6 analyzes intelligent en-
ergy management strategies for RE integration. Section 7 examines DT technologies and 
AI-enabled predictive maintenance. Section 8 discusses the major challenges, limitations, 
and research gaps identified in the literature. Finally, Section 9 presents future research 
directions and the main conclusions of the review. 

2. Methodology: Systematic Literature Review 
This study adopts a Systematic Literature Review (SLR) methodology to identify, 

evaluate, classify, and synthesize the existing scientific literature on AI-driven BESSs for 
RE applications. The review was structured in accordance with the PRISMA 2020 report-
ing framework to ensure a transparent and reproducible process for study identification, 
screening, eligibility assessment, and inclusion. 

The methodological scope was defined to capture the increasing convergence of AI, 
battery energy storage, renewable-energy integration, and intelligent energy management. 
In particular, the review considered ML, DL, RL, evolutionary and metaheuristic optimi-
zation, hybrid AI approaches, DTs, explainable artificial intelligence (XAI), predictive 
maintenance, BMSs, and intelligent EMSs. The reviewed literature demonstrates that 
these approaches are increasingly being applied to battery state estimation, degradation 
and remaining useful life prediction, fault diagnosis, thermal management, energy man-
agement, power control, storage sizing, and predictive maintenance. 
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The review consisted of five principal stages: (i) definition of the review scope and 
research questions, (ii) systematic literature search, (iii) application of predefined inclu-
sion and exclusion criteria, (iv) title/abstract screening and full-text eligibility assessment, 
and (v) data extraction, quality assessment, and thematic synthesis  [65]. The overall study-
selection process is presented in the PRISMA 2020 flow diagram in Figure 1. 

 

Figure 1. PRISMA 2020 flow diagram illustrating the identification, screening, eligibility assessment, 
and inclusion of studies in the systematic literature review. 

2.1. Review Scope and Research Questions 

The review investigates the state of research on AI-enabled BESSs and their integra-
tion with RE systems and intelligent energy infrastructures. The scope encompasses both 
direct applications of AI to BESS operation and closely related applications that provide 
essential technologies for intelligent battery management, including SOC and SOH esti-
mation, RUL prediction, fault diagnosis, thermal management, degradation assessment, 
predictive maintenance, energy forecasting, optimal storage sizing, energy management, 
charging/discharging optimization, and power control. 

Particular attention was given to applications in PV, wind, hybrid RE systems, MGs, 
smart grids, RE-based EV charging systems, and battery energy storage infrastructures. 
The review also considered emerging digital-twin and AI-integrated architectures for 
monitoring, diagnosis, prognostics, and lifecycle optimization. 

The review was guided by the following research questions: 

• RQ1: What AI techniques are currently employed in BESSs and battery-based energy 
storage systems associated with RE applications? 
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• RQ2: What BESS-related functions are addressed using AI-based approaches, includ-
ing SOC/SOH estimation, RUL prediction, fault diagnosis, degradation prediction, 
thermal management, energy management, forecasting, optimization, power control, 
and predictive maintenance? 

• RQ3: What are the main characteristics, advantages, limitations, and application do-
mains of ML, DL, RL, digital twins, XAI, evolutionary/metaheuristic algorithms, and 
hybrid AI approaches for intelligent BESS operation? 

• RQ4: What datasets, experimental platforms, simulation environments, battery tech-
nologies, RE configurations, validation procedures, and performance indicators are 
used in AI-driven BESS research? 

• RQ5: What methodological, technological, and practical research gaps remain re-
garding the reliability, explainability, generalization, computational efficiency, real-
time implementation, safety, and scalability of AI-enabled BESSs? 

These research questions were subsequently used to define the literature-search strat-
egy, eligibility criteria, data-extraction framework, quality-assessment procedure, and 
thematic synthesis. 

2.2. Literature Search Strategy 

A systematic search was conducted to identify scientific publications addressing AI-
enabled battery energy storage and its application in RE and intelligent energy systems. The 
search strategy targeted major scientific databases and digital libraries, including Scopus, 
Web of Science, IEEE Xplore, ScienceDirect, and SpringerLink. The search period was de-
signed to capture recent developments while retaining relevant earlier studies that estab-
lished foundational methodologies for AI-based battery management and energy storage. 

Although particular emphasis was placed on recent literature published during 
2023–2026, earlier studies were retained when they provided important methodological 
foundations or benchmark approaches directly relevant to the research questions. This 
approach is justified by the presence of influential earlier contributions addressing battery 
capacity estimation, battery prognostics, RUL prediction, and AI-based energy-storage 
applications. Consequently, the review does not treat publication year alone as a sufficient 
exclusion criterion when an earlier study provides a fundamental methodological contri-
bution to the field. 

The search strategy was structured around four principal keyword groups: 
Artificial intelligence and computational methods: 
“artificial intelligence”, “AI”, “machine learning”, “ML”, “deep learning”, “DL”, “re-

inforcement learning”, “RL”, “neural network”, “CNN”, “LSTM”, “transformer”, “evolu-
tionary algorithm”, “particle swarm optimization”, “metaheuristic”, “digital twin”, and 
“explainable AI”. 

Battery energy storage: 
“battery energy storage system”, “BESS”, “battery storage”, “lithium-ion battery”, 

“battery management system”, and “BMS”. 
Renewable-energy and energy-system applications: 
“renewable energy”, “renewable energy system”, “solar PV”, “photovoltaic”, “wind 

energy”, “hybrid renewable energy”, “microgrid”, “smart grid”, and “energy storage”. 
Battery and energy-management functions: 
“state of charge”, “SOC estimation”, “state of health”, “SOH estimation”, “remaining 

useful life”, “RUL prediction”, “fault diagnosis”, “thermal management”, “degradation 
prediction”, “energy management”, “energy forecasting”, “predictive maintenance”, 
“charging optimization”, “discharging optimization”, and “power control”. 

A general Boolean search structure was formulated as: 
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(“artificial intelligence” OR “machine learning” OR “deep learning” OR “reinforce-
ment learning” OR “digital twin” OR “explainable AI” OR “evolutionary algorithm” OR 
“metaheuristic”) AND (“battery energy storage system” OR “BESS” OR “battery storage” 
OR “battery management system”) AND (“renewable energy” OR “solar PV” OR “pho-
tovoltaic” OR “wind energy” OR “microgrid” OR “smart grid”). 

Additional combinations were used to capture studies focusing on specific BESS 
functions, including SOC/SOH estimation, RUL prediction, fault diagnosis, thermal man-
agement, predictive maintenance, and intelligent energy management. The search syntax 
was adapted to the requirements of each database. 

The relevance of this search structure is supported by the breadth of recent studies 
in the collected literature, covering AI-based battery health prediction, fault diagnosis, 
RUL prediction, digital-twin-based battery management, and AI-based energy manage-
ment and optimization. 

Following the database searches, the retrieved records were consolidated into a uni-
fied reference database. Duplicate records were identified and removed before title and 
abstract screening. The numbers of records retrieved, duplicates removed, records 
screened, full-text articles assessed, and studies included were documented according to 
the PRISMA 2020 framework. 

2.3. Inclusion and Exclusion Criteria 

Predefined inclusion and exclusion criteria were established to ensure consistency, 
relevance, and methodological rigor during study selection. A publication was considered 
eligible when it satisfied the following criteria: 

Inclusion criteria 

• It investigated BESSs, battery-based energy storage, lithium-ion battery systems, or 
closely related battery-storage applications. 

• It addressed RE systems or energy infrastructures associated with RE integration, 
including PV, wind, hybrid RE systems, microgrids, smart grids, and RE-based EV 
applications. 

• It employed, evaluated, or substantially discussed an AI or intelligent computational 
method, including ML, DL, RL, neural networks, evolutionary algorithms, metaheu-
ristic optimization, hybrid AI, digital twins, or XAI. 

• It addressed at least one relevant battery or energy-system function, such as SOC esti-
mation, SOH estimation, RUL prediction, degradation prediction, fault detection/diag-
nosis, thermal management, predictive maintenance, energy management, energy 
forecasting, charging/discharging optimization, storage sizing, or power control. 

• It provided sufficient methodological, computational, experimental, or simulation in-
formation to permit assessment of the reported approach. 

• It was published as a peer-reviewed journal article or peer-reviewed conference pa-
per, where inclusion as a primary study was required. 

• It was sufficiently relevant to at least one of the predefined research questions. 

Exclusion criteria 
Studies were excluded when they: 

• Were unrelated to battery energy storage, battery management, or RE applications. 
• Did not employ or meaningfully discuss AI, intelligent computational methods, or 

AI-enabled technologies. 
• Focused exclusively on battery chemistry, electrode/material development, or elec-

trochemical characterization without a relevant AI, BMS, energy-management, or 
storage-system component. 

• Addressed AI applications unrelated to battery storage or RE systems. 
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• Did not provide sufficient scientific or methodological information for meaningful 
assessment. 

• Were editorials, commentaries, abstracts, theses, dissertations, technical reports, or 
other non-peer-reviewed publications when the publication type was outside the 
predefined eligibility scope. 

• Were duplicate or substantially overlapping publications. 
• Did not establish a meaningful relationship between the AI methodology and bat-

tery/storage-system functionality. 
• Fell outside the predefined scope of the review. 

The eligibility criteria were applied consistently during the title/abstract screening 
and full-text assessment stages. Particular attention was given to maintaining a clear dis-
tinction between studies focusing directly on AI-driven BESS applications and studies in 
which AI was used only in peripheral or unrelated aspects of the energy system. 

2.4. Study Selection Process 

The study-selection procedure followed the four principal stages of the PRISMA 2020 
framework: identification, screening, eligibility, and inclusion. 

During the identification stage, records were retrieved from the selected scientific 
databases using the predefined combinations of AI-, battery-, RE-, and energy-manage-
ment-related keywords. All records were exported to a unified reference database, where 
duplicate records were identified and removed. 

During the screening stage, titles and abstracts were examined against the predefined 
eligibility criteria. Records were excluded when they were clearly unrelated to AI-driven 
BESSs, battery management, RE integration, or the defined research questions. 

During the eligibility stage, the full texts of potentially relevant publications were 
assessed. Full-text records were excluded when they failed to satisfy the eligibility criteria, 
lacked sufficient technical or methodological information, focused on unrelated battery 
applications, or did not establish a meaningful relationship between AI techniques and 
BESS or RE applications. 

During the inclusion stage, publications satisfying the predefined criteria were re-
tained for detailed data extraction, quality assessment, and qualitative synthesis. 

The final selection process is summarized in the PRISMA 2020 flow diagram shown 
in Figure 1. The numerical values in the diagram should correspond exactly to the final 
database-search records and should not be estimated or inferred from the number of ref-
erences currently listed in the manuscript. 

For the figure you uploaded, the boxes should therefore be populated using the ac-
tual values: 

• Records identified from databases: [612] 
• Duplicate records removed: [87] 
• Records screened: [528] 
• Records excluded: [230] 
• Reports sought for retrieval: [298] 
• Reports not retrieved: [18] 
• Reports assessed for eligibility: [280] 
• Not directly related to the review objectives: [38] 
• Studies included in the systematic review: [205]  
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2.5. Quality Assessment 

A predefined quality-assessment framework was used to evaluate the methodologi-
cal and technical robustness of the included studies. This assessment was particularly im-
portant because the reviewed literature employs heterogeneous datasets, battery configu-
rations, AI architectures, experimental platforms, and validation strategies. 

The quality assessment considered the clarity of research objectives, methodological 
transparency, description of datasets and experimental conditions, AI-model develop-
ment, validation procedures, comparison with baseline methods, reporting of perfor-
mance indicators, and discussion of limitations. 

Each included study was assessed according to six criteria: 

• QA1: Are the research objectives and application context clearly defined? 
• QA2: Is the AI methodology and model architecture sufficiently described? 
• QA3: Are the dataset, battery characteristics, operating conditions, experimental plat-

form, or simulation environment adequately described? 
• QA4: Is the proposed AI approach appropriately validated using quantitative per-

formance indicators? 
• QA5: Is the proposed method compared with conventional, benchmark, or alterna-

tive approaches where appropriate? 
• QA6: Are the assumptions, limitations, generalization capability, and applicability of 

the proposed approach adequately discussed? 

The quality-assessment procedure was particularly relevant for studies involving 
SOC/SOH estimation, RUL prediction, fault diagnosis, and predictive maintenance, 
where differences in datasets, operating conditions, battery aging profiles, and validation 
procedures can significantly influence reported performance. 

Studies providing limited methodological information were not automatically ex-
cluded solely because of a lower quality score. Instead, their methodological limitations 
were considered when interpreting and comparing their findings. 

2.6. Data Extraction and Analysis 

A structured data-extraction framework was developed to systematically characterize 
the included literature. For each study, the following information was extracted where avail-
able: 

• publication year; 
• geographical or application context; 
• renewable-energy technology; 
• battery technology and chemistry; 
• BESS configuration; 
• application domain; 
• AI methodology; 
• AI architecture or algorithm; 
• battery-management function; 
• energy-management or control strategy; 
• optimization technique; 
• dataset characteristics and source; 
• input and output variables; 
• experimental or simulation platform; 
• training and validation procedures; 
• baseline or benchmark methods; 
• performance indicators; 
• reported computational requirements; 
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• major findings; 
• limitations and identified future research directions. 

Particular attention was given to the major functional categories emerging from the 
literature: 

• Battery state estimation, including SOC and SOH estimation. 
• Battery degradation and RUL prediction, including deep learning, attention mecha-

nisms, evolutionary optimization, and uncertainty-aware approaches. 
• Fault detection and diagnosis, including machine-learning-based fault detection, 

convolutional neural networks, model-constrained deep learning, and sensor-fusion 
approaches. 

• Battery thermal management, including phase-change-material-based systems and 
AI- and physics-informed optimization approaches. 

• Digital-twin-enabled battery management and predictive maintenance, including 
DT-based monitoring, battery modeling, prognostics, fleet management, and lifecy-
cle optimization. 

• Intelligent energy management and optimization, including reinforcement learning, 
multi-agent RL, PSO-based approaches, evolutionary optimization, and hybrid AI 
methods for MGs and RE systems. 

• Renewable-energy (RE) forecasting and grid-level applications, including AI-based 
energy forecasting, demand management, MG control, and RE optimization. 

The extracted evidence was subsequently organized according to the research ques-
tions and synthesized thematically. This allowed the review to identify dominant AI 
methodologies, emerging technological trends, application areas, battery-management 
functions, validation practices, and relationships between AI methods and BESS operat-
ing requirements. 

A qualitative comparative analysis was then conducted to examine the relative 
strengths and limitations of ML, DL, RL, DTs, evolutionary/metaheuristic algorithms, XAI, 
and hybrid AI approaches. Particular attention was given to data requirements, compu-
tational complexity, interpretability, uncertainty quantification, generalization, robust-
ness, real-time implementation, scalability, and experimental validation. 

Finally, the synthesis was used to identify major research gaps and unresolved chal-
lenges in AI-driven BESS research. Particular emphasis was placed on the need for gener-
alizable datasets, standardized validation protocols, uncertainty-aware models, explaina-
ble AI, real-time edge/cloud implementation, integration of digital twins with BMS and 
EMS, reliable fault diagnosis, degradation-aware energy management, and experimen-
tally validated intelligent control strategies. These issues are consistently highlighted 
across recent studies addressing AI-based battery management, DTs, predictive mainte-
nance, and intelligent energy management. 

3. Battery Energy Storage Technologies and Their Role in RE Systems 
The increasing penetration of RESs, particularly solar PV and WE, has created both 

opportunities and operational challenges for modern power systems. While RESs contrib-
ute to decarbonization and energy diversification, their inherent intermittency and varia-
bility can lead to fluctuations in power generation, thereby affecting power quality, grid 
stability, and supply reliability [66]. Consequently, energy storage has become an im-
portant enabling technology for increasing the flexibility of power systems and facilitating 
the reliable integration of renewable generation [67]. 

Among the different energy storage options, BESSs have attracted particular attention 
because of their fast dynamic response, modularity, scalability, and increasingly competi-
tive costs [68]. Their technical flexibility allows them to support a wide range of applications, 
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including energy arbitrage, frequency regulation, voltage support, peak shaving, load lev-
eling, renewable-energy smoothing, and backup power supply [69]. These capabilities make 
BESSs particularly suitable for compensating for short-term fluctuations in renewable gen-
eration and improving the controllability and reliability of RE-based power systems. 

However, the suitability of a BESS cannot be assessed solely on the basis of its re-
sponse speed or cost. Battery chemistry and system configuration strongly influence en-
ergy and power density, efficiency, cycle life, safety, degradation behavior, and operating 
requirements. Thus, there is no universally optimal battery technology for all RE applica-
tions; rather, technology selection depends on the required power-to-energy ratio, oper-
ating profile, environmental conditions, lifetime requirements, and economic constraints. 
This diversity has also increased the need for advanced battery-management and control 
strategies capable of adapting storage operation to changing conditions. 

Recent developments in battery technologies, power electronics, sensing, digitaliza-
tion, and artificial intelligence (AI) are further changing the role of BESSs from conven-
tional storage units toward increasingly intelligent and actively managed energy systems. 
AI-based methods are being investigated for functions such as state estimation, degrada-
tion prediction, fault diagnosis, energy management, and charging/discharging optimiza-
tion. Nevertheless, challenges related to data availability, model generalization, compu-
tational requirements, interpretability, and experimental validation remain important 
barriers to large-scale deployment of intelligent BESSs. 

Accordingly, this section first examines the principal battery storage technologies 
used in RE applications and then considers their operational characteristics, advantages, 
limitations, and application requirements. This technological context provides the basis 
for subsequently evaluating how AI methods can address the monitoring, management, 
optimization, and reliability challenges associated with different BESS technologies. 

3.1. Overview of BESSs 

A BESS is an electrochemical energy-storage system that converts electrical energy 
into chemical energy during charging and subsequently converts the stored energy back 
into electrical energy during discharge. However, a practical BESS extends beyond the 
electrochemical cells themselves and integrates several interconnected subsystems that 
determine its performance, safety, controllability, and operational lifetime [70]. These typ-
ically include: 

• Battery modules and packs, which constitute the electrochemical energy-storage unit; 
• Battery Management System (BMS), responsible for monitoring and managing bat-

tery states and operating limits; 
• Power Conversion System (PCS), which controls bidirectional power exchange be-

tween the battery and the electrical network; 
• Thermal Management System (TMS), which maintains the battery within an appro-

priate temperature range; 
• Monitoring and communication units, which enable data acquisition, supervision, co-

ordination, and communication with higher-level energy-management and control 
systems. 

The interaction among these subsystems is particularly important in RE applications 
because renewable generation and load conditions can vary rapidly. Consequently, BESS 
performance depends not only on the electrochemical characteristics of the battery but 
also on the effectiveness of monitoring, thermal management, power conversion, and con-
trol strategies. This integrated perspective is essential when assessing the potential con-
tribution of AI, since intelligent algorithms can operate across several BESS functions ra-
ther than being limited to battery-level prediction or estimation tasks. 
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Figure 2 illustrates the general architecture of a modern BESS integrated with RESs. 

 
Figure 2. Architecture of a RE-based power system incorporating battery energy. 

The suitability of a battery technology for RE applications depends on a combination 
of electrochemical, technical, economic, and environmental characteristics rather than on 
a single performance indicator. Commonly reported criteria include energy density, 
power density, round-trip efficiency, cycle life, depth of discharge (DoD), response time, 
safety, cost, and environmental impact [71]. These parameters are closely interrelated and 
often involve trade-offs. For example, technologies offering high energy density may not 
necessarily provide the highest safety or lifetime, while low-cost technologies may be dis-
advantaged by lower efficiency or shorter cycle life. Therefore, battery selection should be 
considered in relation to the specific requirements of the RE application, including the 
duration and frequency of energy exchange, required response speed, operating environ-
ment, and expected lifetime. 

3.2. Major Battery Technologies for RE Applications 

Different battery technologies have been developed to address the diverse require-
ments of RE storage. Among them, lithium-ion and lead-acid batteries have been exten-
sively deployed, although they differ considerably in terms of performance, cost, lifetime, 
safety, and application suitability. The following subsections summarize their main char-
acteristics and discuss the conditions under which each technology is most appropriate.  
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3.2.1. Lithium-Ion Batteries 

Lithium-ion batteries (LIBs) have become the dominant battery technology in many 
energy-storage applications and are increasingly used for RE integration [72]. Their wide-
spread adoption is primarily associated with their high energy density, high efficiency, 
relatively long cycle life, low self-discharge, and rapid response. These characteristics al-
low LIB-based BESSs to accommodate frequent and rapid variations in both renewable 
generation and electrical demand, making them suitable for grid-scale storage, electric 
vehicles (EVs), smart grids, and MGs [73]. 

At the cell level, a LIB consists mainly of a cathode, an anode, an electrolyte, and a 
separator. Different combinations of electrode materials produce distinct battery chemis-
tries and, consequently, different performance and safety characteristics. Common cath-
ode chemistries include lithium iron phosphate (LFP), nickel manganese cobalt (NMC), 
and nickel cobalt aluminum (NCA), while graphite remains a widely used anode material. 
Emerging materials, including silicon-based anodes, are also being investigated to in-
crease energy-storage capacity. Thus, the term LIB encompasses a range of chemistries 
rather than a single technology, and their performance should therefore be evaluated ac-
cording to the specific chemistry and operating conditions. 

Among the chemistries relevant to RE applications, LFP, NMC, and NCA present 
different advantages and limitations [74]. LFP is generally associated with high thermal 
stability, good safety, long cycle life, and relatively low cost. These characteristics make it 
particularly attractive for stationary BESS applications, where durability and safety may 
be more important than achieving the maximum possible energy density. Its principal 
disadvantage is its comparatively lower energy density, which can increase the required 
physical size of the storage system. 

NMC chemistry generally provides a higher energy density while maintaining good 
power capability, making it attractive where space and performance are important consid-
erations. However, its use of relatively costly materials and its comparatively lower thermal 
stability introduce economic and safety considerations that require appropriate battery pro-
tection and thermal-management strategies. NCA chemistry can provide very high energy 
density and is therefore advantageous where minimizing system size and weight is im-
portant. Conversely, its comparatively greater sensitivity to thermal conditions increases the 
importance of effective monitoring, protection, and thermal management. 

Overall, LIBs provide a combination of high efficiency, rapid response, relatively 
high energy density, and technological maturity that is well suited to the dynamic require-
ments of RE systems. Their characteristics make them particularly effective for applica-
tions such as frequency regulation, RE smoothing, peak shaving, load shifting, and short-
duration energy management. Nevertheless, degradation, thermal behavior, safety, and 
cost remain important considerations, particularly under intensive cycling. These chal-
lenges also provide a strong motivation for advanced BMS and AI-based methods for state 
estimation, degradation prediction, thermal management, and optimal operation. 

3.2.2. Lead-Acid Batteries 

Lead-acid batteries represent one of the most mature rechargeable battery technologies 
and have historically played an important role in backup power and small-scale RE systems. 
Their continued use is mainly associated with relatively low initial cost, established manu-
facturing processes, operational reliability, and well-developed recycling infrastructure. 
These advantages can make lead-acid technology economically attractive for applications 
with moderate cycling requirements and where system cost is a primary consideration. 

However, their lower energy density, relatively limited usable depth of discharge, and 
shorter cycle life compared with modern lithium-ion technologies constrain their suitability 
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for applications involving frequent and deep charge–discharge cycles. Their round-trip ef-
ficiency is also generally lower than that of LIB systems. Consequently, although lead-acid 
batteries remain relevant in specific stationary and backup applications, their role in high-
cycling RE storage has progressively been challenged by lithium-ion technologies, which 
generally offer higher efficiency, greater energy density, and longer cycle life [75]. 

The comparison between LIB and lead-acid technologies therefore illustrates an im-
portant point for RE applications: no battery technology is optimal under all operating 
conditions. The appropriate choice depends on the required combination of cost, effi-
ciency, lifetime, power response, safety, and energy capacity. This technology-dependent 
behavior is particularly relevant to intelligent BESS operation, since AI-based monitoring 
and control strategies must account for the specific degradation mechanisms, operating 
constraints, and performance characteristics of the underlying battery chemistry. 

3.2.3. Sodium-Ion Batteries 

Sodium-ion batteries have emerged as promising alternatives to lithium-ion batteries, 
particularly for stationary energy storage applications. Their main advantages include the 
abundance and relatively low cost of sodium resources, improved sustainability, and en-
hanced supply-chain security [76]. However, their lower energy density and the relatively 
immature manufacturing ecosystem remain important limitations. Recent technological 
developments have improved the performance and commercialization prospects of so-
dium-ion batteries, making them increasingly attractive for RE storage applications where 
cost, resource availability, and sustainability are important considerations [77]. 

3.2.4. Solid-State Batteries 

Solid-state batteries replace conventional liquid electrolytes with solid electrolytes, 
offering the potential for improved safety, higher energy density, and longer service life 
[78]. The absence of flammable liquid electrolytes can reduce fire risks, while solid-state 
architectures may enable the use of high-capacity electrode materials. Nevertheless, their 
widespread commercialization is still constrained by manufacturing complexity, high 
production costs, and challenges associated with interface stability between the solid elec-
trolyte and electrodes. Despite these challenges, continued advances in materials and 
manufacturing technologies are expected to increase the applicability of solid-state batter-
ies in future RE storage systems. 

3.2.5. Flow Batteries 

Flow batteries store energy in liquid electrolytes held in external tanks and include 
technologies such as vanadium redox flow batteries (VRFBs), zinc-bromine batteries, and 
iron-chromium batteries. Their principal advantages are long cycle life, high tolerance to 
deep discharge, and the ability to independently scale power and energy capacity, making 
them particularly suitable for long-duration RE storage [79]. However, their relatively low 
energy density, larger physical footprint, and higher system complexity can increase in-
stallation requirements and overall costs. Nevertheless, flow batteries are promising for 
utility-scale RE applications where long-duration operation, frequent cycling, and ex-
tended service life are required [80]. 

3.3. Comparative Analysis of Battery Technologies 

Table 1 presents a comparison of major battery technologies used in energy storage 
applications based on key performance indicators, including energy density, round-trip 
efficiency, cycle life, safety, cost, and typical applications. This comparison was based on 
references [81–89]. LIBs offer high energy density and excellent efficiency (90–98%), mak-
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ing them widely used in grid energy storage, EVs, and MGs. Lead-acid batteries are char-
acterized by low cost and high safety but have lower energy density and shorter cycle life, 
which limits their use mainly to backup power and UPS systems. Sodium-ion batteries 
provide a balanced combination of moderate energy density, good efficiency, and low cost, 
making them suitable for stationary energy storage. Solid-state batteries represent an 
emerging technology with very high energy density, outstanding safety, and a cycle life 
exceeding 10,000 cycles, although their current cost remains relatively high. Flow batteries, 
while having low energy density, offer exceptional safety and very long cycle life, making 
them particularly attractive for long-duration and grid-scale energy storage applications. 

Table 1. Comparison of major battery technologies for energy storage applications [81–89]. 

Technology 
Energy 
Density 

Round-Trip 
Efficiency 

Cycle Life 
(Cycles) Safety Cost Typical Applications 

Lithium-Ion High 90–98% 3000–10,000 Medium–High Medium Grid energy storage, EVs, MGs [81–84] 

Lead-Acid Low 70–85% 500–1500 High Low Backup power systems, UPS applica-
tions [85,88] 

Sodium-Ion Medium 85–95% 2000–5000 High Low Stationary energy storage [85,88,89] 

Solid-State Very High >95% >10,000 Very High High Next-generation large-scale energy 
storage and electric mobility [84,89] 

Flow Batteries Low 70–90% >10,000 Very High High Long-duration energy storage and 
grid-scale applications [86–89] 

Recent studies have conducted comprehensive comparisons of battery and energy 
storage technologies for modern energy systems and MGs. Sebbagh et al. (2026) in [90] 
provided an extensive review of next-generation battery technologies, highlighting that 
LIBs remain the dominant solution due to their high energy density, superior round-trip 
efficiency, and technological maturity. The study also emphasized the growing potential 
of sodium-ion and solid-state batteries as promising alternatives, owing to their improved 
safety characteristics, long cycle life, and reduced dependence on critical raw materials. 
Furthermore, the authors identified solid-state batteries as a key candidate for future 
large-scale energy storage and electric mobility applications despite their current high 
manufacturing costs. In a comparative analysis of energy storage technologies for MGs, 
Chehab et al. (2023) in [91] evaluated various storage options based on technical, economic, 
and operational criteria. Their findings revealed that LIBs offer the best overall balance 
between efficiency, energy density, and response time, making them particularly suitable 
for microgrid applications. In contrast, lead-acid batteries were recognized for their low 
investment cost but were limited by shorter lifespan and lower energy density. The study 
also highlighted the advantages of flow batteries for long-duration energy storage due to 
their excellent scalability, high safety, and extended cycle life, although their relatively 
high capital cost remains a challenge. Overall, both studies concluded that the selection of 
an energy storage technology depends strongly on application requirements, including 
storage duration, cost constraints, safety considerations, and system flexibility. 

3.4. Role of BESSs in RE Integration 

The integration of BESSs has become an important strategy for addressing the oper-
ational challenges associated with increasing RE penetration. The literature broadly 
agrees that the main value of BESSs lies not only in storing electrical energy but also in 
providing flexibility that can compensate for the temporal mismatch between renewable 
generation, electricity demand, and grid operating requirements [92]. However, the effec-
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tiveness of storage depends strongly on the battery technology, system configuration, op-
erating strategy, and characteristics of the RE resource. Thus, BESS applications should be 
considered as complementary functions rather than independent services. 

3.4.1. Mitigation of RE Intermittency 

The variability of solar and wind generation is one of the principal challenges limit-
ing the predictable operation of RE-based power systems [92]. BESSs can reduce this var-
iability by absorbing surplus electricity during periods of high renewable generation and 
supplying it when generation falls below demand. This energy-shifting capability can re-
duce the temporal mismatch between RE production and consumption and improve the 
controllability and reliability of renewable-based systems. 

Nevertheless, storage does not eliminate renewable intermittency; rather, its effec-
tiveness is constrained by available energy capacity, SOC, charging and discharging 
power limits, and degradation. Consequently, an important research challenge is to de-
termine how storage capacity and operating strategies should be optimized for different 
renewable-generation profiles and forecasting uncertainties. This has motivated increas-
ing interest in predictive and AI-based energy-management strategies capable of antici-
pating both renewable generation and future load conditions. 

3.4.2. Frequency Regulation 

BESSs can also provide rapid frequency-support services in power systems with high 
penetration of inverter-based renewable resources. The reduction in conventional syn-
chronous generation can decrease available system inertia and increase the sensitivity of 
grid frequency to disturbances [92]. Because batteries can change their active-power out-
put within very short response times, they are well suited to fast frequency response, pri-
mary frequency control, and secondary regulation. 

The literature generally recognizes this rapid-response capability as one of the major 
advantages of BESSs. However, frequent participation in frequency regulation can in-
crease battery cycling and accelerate degradation. This creates a fundamental trade-off 
between providing grid-support services and preserving battery lifetime. Effective control 
strategies must therefore consider both grid requirements and battery degradation, rather 
than optimizing frequency response independently of battery health. 

3.4.3. Voltage Support 

High penetration of distributed renewable generation can also introduce voltage de-
viations and power-quality challenges, particularly in distribution networks. BESSs can 
contribute to voltage regulation through coordinated active- and reactive-power control, 
thereby compensating for local variations in generation and demand. Their rapid control-
lability allows voltage deviations to be addressed faster than would be possible through 
some conventional network-control mechanisms. 

However, the effectiveness of BESS-based voltage support depends on network to-
pology, inverter capability, battery operating limits, and the location of the storage unit. 
Therefore, the benefits reported for one network configuration cannot necessarily be gen-
eralized to other systems. Future studies should place greater emphasis on coordinated 
control between BESSs, renewable generators, and existing voltage-regulation equipment 
under realistic distribution-network conditions. 

3.4.4. Peak Shaving and Load Leveling 

BESSs can reduce peak electricity demand by charging during periods of low demand 
or high renewable availability and discharging during peak-demand periods [93]. Peak 
shaving can reduce reliance on expensive peak-generation resources, while load leveling 
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can improve the utilization of existing generation and network infrastructure [94]. These 
applications are particularly relevant when electricity prices vary substantially over time or 
when network constraints limit the ability to increase generation or transmission capacity. 

The economic value of these services, however, depends on the relationship between 
electricity tariffs, storage efficiency, battery degradation, and system investment costs. 
Consequently, optimal operation requires a balance between short-term economic bene-
fits and the long-term cost associated with battery aging. This consideration has encour-
aged the development of optimization and learning-based energy-management ap-
proaches that can simultaneously account for electricity prices, renewable availability, 
load profiles, and battery health. 

3.4.5. Renewable Energy Curtailment Reduction 

RE curtailment occurs when available renewable generation cannot be fully utilized 
because of insufficient demand or limitations in transmission and distribution capacity 
[95]. By absorbing excess generation and releasing it at a later time, BESSs can reduce cur-
tailment and increase the effective utilization of renewable resources. This function be-
comes increasingly important as the share of variable renewable generation increases and 
periods of surplus generation become more frequent. 

Nevertheless, storage is not always the most economical solution for curtailment re-
duction. Its effectiveness depends on the duration and magnitude of surplus generation, 
storage capacity, grid constraints, and the cost of alternative flexibility measures. There-
fore, future research should evaluate BESSs alongside other flexibility options rather than 
assuming that additional storage capacity alone will provide an optimal solution. 

3.5. BESSs in Microgrids and Smart Grids 

The increasing deployment of MGs and smart grids has expanded the role of BESSs 
from conventional energy storage toward multifunctional flexibility assets [96]. In MGs, 
BESSs can balance local generation and demand, facilitate the integration of distributed 
RE resources, support islanded operation, and contribute to system restoration and resil-
ience. These functions are particularly important when renewable generation constitutes 
a substantial proportion of local electricity supply. 

In smart-grid environments, the role of BESSs becomes broader because storage can 
interact with demand-response programs, distributed energy resources, electricity mar-
kets, and network-management systems. The integration of advanced sensing, communi-
cation technologies, cloud computing, and the IoTs has further enabled more coordinated 
and data-driven operation of storage assets [97–100]. AI-based approaches are increas-
ingly being explored to improve forecasting, state estimation, energy management, pre-
dictive maintenance, and real-time decision-making. 

Despite these developments, the transition from conventional to intelligent BESSs re-
mains incomplete. Many AI-based solutions are still evaluated using limited datasets or 
simulation environments, which can make it difficult to assess their robustness under 
changing operating conditions [100, 95, 98]. Consequently, future research should place 
greater emphasis on standardized datasets, real-time and hardware-in-the-loop valida-
tion, explainability, and the ability of AI models to generalize across different battery 
chemistries and operating environments. 

3.6. Current Challenges and Future Perspectives 

Despite substantial technological progress, several challenges continue to restrict the 
reliable and economically sustainable deployment of BESSs. Battery degradation and ag-
ing progressively affect capacity and power capability, while thermal runaway and other 
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safety-related phenomena remain important concerns [101–103]. Economic barriers, recy-
cling requirements, environmental impacts, and dependence on critical raw materials fur-
ther complicate large-scale deployment. In parallel, accurate estimation of battery states 
such as SOC and SOH remains challenging under dynamic operating conditions. The in-
creasing digitalization and remote connectivity of BESSs also introduce cybersecurity and 
data-security concerns. 

Emerging battery technologies may address some of these limitations, although their 
commercial and technical maturity varies. Solid-state and sodium-ion batteries are being 
investigated as potential alternatives because of their prospects for improved safety, re-
source availability, cost, and performance. At the system level, DTs and AI-enabled BMSs 
offer additional opportunities for more accurate state estimation, fault diagnosis, predic-
tive maintenance, degradation management, and operational optimization. However, im-
portant questions remain regarding the reliability, interpretability, computational re-
quirements, and transferability of these intelligent approaches. These unresolved issues 
indicate that future progress will depend not only on developing more accurate AI models 
but also on integrating them with physically informed battery models, robust control 
strategies, and experimentally validated BMS architectures [104–106]. 

Overall, the reviewed literature suggests that the central research challenge is no 
longer simply how to increase BESS capacity, but how to operate heterogeneous storage 
technologies intelligently while balancing grid performance, economic value, battery deg-
radation, safety, and sustainability [95,105,106]. This perspective leads to several im-
portant research questions: How can AI models generalize across battery chemistries, tem-
peratures, aging states, and operating profiles? How can physical knowledge and safety 
constraints be incorporated into data-driven models without compromising computa-
tional efficiency? What validation strategies are required to demonstrate the reliability of 
AI-based BMSs under realistic long-term operating conditions? And how can intelligent 
BESS operation simultaneously optimize grid services, economic performance, battery 
lifetime, and safety? Addressing these questions requires a systematic examination of the 
AI methodologies currently being applied to battery systems, their reported performance, 
validation practices, advantages, and limitations. Accordingly, the following section clas-
sifies the principal AI techniques employed in battery applications and critically examines 
their roles in BESS monitoring, estimation, diagnosis, control, and optimization. 

4. Artificial Intelligence Techniques Employed in Battery Applications 
The increasing deployment of BESSs in RE systems has created a growing need for 

intelligent methods capable of addressing the nonlinear, time-varying, and uncertain be-
havior of batteries. In particular, accurate monitoring, state estimation, diagnosis, control, 
and optimization have become increasingly important as batteries are exposed to dynamic 
charging and discharging profiles and diverse operating conditions [107,108]. Conven-
tional battery-management approaches are primarily based on electrochemical models, 
equivalent-circuit models, and model-based estimation techniques [107–109]. These ap-
proaches provide important physical interpretability and can perform effectively under 
well-defined operating conditions; however, their accuracy may decrease when battery 
behavior becomes strongly nonlinear or when operating conditions differ from those as-
sumed during model development [108,110]. 

The emergence of AI has therefore introduced an alternative paradigm based on 
learning patterns directly from experimental, operational, or simulated data. AI methods 
can approximate complex battery behavior without requiring a complete mathematical 
description of the underlying electrochemical processes and have consequently been in-
vestigated for state estimation, fault diagnosis, degradation prediction, energy manage-
ment, and control [95,107,108]. Their increasing adoption has been further supported by 
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the availability of battery datasets and advances in cloud computing, IoT, and edge-com-
puting technologies, which facilitate continuous data acquisition and increasingly decen-
tralized BMS implementation [97–99]. 

However, the literature does not indicate that AI methods universally outperform 
conventional model-based approaches. Their effectiveness is strongly dependent on data 
quality, operating conditions, model architecture, computational resources, and valida-
tion procedures [108,110,111]. Data-driven models may achieve high accuracy within the 
conditions represented in their training datasets but can exhibit reduced generalization 
when applied to different temperatures, aging levels, battery chemistries, or operating 
profiles. Conversely, physics-based approaches generally provide greater physical inter-
pretability but may require detailed parameter identification and can become computa-
tionally demanding for complex battery models. These complementary characteristics 
have consequently encouraged increasing interest in hybrid approaches that combine 
physical knowledge with data-driven learning. 

Based on their methodological characteristics and applications reported in the litera-
ture, AI techniques employed in battery systems can be broadly grouped into the follow-
ing categories: 

Machine Learning (ML): Data-driven methods used for tasks such as SOC/SOH esti-
mation, fault diagnosis, degradation prediction, and performance modeling. 

Deep Learning (DL): Neural-network-based approaches capable of learning complex 
nonlinear relationships from large and multidimensional battery datasets. 

Reinforcement Learning (RL): Decision-making approaches in which an agent learns 
optimal charging, discharging, energy-management, or control policies through interac-
tion with the battery or energy system. 

Evolutionary and Metaheuristic Algorithms: Optimization techniques used to iden-
tify model parameters, optimize operating strategies, and solve complex nonlinear bat-
tery-management problems. 

Hybrid AI Approaches: Methods that combine different AI techniques or integrate 
AI with electrochemical, equivalent-circuit, or other physics-based models to exploit their 
complementary advantages. 

Explainable Artificial Intelligence (XAI): Methods designed to improve the interpret-
ability and transparency of AI-based battery predictions and decisions, which is particu-
larly relevant for safety-critical BMS applications. 

Digital-Twin (DT)-Based Intelligence: Approaches that combine continuously up-
dated virtual representations of batteries or BESSs with data analytics and AI to support 
monitoring, prediction, diagnosis, and optimization. 

These categories should not be regarded as mutually exclusive. Recent research in-
creasingly combines multiple approaches—for example, DL with optimization algorithms, 
RL with predictive models, or AI with physics-based battery models—to address limitations 
associated with individual techniques. This trend reflects a broader shift in battery research 
from isolated prediction models toward integrated and intelligent BMS architectures. 

Figure 3 presents the taxonomy of AI techniques employed in battery applications 
and provides a framework for comparing their respective capabilities, application do-
mains, and limitations. The following sections examine these AI paradigms in greater de-
tail, with particular emphasis on their applications in BESSs for RE systems, reported per-
formance, validation practices, and the remaining research gaps. 

4.1. ML Techniques 

Machine Learning (ML) is one of the most extensively investigated branches of arti-
ficial intelligence for battery state estimation, diagnostics, prognostics, fault detection, and 

https://doi.org/10.3390/batteries12090353


Batteries 2026, 12, 353 22 of 90 
 

https://doi.org/10.3390/batteries12090353 

energy-management applications [112–115]. In contrast to conventional physics-based ap-
proaches, which rely on explicit representations of electrochemical or electrical battery 
behavior, ML methods learn relationships between measured variables and target battery 
states from experimental, operational, or simulated data. Common input variables include 
voltage, current, temperature, charging/discharging rate, impedance-related characteris-
tics, and historical operating conditions, whereas the outputs may include SOC, SOH, re-
maining useful life (RUL), capacity degradation, or fault conditions [113–117]. 

 
Figure 3. Taxonomy of AI techniques and their applications in battery systems . 

A consistent finding across the literature is that ML methods can effectively capture 
nonlinear relationships between battery measurements and internal states that are diffi-
cult to describe using simplified equivalent-circuit models. This capability is particularly 
relevant because battery behavior varies with temperature, aging, load profile, charg-
ing/discharging rate, and operating history [112,114]. Several studies have therefore re-
ported promising results for ML-based SOC and SOH estimation as well as fault diagnosis 
and degradation prediction [116,117]. However, the literature also indicates that reported 
accuracy should be interpreted with caution. ML performance depends strongly on the 
quality, size, diversity, and representativeness of the training data, as well as on the ex-
perimental conditions under which the model is developed and validated [113–117]. Mod-
els trained under restricted laboratory conditions may perform well within the range of 
conditions represented in the training dataset but can experience reduced accuracy when 
applied to different temperatures, aging states, battery chemistries, or operating profiles. 
Thus, an important point of agreement in recent research is that predictive accuracy alone 
is insufficient to demonstrate the practical robustness of an ML-based BMS; cross-condi-
tion validation and assessment of model generalization are equally important. 
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At the same time, the literature reveals an ongoing trade-off between model com-
plexity, predictive performance, data requirements, and practical implementability. More 
complex learning architectures may provide greater flexibility for representing nonlinear 
battery behavior, but they can also require larger datasets, more extensive hyperparame-
ter optimization, and greater computational resources. Conversely, relatively simple ML 
models can offer advantages in terms of training requirements and implementation cost, 
particularly when the available dataset is limited [115–117]. These differences suggest that 
there is no universally optimal ML algorithm for battery applications. Instead, algorithm 
selection should depend on the target task, available measurements, dataset characteris-
tics, required computational resources, and the operating environment of the BESS. 

From a methodological perspective, ML approaches used in battery applications can 
broadly be classified into supervised and unsupervised learning. Supervised learning is 
primarily used when sufficiently reliable labeled data are available and is widely applied 
to quantitative state estimation, degradation prediction, and fault classification [113–115]. 
Unsupervised learning, in contrast, can identify patterns, operating regimes, clusters, or 
abnormal behavior without requiring predefined labels, making it attractive for applica-
tions where obtaining reliable fault or degradation labels is difficult or expensive. How-
ever, the interpretation and validation of unsupervised results can be more challenging 
because the identified patterns do not necessarily correspond directly to physically mean-
ingful battery states. This distinction highlights the importance of combining data-driven 
results with physical knowledge and experimentally validated battery behavior. 

4.1.1. Supervised Learning 

Supervised learning establishes a mapping between input measurements and prede-
fined target variables using labeled datasets [113–115]. In battery applications, the input 
features may include voltage, current, temperature, impedance-related parameters, and 
historical measurements, whereas target variables commonly represent SOC, SOH, capac-
ity, RUL, or fault categories. The performance of supervised learning is therefore influ-
enced not only by the choice of algorithm but also by the reliability of the target labels, the 
feature representation, the operating conditions covered by the dataset, and the validation 
strategy [113–117]. 

The literature includes a wide range of supervised learning methods, among which 
SVMs, RFs, Extreme Gradient Boosting (XGBoost), and GPR have been investigated for 
battery estimation, diagnostics, and prognostics [116,117]. Although these methods share 
the general advantage of learning nonlinear relationships from data, their strengths and 
limitations differ considerably. Consequently, comparisons among them should consider 
not only prediction accuracy but also data requirements, robustness to changing operating 
conditions, computational complexity, interpretability, and suitability for real-time BMS 
implementation. 

Support Vector Machines (SVMs). SVMs have attracted attention in battery applica-
tions because kernel functions allow them to model nonlinear relationships while control-
ling model complexity through regularization. Studies have applied SVM-based ap-
proaches to SOC estimation, SOH prediction, fault diagnosis, and battery classification, 
with results indicating that SVMs can provide reliable predictions when appropriately 
selected features and hyperparameters are used [116,117]. An additional advantage re-
ported in the literature is their suitability for relatively small or moderate-sized datasets, 
which is relevant to battery studies where obtaining extensive, high-quality labeled data 
can be expensive and time-consuming. 

However, the reported advantages of SVMs should be considered alongside several 
limitations. Their performance is sensitive to the selection of the kernel function, regular-
ization parameters, and other hyperparameters, and inappropriate parameter selection 
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can reduce generalization performance [116,117]. Furthermore, kernel-based implemen-
tations may become computationally demanding as the number of training samples in-
creases. This limitation becomes increasingly relevant for large BESS installations that con-
tinuously generate high-frequency measurements. Therefore, while SVMs can be attrac-
tive for applications involving moderate datasets and well-defined operating conditions, 
their scalability and real-time implementation requirements require further consideration 
when they are deployed in large-scale BESS environments. 

More broadly, the evidence from supervised-learning studies suggests that the prin-
cipal research issue is shifting from achieving high prediction accuracy under controlled 
conditions toward demonstrating robustness under realistic and previously unseen oper-
ating conditions. Future studies should therefore place greater emphasis on cross-temper-
ature and cross-aging validation, transferability between battery chemistries and cells, un-
certainty quantification, computational efficiency, and experimental validation at the 
BESS level. Such evaluation would provide a more meaningful basis for comparing su-
pervised-learning algorithms and determining whether their reported laboratory perfor-
mance can be translated into reliable real-world BMS applications. 

Random Forest (RF). RF is an ensemble-learning approach that combines multiple 
decision trees to produce more robust predictions than individual trees. In battery appli-
cations, RF has been investigated for SOH estimation, degradation assessment, fault diag-
nosis, and prognostic tasks. Recent reviews indicate that RF can effectively handle multi-
ple battery-related features and nonlinear relationships while offering a useful balance 
between prediction accuracy and computational complexity [32,37,52,57,63,110]. Its en-
semble structure can also reduce the overfitting tendency associated with individual de-
cision trees and provide useful feature-importance information for battery health assess-
ment [32,52]. RF can therefore be particularly attractive when battery datasets contain 
multiple interacting variables and complex operating conditions. Nevertheless, increasing 
the number and depth of trees increases computational and memory requirements, while 
the resulting ensemble is less transparent than an individual decision tree. Consequently, 
although RF can provide reliable predictive performance, its application in safety-critical 
BMSs should be accompanied by appropriate validation and, where possible, feature-im-
portance or explainability analysis [53,55,56]. 

Extreme Gradient Boosting (XGBoost). XGBoost is a boosting-based ensemble algo-
rithm that constructs a sequence of decision trees, with subsequent trees progressively 
correcting the errors of previous learners. Its ability to capture nonlinear relationships and 
complex interactions between battery variables has made it increasingly relevant to bat-
tery health analytics. Recent studies have demonstrated the applicability of XGBoost to 
SOH estimation and RUL prediction, including hybrid frameworks that combine XGBoost 
with feature-selection or filtering techniques [38,113]. Comparative investigations also in-
dicate that XGBoost can provide competitive predictive performance for battery degrada-
tion and lifetime estimation when appropriate input features and hyperparameters are 
selected [38,40]. Compared with conventional tree-based approaches, its regularization 
and boosting mechanisms can provide high predictive accuracy while helping to control 
overfitting. However, high predictive accuracy does not necessarily imply strong physical 
interpretability. Furthermore, model performance may deteriorate when the training da-
taset does not adequately represent variations in temperature, operating profiles, battery 
chemistry, or aging conditions. Thus, XGBoost should be considered a powerful data-
driven tool whose reliability depends strongly on the quality and representativeness of 
the training data [52,57,63]. 

Gaussian Process Regression (GPR). GPR differs from conventional deterministic re-
gression methods because it provides a probabilistic representation of the relationship be-
tween input variables and the predicted battery state. This characteristic is particularly 
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valuable for battery prognostics because uncertainty is inherently associated with degra-
dation measurements and future-life prediction. Richardson et al. [30] demonstrated the 
use of GPR for battery SOH forecasting and showed its capability for both short- and long-
term prediction, including RUL forecasting. An important advantage of GPR is its ability 
to provide a prediction together with an associated measure of uncertainty, thereby ena-
bling uncertainty to be explicitly considered in battery prognostics and health-manage-
ment decisions [30,52]. Moreover, appropriate kernel selection and the incorporation of 
prior information can improve the representation of complex degradation behavior [30]. 
However, conventional GPR involves computational operations on covariance matrices 
whose cost increases substantially with dataset size. This can limit its scalability for large 
battery datasets and motivates the use of sparse or approximate GPR implementations 
when large-scale BESS datasets are considered [30,52]. 

Overall, supervised ML methods demonstrate that there is no universally superior 
algorithm for all battery applications. SVM-based approaches can be advantageous when 
robust nonlinear regression or classification is required, particularly when the available 
dataset is relatively limited [32,57]. RF and XGBoost are generally attractive for heteroge-
neous tabular datasets and complex nonlinear feature interactions, whereas GPR provides 
an additional advantage when probabilistic prediction and uncertainty quantification are 
important [30,52]. The selection of an algorithm should therefore be based not only on 
prediction accuracy but also on dataset size, computational requirements, uncertainty 
quantification, interpretability, operating conditions, and the intended real-time applica-
tion [53,57,63]. Moreover, comparisons based solely on conventional accuracy metrics 
such as RMSE or MAE may be insufficient because strong performance on a particular 
laboratory dataset does not necessarily guarantee generalization to field-deployed BESSs. 

An important development in recent ML-based battery research is therefore the tran-
sition from isolated prediction models toward more robust and transferable frameworks. 
Recent studies increasingly emphasize validation across different operating and environ-
mental conditions, heterogeneous datasets, multiple battery cells, and changes in aging 
behavior [36,52,57,63]. Such considerations are particularly important for large-scale 
BESSs, where battery-to-battery variability and changing operating conditions can sub-
stantially affect model performance. Recent work on machine-learning-based battery 
health prediction and fault diagnosis further highlights the importance of robust valida-
tion and generalization under varying conditions [36,112–114]. Consequently, future 
BMS-oriented ML frameworks should move beyond single-dataset accuracy optimization 
toward cross-condition validation, uncertainty-aware prediction, interpretability, and re-
liable deployment under distribution shifts [52,53,57]. 

4.1.2. Unsupervised Learning 

Unlike supervised learning, unsupervised learning does not require predefined tar-
get labels and instead seeks to identify inherent structures, relationships, or abnormal pat-
terns within datasets [113–115]. This characteristic is particularly relevant to BESS appli-
cations because obtaining reliable labels for battery faults, degradation stages, and abnor-
mal operating conditions can be costly, time-consuming, and sometimes impractical. The 
increasing availability of unlabeled operational data from battery-monitoring systems 
therefore provides an important opportunity for unsupervised methods to identify oper-
ating regimes, group similar battery behaviors, detect anomalies, and support exploratory 
analysis [113–115]. 

Among the commonly used unsupervised techniques, clustering methods such as K-
Means, hierarchical clustering, and Density-Based Spatial Clustering of Applications with 
Noise (DBSCAN) have been investigated for identifying similarities among cells, operat-
ing conditions, and degradation patterns [32,52,57,110,112]. K-Means is computationally 
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relatively simple and can be effective when the underlying data can be represented by a 
predefined number of compact clusters. However, its requirement to specify the number 
of clusters in advance and its sensitivity to cluster initialization can limit its suitability for 
complex battery datasets. Hierarchical clustering provides a more flexible representation 
of relationships among observations by constructing a hierarchy of clusters, although its 
computational requirements may become significant as dataset size increases. DBSCAN 
offers a different advantage because it does not require the number of clusters to be spec-
ified beforehand and can identify irregularly shaped clusters while treating isolated ob-
servations as potential anomalies [32,52,57,110,112]. These characteristics make DBSCAN 
attractive for battery anomaly detection; however, its performance depends strongly on 
density-related parameters and may deteriorate when different operating regimes exhibit 
substantially different data densities. 

The literature therefore suggests that clustering methods can provide useful infor-
mation for battery grouping and anomaly identification, but their effectiveness is strongly 
dependent on the structure of the underlying data and the physical meaning assigned to 
the resulting clusters. For example, a statistically distinct cluster does not necessarily cor-
respond to a distinct degradation mechanism or fault condition. Changes in temperature, 
load profile, charging rate, or operating regime may produce data distributions that re-
semble degradation-related changes. Consequently, clustering results should not be inter-
preted solely on the basis of statistical separation; they require validation against physical 
battery behavior or independent experimental evidence. This represents an important lim-
itation of purely data-driven unsupervised approaches and remains a relevant research 
gap in the development of reliable BESS diagnostic systems. 

Principal Component Analysis (PCA) represents another widely used unsupervised 
technique and is primarily employed for dimensionality reduction and feature extraction 
[26,32,57,84]. BESS monitoring systems can generate large numbers of correlated variables, 
including voltage, current, temperature, impedance-related characteristics, and temporal 
features. PCA transforms these variables into a smaller set of orthogonal principal com-
ponents while retaining a substantial proportion of the variance present in the original 
data. This can reduce computational requirements, facilitate visualization, and provide 
more compact feature representations for subsequent ML models. PCA has consequently 
been used to identify dominant patterns in battery data and to support the detection of 
abnormal or degradation-related behavior [26,32,57,84]. 

However, PCA also illustrates an important trade-off associated with unsupervised 
dimensionality-reduction methods. Because PCA is fundamentally a linear transfor-
mation, the principal components maximize statistical variance rather than explicitly rep-
resenting physically meaningful electrochemical processes. Consequently, a component 
explaining a large proportion of the variance is not necessarily the component most rele-
vant to battery degradation or fault development. Nonlinear relationships may also be 
inadequately represented by conventional PCA, particularly under strongly varying op-
erating conditions. These limitations have motivated interest in nonlinear dimensionality-
reduction and representation-learning methods, although their additional complexity 
raises questions regarding interpretability, computational requirements, and validation. 

A key contribution of unsupervised learning to intelligent BESS operation is there-
fore its ability to discover patterns that may not be known in advance rather than directly 
predicting a predefined battery state. This capability is particularly valuable for anomaly 
detection, early fault identification, battery grouping, operating-regime identification, fea-
ture extraction, and exploratory analysis [53,55,57,110,112,113]. At the same time, the ab-
sence of predefined labels creates a fundamental validation challenge: it can be difficult to 
determine whether an automatically detected cluster or anomaly corresponds to a physi-
cally meaningful battery condition. This issue distinguishes unsupervised learning from 
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supervised approaches, for which prediction errors can generally be quantified against 
known target values. Accordingly, recent research increasingly favors combining unsu-
pervised learning with expert knowledge, physics-based models, or subsequent super-
vised-learning stages to improve the physical interpretation and reliability of detected 
patterns [53,55,57,110,112,113]. 

From a state-of-the-art perspective, the growing availability of high-frequency oper-
ational data creates considerable opportunities for unsupervised BESS monitoring. Nev-
ertheless, several research questions remain unresolved. How can genuine degradation or 
fault signatures be distinguished from changes caused by temperature, load, charging 
strategy, and other normal operating variations? How should anomaly-detection thresh-
olds be defined when battery behavior changes continuously with aging? To what extent 
can an unsupervised model trained on one battery chemistry, cell design, or BESS config-
uration be transferred to another? And what level of independent experimental validation 
is required before an automatically detected anomaly can be used to trigger safety-critical 
BMS actions? Addressing these questions will require evaluation frameworks that con-
sider not only detection accuracy but also false-alarm rates, robustness to changing oper-
ating conditions, transferability, physical interpretability, and computational efficiency. 

A promising future direction is therefore the development of hybrid monitoring 
frameworks in which unsupervised algorithms continuously analyze battery data and 
identify potential abnormalities, while supervised or physics-informed models subse-
quently estimate their severity, determine their probable causes, and support appropriate 
BMS decisions [32,57,60,84,113]. Such architectures could exploit the ability of unsuper-
vised learning to detect previously unknown patterns while retaining the quantitative 
prediction and physical interpretability provided by complementary models. However, 
the practical effectiveness of these hybrid approaches still requires validation using long-
term operational datasets and realistic BESS conditions rather than relying exclusively on 
controlled laboratory experiments. 

Overall, the literature indicates that supervised and unsupervised ML methods pro-
vide complementary capabilities for intelligent BESS management. Supervised learning is 
generally advantageous when reliable labeled datasets and clearly defined prediction tar-
gets are available, whereas unsupervised learning is particularly valuable when the ob-
jective is to discover hidden structures or abnormal behaviors in large volumes of unla-
beled operational data. The evidence also suggests that neither approach should be eval-
uated solely according to isolated accuracy metrics. Future ML-based BESS research 
should place greater emphasis on transferability, uncertainty awareness, interpretability, 
computational efficiency, robustness to changing operating conditions, and experimental 
validation. These requirements provide a strong motivation for the development of more 
advanced approaches, including deep learning, reinforcement learning, hybrid and phys-
ics-informed AI, explainable AI, and digital-twin-based intelligence, which are examined 
in the following sections [36–42, 52–60,63,84,85,103,107,108,113]. 

Table 2 presents a comparative analysis of supervised machine learning techniques 
for battery state diagnosis and future prediction. 

Table 2.  Comparative analysis of supervised machine learning techniques for battery diagnostics 
and prognostics. 

ML Technique Main BESS Appli-
cations 

Main Strength Main Limitation Data Requirement Suitable Deploy-
ment 

SVM SOC, SOH, fault di-
agnosis 

Good with limited 
data 

Kernel/hyperpa-
rameter sensitivity 

Moderate Small–medium 
BESS 

RF SOH, RUL, fault 
detection 

Robust to noise Limited interpreta-
bility 

Moderate–high Offline/online ana-
lytics 
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XGBoost 
SOH, RUL, degra-

dation 
High predictive ac-

curacy 
Data dependence Moderate–high BESS analytics 

GPR 
SOH, RUL, uncer-
tainty estimation 

Uncertainty quanti-
fication 

Poor scalability for 
large datasets Moderate 

Safety-critical pre-
diction 

K-Means/DBSCAN 
Clustering, anom-

aly detection No labels required 
Cluster interpreta-

tion 
High unlabeled 

data Monitoring 

PCA 
Feature extraction, 
dimensionality re-

duction 

Reduces dimen-
sionality 

Mainly linear 
High-dimensional 

data 
Pre-processing 

4.2. DL Techniques 

Deep Learning (DL) represents an advanced branch of machine learning that uses 
multi-layer neural-network architectures to learn hierarchical representations from com-
plex datasets [118–120]. In battery applications, DL methods can extract informative fea-
tures directly from raw or minimally processed measurements, including voltage, current, 
temperature, charging/discharging profiles, and historical operating data. This capability 
is particularly relevant to BESSs because battery behavior is nonlinear, time-dependent, 
and affected by operating conditions, aging mechanisms, and environmental factors. Con-
sequently, DL has become an important research direction for SOC and SOH estimation, 
degradation and RUL prediction, fault diagnosis, battery modeling, and intelligent energy 
management [118–122]. 

A recurring finding in the literature is that DL can achieve high predictive accuracy 
when sufficient training data are available and the training and testing conditions are ap-
propriately represented [118–122]. Compared with conventional ML methods, DL can re-
duce the dependence on manually engineered features and can learn complex relation-
ships from high-dimensional and sequential battery measurements. However, the litera-
ture does not support the conclusion that increasing model depth or architectural com-
plexity necessarily leads to superior practical performance. DL models generally require 
larger and more diverse datasets, greater computational resources, and careful hyperpa-
rameter optimization than many conventional ML approaches. Their performance can 
also deteriorate when the testing conditions differ substantially from those represented 
during training [119,120]. Thus, the main methodological issue is not simply whether DL 
can achieve high accuracy, but whether the resulting models remain reliable, transferable, 
computationally feasible, and interpretable under realistic BESS operating conditions. 

The increasing application of DL is closely associated with the availability of high-
resolution battery data generated by BMSs, experimental cycling platforms, electric vehi-
cles, and RE storage systems. Nevertheless, differences in dataset composition, battery 
chemistry, temperature range, cycling protocol, aging state, and validation strategy make 
direct comparisons between reported DL results difficult. Consequently, an important gap 
in the literature is the absence of sufficiently standardized evaluation conditions for de-
termining whether one DL architecture consistently outperforms another across different 
battery applications. This limitation is particularly important because reported improve-
ments in prediction accuracy may reflect differences in datasets or experimental protocols 
rather than inherent advantages of a specific architecture. 

4.2.1. Artificial Neural Networks 

Artificial Neural Networks (ANNs) represent one of the earliest neural-network ar-
chitectures applied to battery systems. ANNs consist of interconnected neurons arranged 
in input, hidden, and output layers and can approximate nonlinear relationships between 
measured battery variables and target parameters [121,122]. Their flexible structure has 
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enabled applications including SOC and SOH estimation, temperature prediction, degra-
dation modeling, and charging optimization. 

The principal advantage of ANN-based models is their ability to represent nonlinear 
battery behavior without requiring a complete mathematical description of the underly-
ing electrochemical processes. This is useful when relationships among voltage, current, 
temperature, and internal battery states are difficult to formulate analytically [11,13,25,34]. 
Studies have therefore demonstrated the feasibility of ANN-based estimation and predic-
tion for several battery-management tasks. However, the reported performance is highly 
dependent on training-data quality, feature selection, ANN architecture, and the range of 
operating conditions represented in the dataset [35,60]. 

A key limitation is that ANN models may provide high accuracy within their training 
domain while exhibiting reduced generalization when exposed to operating conditions 
not represented during model development. Increasing network complexity may also in-
crease computational requirements without producing proportional improvements in 
practical performance. Therefore, ANNs remain useful for relatively well-defined nonlin-
ear mapping problems, but their suitability for real-time BMS implementation should be 
assessed together with data requirements, computational cost, and cross-condition vali-
dation rather than prediction accuracy alone. 

4.2.2. Convolutional Neural Networks 

Convolutional Neural Networks (CNNs) were originally developed for spatial pat-
tern recognition but have increasingly been adapted to battery applications through the 
representation of electrical, thermal, or temporal measurements in forms suitable for con-
volutional processing [123]. CNNs can automatically extract local features from voltage, 
current, temperature, and other sensor signals, reducing the dependence on manually de-
signed features. 

Battery-oriented studies have investigated CNNs for fault diagnosis, battery health 
monitoring, feature extraction, and condition classification [123,124]. Their principal ad-
vantage is the ability to identify discriminative local patterns that may be difficult to char-
acterize using manually selected features. This is particularly relevant to fault diagnosis, 
where subtle changes in electrical or thermal signals may precede clearly observable ab-
normal behavior [124]. However, the effectiveness of CNN-based approaches depends 
strongly on how battery time-series data are transformed into model inputs. 

Unlike recurrent architectures, conventional CNNs are not specifically designed to 
retain information over arbitrarily long temporal horizons. Their ability to capture battery 
history therefore depends on the convolutional receptive field and network architecture. 
Temporal convolution, multi-scale convolution, and hybrid CNN-based models can ex-
tend the effective temporal range, but these modifications may increase architectural com-
plexity [125]. Consequently, the literature suggests that CNNs are particularly attractive 
when local feature extraction is important, whereas tasks dominated by long-term tem-
poral dependencies may benefit from recurrent or attention-based architectures. 

4.2.3. Recurrent Neural Networks 

Recurrent Neural Networks (RNNs) were developed for sequential learning prob-
lems in which the current output depends on both the current input and information from 
previous time steps [126]. This property makes RNNs particularly relevant to battery sys-
tems because SOC, thermal behavior, degradation, and other battery states evolve as a 
function of historical operating conditions. 

RNN-based models have been investigated for dynamic battery modeling, SOC and 
SOH estimation, capacity degradation prediction, and time-dependent fault diagnosis. 
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Their principal contribution compared with feedforward networks is their ability to in-
corporate temporal information into the prediction process. However, conventional 
RNNs are affected by vanishing and exploding gradient problems, which can make learn-
ing long-term dependencies difficult [126,127]. This limitation is particularly relevant to 
battery prognostics because degradation mechanisms may evolve over hundreds or thou-
sands of charge–discharge cycles. The limitations of conventional RNNs therefore moti-
vated the development and wider adoption of gated recurrent architectures, particularly 
LSTM and GRU networks. 

4.2.4. Long Short-Term Memory Networks 

Long Short-Term Memory (LSTM) networks extend conventional RNNs through 
memory cells and gating mechanisms that regulate the retention and removal of infor-
mation over time [127]. This architecture makes LSTMs particularly suitable for battery 
datasets in which the current state depends on a long history of charging, discharging, 
temperature, load, and aging conditions. 

LSTM models have been widely investigated for SOC and SOH estimation, RUL pre-
diction, capacity degradation forecasting, and online battery-health monitoring [128]. 
Their ability to model long-term temporal dependencies provides a potential advantage 
over conventional feedforward and recurrent architectures, particularly for degradation-
related tasks in which cumulative operating history is important. However, the literature 
also indicates that the apparent advantages of LSTMs are strongly dependent on the da-
taset and validation conditions. A model trained under a particular temperature range, 
charging protocol, battery chemistry, or aging trajectory may not maintain the same accu-
racy under different conditions. 

LSTMs also generally require substantial sequential datasets and can involve greater 
computational and memory requirements than simpler neural architectures. Conse-
quently, the central question is not whether LSTM models can achieve high accuracy, but 
whether their additional complexity provides sufficient practical benefit to justify their 
computational and data requirements. Cross-cell, cross-temperature, cross-aging, and 
cross-chemistry validation is therefore necessary to establish the robustness of LSTM-
based BMS applications. 

4.2.5. Gated Recurrent Units 

Gated Recurrent Units (GRUs) provide a simplified recurrent architecture that re-
tains the ability to model temporal dependencies while using fewer gating mechanisms 
than LSTMs. This architectural simplification can reduce the number of trainable param-
eters and, in some cases, lower training and inference requirements. 

GRUs have been investigated for battery lifetime prediction, SOH estimation, degra-
dation modeling, and online health monitoring [59]. Their principal attraction is the po-
tential to achieve a favorable balance between temporal modeling capability and compu-
tational complexity, which is particularly relevant to embedded BMS platforms with con-
strained memory and processing resources. However, the literature does not indicate that 
GRUs consistently outperform LSTMs or other DL architectures. Their relative perfor-
mance depends on sequence length, dataset size, battery chemistry, feature representation, 
and model configuration [122]. 

Therefore, the choice between GRU and LSTM should be based on systematic bench-
marking rather than architectural preference. In particular, future comparisons should 
evaluate prediction accuracy together with inference time, memory consumption, robust-
ness to changing operating conditions, and the amount of training data required. Such 
evaluation is important for determining whether the computational advantages of GRUs 
translate into meaningful benefits for real-time BMS deployment. 
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4.2.6. Transformer Models 

Transformer architectures represent a more recent development in DL for sequential 
and time-series modeling. Unlike recurrent networks, Transformers rely primarily on self-
attention mechanisms to model relationships between different elements of a sequence, 
allowing them to capture long-range dependencies while supporting highly parallelized 
training [114]. These characteristics have generated increasing interest in battery applica-
tions involving long historical sequences and multiple interacting variables. 

Recent battery-oriented research has investigated Transformer-based models for long-
term degradation prediction, SOH and RUL estimation, multivariable forecasting, and in-
telligent energy-management applications [121]. Their ability to relate information from dif-
ferent points in a sequence can be advantageous when battery degradation and state evolu-
tion depend on complex interactions among voltage, current, temperature, load profile, and 
historical aging conditions. Attention mechanisms may also provide information about 
which portions of an input sequence contribute strongly to a prediction. However, attention 
weights should not automatically be interpreted as complete explanations of model deci-
sions; additional explainability analysis is required when interpretability is important. 

Despite their potential, Transformers introduce important practical challenges. Their 
computational and memory requirements can become substantial for long sequences and 
large datasets, which may restrict direct deployment on resource-constrained BMS hard-
ware. In addition, their performance may depend strongly on access to sufficiently large 
and diverse training datasets. These limitations have motivated research into lightweight 
Transformers, efficient attention mechanisms, attention-based hybrid architectures, and 
edge-oriented implementations [60,122]. 

The current evidence therefore suggests that Transformers should not simply be 
viewed as replacements for recurrent architectures. Their principal potential lies in appli-
cations where long-range dependencies and multivariable interactions are important, 
whereas their computational and data requirements may limit their suitability for some 
embedded BMS applications. Determining whether their additional complexity produces 
meaningful improvements over LSTM, GRU, CNN, or hybrid alternatives remains an 
open comparative research question. 

4.2.7. Comparative Assessment and Research Gaps 

The evolution from ANN and CNN architectures toward recurrent, gated, and atten-
tion-based models reflects a progressive effort to address increasingly complex character-
istics of battery data. ANNs provide flexible nonlinear mapping, CNNs offer automated 
extraction of local patterns, RNNs explicitly incorporate temporal information, and LSTM 
and GRU architectures improve the representation of longer-term dependencies. Trans-
formers extend this capability through attention-based modeling of long-range relation-
ships and multivariable time-series data [118–128]. 

However, the reviewed literature does not establish a universally superior DL archi-
tecture for battery applications. Reported performance depends strongly on the target task, 
battery chemistry, dataset size, operating conditions, aging level, input representation, 
validation strategy, and computational environment. Consequently, comparisons based 
solely on metrics such as RMSE, MAE, or prediction accuracy can provide an incomplete 
picture of practical suitability. A model that achieves the lowest error on a particular la-
boratory dataset may not necessarily provide the best solution when evaluated under dif-
ferent temperatures, aging conditions, battery chemistries, or real-time constraints. 

This observation identifies several important gaps in current DL research. First, 
cross-condition and cross-chemistry validation remains insufficient in many studies. Sec-
ond, the computational cost and memory requirements of increasingly complex models 
are not always evaluated alongside prediction performance. Third, model uncertainty and 
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interpretability remain important concerns for safety-critical BMS applications. Finally, 
many reported results are obtained under controlled laboratory conditions, leaving un-
certainty regarding long-term performance in commercial-scale BESSs exposed to variable 
environmental and operational conditions. 

Future research should therefore move beyond the development of increasingly com-
plex neural architectures and focus on reliable deployment. Important research questions 
include: How can DL models maintain accuracy when battery chemistry, aging state, tem-
perature, or operating profile changes? Can transfer learning or domain adaptation reduce 
the amount of new data required when a model is applied to a different battery system? 
How can physics-based constraints be incorporated into DL models to improve generali-
zation and physical consistency? What level of uncertainty quantification and explaina-
bility is required before DL predictions can support safety-critical BMS decisions? And 
how can high-performance models be compressed or redesigned for real-time implemen-
tation on resource-constrained BMS hardware? 

These questions motivate increasing interest in physics-informed learning, transfer 
learning, explainable AI, uncertainty-aware modeling, hybrid architectures, and light-
weight edge-oriented DL [119,120,122]. Accordingly, the future development of DL-based 
BESS applications is likely to depend not only on improving predictive accuracy, but also 
on establishing standardized validation procedures, improving transferability, reducing 
computational requirements, and demonstrating reliable performance under realistic 
long-term operating conditions. 

To complement the detailed discussion of DL architectures presented above, Table 3 
summarizes the principal characteristics, representative battery applications, strengths, 
and limitations of ANN, CNN, RNN, LSTM, GRU, and Transformer-based approaches. 
The comparison emphasizes that model selection should be determined by the character-
istics of the battery data and the intended BMS task rather than by architectural complex-
ity alone. In particular, temporal modeling capability, data requirements, computational 
complexity, uncertainty, interpretability, generalization, and real-time implementation 
should be considered alongside conventional prediction-accuracy metrics. This perspec-
tive provides a more meaningful basis for assessing the practical value of DL techniques 
in BESS applications. 

Table 3. Comparative analysis of deep learning architectures for battery applications. 

Deep Learn-
ing Architec-

ture 

Main Princi-
ple 

Representative 
Battery Appli-

cations 
Key Strengths Main Limitations 

Computational 
Complexity 

Suitability for 
Real-Time BMS 

ANN 

Learns nonlin-
ear mappings 
between input 
variables and 
battery states 
through inter-

connected 
neurons 

SOC estimation, 
SOH predic-

tion, tempera-
ture prediction, 
charging opti-

mization 

Good nonlinear 
modeling capa-
bility; flexible 
architecture; 

relatively sim-
ple implemen-

tation 

Requires sufficient 
training data; risk of 
overfitting; limited 
temporal modeling 

capability 

Low–Medium 
High, particularly 
for relatively sim-

ple estimation tasks 

CNN 

Uses convolu-
tional filters to 
automatically 
extract local 
patterns and 
features from 

Fault diagnosis, 
health monitor-
ing, feature ex-
traction, battery 
condition clas-

sification 

Automatic fea-
ture extraction; 
reduced feature 
engineering; ef-
fective for local 

patterns 

Requires appropri-
ate data representa-
tion; limited long-

range temporal 
modeling in con-
ventional CNNs 

Medium–High 
Medium–High, de-
pending on model 
size and hardware 
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structured sig-
nals 

RNN 

Processes se-
quential data 
by maintain-

ing infor-
mation from 

previous time 
steps 

Dynamic bat-
tery modeling, 
SOC/SOH esti-
mation, degra-
dation predic-
tion, time-de-
pendent diag-

nostics 

Naturally han-
dles sequential 
data; captures 
temporal de-
pendencies 

Vanishing/explod-
ing gradients; diffi-
culty learning long-
term dependencies; 
sequential computa-

tion 

Medium Medium 

LSTM 

Uses memory 
cells and gat-
ing mecha-

nisms to retain 
relevant infor-
mation over 

long sequences 

SOC/SOH esti-
mation, RUL 

prediction, ca-
pacity degrada-

tion, battery 
health monitor-

ing 

Strong long-
term depend-

ency modeling; 
effective for 
degradation 

processes; high 
predictive ca-

pability 

Relatively high 
computational and 
memory require-
ments; data inten-
sive; risk of poor 

cross-condition gen-
eralization 

High 

Medium, depend-
ing on model com-
pression and hard-

ware 

GRU 

Uses simpli-
fied gating 

mechanisms to 
model tem-

poral depend-
encies with 

fewer parame-
ters than 

LSTM 

SOH estima-
tion, lifetime 

prediction, deg-
radation fore-
casting, online 

health monitor-
ing 

Lower compu-
tational cost 
than LSTM; 

faster training; 
good temporal 
modeling capa-

bility 

Performance de-
pends strongly on 

dataset and se-
quence characteris-
tics; still requires se-
quential computa-

tion 

Medium 

High–Medium, es-
pecially for re-

source-constrained 
platforms 

Transformer 

Uses self-at-
tention mecha-

nisms to 
model rela-
tionships 

among differ-
ent time steps 
and variables 

Long-term deg-
radation predic-
tion, SOH/RUL 

estimation, 
multivariable 

forecasting, in-
telligent energy 

management 

Captures long-
range depend-
encies; parallel 
training; effec-
tive for multi-
variable and 

long-sequence 
data 

High computational 
and memory re-

quirements; large 
data requirements; 
deployment chal-
lenges on embed-

ded systems 

High–Very 
High 

Medium–Low for 
conventional archi-
tectures; potentially 

High with light-
weight/efficient 
Transformers 

4.3. Reinforcement Learning for Battery Applications 

Reinforcement Learning (RL) has emerged as an increasingly investigated AI para-
digm for battery applications because it formulates battery operation as a sequential deci-
sion-making problem in which an agent learns a policy through interaction with a dy-
namic environment [129]. Unlike supervised learning, which learns from predefined in-
put-output pairs, RL evaluates the consequences of its actions through a reward signal. In 
BESS applications, the environment may represent the battery, RES, power grid, or en-
ergy-management system, while the agent determines actions such as charging power, 
discharging power, operating mode, or energy dispatch. The decision process is com-
monly represented through the state, action, reward, and policy, with the objective of 
maximizing cumulative reward over time. Figure 4 illustrates the general RL framework 
for battery energy management. 

The particular relevance of RL to BESS operation arises from the long-term conse-
quences of short-term control decisions. For example, increasing charging or discharging 
power may improve immediate energy-management performance but can also increase 
losses, thermal stress, or degradation and consequently reduce future battery availability. 
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RL provides a framework in which such competing objectives can be incorporated into a 
reward function, allowing the learned policy to account simultaneously for operational 
cost, renewable-energy utilization, battery degradation, and grid requirements [127,129]. 
This capability has made RL particularly attractive for BESSs integrated with renewable-
energy systems, where generation, demand, electricity prices, and grid conditions vary 
continuously. 

 

Figure 4. Basic RL framework for battery EMSs. 

However, the literature does not establish that RL is universally superior to conven-
tional optimization or model-based control. Its reported performance depends strongly 
on the formulation of the state and action spaces, reward function, battery and system 
models, training environment, and evaluation horizon. In particular, reward design rep-
resents a critical methodological issue because an inappropriate weighting of competing 
objectives may lead the agent to optimize short-term performance at the expense of bat-
tery lifetime, safety, or long-term economic value. Therefore, the main research challenge 
is increasingly shifting from demonstrating that RL can learn an effective policy toward 
establishing whether the learned policy remains safe, robust, transferable, and computa-
tionally feasible under conditions that differ from those used during training. 
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4.3.1. Battery Charging Optimization 

Battery charging optimization is one of the most investigated applications of RL in 
battery systems. Conventional charging strategies often rely on predefined rules, fixed 
charging profiles, or optimization models whose performance depends on assumed oper-
ating conditions [130,131]. RL-based methods provide an alternative by learning charging 
policies from interactions with the battery or from simulated and historical environments. 
The state representation may include SOC, temperature, voltage, charging current, histor-
ical operating information, and battery-health indicators, whereas the action may repre-
sent charging current, charging power, or charging mode. 

Previous studies have demonstrated the potential of RL to balance competing charg-
ing objectives by incorporating charging time, energy efficiency, temperature, and degra-
dation-related costs into the reward function [130,131]. This is particularly attractive when 
charging conditions vary over time or when a fixed charging strategy cannot adequately 
account for battery state and environmental conditions. Nevertheless, reported improve-
ments should be interpreted in relation to the training environment and reward formula-
tion. A charging policy optimized primarily for short charging time, for example, may 
increase thermal stress or degradation if these effects are not adequately represented in 
the reward function. 

A further limitation concerns exploration. Unlike conventional optimization per-
formed offline, RL normally requires the agent to explore alternative actions in order to 
improve its policy. Unconstrained exploration is clearly inappropriate for physical batter-
ies because unsafe charging or discharging actions may cause excessive temperature, 
overvoltage, accelerated degradation, or other hazardous conditions. Consequently, 
much of the practical value of RL depends on the availability of reliable simulation envi-
ronments, historical operational datasets, digital twins, or safety-constrained learning 
mechanisms that can reduce the need for unrestricted exploration on physical systems. 

An important research gap therefore concerns the transfer of charging policies 
learned in simulation or under laboratory conditions to real batteries. Differences between 
simulated and real battery dynamics, sensor noise, parameter uncertainty, aging behavior, 
and environmental conditions can result in a mismatch between the learned policy and 
actual system behavior. Future studies should consequently evaluate RL charging strate-
gies under changing battery-health conditions and realistic operating constraints rather 
than relying solely on fixed simulation scenarios. 

4.3.2. Reinforcement Learning for Energy Management Systems 

Beyond individual charging decisions, RL has considerable potential for BESS-EMSs, 
particularly in RE applications [132]. The EMS must continuously determine whether the 
battery should charge, discharge, or remain idle while considering renewable generation, 
load demand, electricity prices, SOC constraints, battery degradation, and grid require-
ments. Because each decision affects the storage capacity and available flexibility at sub-
sequent time steps, the problem naturally corresponds to sequential decision-making. 

Several RL algorithms have been investigated for BESS energy management, including 
Q-Learning, Deep Q-Networks (DQN), Deep Deterministic Policy Gradient (DDPG), and 
Proximal Policy Optimization (PPO). Q-Learning provides a relatively simple formulation 
for problems with discrete states and actions, but its scalability can become limited as the 
state and action spaces increase. DQN extends value-based learning through neural-net-
work approximators and can handle higher-dimensional state representations, although its 
conventional formulation remains more suitable for discrete actions. For continuous bat-
tery-control variables such as charging and discharging power, actor–critic and policy-gra-
dient approaches such as DDPG and PPO provide more flexible formulations [127]. 
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The literature indicates that one of the main advantages of RL-based EMSs is their 
ability to optimize multiple objectives within a single decision-making framework. Re-
ward functions can incorporate electricity cost, RE utilization, battery degradation, power 
losses, peak demand, and grid-support requirements. This provides a potential advantage 
over simple rule-based strategies when system conditions vary significantly over time. 
However, reported performance differences among RL studies are difficult to interpret 
directly because studies frequently use different battery models, renewable-generation 
profiles, electricity-price assumptions, reward formulations, training horizons, and eval-
uation criteria. 

This lack of methodological consistency represents an important limitation in the cur-
rent literature. An RL controller that achieves a lower operating cost in one simulation 
environment cannot necessarily be considered superior to another controller evaluated 
under different renewable profiles or battery degradation assumptions. In addition, many 
studies emphasize economic or energy-management objectives while treating battery deg-
radation and uncertainty as simplified constraints. More comprehensive evaluation 
should therefore consider operational cost, RE utilization, battery degradation, constraint 
violations, computational requirements, and robustness under unseen operating condi-
tions simultaneously [40,41]. 

Future research should place greater emphasis on standardized benchmark environ-
ments and datasets that enable meaningful comparisons among RL algorithms. Experi-
mental validation should also complement simulation-based evaluation, particularly for 
long-term battery operation where the consequences of repeated control decisions cannot 
be captured adequately by short simulation horizons. 

4.3.3. Reinforcement Learning for Microgrid Control 

Microgrids (MGs) represent another important application domain for RL because 
they combine multiple distributed energy resources and operate under highly variable 
and uncertain conditions [133–135]. A typical RE MG may include photovoltaic genera-
tion, wind turbines, BESSs, controllable loads, electric vehicles, and conventional genera-
tors. Coordinating these components requires sequential decisions involving power dis-
patch, energy storage, demand response, and grid interaction. 

In grid-connected operation, RL can be applied to battery dispatch, RE utilization, 
peak shaving, demand response, and ancillary-service provision. During islanded opera-
tion, the control problem becomes more demanding because the microgrid must continu-
ously maintain the balance between generation and demand while respecting battery and 
system constraints [133,134]. RL is attractive in this context because it can learn adaptive 
policies without requiring an explicit analytical solution for every possible combination 
of renewable generation, load, and battery conditions. 

Nevertheless, the increased complexity of MG environments also introduces addi-
tional challenges. Larger state and action spaces can increase training time and computa-
tional requirements, while interactions among multiple energy resources can make policy 
convergence more difficult. Moreover, a policy that performs adequately in one microgrid 
configuration may not transfer directly to another configuration with different generation 
capacities, load profiles, battery characteristics, or grid constraints [40,41]. These issues 
become particularly important for multi-agent RL, where several agents may inde-
pendently control distributed resources but must coordinate their actions to achieve sys-
tem-level objectives. 

Multi-agent RL therefore represents a promising direction, but its practical deployment 
raises unresolved questions concerning coordination, communication requirements, stability, 
scalability, and safety. Future research should determine whether decentralized learning can 
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provide measurable advantages over centralized optimization and whether learned policies 
can remain robust when individual resources or communication conditions change. 

4.3.4. Critical Assessment and Future Research Directions 

Overall, the reviewed literature indicates that RL provides a promising framework 
for intelligent BESS control because it can formulate battery operation as a long-term se-
quential optimization problem rather than relying exclusively on predefined control rules. 
Its strongest potential lies in applications where multiple objectives must be considered 
simultaneously, particularly when BESSs interact with variable renewable generation, 
changing electricity prices, flexible loads, and grid-support requirements [127,130–135]. 

However, several unresolved issues limit the transition of RL from research proto-
types to reliable BESS deployment. First, reward functions must adequately represent 
competing objectives such as operating cost, renewable-energy utilization, degradation, 
safety, and grid performance. Second, policies learned in simulation may suffer from 
model-to-real discrepancies when deployed on physical batteries. Third, unrestricted ex-
ploration is unsuitable for safety-critical battery systems, creating a need for constrained 
or safe-learning mechanisms. Fourth, the generalization of RL policies across different 
battery chemistries, aging states, system configurations, and environmental conditions re-
mains insufficiently established. Finally, the computational requirements associated with 
training and real-time policy execution can be significant, particularly for complex MG 
and multi-agent applications. 

These limitations lead to several important research questions. How can RL policies 
be transferred reliably from simulated environments to real BESSs while accounting for 
model uncertainty and battery aging? How should reward functions be designed to bal-
ance short-term economic objectives against long-term degradation and safety? To what 
extent can an RL controller trained on one battery chemistry or operating profile general-
ize to another? What safety constraints are required to prevent unacceptable control ac-
tions during exploration and policy execution? And can offline, model-based, constrained, 
or multi-agent RL provide improved robustness without imposing prohibitive computa-
tional requirements? 

Future research should therefore move toward safety-constrained and uncertainty-
aware RL, offline and model-based learning, transfer learning, and hybrid frameworks 
that integrate physical battery models with data-driven decision-making [41,127]. Digital 
twins may also provide a useful intermediate environment in which RL policies can be 
trained and evaluated under diverse operating scenarios before deployment on physical 
BESSs. Ultimately, the practical value of RL should be assessed not only by improvements 
in operating cost or energy efficiency, but by its ability to provide reliable, safe, transfera-
ble, and computationally feasible control over the entire battery lifetime. Such require-
ments are essential for moving RL-based BESS control from simulation-oriented studies 
toward experimentally validated real-time applications. 

4.4. Evolutionary and Metaheuristic Algorithms 

Evolutionary and metaheuristic algorithms have been increasingly investigated for 
BESS design, parameter identification, control optimization, and energy-management 
problems because these applications frequently involve nonlinear objective functions, 
multiple constraints, and conflicting objectives [136–141]. Unlike conventional gradient-
based methods, metaheuristic algorithms generally do not require differentiable objective 
functions and can therefore be applied to complex battery models and mixed discrete–
continuous optimization problems. Their role in intelligent battery systems is conse-
quently complementary to that of ML and DL: whereas learning algorithms primarily 
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identify patterns or predictive relationships from data, metaheuristic methods search for 
suitable solutions within complex optimization spaces. 

Among the most frequently investigated approaches are Genetic Algorithms (GAs), 
Particle Swarm Optimization (PSO), Ant Colony Optimization (ACO), and Differential 
Evolution (DE). The literature generally agrees that these methods are particularly useful 
when the optimization landscape is nonlinear, multimodal, or difficult to solve analyti-
cally. However, the reported advantages should be interpreted in relation to computa-
tional cost, convergence behavior, and the complexity of the objective-function evaluation. 

4.4.1. Genetic Algorithms 

GAs are population-based optimization methods inspired by natural selection. Can-
didate solutions are iteratively modified through selection, crossover, and mutation, al-
lowing the algorithm to explore a large solution space [136,137]. In BESS applications, GAs 
have been investigated for battery sizing, parameter identification, controller tuning, 
scheduling, and energy-management optimization. 

A key advantage reported in the literature is the ability of GAs to handle multiple 
and conflicting objectives without requiring gradient information. This is particularly rel-
evant when BESS optimization simultaneously considers investment cost, RE utilization, 
battery degradation, power losses, and operational constraints. Nevertheless, the broad 
search capability of GAs can require a large number of objective-function evaluations. 
When each evaluation involves a detailed electrochemical or dynamic battery model, the 
resulting computational burden can become significant [136,137]. 

This limitation raises an important distinction between offline optimization and real-
time optimization. GAs may be practical when battery sizing or controller parameters are 
determined offline, but their computational requirements may limit their direct applica-
tion to fast real-time BMS decisions. Therefore, future research should investigate re-
duced-order battery models, surrogate models, parallel computation, and adaptive evo-
lutionary strategies that preserve optimization quality while reducing computational re-
quirements. 

4.4.2. Particle Swarm Optimization 

PSO has also been widely applied to battery-related optimization because of its rela-
tively simple implementation and limited number of algorithmic parameters [138]. PSO 
has been used for battery-model parameter identification, SOC estimation, charging-strat-
egy optimization, and controller tuning. 

The main reported advantage of PSO is its ability to efficiently search nonlinear op-
timization spaces without requiring gradient information. However, its performance is 
sensitive to parameter settings and the characteristics of the optimization landscape. 
Premature convergence may occur when the population becomes concentrated around a 
local optimum, particularly in highly multimodal problems [138]. 

Consequently, the literature does not support the assumption that PSO is inherently 
superior to other metaheuristic methods. Its effectiveness depends on the optimization 
problem, parameter configuration, population size, stopping criteria, and computational 
budget. Hybrid PSO approaches that incorporate adaptive parameters or local-search 
mechanisms may therefore provide a more robust alternative, although their additional 
complexity should be justified through comparison with simpler baselines. 

4.4.3. Ant Colony Optimization and Differential Evolution 

ACO has been applied mainly to scheduling and combinatorial optimization problems 
involving BESSs and distributed energy resources [139]. Its collective-search mechanism al-
lows promising solution paths to be reinforced progressively. However, its computational 
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efficiency may decrease as the dimensionality of continuous optimization problems in-
creases, limiting its attractiveness for computationally intensive real-time applications. 

DE, in contrast, is particularly suited to continuous optimization and has been inves-
tigated for battery-model parameter estimation, controller tuning, and hybrid optimiza-
tion frameworks [140,141]. Its vector-based mutation and crossover mechanism provides 
an effective balance between exploration and exploitation for a range of nonlinear optimi-
zation problems. Nevertheless, as with other population-based algorithms, computational 
requirements can become substantial when the optimization must be repeatedly per-
formed using detailed battery simulations. 

Taken together, these studies indicate that no single metaheuristic algorithm can be 
considered universally optimal for BESS applications. The choice among GA, PSO, ACO, 
DE, and related approaches should depend on the dimensionality of the problem, the 
number and type of constraints, the computational budget, and whether optimization is 
performed offline or in real time. 

4.4.4. Critical Assessment and Research Gaps 

The reviewed literature suggests that evolutionary and metaheuristic algorithms are 
most valuable when conventional optimization becomes difficult because of nonlinearities, 
multimodal search spaces, conflicting objectives, or nondifferentiable constraints [136–
141]. Their main contribution is therefore optimization rather than learning itself. This 
distinction is important when comparing them with ML and DL methods. 

An increasingly common research direction is the integration of metaheuristic algorithms 
with data-driven models. For example, PSO or GA can be used to optimize ML hyperparam-
eters, select informative features, identify battery-model parameters, or tune BMS controllers. 
Such hybridization can improve optimization flexibility, but it also introduces additional com-
putational layers and does not necessarily guarantee improved generalization. 

Several questions remain unresolved. How much of the reported improvement re-
sults from the optimization algorithm itself and how much results from better parameter 
tuning? Under what conditions does a complex metaheuristic outperform simpler opti-
mization methods? Can computationally expensive global-search methods satisfy the re-
sponse-time requirements of real-time BMS and EMS applications? Furthermore, compar-
isons across studies remain difficult because different datasets, battery models, objective 
functions, and stopping criteria are often employed. 

Future work should therefore move beyond reporting isolated improvements in ob-
jective-function values and focus on standardized benchmarking, computational com-
plexity, robustness, repeatability, and real-time feasibility. Particular attention should also 
be given to adaptive and hybrid optimization strategies capable of exploiting the ad-
vantages of metaheuristic search without introducing prohibitive computational costs. 

4.5. Hybrid AI Approaches 

Hybrid AI approaches have emerged as an important research direction because dif-
ferent computational techniques provide complementary capabilities [137,139]. Rather 
than assuming that a single algorithm can simultaneously provide accurate prediction, 
physical consistency, temporal modeling, optimization, and decision-making, hybrid 
frameworks attempt to combine these capabilities within a common architecture. 

The literature generally supports the potential of hybridization, particularly for bat-
tery problems in which nonlinear behavior, temporal dependence, limited measurements, 
and physical constraints coexist. However, the increasing complexity of hybrid architec-
tures also raises an important question: does the additional complexity provide a meas-
urable benefit over simpler models? This question remains insufficiently addressed in 
many battery studies. 
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4.5.1. ML/DL–Metaheuristic Hybrid Models 

One widely investigated strategy combines ANNs or other ML models with me-
taheuristic optimization. ANN–PSO and related frameworks, for example, use PSO to op-
timize network parameters, hyperparameters, or feature-selection processes [137,139]. 
Such approaches have been applied to SOC and SOH estimation, degradation prediction, 
and battery parameter identification. 

The potential advantage is that optimization can reduce dependence on manually 
selected model parameters and may improve predictive performance. However, the ad-
ditional optimization stage increases computational requirements and may introduce an-
other source of sensitivity to algorithm settings. Moreover, improved performance on a 
specific dataset does not necessarily imply improved generalization to different tempera-
tures, battery chemistries, or aging conditions. 

Therefore, the key issue is not whether hybrid optimization can improve prediction 
accuracy under a particular experimental setting, but whether the improvement remains 
statistically and physically meaningful under independent operating conditions. 

4.5.2. Hybrid Deep-Learning Architectures 

Another important direction is the combination of different DL architectures. CNN–
LSTM models, for example, combine local feature extraction with temporal sequence 
modeling. CNN layers can identify characteristic patterns in voltage, current, and temper-
ature signals, whereas LSTM layers can capture their temporal evolution. 

This architecture is particularly relevant to battery degradation and SOH/RUL pre-
diction because battery health is affected by both instantaneous measurements and accu-
mulated operating history. More recently, attention mechanisms and Transformer-based 
structures have been incorporated into hybrid architectures to capture longer-range tem-
poral relationships. 

However, increased architectural sophistication does not necessarily translate into 
improved practical performance. The comparison of CNN, LSTM, GRU, and Transformer-
based models can be strongly affected by dataset size, preprocessing, sequence length, 
training strategy, and evaluation methodology. Consequently, future studies should com-
pare hybrid architectures against carefully tuned simpler baselines under identical da-
tasets and validation procedures. 

4.5.3. Deep Reinforcement Learning 

The combination of reinforcement learning and deep learning represents another im-
portant hybrid paradigm. ANNs can approximate value functions or policies in high-di-
mensional battery-control problems, enabling RL to address more complex BESS and EMS 
environments. 

Deep RL has particular potential for adaptive energy management because it can in-
corporate renewable generation, load demand, electricity prices, SOC, and battery-health 
information into sequential control decisions. Nevertheless, the practical limitations iden-
tified for RL remain: training can be computationally intensive, reward design is critical, 
and unrestricted exploration is unsuitable for physical battery systems. 

Thus, the current research challenge is not simply to develop more sophisticated 
deep-RL architectures, but to establish whether they can provide safe, transferable, and 
computationally feasible policies under realistic BESS conditions.  
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4.5.4. Physics-Informed Hybrid AI 

Physics-informed hybrid approaches represent one of the most promising directions 
because they attempt to combine the generalization and interpretability of physical mod-
els with the flexibility of data-driven learning [20,26,32]. In these frameworks, electro-
chemical, thermal, or equivalent-circuit knowledge can be incorporated into ML/DL mod-
els through physical constraints, model structures, or physics-based features. 

This approach may be particularly beneficial when experimental datasets are limited 
or when purely data-driven models produce physically implausible predictions. Conversely, 
ML models can compensate for modeling errors associated with simplified physical repre-
sentations and capture complex behaviors that are difficult to formulate analytically. 

Despite this potential, important questions remain regarding how physical 
knowledge should be incorporated, how the relative contributions of physics and data 
should be quantified, and whether physics-informed models consistently outperform 
purely data-driven approaches across different battery chemistries and aging conditions 
[20,26,32]. 

4.5.5. Critical Assessment and Research Gaps 

Overall, the evidence suggests that the principal value of hybrid AI does not arise 
simply from combining a larger number of algorithms. A hybrid architecture is useful 
only when the combined components address complementary limitations and produce a 
measurable improvement in accuracy, robustness, interpretability, uncertainty estimation, 
or computational efficiency. 

A major gap in the current literature is therefore the limited use of systematic ablation 
studies and standardized comparisons. In many cases, a hybrid model is compared with 
a weak baseline rather than with carefully optimized individual components. This makes 
it difficult to determine whether the observed improvement originates from genuine com-
plementarity or simply from increased model capacity. 

Future research should consequently emphasize fair benchmarking, independent 
validation, uncertainty quantification, computational-cost analysis, and physics-based 
validation. These requirements are particularly important before hybrid AI models can be 
considered suitable for safety-critical BMS applications [44,45,142]. 

4.6. Explainable Artificial Intelligence 

The increasing use of complex ML and DL models in battery management has cre-
ated a corresponding need for methods that can explain their predictions and decisions 
[142,143]. This requirement is particularly important in BESS applications because AI out-
puts may influence decisions concerning battery health, fault detection, thermal safety, 
RUL, and maintenance. 

The central motivation for XAI is therefore not simply to make AI models easier to 
understand, but to determine whether their predictions are physically plausible, diagnos-
tically useful, and sufficiently trustworthy for engineering decision-making. 

4.6.1. XAI Methods for Battery Applications 

XAI approaches include model-agnostic and model-specific methods. SHAP, for ex-
ample, estimates the contribution of individual input variables to a model prediction, 
while LIME provides local approximations of complex model behavior around individual 
observations [142,143]. Feature-importance methods provide a more global interpretation, 
whereas attention mechanisms can identify portions of sequential data that receive greater 
weight in an attention-based model. 

These methods have been investigated for SOC/SOH estimation, RUL prediction, 
fault diagnosis, and degradation analysis. Their potential value is particularly evident 
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when an AI model produces an unexpected prediction. An explanation based on voltage, 
temperature, current, or other measurements may help engineers determine whether the 
prediction is associated with a physically meaningful operating condition or with a data 
artifact. 

However, an important distinction must be made between model explanation and 
physical explanation. An XAI method may accurately describe how a model uses its in-
puts without demonstrating that the model has learned the underlying electrochemical 
mechanism. Therefore, feature importance alone should not be interpreted as proof of 
causality or physical validity. 

4.6.2. Limitations and Research Gaps 

The literature indicates that XAI itself introduces several unresolved methodological 
issues [142,143]. Different explanation methods can produce different interpretations for 
the same prediction, and local explanations may not necessarily describe global model 
behavior. Moreover, explanations may be sensitive to input perturbations, model archi-
tecture, or the selected interpretation method. 

For battery applications, the most important unresolved question is therefore not 
simply "Can the AI model be explained?", but rather "Is the explanation stable, physically 
plausible, and useful to battery engineers?" 

Future research should consequently evaluate XAI methods according to explanation 
consistency, robustness, physical plausibility, and usefulness in engineering decision-
making. Combining XAI with physics-informed AI may be particularly promising be-
cause explanations can be evaluated against established electrochemical, thermal, and 
degradation knowledge. 

4.7. Digital Twin-Driven Intelligence 

Digital Twin (DT) technology has emerged as an important framework for integrating 
physical battery models, real-time measurements, communication infrastructure, and AI 
[144–146]. A battery DT can be viewed as a continuously updated virtual representation of 
a physical battery or BESS that uses operational data to reflect changes in system condition. 

Unlike a conventional static simulation model, a DT is intended to maintain an on-
going connection between the physical and virtual systems. This characteristic creates op-
portunities for continuous state estimation, degradation monitoring, predictive mainte-
nance, virtual testing, and intelligent control. 

4.7.1. Architecture and Role of AI 

A typical battery DT integrates sensing and communication systems, data-processing 
layers, physics-based models, and AI algorithms. Measurements such as voltage, current, 
temperature, SOC, and operating history can be transmitted from the physical battery to 
the virtual representation. Physics-based models provide information regarding expected 
electrochemical and thermal behavior, while ML and DL methods can identify nonlinear 
relationships, estimate difficult-to-measure states, and detect deviations from expected 
behavior [144–146]. 

The resulting architecture provides an important advantage: AI is no longer required 
to operate solely on isolated datasets. Instead, the DT can provide a continuously updated 
environment in which predictions and control decisions are informed by the current esti-
mated condition of the physical battery.  
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4.7.2. Predictive Maintenance and Lifecycle Management 

Predictive maintenance is one of the most important applications of DT-driven intel-
ligence. By continuously comparing measured behavior with expected battery behavior, 
the DT can identify deviations that may indicate degradation or developing faults. AI 
models can subsequently estimate SOH, predict RUL, and support decisions concerning 
maintenance, replacement, or operational derating. 

This approach could potentially improve availability and reduce unnecessary 
maintenance compared with fixed maintenance schedules. However, reliable predictive 
maintenance depends on the accuracy of both the virtual model and the AI component. A 
systematic error in the DT may be propagated into the AI prediction and ultimately result 
in an inappropriate maintenance or control decision. 

4.7.3. Digital Twins as Environments for Intelligent Control 

DTs also offer an important opportunity for the development and testing of intelli-
gent control strategies. New charging strategies, optimization methods, and RL policies 
can be evaluated within the virtual environment before being deployed on physical bat-
teries. This is particularly valuable for RL because exploration can be performed without 
exposing physical batteries to potentially unsafe actions. 

However, the usefulness of a DT as a training environment depends on the degree to 
which the virtual system represents the real battery. Model-to-real discrepancies can arise 
from parameter uncertainty, sensor noise, aging, thermal effects, environmental varia-
tions, and incomplete measurements. Consequently, a highly sophisticated AI model 
trained on an inaccurate DT may still produce unreliable decisions. 

4.7.4. Challenges and Research Gaps 

Several barriers currently limit large-scale deployment of battery DTs. First, maintain-
ing synchronization between the physical and virtual systems requires reliable sensing, 
communication, and data-processing infrastructure. Second, increasing model fidelity can 
significantly increase computational requirements, creating a trade-off between accuracy 
and real-time feasibility. Third, battery aging and changing operating conditions can grad-
ually reduce the validity of a DT if its parameters are not continuously updated [144–146]. 

Cybersecurity and data integrity represent additional concerns because DTs depend 
on continuous information exchange between physical assets and digital infrastructure. In-
correct or manipulated data could therefore propagate into diagnostic or control decisions. 

These limitations lead to several important research questions: How frequently 
should a battery DT be updated as the battery ages? How can uncertainty in measure-
ments and model parameters be propagated into AI predictions? What level of DT fidelity 
is required for safe real-time BMS operation? How can DTs remain transferable across 
different battery chemistries and system configurations? And how can cybersecurity be 
integrated into the DT architecture without imposing excessive communication and com-
putational overhead? 

Future research should therefore focus on real-time and adaptive DTs, uncertainty-
aware modeling, physics-informed AI, standardized architectures, cybersecurity, and long-
term experimental validation [50,61,82]. Particular attention should be given to closing the 
gap between laboratory-scale DT demonstrations and industrial-scale BESS deployment. 

4.7.5. Overall Perspective 

Taken together, the literature suggests that DT-driven intelligence could provide an 
integrating framework for many of the AI techniques discussed in the preceding sections. 
ML and DL can provide prediction and diagnosis, metaheuristic algorithms can support 
optimization, RL can provide adaptive decision-making, XAI can improve interpretability, 
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and the DT can provide the continuously updated virtual environment in which these 
capabilities interact. 

However, this integration should not be interpreted as evidence that DT-based intel-
ligent BMSs are already mature. The main unresolved issue is the reliable coupling of 
physical battery behavior, real-time data, AI models, and control decisions over the entire 
battery lifecycle. Progress will therefore depend less on adding increasingly sophisticated 
algorithms and more on demonstrating that integrated architectures remain accurate, safe, 
explainable, computationally feasible, and transferable under realistic long-term operat-
ing conditions. 

4.8. Comparative Analysis of AI Techniques 

Table 4 summarizes the principal AI techniques reviewed in this section according to 
their main battery applications, advantages, and limitations. The comparison indicates 
that no single AI technique can be considered universally optimal for battery applications. 
Instead, the suitability of each method depends on the characteristics of the battery-man-
agement task, data availability, operating conditions, computational resources, and re-
quirements for interpretability and real-time implementation. 

Conventional ML methods, including SVM, RF, and XGBoost, remain relevant for 
SOC/SOH estimation, fault diagnosis, and battery prognostics, particularly when struc-
tured datasets and engineered features are available [147–149]. SVMs can provide effec-
tive nonlinear prediction with relatively limited datasets, whereas RF and XGBoost are 
attractive for nonlinear relationships in structured data. However, their performance re-
mains dependent on feature quality, hyperparameter selection, and the representative-
ness of the training data. Consequently, their relatively modest computational require-
ments do not eliminate the broader challenge of generalization across different battery 
chemistries, temperatures, aging levels, and operating profiles. 

DL architectures provide greater flexibility for learning complex representations 
from battery measurements. ANNs are suitable for nonlinear mapping problems, while 
CNNs can automatically extract local features from measurement signals. Recurrent ar-
chitectures, particularly LSTM and GRU networks, are more appropriate when temporal 
dependencies are important, such as in degradation, SOC, SOH, and RUL estimation. 
Transformer-based models extend this capability to long-range and multivariable tem-
poral relationships [147–149]. Nevertheless, the increasing complexity of DL architectures 
is accompanied by higher data, computational, and validation requirements. Therefore, 
higher predictive accuracy reported for a particular DL architecture should not automat-
ically be interpreted as evidence of general superiority over simpler ML methods. 

RL differs from ML and DL primarily in its focus on sequential decision-making ra-
ther than prediction. Its potential is particularly relevant to BESS energy management, 
charging control, and microgrid operation, where current decisions influence future bat-
tery states and system performance. However, RL introduces additional challenges re-
lated to reward-function design, training stability, safe exploration, and transfer from sim-
ulation to physical systems. Therefore, although RL offers an attractive framework for 
adaptive control, its practical deployment requires stronger safety constraints and exper-
imental validation than are typically required for offline prediction models. 

Evolutionary and metaheuristic algorithms, such as PSO and GA, provide comple-
mentary optimization capabilities. They can be used for parameter identification, control-
ler tuning, battery sizing, scheduling, and optimization of AI models. Their ability to ad-
dress nonlinear and constrained optimization problems is advantageous; however, re-
peated objective-function evaluations can result in substantial computational costs. Their 
practical value therefore depends on the complexity of the optimization problem and the 
required response time. 
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Hybrid AI approaches attempt to combine these complementary capabilities. For ex-
ample, hybrid architectures can integrate feature extraction and temporal learning, com-
bine AI models with metaheuristic optimization, or incorporate physics-based battery 
knowledge into data-driven models. Such approaches may improve robustness and gen-
eralization when the individual components address complementary limitations [148–
150]. However, hybridization also increases model complexity, and the addition of multi-
ple algorithms should not itself be considered evidence of improved performance. Rigor-
ous comparisons against simpler baseline models are therefore necessary to determine 
whether the additional complexity provides a meaningful benefit. 

Overall, the reviewed literature suggests that the selection of an AI technique should 
be formulated as a task-dependent trade-off rather than a competition based solely on 
prediction accuracy. For example, relatively lightweight ML models may remain attrac-
tive for resource-constrained BMS applications, DL architectures may be preferable for 
complex temporal prediction problems, RL may be more suitable for adaptive control and 
energy management, and metaheuristic methods may provide useful optimization capa-
bilities. Hybrid frameworks may offer broader functionality, but their additional compu-
tational and implementation requirements must be justified by measurable improvements 
in performance and robustness. 

An important issue emerging from the literature is that reported performance com-
parisons are often difficult to generalize because studies use different battery chemistries, 
datasets, operating conditions, prediction horizons, performance metrics, and validation 
procedures [151, 152]. Consequently, the apparent superiority of one AI technique over 
another may reflect differences in experimental design rather than intrinsic algorithmic 
superiority. Future studies should therefore place greater emphasis on standardized da-
tasets, cross-condition and cross-chemistry validation, uncertainty quantification, compu-
tational-cost reporting, and experimental or field validation. These aspects are particularly 
important for safety-critical applications such as fault detection, SOH estimation, and RUL 
prediction [153-157]. 

The comparative evidence therefore points toward a transition from algorithm-cen-
tered development toward application- and system-centered AI design. Future intelligent 
BESS architectures are likely to combine predictive models, adaptive control, optimization, 
physical knowledge, and explainability according to the requirements of the specific ap-
plication. This perspective provides the basis for examining the remaining challenges as-
sociated with AI-based BESS deployment, including generalization, data availability, in-
terpretability, computational efficiency, safety, and real-time implementation. 

Table 4. Comparison of AI techniques used in battery applications. 

AI Technique Main Applications Advantages Limitations 

SVM SOC, SOH, fault diagnosis 
Effective nonlinear modeling; 

good performance with relatively 
small datasets 

Limited scalability for very large da-
tasets; kernel selection affects compu-

tational cost 

Random Forest Prognostics, fault detection, 
feature-based prediction 

Robust to nonlinear relation-
ships; relatively easy to imple-

ment 

Reduced interpretability; model size 
can increase with the number of trees 

XGBoost 
SOH and RUL prediction; 

degradation modeling 

Strong predictive performance 
for structured/tabular data; cap-

tures nonlinear relationships 

Requires hyperparameter tuning; per-
formance depends on feature quality 

ANN SOC, SOH, thermal modeling 
Flexible nonlinear modeling; rel-

atively simple architecture 

Data-dependent; may suffer from 
overfitting and limited temporal 

modeling 
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CNN 
Fault diagnosis, feature ex-

traction, condition monitoring 

Automatic feature extraction; ef-
fective for local patterns in meas-

urement signals 

Computational cost; performance de-
pends on input representation 

LSTM 
Degradation prediction, 

SOC/SOH estimation 
Effective modeling of long-term 

temporal dependencies 

Higher training and memory require-
ments; sensitive to dataset character-

istics 

GRU 
SOH estimation, health moni-
toring, degradation modeling 

Fewer parameters and poten-
tially lower computational cost 

than LSTM 

Performance relative to LSTM is da-
taset- and task-dependent 

Transformers 
Long-term forecasting, 

SOH/RUL prediction, multi-
variable time-series modeling 

Effective modeling of long-range 
dependencies; parallelizable 

training 

High data and computational require-
ments; deployment can be challeng-

ing for embedded BMSs 

Reinforcement 
Learning 

Energy management, charg-
ing control, microgrid opera-

tion 

Adaptive sequential decision-
making; can optimize multiple 

objectives 

Training complexity; reward design 
and safe exploration remain challeng-

ing 

PSO/GA Parameter identification, siz-
ing, scheduling, optimization 

Effective global search for non-
linear and constrained optimiza-

tion problems 

Potentially high computational bur-
den; convergence may depend on al-

gorithm parameters 

Hybrid AI 
Integrated battery manage-
ment, prediction, diagnosis, 

and control 

Combines complementary capa-
bilities of multiple methods 

Increased model and computational 
complexity; benefits require rigorous 

benchmarking 

To further synthesize the evidence discussed in Sections 4.1–4.7, Table 5 provides a 
cross-comparison of the major AI approaches according to their roles in BESS applications, 
data requirements, temporal modeling capability, interpretability, computational de-
mand, real-time suitability, and key research challenges. Unlike Table 4, which compares 
individual algorithms, Table 5 focuses on the broader methodological trade-offs among 
ML, DL, RL, metaheuristic, hybrid AI, XAI, and DT-enabled approaches. The comparison 
highlights that no single AI approach can simultaneously satisfy all requirements of intel-
ligent BESS operation. Instead, the appropriate choice depends on the specific application 
and on the required balance among prediction accuracy, data availability, computational 
efficiency, interpretability, safety, and generalization. These trade-offs also reveal several 
persistent research priorities, including cross-condition validation, transferability across 
battery chemistries and aging states, safe AI-based control, physically consistent explain-
ability, computationally efficient deployment, and long-term experimental validation. 

Table 5. Cross-comparison of AI approaches for intelligent BESS applications. 

AI Tech-
nique 

Main BESS 
Role 

Data Require-
ment 

Tem-
poral Ca-
pability 

Interpreta-
bility 

Computa-
tional De-

mand 

Real-Time 
Suitability 

Main Limita-
tion 

Research 
Priority 

ML 
SOC/SOH, di-

agnosis Low–Moderate 
Moder-

ate 
Moderate–

High 
Low–Mod-

erate High 
Generaliza-

tion 

Cross-con-
dition vali-

dation 

DL SOH/RUL, di-
agnosis 

High High Low High Moderate Data depend-
ence 

Transfer 
learning 

RL Control/EMS 
High/Environ-
ment-depend-

ent 

Very 
high Low High Moderate 

Safety/explo-
ration Safe RL 

Metaheuris-
tic Optimization Low — Moderate 

Moderate–
High 

Low–Moder-
ate 

Computa-
tional cost 

Real-time 
optimiza-

tion 
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Hybrid AI 
Predic-

tion/control 
High High Variable High Moderate Complexity Fair bench-

marking 

XAI Interpretation 
Model-de-
pendent — High 

Low–Mod-
erate High 

Explanation 
validity 

Physical 
validation 

DT + AI 
Integrated 

BMS 
High 

Very 
high 

Variable High Moderate 
Synchroniza-
tion/model fi-

delity 

Long-term 
validation 

Overall, the comparative analysis indicates a clear shift from algorithm-specific de-
velopment toward task-oriented and integrated AI architectures. ML and DL remain pri-
marily valuable for prediction and diagnosis, RL for adaptive decision-making, and me-
taheuristic methods for complex optimization. Hybrid AI, XAI, and DT-enabled frame-
works extend these capabilities by combining complementary functions and addressing 
limitations related to generalization, interpretability, and system-level integration. How-
ever, the increasing complexity of these architectures also creates additional requirements 
for data, computation, validation, and safety. Future research should therefore prioritize 
demonstrable improvements over simpler baselines rather than assuming that greater 
model complexity necessarily results in superior BESS performance. 

5. AI-Based BMSs 
The BMS is a critical component of modern BESSs because it coordinates battery mon-

itoring, protection, state estimation, control, and operational management to maintain 
safe and reliable operation [158]. The increasing deployment of BESSs in RE systems, EVs, 
microgrids, and smart grids has placed additional demands on BMSs, particularly because 
batteries operate under highly variable electrical, thermal, and environmental conditions. 
Battery aging, nonlinear behavior, cell-to-cell variability, sensor uncertainty, and chang-
ing operating profiles can further complicate accurate monitoring and decision-making. 

Conventional BMSs commonly employ equivalent-circuit or electrochemical models, 
Kalman-filter-based estimation, threshold-based protection, and rule-based control strat-
egies [158,159]. These approaches remain important because they provide physical inter-
pretability and can be implemented with relatively predictable computational require-
ments. However, their performance depends on model assumptions, parameter identifi-
cation, and the operating conditions for which the models are developed. Under highly 
dynamic conditions, model mismatch, aging, temperature variations, and uncertainties in 
measurements can reduce the accuracy of state estimation and fault diagnosis. The litera-
ture therefore increasingly investigates AI-based approaches as complementary tools ra-
ther than as universal replacements for conventional BMS methods. 

AI-based BMSs integrate ML, DL, RL, XAI, DTs, and hybrid or physics-informed ap-
proaches to address different BMS functions, including SOC and SOH estimation, RUL 
prediction, fault diagnosis, thermal management, charging optimization, and energy 
management [158–160]. The principal potential of AI lies in its ability to learn complex 
relationships from operational data and to identify patterns that may be difficult to cap-
ture using predefined mathematical models. DL approaches, for example, can learn non-
linear and temporal relationships from battery measurements, whereas RL can formulate 
battery operation as a sequential decision-making problem. DT-enabled BMSs can further 
provide a continuously updated virtual representation of the battery through the integra-
tion of physical models, real-time measurements, and AI-based analytics. 

However, the literature does not establish that AI-based BMSs are inherently supe-
rior to conventional model-based BMSs. Their effectiveness depends strongly on data 
quality, training conditions, battery chemistry, aging state, sensor configuration, model 
architecture, and validation methodology. A model that achieves high accuracy under 
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controlled laboratory conditions may exhibit substantially lower performance when ap-
plied to different temperatures, degradation levels, operating profiles, or battery chemis-
tries. In addition, the computational requirements, lack of interpretability of some AI 
models, uncertainty in predictions, and cybersecurity risks associated with connected 
BMS architectures remain important barriers to practical deployment [158–160]. These is-
sues are particularly significant for safety-critical applications, where prediction accuracy 
alone is insufficient to demonstrate operational reliability. 

An important research direction is therefore the development of hybrid AI-based 
BMS architectures that combine the physical interpretability of conventional battery mod-
els with the adaptive capabilities of data-driven methods. Such architectures can use phys-
ics-based models to constrain AI predictions, while ML or DL models compensate for 
modeling errors and capture complex behaviors that are difficult to represent analytically. 
Similarly, XAI methods can provide additional information about AI predictions, while 
DTs can support continuous monitoring, virtual testing, predictive maintenance, and 
lifecycle management. The potential advantage of these integrated approaches, however, 
must be demonstrated through consistent benchmarking against conventional BMS strat-
egies rather than assumed from architectural complexity alone. 

Several research questions remain open. These include how AI-based BMS models 
can be transferred reliably across battery chemistries and aging conditions, how uncer-
tainty can be quantified during real-time state estimation and fault diagnosis, how AI de-
cisions can be validated against physical battery behavior, and how computationally de-
manding models can be implemented on resource-constrained BMS hardware. Further 
questions concern the minimum amount and diversity of data required for reliable model 
training, the long-term stability of continuously learning models, and the cybersecurity 
and safety implications of AI-enabled remote BMS architectures. Addressing these issues 
will require standardized datasets, common evaluation protocols, cross-condition valida-
tion, and long-term experimental and field testing. 

Figure 5 illustrates the general architecture of an AI-enabled BMS, showing the inter-
action among battery measurements, data acquisition, AI-based state estimation and di-
agnosis, decision-making, control, and feedback to the physical battery system. The fol-
lowing sections examine the principal applications of AI-based BMSs, with particular em-
phasis on state estimation, fault diagnosis, prognostics, thermal management, charging 
optimization, and energy-management functions. 
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Figure 5. General architecture of an AI-enabled BMS . 

5.1. Architecture of AI-Based BMSs 

A modern AI-based BMS can be viewed as an interconnected architecture comprising 
data acquisition, data processing, intelligence, and decision-making layers [160–162]. This 
architecture reflects the transition from conventional monitoring-oriented BMSs toward 
systems capable of prediction, diagnosis, and adaptive control. 

5.1.1. Data Acquisition Layer 

The data acquisition layer provides the measurements required by AI-based BMS 
functions, including cell and pack voltage, current, temperature, operating history, and, 
where available, impedance-related and environmental variables [161]. The literature con-
sistently identifies data quality as a fundamental determinant of AI performance. Sensor 
noise, missing measurements, sampling-rate differences, and insufficient coverage of op-
erating conditions can propagate through the subsequent processing and learning stages, 
limiting model robustness and generalization. Therefore, increasing the quantity of col-
lected data alone does not necessarily improve BMS intelligence; the representativeness, 
reliability, and diversity of the data are equally important. 

5.1.2. Data Processing Layer 

The data processing layer transforms raw measurements into suitable inputs for AI 
models through filtering, normalization, feature extraction, dimensionality reduction, and 
data-quality assessment [61,82]. These procedures are particularly important for battery 
applications because measurements collected under different operating conditions may 
exhibit substantial variability. Although preprocessing can improve model stability and 
reduce computational requirements, excessive feature engineering or inappropriate pre-
processing may remove physically meaningful information. An important research direc-
tion is therefore the development of automated preprocessing strategies that preserve 
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degradation-related and fault-related signatures while remaining computationally feasi-
ble for real-time BMS implementation. 

5.1.3. Intelligence Layer 

The intelligence layer constitutes the analytical core of the AI-based BMS [162]. De-
pending on the application, it may incorporate ML, DL, RL, hybrid AI, physics-informed 
models, or digital-twin technologies. The literature demonstrates that different techniques 
are advantageous for different BMS functions: supervised ML is commonly used for state 
estimation and classification, DL is increasingly employed for complex temporal predic-
tion and prognostics, RL is particularly relevant to sequential control, and hybrid ap-
proaches seek to combine complementary capabilities [163–171]. No single architecture 
can therefore be regarded as universally optimal. Model selection must account for the 
target BMS function, available data, computational resources, uncertainty requirements, 
and deployment environment. 

5.1.4. Decision-Making Layer 

The decision-making layer translates estimated states, predicted degradation, diag-
nostic information, and optimization results into operational actions [162]. These may in-
clude charging-current adjustment, discharge scheduling, thermal-control actions, fault 
alarms, maintenance recommendations, or energy dispatch decisions. A key distinction 
from conventional BMSs is that AI can potentially enable adaptive decisions based on 
predicted future battery conditions rather than solely on instantaneous measurements. 
However, safety constraints must remain explicit because an accurate prediction does not 
necessarily imply that an AI-generated control action is safe. This consideration is partic-
ularly important for RL and other adaptive control approaches. 

5.2. AI-Based SOC Estimation 

5.2.1. Importance of SOC Estimation 

The SOC represents the amount of energy currently available in a battery relative to 
its nominal capacity and is one of the most important parameters monitored by a BMS 
[163,164]. Accurate SOC estimation is essential for effective energy management, appro-
priate charging and discharging strategies, battery protection, and reliable system opera-
tion. However, SOC cannot be measured directly using a conventional sensor and must 
instead be estimated from measurable electrical and environmental variables. The estima-
tion process is particularly challenging because battery behavior is nonlinear and strongly 
influenced by factors such as current, temperature, aging, operating history, and battery 
chemistry. Therefore, accurate SOC estimation requires robust methods capable of cap-
turing the complex relationships between these variables. 

5.2.2. Machine Learning-Based SOC Estimation 

Machine learning techniques have demonstrated considerable potential for improv-
ing SOC estimation accuracy while reducing reliance on detailed electrochemical battery 
models [165]. Commonly investigated approaches include SVM, random forests (RF), 
XGBoost, and GPR. These data-driven methods can learn nonlinear relationships between 
measured battery parameters and SOC and can adapt to different operating conditions 
when appropriately trained. Their main advantages include high estimation accuracy, 
flexibility under varying operating conditions, and reduced dependence on predefined 
physical battery models. Nevertheless, the effectiveness of ML-based SOC estimation is 
strongly dependent on the availability, quality, diversity, and representativeness of the 
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training datasets. Inadequate or biased datasets may limit model generalization when the 
battery operates under conditions that were not sufficiently represented during training. 

5.2.3. Deep Learning-Based SOC Estimation 

Deep learning has emerged as an increasingly important approach for SOC estima-
tion because of its ability to automatically extract complex features and capture nonlinear 
and temporal relationships from large battery datasets [166]. Commonly investigated ar-
chitectures include ANNs, LSTM networks, GRUs, and, more recently, Transformer-
based models. Among these approaches, LSTM networks are particularly suitable for bat-
tery applications because their recurrent architecture enables them to capture long-term 
temporal dependencies in sequential operating data. Similarly, GRUs provide a compu-
tationally efficient alternative for modeling temporal battery behavior, while Transformer 
architectures offer promising capabilities for learning long-range dependencies through 
attention mechanisms. Recent studies have reported SOC estimation errors below 2%, 
highlighting the potential of deep learning techniques for achieving high estimation accu-
racy under practical operating conditions [166]. However, their practical deployment still 
requires sufficiently representative datasets, appropriate model validation, and consider-
ation of computational requirements for real-time BMS implementation. 

5.3. AI-Based SOH Estimation 

5.3.1. Definition of SOH 

The SOH is a key indicator of battery degradation and represents the current condi-
tion of a battery relative to its initial or reference condition [167]. Accurate SOH estimation 
is essential for predictive maintenance, battery lifetime assessment, safety management, 
and economic optimization of battery energy storage systems. Battery aging is a complex 
process influenced by several operating and environmental factors, including tempera-
ture, charging patterns, depth of discharge, and cycling frequency. These factors can cause 
irreversible changes in the electrochemical characteristics of the battery, resulting in grad-
ual capacity loss and increased internal resistance. Therefore, reliable SOH estimation en-
ables the BMS to monitor degradation and support appropriate operational and mainte-
nance decisions throughout the battery lifetime. 

5.3.2. Machine Learning Approaches 

Machine learning (ML) techniques provide effective data-driven approaches for 
identifying battery degradation patterns from historical and real-time operational data 
[168]. Commonly applied methods include RF, Support Vector Regression, Gradient 
Boosting, and Gaussian Process Models. These algorithms can capture nonlinear relation-
ships between measurable battery parameters and degradation indicators without requir-
ing detailed electrochemical models. Their relatively strong performance and moderate 
computational requirements make them suitable for SOH estimation, particularly when 
medium-scale datasets are available. However, their accuracy depends on the quality and 
representativeness of the training data and their ability to account for variations in oper-
ating conditions and aging mechanisms. 

5.3.3. Deep Learning Approaches 

Deep learning (DL) techniques have further enhanced the capability of AI-based 
SOH estimation by enabling the automatic extraction of complex degradation-related fea-
tures from large and multidimensional battery datasets [166]. Commonly investigated ar-
chitectures include CNNs, LSTM networks, CNN-LSTM hybrid models, and Trans-
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former-based architectures. CNNs can effectively extract local features from battery sig-
nals, while LSTM networks are particularly suitable for capturing temporal degradation 
patterns. Hybrid and Transformer-based models can further exploit both spatial and long-
term temporal dependencies in battery operating data. Consequently, DL-based ap-
proaches can provide highly accurate SOH predictions under complex and varying oper-
ating conditions, although their implementation generally requires sufficiently large and 
representative datasets. 

5.4. Remaining Useful Life Prediction 

5.4.1. Importance of RUL Prediction 

Remaining useful life (RUL) represents the estimated remaining operating time or 
number of charge–discharge cycles before a battery reaches a predefined end-of-life 
threshold [169]. Accurate RUL prediction is an important component of intelligent battery 
management because it provides information about the expected future condition of the 
battery. Reliable RUL estimates support predictive maintenance planning, asset manage-
ment, cost reduction, and reliability improvement. By anticipating battery degradation 
and remaining operational capability, BMSs can schedule maintenance or replacement ac-
tivities before significant performance deterioration or unexpected failure occurs. 

5.4.2. AI-Based RUL Prediction Methods 

Machine learning and deep learning techniques have become increasingly important 
approaches for battery RUL prediction because of their ability to learn complex degrada-
tion trajectories from historical operational data [170,171]. Frequently employed methods 
include LSTM networks, GRU models, Bayesian learning approaches, ensemble learning 
algorithms, and Transformer architectures. These methods can identify temporal patterns 
and nonlinear relationships associated with battery degradation and subsequently esti-
mate the remaining useful life under changing operating conditions. In particular, recur-
rent and attention-based architectures can capture long-term dependencies in degradation 
trajectories, while Bayesian and ensemble approaches can provide additional information 
regarding prediction uncertainty. As a result, AI-driven RUL prediction can provide 
adaptive estimates throughout the battery lifecycle and support more effective mainte-
nance and operational planning. 

5.5. AI-Based Fault Diagnosis 

5.5.1. Importance of Battery Fault Diagnosis 

Battery faults can result in capacity loss, performance degradation, accelerated aging, 
and, in severe cases, thermal runaway and other safety incidents [172]. Consequently, 
early and accurate fault detection is a critical function of modern BMSs. Conventional 
monitoring methods may detect faults only after significant deviations in measurable pa-
rameters have occurred, whereas AI-based diagnostic approaches can analyze complex 
patterns in electrical, thermal, and operational data to identify abnormal behavior at an 
earlier stage. Early fault diagnosis therefore provides an opportunity to initiate corrective 
actions and prevent minor abnormalities from developing into severe failures. 

5.5.2. Types of Battery Faults 

Battery systems can experience a wide range of electrical, thermal, and sensing faults 
during operation [173]. Common faults include internal and external short circuits, sensor 
failures, cell imbalance, overcharging, over-discharging, and abnormal thermal behavior. 
These faults can significantly affect battery performance and may compromise system 
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safety if they remain undetected. The complexity of battery fault mechanisms and the in-
teractions between electrical and thermal variables make automated diagnostic tech-
niques particularly valuable for identifying abnormal operating conditions. 

5.5.3. AI Techniques for Fault Diagnosis 

Artificial intelligence (AI) significantly enhances battery fault diagnosis by enabling 
the identification of complex and subtle fault signatures within large volumes of monitor-
ing data [34,37]. Frequently employed techniques include SVMs, Random Forests, DNNs, 
CNNs, autoencoders, and anomaly detection models. These approaches can learn the 
characteristic patterns associated with normal and abnormal battery operation and distin-
guish between different fault types. In particular, anomaly detection and deep learning 
methods can identify deviations from normal operating behavior even when explicit fault 
models are unavailable. Consequently, AI-based diagnostic systems can detect early-stage 
abnormalities and provide warnings before they develop into severe battery failures, 
thereby improving system safety and reliability [94,142,143]. 

5.6. AI-Based Thermal Management Systems 

5.6.1. Importance of Thermal Management 

Battery temperature has a strong influence on electrochemical performance, opera-
tional safety, service life, and charging efficiency [174]. Both excessively high and low 
temperatures can adversely affect battery behavior, while elevated temperatures can ac-
celerate degradation and increase the risk of thermal runaway. Effective thermal manage-
ment is therefore essential for maintaining batteries within their recommended operating 
temperature range and ensuring safe and efficient operation. In large-scale BESSs, where 
numerous cells operate simultaneously under variable electrical loads, thermal manage-
ment becomes particularly important because temperature differences between cells can 
contribute to uneven aging and performance degradation. 

5.6.2. AI for Temperature Prediction 

Machine learning and deep learning techniques can be used to predict battery tem-
perature evolution based on electrical and environmental measurements [175]. Relevant 
input variables may include battery voltage, current, ambient temperature, and other op-
erating conditions. Commonly investigated approaches include ANNs, LSTM networks, 
CNNs, and hybrid deep learning models. These models can learn the nonlinear relation-
ships between battery operating conditions and temperature response, enabling accurate 
prediction of future thermal behavior. Such predictive capabilities allow the BMS to iden-
tify potentially unsafe temperature trends before critical limits are reached and conse-
quently enable proactive thermal management strategies. 

5.6.3. Intelligent Cooling Optimization 

Beyond temperature prediction, AI techniques can be employed to optimize battery 
cooling strategies according to real-time operating conditions. Intelligent control algorithms 
can dynamically adjust fan speeds, cooling-fluid circulation rates, and thermal balancing 
strategies to maintain suitable temperature distributions while minimizing the energy con-
sumed by the thermal management system [34,36,37]. By continuously adapting cooling ac-
tions to battery operating conditions, AI-based thermal management can improve cooling 
efficiency, reduce unnecessary auxiliary energy consumption, and maintain battery temper-
atures within safe operating limits. This integration of predictive modeling and intelligent 
control can therefore contribute to improved battery safety, performance, and lifetime.  
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5.7. AI-Based Charging and Discharging Optimization 

Charging strategy optimization is one of the most important applications of AI in 
BMSs, particularly because charging conditions have a direct impact on battery degrada-
tion, efficiency, and operational lifetime. AI-based charging strategies aim to minimize 
degradation, reduce charging time, improve energy efficiency, and extend battery service 
life. RL and DRL techniques have demonstrated considerable potential for this purpose 
because they can learn adaptive charging policies through interactions with the battery 
and adjust the charging process according to changing operating conditions. These ap-
proaches can account for factors such as battery temperature, state of charge, charging 
current, and degradation state when determining appropriate charging actions. Similarly, 
AI-based discharge management can optimize battery utilization by determining suitable 
discharge profiles and energy dispatch strategies, particularly in RE systems where gen-
eration and demand can vary significantly. Consequently, intelligent charging and dis-
charging control can improve battery performance while reducing degradation and en-
hancing the overall efficiency of energy storage systems. 

5.8. Digital Twin-Enabled BMSs 

Digital twins (DTs) have recently emerged as a promising paradigm for advanced bat-
tery management and monitoring [175]. A battery digital twin combines the physical battery 
system with real-time sensor measurements, physics-based models, and AI algorithms to 
create a dynamic virtual representation of the battery. By continuously updating the digital 
representation using real-time operational data, DT-enabled BMSs can provide comprehen-
sive information about battery condition and behavior throughout its operational lifetime. 
This approach enables continuous health monitoring, predictive maintenance, virtual test-
ing, fault diagnosis, and battery lifetime optimization. Furthermore, integrating digital 
twins with AI allows the BMS to continuously learn from new operating data and adapt its 
predictions and control strategies accordingly. Such self-learning capabilities can facilitate 
autonomous decision-making and improve the reliability, flexibility, and efficiency of BMSs, 
particularly in large-scale and complex energy storage applications. 

5.9. Explainable AI in BMSs 

Although advanced AI models can achieve high predictive accuracy, their black-box 
nature can present a significant barrier to their adoption in safety-critical and industrial 
battery applications [176]. XAI addresses this limitation by providing interpretable infor-
mation about how AI models generate their predictions and decisions. Common XAI tech-
niques include SHapley Additive exPlanations (SHAP), Local Interpretable Model-Ag-
nostic Explanations (LIME), attention mechanisms, and feature-importance analysis. The 
integration of XAI into BMSs can improve the transparency and interpretability of AI-
based predictions, allowing engineers and operators to better understand the factors con-
tributing to estimated battery states, detected faults, or recommended control actions. This 
increased transparency can enhance user confidence, facilitate safety validation and reg-
ulatory compliance, and support more reliable decision-making. Therefore, XAI repre-
sents an important complementary technology for enabling the safe and trustworthy de-
ployment of advanced AI-based BMSs. 

5.10. Comparative Analysis of AI-Based BMS Functions 

Table 6 summarizes the major applications of AI in modern  BMS, highlighting the tech-
niques employed, their objectives, and the associated benefits. AI-based approaches have 
significantly enhanced the capabilities of BMSs by enabling accurate estimation of key bat-
tery parameters such as SOC, SOH, and RUL. ML and DL models, including ANNs, LSTM 
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networks, CNNs, and XGBoost, have demonstrated superior performance in battery moni-
toring and prognostics compared with conventional model-based methods. In addition, AI 
techniques play a crucial role in fault diagnosis and thermal management by identifying 
abnormal operating conditions and predicting temperature evolution, thereby improving 
system safety and reliability. RL method has emerged as an effective tool for optimizing 
charging strategies and reducing battery degradation through adaptive decision-making. 
More recently, DT technologies integrating AI and physics-based models have enabled real-
time virtual monitoring and predictive maintenance of battery systems. Furthermore, ex-
plainable AI methods such as SHAP and LIME are increasingly being adopted to enhance 
model transparency and user confidence, addressing one of the major challenges associated 
with advanced AI-driven BMSs. Overall, AI technologies are transforming battery manage-
ment by improving operational efficiency, extending battery lifetime, and supporting the 
development of intelligent and autonomous energy storage systems. 

Table 6. Comparative analysis of AI-based BMS functions, reported capabilities, limitations, and 
research needs. 

BMS Function Main AI Approaches Main Reported Capability Key Limitation Research Gap 

SOC estimation ML, DL, LSTM, GRU, 
Transformer 

Nonlinear and temporal 
state estimation 

Cross-condition gen-
eralization 

Cross-chemistry valida-
tion and uncertainty quan-

tification 

SOH estimation 
ML, DL, CNN-LSTM, 

Transformer Degradation tracking 
Dependence on aging 

data 
Robustness to diverse ag-

ing trajectories 

RUL prediction 
LSTM, GRU, Bayes-

ian, Transformer 
Long-term degradation fore-

casting 
Uncertainty and ex-

trapolation 
Probabilistic and physics-

informed prediction 

Fault diagnosis 
SVM, RF, CNN, Auto-

encoder 
Early anomaly/fault detec-

tion Limited fault labels 
Validation with real fault 

events 
Thermal man-

agement ANN, LSTM, RL 
Temperature predic-

tion/control 
Sensor and model un-

certainty 
Integrated electro-thermal 

AI 
Charging/dis-

charging RL, DRL, hybrid AI 
Adaptive control and opti-

mization 
Safety and explora-

tion 
Safe RL and hardware val-

idation 

Digital-twin BMS DT + ML/DL/physics 
Real-time monitoring and 

prediction 
Synchronization and 

model fidelity 
Long-term industrial vali-

dation 
XAI-enabled 

BMS 
SHAP, LIME, atten-

tion Improved interpretability Explanation validity 
Physically grounded ex-

planations 

5.11. Current Challenges and Research Gaps 

Despite the substantial progress reported in AI-based BMSs, the literature indicates 
that several technical and practical barriers continue to limit their reliable deployment in 
real-world BESS applications [177]. A recurring finding across recent studies is that the 
performance of AI models is strongly dependent on the quality and representativeness of 
the training data. Battery datasets are often collected under specific laboratory conditions 
and may cover a limited range of temperatures, load profiles, aging states, battery chem-
istries, or operating regimes. Consequently, a model that achieves high accuracy within a 
particular experimental dataset may not necessarily maintain the same performance when 
applied to batteries or operating conditions that were not represented during training. 
This generalization problem represents one of the most important unresolved issues in 
AI-based BMS development. 

Data availability is closely related to another challenge: the difficulty of obtaining 
sufficiently diverse and accurately labeled datasets. Measurements from practical BMSs 
may contain noise, missing values, sensor errors, sampling inconsistencies, and class im-
balance, particularly for fault-diagnosis applications in which genuine failure events are 
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relatively rare. Although data preprocessing and data augmentation can partially address 
these limitations, artificially generated or highly controlled data cannot always reproduce 
the complexity of real battery degradation and fault evolution. This raises an important 
research question: to what extent can AI models trained on laboratory or simulated da-
tasets be trusted when deployed in heterogeneous real-world BESS environments? Ad-
dressing this question requires broader datasets, cross-cell validation, and systematic 
evaluation under unseen operating conditions. 

Another major challenge concerns the trade-off between model accuracy and compu-
tational complexity. Increasingly sophisticated DL and Transformer-based models may pro-
vide improved representation of nonlinear and temporal battery behavior, but their 
memory and computational requirements can be difficult to accommodate on embedded 
BMS hardware. Conversely, lightweight models may be easier to deploy in real time but can 
sacrifice predictive capability or flexibility. Therefore, the most accurate model is not neces-
sarily the most appropriate BMS solution. Future evaluations should consider accuracy, in-
ference time, memory consumption, energy consumption, robustness, and uncertainty sim-
ultaneously, rather than relying primarily on conventional prediction-error metrics. 

Safety and reliability constitute a further unresolved issue, particularly for AI-based 
control and fault-diagnosis applications. Prediction errors in SOC, SOH, temperature, or 
RUL estimation may propagate into subsequent control decisions and potentially affect 
battery safety. This concern is especially relevant to RL-based BMSs because exploration 
and policy adaptation can generate actions that have not been sufficiently validated on 
physical batteries. Consequently, safe RL, uncertainty-aware decision-making, constraint-
aware learning, and hardware-in-the-loop validation are important research requirements 
before adaptive AI controllers can be widely deployed. 

Interpretability and explainability also remain significant challenges. Although XAI 
methods such as SHAP, LIME, and attention-based approaches can provide information 
about the factors associated with AI predictions [142,143], an explanation generated by an 
XAI method does not necessarily establish that the underlying prediction is physically 
correct. This distinction is particularly important for safety-critical BMS applications. Fu-
ture research should therefore move beyond merely adding an explanation layer and in-
stead investigate physically consistent and experimentally verifiable explanations. 

Finally, the literature remains fragmented in terms of datasets, evaluation protocols, 
battery chemistries, performance metrics, and experimental conditions. This makes direct 
comparison between published AI-BMS models difficult and can lead to apparently supe-
rior results that are primarily attributable to differences in datasets or test conditions ra-
ther than genuine algorithmic advantages. The development of standardized benchmarks, 
open datasets, common evaluation protocols, and long-term experimental validation is 
therefore essential for establishing meaningful progress in the field. 

Taken together, these challenges suggest that the central research problem is no 
longer simply how to obtain higher AI prediction accuracy. Rather, the key challenge is 
how to develop AI-based BMSs that remain accurate, uncertainty-aware, interpretable, 
computationally efficient, safe, and transferable across different batteries and operating 
environments. 

5.12. Research Gaps and Future Directions 

The challenges identified above point toward several research directions that are 
likely to shape the next generation of AI-based BMSs. Rather than pursuing increasingly 
complex models solely to improve prediction accuracy, future research is expected to em-
phasize generalization, physical consistency, uncertainty quantification, computational 
efficiency, safety, and real-world validation. 
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One promising direction is the development of physics-informed machine learning 
and hybrid physics–AI models. These approaches seek to combine the adaptability of 
data-driven learning with established electrochemical, thermal, and electrical relation-
ships. By incorporating physical constraints into the learning process, such models may 
reduce the dependence on large labeled datasets and improve generalization under pre-
viously unseen operating conditions. However, the extent to which physics-informed con-
straints consistently improve performance remains dependent on the accuracy and level 
of abstraction of the underlying physical model. Further comparative studies against 
purely data-driven and conventional model-based approaches are therefore required. 

Transfer learning and domain adaptation represent another important research di-
rection. Because battery datasets collected from one chemistry, cell design, or operating 
profile may not adequately represent another, methods capable of transferring learned 
knowledge between related domains could substantially reduce data requirements. Nev-
ertheless, effective transfer requires careful treatment of differences in battery chemistry, 
sensor configuration, aging behavior, and operating conditions. Future studies should 
therefore evaluate transferability using independent cells and datasets rather than relying 
solely on random train–test splits from the same experimental population. 

Federated learning may provide an additional solution to the data-availability prob-
lem by allowing models to learn from multiple battery systems without requiring all raw 
operational data to be transferred to a central server. This could be particularly relevant 
for distributed BESS fleets and connected energy-storage infrastructures. However, dif-
ferences between participating systems can create statistical heterogeneity, while commu-
nication requirements, privacy protection, and model synchronization introduce addi-
tional challenges. Thus, the practical value of federated learning for BMSs requires vali-
dation under realistic heterogeneous battery fleets rather than only simulated datasets. 

The deployment of edge AI and lightweight architectures is also likely to become 
increasingly important. Performing inference directly on BMS hardware can reduce com-
munication latency and dependence on cloud infrastructure, which is advantageous for 
safety-critical and time-sensitive applications. Model compression, pruning, quantization, 
knowledge distillation, and efficient neural architectures may therefore provide a path-
way toward deploying advanced AI models under limited computational and memory 
resources. An important research gap, however, is the lack of systematic comparisons be-
tween model accuracy and actual hardware-level energy and latency requirements. 

Digital twins and AI are expected to become increasingly interconnected in future 
BMS architectures. A continuously updated digital twin can provide a virtual environ-
ment for state estimation, degradation prediction, fault diagnosis, controller testing, and 
RL training [85,86]. This combination could reduce the risks associated with direct exper-
imentation on physical batteries and enable more continuous adaptation throughout the 
battery lifecycle. Nevertheless, the usefulness of a digital twin depends on the fidelity and 
synchronization of the virtual and physical systems. Long-term validation under real op-
erating conditions is therefore required to determine whether AI-enhanced digital twins 
can maintain reliable predictions as batteries age. 

Another important direction is the development of safe, uncertainty-aware, and ex-
plainable AI. Future BMSs should ideally provide not only a predicted SOC, SOH, RUL, 
or fault class, but also an estimate of the confidence or uncertainty associated with that 
prediction. Such information could enable the BMS to distinguish between reliable pre-
dictions and situations in which human intervention or conservative control is required. 
Similarly, XAI methods should be evaluated according to their consistency, physical plau-
sibility, and usefulness to engineers rather than simply their ability to generate visual or 
numerical explanations [142,143]. 
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Finally, standardized benchmarking and long-term experimental validation should be-
come central components of future AI-BMS research. Studies should report not only accu-
racy metrics but also computational requirements, uncertainty, robustness to sensor noise, 
cross-condition performance, inference time, and degradation over extended operating pe-
riods. Validation across different battery chemistries, cell manufacturers, aging states, and 
realistic BESS operating profiles would provide substantially stronger evidence of practical 
applicability than performance demonstrated on a single laboratory dataset. 

Overall, the future of AI-based BMSs is likely to depend less on the development of 
increasingly complex standalone algorithms and more on the integration of data-driven 
learning, physical knowledge, uncertainty quantification, explainability, edge computing, 
digital twins, and safe adaptive control. The most important unresolved question is there-
fore not whether AI can outperform conventional BMS methods under controlled condi-
tions, but whether AI can deliver reliable, interpretable, safe, and computationally efficient 
performance across the diversity of conditions encountered throughout the operational life-
time of real BESSs. Addressing this question will be essential for translating the substantial 
research progress reported in the literature into dependable industrial-scale deployment. 

6. Intelligent Energy Management Strategies for Renewable  
Energy Integration 

The increasing penetration of renewable energy sources (RESs), particularly solar 
photovoltaic (PV) and wind energy (WE), has increased the operational complexity of 
modern power systems because renewable generation is inherently variable and uncer-
tain [178,179]. When combined with fluctuating electricity demand and limited energy-
storage capacity, these characteristics can lead to power imbalances, RE curtailment, volt-
age and frequency variations, and increased operational uncertainty. BESSs can mitigate 
some of these challenges by decoupling energy generation from consumption and provid-
ing temporal flexibility. However, the effectiveness of BESS operation depends strongly 
on the quality of the energy management strategy used to determine when and how the 
storage system should be charged, discharged, or reserved for future operation. 

Conventional energy management strategies include rule-based control, determinis-
tic optimization, mathematical programming, and model-based predictive control. These 
approaches remain attractive because their decision-making mechanisms are generally 
transparent and can incorporate explicit operational constraints. Nevertheless, their effec-
tiveness may deteriorate when renewable generation, electricity prices, load demand, and 
battery conditions deviate substantially from the assumptions used during controller de-
sign. In contrast, AI-based approaches can learn complex relationships from historical and 
real-time data and can adapt decision-making to changing operating conditions [177,180]. 
However, the literature does not establish that AI is universally superior to conventional 
optimization. Reported improvements depend strongly on the selected objective function, 
renewable-generation profile, battery model, prediction horizon, electricity-market as-
sumptions, and evaluation methodology. 

Recent research has therefore increasingly focused on intelligent EMS frameworks 
that combine prediction, optimization, and adaptive control rather than relying on a sin-
gle AI technique. ML and DL models can forecast renewable generation, load demand, 
electricity prices, and battery states; RL can subsequently use these predictions or directly 
interact with the energy environment to determine control actions; and evolutionary or 
metaheuristic algorithms can optimize complex scheduling and multi-objective formula-
tions. Digital twins and hybrid physics–AI models provide additional opportunities for 
virtual testing, predictive operation, and improved model adaptability. The integration of 
these approaches is particularly relevant for BESS-assisted RE systems because energy-
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management decisions involve competing objectives, including renewable-energy utiliza-
tion, operating cost, battery degradation, power quality, and grid-support requirements. 

Despite these developments, several questions remain unresolved. First, many AI-
based EMS studies are evaluated using simulations or historical datasets, which may not 
fully capture real-time communication delays, forecasting errors, battery degradation, 
and unexpected operating events. Second, comparisons between AI and conventional op-
timization methods are often difficult because studies use different datasets, objective 
functions, constraints, and performance indicators. Third, increasing algorithmic com-
plexity may improve optimization performance while simultaneously increasing compu-
tational requirements and reducing interpretability. Finally, AI-based controllers must 
operate within strict safety and battery constraints, meaning that a theoretically optimal 
policy may not necessarily be an appropriate practical control strategy. 

Accordingly, this section reviews intelligent EMS strategies according to their prin-
cipal functions and methodological characteristics, with particular emphasis on RE fore-
casting, BESS scheduling, optimization, reinforcement-learning-based control, multi-ob-
jective energy management, and hybrid AI frameworks. The discussion focuses not only 
on reported performance improvements but also on the assumptions underlying these 
results, limitations of existing approaches, areas of agreement and continuing debate, and 
research gaps that must be addressed to achieve reliable AI-enabled energy management 
for real-world RE systems. 

6.1. Role of EMSs in Renewable Energy Integration 

An EMS acts as the supervisory coordination layer between renewable generation, 
BESSs, electrical loads, and the utility grid. Its primary function is to determine the tem-
poral allocation of generated and stored energy while satisfying operational, technical, 
and economic constraints [180]. In RE-integrated systems, EMS decisions may include 
whether surplus renewable generation should be stored, curtailed, exported to the grid, 
or used to supply flexible loads, as well as when stored energy should be discharged to 
satisfy demand or provide grid-support services (see Figure 6). 

The objectives of EMS operation are inherently multi-dimensional. Maximizing RE 
utilization may conflict with minimizing battery degradation, while reducing electricity 
cost may require maintaining sufficient storage reserves for future periods of high de-
mand or low renewable generation. Similarly, maximizing battery utilization does not 
necessarily maximize system-level economic performance because frequent charging and 
discharging can accelerate degradation. Consequently, an effective EMS must consider 
both the short-term operational objective and the long-term consequences of energy-man-
agement decisions. 

Traditional rule-based strategies can provide simple and computationally efficient 
solutions, particularly for small-scale systems with well-defined operating conditions. 
However, their performance can depend strongly on manually selected thresholds and 
predefined operating rules. Mathematical optimization methods can provide more sys-
tematic solutions by explicitly incorporating technical and economic constraints, but their 
performance depends on the accuracy of the underlying models and forecasts. AI-based 
EMSs attempt to address some of these limitations by learning relationships between sys-
tem states and optimal or near-optimal decisions [177,180]. 
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Figure 6. Architecture of an AI-based renewable EMS for PV, wind, battery storage, and grid inte-
gration. 

The literature increasingly supports the use of AI for situations characterized by un-
certainty, nonlinear interactions, and sequential decision-making. ML and DL approaches 
are particularly useful for forecasting renewable generation, demand, prices, and battery 
states, whereas RL provides a framework for learning adaptive control policies. Never-
theless, the relative advantage of these approaches depends on the application. For exam-
ple, a forecasting model with high prediction accuracy may not necessarily produce lower 
operating costs if its errors occur at critical decision periods. Similarly, an RL controller 
may outperform a rule-based strategy in simulation while remaining difficult to validate 
under real-world conditions because of safety constraints and differences between the 
training environment and the physical system. 

Therefore, the role of AI in RE-integrated EMSs should not be viewed simply as re-
placing conventional energy-management methods. A more promising direction is the 
development of hybrid supervisory architectures in which physical constraints and opti-
mization methods provide safety and feasibility, while AI contributes prediction, adapta-
tion, and decision support. Such architectures may provide a more practical balance be-
tween performance, computational efficiency, interpretability, and robustness. 

6.2. AI in RE Forecasting 

Accurate RE forecasting is a critical component of intelligent EMSs because the inter-
mittent nature of renewable generation introduces significant uncertainty into power sys-
tem operation [177]. Since RE output is strongly influenced by changing weather and en-
vironmental conditions, forecasting errors can affect energy scheduling, battery utilization, 
power dispatch, and overall system reliability. AI techniques provide effective tools for 
addressing these uncertainties by learning complex nonlinear relationships between his-
torical generation data, environmental conditions, and future RE output. Consequently, 
AI-based forecasting can support more efficient coordination between renewable genera-
tion, energy storage, and electricity demand. 
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6.2.1. Solar Power Forecasting 

Solar power generation is highly dependent on environmental conditions, particu-
larly solar irradiance, ambient temperature, cloud coverage, and atmospheric conditions. 
The rapid and nonlinear variations in these parameters make accurate solar power fore-
casting challenging, especially over short time horizons. AI-based approaches have 
demonstrated strong forecasting capabilities compared with conventional statistical 
methods because of their ability to capture nonlinear relationships and temporal depend-
encies within meteorological and historical generation data. Commonly employed tech-
niques include ANNs, LSTM networks, CNNs, SVR, and more recently, Transformer-
based architectures [142,143]. LSTM models are particularly effective in capturing tem-
poral dependencies in sequential solar generation data, whereas CNNs can extract rele-
vant patterns from multidimensional input data. Transformer architectures provide an 
additional advantage in modeling long-range dependencies through attention mecha-
nisms. Accurate solar power forecasting enables more effective battery scheduling and 
energy dispatch by allowing BESSs to anticipate periods of high or low renewable gener-
ation, thereby improving energy utilization, reducing operational uncertainty, and en-
hancing the overall efficiency of RE systems [52,53,55]. 

6.2.2. Wind Power Forecasting 

Wind energy (WE) forecasting is inherently challenging because wind patterns ex-
hibit highly nonlinear, stochastic, and rapidly changing behavior [181]. Accurate forecast-
ing requires the prediction of several variables, including wind speed, wind direction, and 
turbine output power, which are strongly influenced by atmospheric and meteorological 
conditions. AI techniques have therefore been increasingly employed to capture the com-
plex relationships between historical wind data, environmental variables, and future 
power generation. Commonly used approaches include DNNs, LSTM networks, RNNs, 
and hybrid machine learning models. These methods can effectively capture nonlinear 
relationships and temporal dependencies in WE data, thereby improving forecasting ac-
curacy. More accurate WE forecasts reduce operational uncertainty and enable EMSs to 
make more effective generation, storage, and dispatch decisions. 

6.2.3. Load Demand Forecasting 

Accurate electricity demand forecasting is essential for maintaining an appropriate 
balance between power generation and consumption and for ensuring efficient operation 
of RE systems [182]. AI-based forecasting techniques can support short-term, medium-
term, and long-term load demand prediction by learning patterns from historical con-
sumption data and relevant environmental and operational variables. The resulting fore-
casts provide EMSs with information about expected future demand, enabling them to 
optimize battery charging and discharging schedules, coordinate renewable generation 
with electricity consumption, and improve power dispatch decisions. Consequently, ac-
curate load forecasting can reduce energy imbalances, improve system efficiency, and en-
hance the integration of variable RE resources. 

6.3. AI-Based Battery Scheduling Strategies 

Battery scheduling is one of the most important functions of intelligent EMSs because 
it determines how and when the battery should be charged or discharged to achieve optimal 
system performance. An effective scheduling strategy must consider several dynamic fac-
tors, including renewable generation forecasts, electricity prices, battery SOC, load demand, 
and grid operating constraints [183]. By simultaneously considering these factors, AI-based 
scheduling approaches can determine charging and discharging actions that maximize RE 
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utilization, reduce operational costs, minimize unnecessary battery degradation, and main-
tain reliable system operation. This capability is particularly important in RE systems where 
both generation and electricity demand can vary significantly over time. 

6.3.1. ML-Based Scheduling 

Machine learning (ML) algorithms can learn battery operating patterns and energy 
management strategies from historical operational data, providing data-driven solutions 
for battery scheduling [184]. ML-based approaches can be applied to several energy man-
agement tasks, including peak shaving, load shifting, energy arbitrage, and maximization 
of RE self-consumption. Commonly investigated techniques include RF, SVMs, and gra-
dient boosting algorithms. These methods can identify relationships between renewable 
generation, load demand, electricity prices, and battery operating conditions and use this 
information to determine appropriate battery operating strategies. However, their effec-
tiveness depends strongly on the availability and representativeness of historical datasets 
and their ability to adapt to changes in system operating conditions. 

6.3.2. DL-Based Scheduling 

Deep learning (DL) models provide enhanced decision-making capabilities for bat-
tery scheduling in highly dynamic RE environments [185]. Their ability to process large 
volumes of sequential data makes them suitable for applications such as multi-step energy 
forecasting, battery dispatch optimization, and demand-side management. In particular, 
LSTM networks can capture long-term temporal dependencies in renewable generation 
and load profiles, while Transformer architectures can model complex temporal relation-
ships through attention mechanisms. By integrating these forecasting and learning capa-
bilities into EMSs, DL-based scheduling approaches can dynamically adapt battery charg-
ing and discharging decisions to variations in renewable generation, electricity demand, 
and grid conditions. 

6.4. Reinforcement Learning for Energy Management 

Reinforcement learning (RL) has emerged as a promising approach for intelligent en-
ergy management because it enables an agent to learn optimal control policies through 
continuous interaction with the operating environment [186]. Unlike supervised learning 
methods, which generally require labeled input-output datasets, RL learns by evaluating 
the consequences of its actions and receiving feedback through a predefined reward func-
tion. In the context of RE and battery management, the RL framework typically consists 
of a state space describing the current system condition, an action space representing 
available control decisions, and a reward function that quantifies the quality of those de-
cisions. The agent seeks to optimize its policy by maximizing the cumulative reward over 
time. This framework allows RL-based EMSs to adapt battery charging and discharging 
strategies to changing renewable generation, load demand, electricity prices, SOC, and 
grid conditions, making RL particularly suitable for complex and dynamic energy man-
agement applications. 

Figure 7 presents the reinforcement learning framework for RE management. 
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Figure 7. Reinforcement learning framework for RE management. 

6.4.1. Battery Energy Storage Control 

Reinforcement learning provides an effective framework for autonomous battery 
management under uncertain and continuously changing operating conditions [187]. An 
RL agent can dynamically determine the appropriate charging power, discharging power, 
and energy dispatch decisions according to the current state of the battery and the sur-
rounding energy system. The reward function is designed to guide the agent toward op-
erating strategies that achieve multiple objectives, including maximizing economic bene-
fits, minimizing battery degradation, increasing RE utilization, and maintaining grid sta-
bility. By continuously interacting with the energy system and updating its control policy, 
RL-based battery controllers can adapt their decisions to variations in renewable genera-
tion, load demand, battery SOC, and other operating conditions. 

6.4.2. Microgrid Energy Management 

Reinforcement learning-based controllers have demonstrated considerable potential 
for energy management in MGs, including both grid-connected and islanded operating 
modes and systems involving multiple energy sources [188]. The ability of RL agents to 
learn directly from system interactions enables them to adapt their control strategies to 
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changing generation, demand, and grid conditions without relying entirely on predefined 
control rules. This adaptability, combined with online learning capability and robustness 
to operational uncertainties, makes RL particularly attractive for complex MG environ-
ments. RL-based controllers can coordinate RE sources, BESSs, conventional generators, 
and flexible loads to improve energy balance, reduce operating costs, and enhance the 
reliability of MG operation. 

6.4.3. Deep Reinforcement Learning 

Deep reinforcement learning (DRL) combines the decision-making capabilities of RL 
with the representation and feature-extraction capabilities of deep neural networks [189]. 
This combination enables RL agents to handle high-dimensional state and action spaces 
that may be difficult to manage using conventional RL approaches. Commonly employed 
DRL algorithms include Deep Q-Networks (DQN), Deep Deterministic Policy Gradient 
(DDPG), Twin Delayed Deep Deterministic Policy Gradient (TD3), and Proximal Policy 
Optimization (PPO). These algorithms have demonstrated promising performance in 
complex RE systems and smart grid applications by enabling adaptive control and opti-
mization under dynamic and uncertain operating conditions [190]. 

6.5. Genetic Algorithm Methods 

GAs are population-based optimization methods that have been investigated for sev-
eral RE-integrated energy-management problems, including energy scheduling, BESS siz-
ing, and system planning [190]. Their principal advantage is their ability to explore large 
and nonlinear search spaces without requiring differentiable objective functions. This 
makes GAs suitable for multi-objective EMS problems involving conflicting objectives 
such as operating cost, RE utilization, battery degradation, and system reliability. 

However, the literature also indicates an important trade-off between global search 
capability and computational efficiency. GAs generally require repeated evaluation of a 
population of candidate solutions, and the computational burden can become substantial 
when each evaluation involves a detailed battery, microgrid, or power-system simulation. 
Their performance is also influenced by population size, crossover and mutation param-
eters, and the formulation of the objective function. Consequently, although GAs can pro-
vide high-quality solutions for offline planning and scheduling, their suitability for fast 
real-time EMS applications is less established. 

A further limitation is the difficulty of comparing GA-based EMS studies because 
different studies employ different objective functions, constraints, renewable-generation 
profiles, battery models, and optimization horizons. Therefore, future research should fo-
cus on standardized benchmarks and computationally efficient multi-objective GA for-
mulations that explicitly account for battery degradation and uncertainty in renewable 
generation. 

6.6. Particle Swarm Optimization 

PSO is another population-based optimization method that has been applied to BESS 
dispatch, hybrid RE systems, energy scheduling, and economic EMS problems [191–193]. 
PSO searches the solution space by updating candidate solutions according to both indi-
vidual and collective search information. Its relatively simple formulation and small num-
ber of algorithmic operators make it attractive for optimization problems with continuous 
decision variables. 

Compared with GAs, PSO can provide relatively rapid convergence in some optimi-
zation problems; however, this advantage is not universal and depends strongly on the 
optimization landscape and parameter settings. Premature convergence may occur when 
particles become concentrated around locally optimal solutions, particularly in highly 
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nonlinear or multimodal EMS problems. Moreover, repeated optimization can become 
computationally demanding when detailed battery degradation or power-system models 
are incorporated into the objective function. 

Thus, the current evidence suggests that PSO is particularly attractive for parameter 
tuning, sizing, and offline or supervisory optimization, whereas its direct use for high-
frequency real-time control requires further investigation. Future studies should therefore 
evaluate PSO using realistic computational constraints and compare it against alternative 
optimization and learning-based methods under common operating scenarios. 

6.7. Hybrid Optimization Frameworks 

Hybrid optimization frameworks combine AI models with optimization algorithms 
to exploit complementary capabilities [192–195]. Examples include ANN–PSO, LSTM–GA, 
RL–PSO, and digital-twin-assisted optimization. In these frameworks, ML or DL models 
can provide predictions or learned representations, while optimization algorithms deter-
mine operating decisions according to system objectives and constraints. 

The principal advantage of hybridization is that it can address limitations that arise 
when either learning or optimization is used independently. For example, an AI model 
can forecast renewable generation or battery behavior, while an optimization algorithm 
uses these predictions to determine charging, discharging, or dispatch schedules. Never-
theless, hybridization also increases model complexity, computational requirements, and 
the number of parameters that must be validated. Importantly, combining two techniques 
does not inherently guarantee superior performance. 

Therefore, the value of hybrid AI should be demonstrated through fair comparisons 
with simpler baseline methods, rather than solely through improvements over a single 
conventional approach. Important research questions include whether the additional 
computational complexity produces meaningful system-level benefits, whether hybrid 
models remain robust under forecasting errors, and whether their performance can be 
maintained when transferred from simulation to real BESS and microgrid environments. 

.86 . Intelligent Energy Management in Microgrids 

Microgrids (MGs) represent an important application domain for AI-based EMSs be-
cause they integrate multiple distributed energy resources and operate under highly varia-
ble conditions [196]. A typical MG may include solar PV systems, wind turbines, BESSs, 
diesel generators, and flexible electrical loads. The EMS coordinates these components to 
maintain energy balance while optimizing the overall operation of the MG. Key objectives 
include minimizing operating costs, maximizing RE utilization, enhancing system reliability, 
and reducing emissions. AI-based EMSs can continuously adapt control and scheduling de-
cisions to changes in renewable generation, load demand, battery condition, and grid oper-
ating conditions, thereby improving the flexibility and resilience of MG operation. 

6.9.  Smart Grid Integration 

The transition toward smart grids has accelerated the development and deployment 
of intelligent EMSs [197]. Modern smart grids integrate advanced metering infrastructure, 
IoT devices, distributed energy resources, communication networks, and AI technologies 
to enable more responsive and coordinated power system operation. AI-driven EMSs can 
support demand response programs by adapting energy consumption to system condi-
tions and can facilitate energy trading and grid flexibility services through optimized gen-
eration and storage scheduling [198]. In addition, the integration of electric vehicles and 
vehicle-to-grid (V2G) technologies enables electric vehicles to function as flexible energy 
resources that can exchange power with the grid when appropriate. Collectively, these 
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capabilities improve the efficiency, flexibility, reliability, and resilience of future power 
systems with high penetration of distributed and RE resources [199]. 

6.10. DT-Assisted Energy Management 

Digital twin (DT) technology is increasingly being integrated into advanced energy 
management frameworks to provide dynamic and data-driven representations of physi-
cal energy systems [175]. A DT combines real-time measurements, physics-based models, 
and AI algorithms to continuously replicate and monitor the operational behavior of the 
physical system. By integrating these information sources, DT-enabled EMSs can support 
predictive control, scenario analysis, fault diagnosis, and asset optimization. The virtual 
representation allows different operating scenarios and control strategies to be evaluated 
before their implementation in the physical system, thereby reducing operational risks 
and improving decision-making. Consequently, DTs enable more proactive and adaptive 
energy management by providing continuous insight into system conditions and support-
ing data-driven control decisions. 

6.11. Economic and Environmental Benefits 

The implementation of AI-driven EMSs can provide significant economic and envi-
ronmental benefits for RE systems [172,173]. From an economic perspective, intelligent 
energy management can reduce electricity costs by optimizing energy consumption, bat-
tery charging and discharging, and power exchange with the grid. It can also improve 
energy arbitrage revenues by identifying favorable periods for electricity purchase and 
storage and reduce maintenance expenses through predictive monitoring and optimized 
asset utilization. Furthermore, improved battery utilization can enhance the effective use 
of installed storage capacity and potentially extend battery service life. 

From an environmental perspective, AI-enabled EMSs can facilitate higher penetra-
tion of RE by improving the coordination between variable renewable generation, energy 
storage, and electricity demand. Increased utilization of renewable resources can reduce 
dependence on fossil-fuel-based generation and consequently decrease greenhouse gas 
emissions. More efficient energy utilization and optimized storage operation can also con-
tribute to improved overall energy sustainability. Therefore, intelligent energy manage-
ment represents an important technological enabler for the transition toward more effi-
cient, low-carbon, and sustainable energy systems. 

6.12. Current Challenges 

Despite the significant progress in AI-enabled energy management, several chal-
lenges continue to hinder its widespread deployment. Forecasting uncertainties remain a 
fundamental challenge because renewable generation and electricity demand are strongly 
affected by variable environmental and operational conditions. In addition, limitations in 
data quality, including incomplete, noisy, or inconsistent datasets, can negatively affect 
the performance and reliability of AI models. The computational complexity of advanced 
AI algorithms can also create difficulties for real-time implementation, particularly in sys-
tems with limited computational resources. Furthermore, the increasing connectivity of 
EMSs introduces cybersecurity risks that may compromise data integrity, system opera-
tion, and grid security. The lack of standardized evaluation frameworks makes it difficult 
to compare AI-based EMS approaches consistently across different applications, while 
real-time implementation and scalability remain important concerns for large and highly 
distributed energy systems. Addressing these challenges is essential for achieving reliable, 
secure, scalable, and economically viable AI-enabled energy management [93,97].  
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6.13. Future Research Directions 

Future research on AI-enabled energy management is expected to focus on improv-
ing intelligence, adaptability, privacy, computational efficiency, and operational auton-
omy. XAI can enhance the transparency and interpretability of AI-based energy manage-
ment decisions, which is particularly important for safety-critical and highly regulated 
applications. Federated learning may enable multiple energy systems to collaboratively 
develop AI models without directly sharing sensitive operational data, while edge intel-
ligence can support low-latency decision-making by processing information closer to the 
point of energy consumption or generation. Physics-informed machine learning can fur-
ther improve model generalization by incorporating physical knowledge into data-driven 
approaches [99,106]. 

Multi-agent RL is another promising direction for coordinating multiple distributed 
energy resources and interacting energy management agents. In parallel, DTs can provide 
continuously updated virtual representations of energy assets and support predictive con-
trol, fault detection, and system optimization. The development of autonomous energy 
communities and transactive energy systems may further enable distributed participants to 
coordinate energy generation, consumption, storage, and trading through intelligent and 
decentralized mechanisms. Collectively, these emerging technologies are expected to en-
hance the intelligence, adaptability, resilience, and sustainability of RE systems and support 
the development of more decentralized and autonomous future energy infrastructures [70]. 

Intelligent EMSs play a crucial role in enabling the large-scale integration of RESs. AI 
techniques, including ML, DL, RL, and advanced optimization algorithms, provide pow-
erful tools for forecasting, scheduling, dispatch optimization, and decision-making. By 
improving RE utilization, reducing operational costs, enhancing battery lifetime, and sup-
porting grid stability, AI-driven EMSs are becoming indispensable components of mod-
ern RE infrastructures. As digitalization and AI technologies continue to evolve, intelli-
gent energy management will remain a key research and development area for achieving 
sustainable and resilient energy systems [173,176]. 

6.14. Comparative Analysis and Research Gaps 

The literature reviewed in this section demonstrates that AI-based EMSs provide 
complementary capabilities for RE integration rather than a universally superior solution. 
ML and DL methods are primarily valuable for forecasting and data-driven prediction, 
whereas RL and DRL are particularly suited to sequential decision-making and adaptive 
control. Evolutionary and metaheuristic methods, including GA and PSO, provide flexible 
optimization capabilities for sizing, scheduling, and parameter tuning, while hybrid ap-
proaches seek to combine prediction, optimization, and control within a unified frame-
work. DT-assisted approaches further extend these capabilities by providing continuously 
updated virtual representations of physical energy assets. 

However, the comparison of published studies remains challenging because perfor-
mance is strongly affected by differences in datasets, renewable-generation profiles, bat-
tery models, objective functions, optimization horizons, and evaluation metrics. Moreover, 
many AI-based EMS studies remain dependent on simulations or historical datasets, with 
relatively limited validation under long-term real-world operating conditions. Important 
unresolved issues therefore include cross-condition generalization, uncertainty-aware de-
cision-making, computational efficiency, battery-degradation modeling, cybersecurity, 
explainability, and safe real-time deployment. 

Table 7 summarizes the principal characteristics of the AI approaches discussed in 
this section and highlights their respective roles, data requirements, adaptability, compu-
tational demands, limitations, and research priorities. The comparison indicates that fu-
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ture progress should not be evaluated solely according to prediction accuracy or optimi-
zation cost. Instead, AI-based EMSs should be assessed at the system level, considering 
renewable-energy utilization, battery degradation, economic performance, reliability, 
safety, computational efficiency, and robustness under realistic operating conditions. 

Table 7. Comparative analysis of AI-based intelligent energy management strategies for RE-inte-
grated BESSs. 

Approach Main EMS Role Data Re-
quirement 

Adaptability Main Ad-
vantage 

Main Limitation Research Gap 

ML 
Forecasting/schedul-

ing Moderate Moderate 
Efficient nonlin-
ear prediction 

Limited extrapola-
tion 

Cross-condi-
tion validation 

DL 
Forecasting/schedul-

ing High 
Moderate–

High 
Temporal and 

feature learning 
Data/computa-
tional demand 

Transfer learn-
ing 

RL Control/dispatch 
High or envi-
ronment-de-

pendent 
High Sequential deci-

sion-making 
Safety and training 

complexity 

Safe RL and 
real-world val-

idation 

DRL Complex EMS/control High High 
High-dimen-

sional decision-
making 

High computa-
tional cost 

Sim-to-real 
transfer 

Metaheuristic Optimization Low–Moder-
ate 

Moderate Global search Computational 
burden 

Real-time opti-
mization 

Hybrid AI Integrated EMS High High 
Combines com-
plementary ca-

pabilities 

Increased complex-
ity 

Standardized 
benchmarking 

Table 7 highlights that the different AI approaches provide complementary rather 
than interchangeable capabilities in intelligent EMSs. ML and DL methods are particularly 
suitable for forecasting and data-driven prediction, whereas RL and DRL are more appro-
priate for sequential control and adaptive energy management. Metaheuristic methods 
provide effective optimization capabilities but may face computational limitations in real-
time applications. Hybrid AI frameworks offer greater flexibility by combining comple-
mentary approaches, although this benefit is accompanied by increased model complexity 
and data requirements. Overall, the comparison indicates that future EMS development 
should prioritize generalization, uncertainty awareness, computational efficiency, safety, 
and real-world validation rather than prediction or optimization accuracy alone. 

7. Digital Twins and Predictive Maintenance Technologies 
The rapid advancement of BESSs and RE infrastructures has increased the need for 

intelligent monitoring and maintenance solutions capable of ensuring high reliability, safety, 
and operational efficiency. In this context, DT technology has emerged as a transformative 
approach for creating virtual representations of physical battery systems that continuously 
interact with real-time operational data. By integrating sensor measurements, physics-based 
models, AI algorithms, and cloud computing platforms, DTs enable accurate simulation, 
monitoring, diagnostics, and performance prediction throughout the battery lifecycle [175]. 
One of the most promising applications of DTs is predictive maintenance, which aims to 
anticipate potential failures and degradation mechanisms before they occur. Unlike tradi-
tional maintenance strategies, which are either corrective or time-based, predictive mainte-
nance leverages data-driven intelligence to estimate battery health, detect anomalies, predict 
RUL, and optimize maintenance scheduling. Recent advances in ML, DL, and hybrid AI 
models have significantly enhanced the capabilities of DT-enabled predictive maintenance 
systems, allowing operators to reduce downtime, minimize maintenance costs, improve 
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safety, and extend battery lifetime [170,171]. Furthermore, the combination of DTs with IoT 
technologies, edge computing, and explainable AI is paving the way for autonomous and 
self-adaptive battery management frameworks. Consequently, DTs and predictive mainte-
nance technologies are expected to play a crucial role in the future development of intelli-
gent, resilient, and sustainable RE systems. 

7.1. Fundamentals of Digital Twin Technology 

Digital twin (DT) technology has emerged as one of the most promising innovations in 
Industry 4.0 and intelligent energy systems. A DT can be defined as a virtual representation 
of a physical asset that continuously exchanges information with its real-world counterpart 
through sensors, communication networks, and data processing platforms [193]. By integrat-
ing real-time operational data, physical models, simulation tools, and AI algorithms, the DT 
provides a comprehensive understanding of system behavior throughout its lifecycle [194]. 

In BESSs, DTs enable continuous synchronization between physical batteries and their 
virtual models. This capability facilitates real-time monitoring, performance analysis, anom-
aly detection, and predictive decision-making. Unlike conventional simulation models, DTs 
continuously evolve based on operational data, allowing them to accurately reflect the ac-
tual state of the battery under varying environmental and operating conditions [175]. 

The architecture of a battery DT typically comprises four interconnected layers. The 
physical layer represents the battery cells, modules, and packs that constitute the real-
world asset. The data acquisition layer encompasses the sensors and communication sys-
tems responsible for collecting and transmitting operational information from the physi-
cal battery. The digital modeling layer incorporates physics-based and AI-driven models 
to reproduce and analyze the battery’s behavior in the virtual environment. Finally, the 
decision-support layer applies optimization, diagnostic, and control techniques to sup-
port intelligent decision-making and system management. The integration of these layers 
enables the development of intelligent battery systems capable of continuous self-moni-
toring, accurate state assessment, and adaptive management. 

7.2. Digital Twins for BESSs 

BESSs operate under highly dynamic conditions characterized by variations in tem-
perature, charging and discharging rates, load profiles, and battery degradation mecha-
nisms. These variations can significantly affect battery performance and reliability, mak-
ing accurate monitoring, state estimation, and operational management challenging 
[195,200]. In this context, DTs provide a promising framework for representing the behav-
ior of physical battery systems through continuously updated virtual models. A DT can 
integrate electrochemical battery models, equivalent circuit models, thermal models, AI-
based algorithms, and real-time sensor measurements to provide a comprehensive repre-
sentation of the battery’s operating condition. By combining model-based and data-driven 
approaches, DTs can support real-time monitoring, virtual performance evaluation, and 
degradation assessment throughout the operational lifetime of BESSs. Several important 
applications of DTs in battery systems have been reported in recent years. 

7.2.1. Real-Time Monitoring 

Real-time monitoring is one of the fundamental applications of DTs in BESSs. 
Through the continuous integration of sensor measurements with the virtual representa-
tion of the physical battery, DTs can provide real-time information on critical battery pa-
rameters, including the SOC, SOH, internal resistance, cell temperature, and voltage im-
balance [175]. The continuous assessment of these parameters enables the digital twin to 
track changes in battery operating conditions and identify deviations from expected be-
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havior. Such deviations may indicate abnormal operating conditions, cell-level inconsist-
encies, or early signs of degradation. Consequently, DT-based monitoring can assist op-
erators in maintaining BESSs within appropriate operating conditions while facilitating 
the early detection of abnormal behavior and supporting more reliable system operation. 

7.2.2. Virtual Performance Evaluation 

In addition to real-time monitoring, DTs enable the virtual evaluation of BESS per-
formance under a wide range of operating conditions without directly interrupting or ex-
posing the physical system to potentially unfavorable scenarios [201]. The virtual repre-
sentation can be used to investigate battery responses to different charging and discharg-
ing profiles, including fast-charging scenarios, extreme temperature conditions, high-
power demand events, and fluctuations in RE generation. Such virtual experiments pro-
vide an opportunity to evaluate the potential impact of different operating scenarios be-
fore their implementation in the physical BESS. This capability can support operational 
planning, performance optimization, and informed decision-making while reducing the 
risks associated with direct testing under demanding operating conditions. 

7.2.3. Battery Degradation Modeling 

Battery degradation modeling represents another important application of DTs, par-
ticularly for estimating long-term battery performance and lifetime [175,201]. Battery ag-
ing is influenced by several interacting factors, including cycling frequency, depth of dis-
charge, charging protocols, and environmental conditions. Because these factors can vary 
considerably during BESS operation, accurately tracking degradation requires continuous 
assessment of the battery’s operational history and current condition. DTs can address 
this challenge by continuously incorporating updated operational data into degradation 
models, allowing the evolution of battery health and performance loss to be tracked over 
time. This dynamic updating capability can improve the estimation of battery lifetime and 
provide valuable information for operational planning, maintenance decisions, and the 
effective management of BESSs throughout their service life. 

7.3. AI-Driven Predictive Maintenance 

Predictive maintenance has become an important research area in battery manage-
ment because of its potential to improve system reliability, reduce unexpected failures, 
and minimize operational and maintenance costs [202]. Conventional maintenance strat-
egies generally rely on corrective or preventive approaches. Corrective maintenance is 
performed after a failure has occurred, whereas preventive maintenance is typically con-
ducted according to predefined time intervals or operating conditions. Although these 
approaches can contribute to system reliability, they may also result in unnecessary 
maintenance interventions or may fail to identify unexpected degradation and failures at 
an early stage. These limitations have encouraged the development of more condition-
aware maintenance strategies based on continuous battery monitoring and prediction. 

AI-driven predictive maintenance provides a promising approach by combining 
real-time monitoring with data-driven health assessment and failure prediction. In such 
frameworks, AI algorithms can analyze historical and real-time battery data to identify 
degradation patterns, detect abnormal operating behavior, and estimate the future evolu-
tion of battery health. The predictive maintenance process generally involves several in-
terconnected stages, beginning with data acquisition from the BESS and its monitoring 
system, followed by feature extraction and health assessment. The extracted information 
can then be used by AI models to identify degradation trends and predict potential fail-
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ures or future changes in battery condition [34,37]. The resulting predictions can subse-
quently support maintenance scheduling based on the actual and expected condition of 
the battery rather than relying solely on predefined maintenance intervals. 

By continuously analyzing battery operating data, AI-based approaches can identify 
patterns that may indicate accelerated degradation or the early development of a fault 
before a critical failure occurs. This predictive capability provides operators with an op-
portunity to take corrective or preventive actions at an appropriate stage, potentially re-
ducing unexpected downtime and extending the useful operating life of the battery sys-
tem. Furthermore, the integration of health assessment, failure prediction, and mainte-
nance scheduling allows predictive maintenance to become an integral component of 
BESS lifecycle management. Overall, the combination of AI-based data analysis with con-
tinuous battery monitoring offers a pathway toward more reliable, condition-based, and 
cost-effective maintenance of BESSs. 

7.4. Remaining Useful Life Prediction 

Remaining useful life (RUL) prediction is one of the most important tasks in battery 
predictive maintenance because it provides an estimate of the remaining operational ca-
pability of a battery [171]. RUL generally represents the estimated remaining time or num-
ber of charge–discharge cycles before the battery reaches a predefined end-of-life thresh-
old [169–171]. Accurate RUL prediction enables maintenance activities to be planned be-
fore significant degradation or failure occurs, thereby reducing maintenance costs, im-
proving operational reliability, enhancing asset management, and increasing battery 
safety. Reliable RUL estimation is therefore essential for optimizing battery utilization and 
avoiding unexpected interruptions in energy storage systems. 

7.4.1. Machine Learning Approaches 

Several machine learning (ML) algorithms have been applied to battery RUL predic-
tion, including SVR, RF, gradient boosting machines, and Gaussian process regression 
[170,171,203]. These data-driven approaches can identify degradation patterns and non-
linear relationships from historical battery datasets and use them to estimate future deg-
radation trajectories. Their effectiveness, however, depends strongly on the quality, diver-
sity, and representativeness of the available training data. Models trained using datasets 
obtained under limited operating conditions may have reduced generalization capability 
when applied to batteries operating under different temperatures, load profiles, charging 
strategies, or aging conditions. 

7.4.2. Deep Learning Approaches 

Deep learning (DL) methods have demonstrated significant potential for improving 
battery prognostics and RUL prediction because of their ability to learn complex nonlinear 
degradation patterns directly from large datasets [170]. Commonly employed architec-
tures include LSTM networks, GRUs, CNNs, and Transformer networks. LSTM-based 
models are particularly suitable for RUL prediction because battery degradation is inher-
ently a time-dependent process and LSTM architectures can capture long-term temporal 
dependencies in sequential battery data. CNNs can extract representative features from 
battery signals, while Transformer-based models provide promising capabilities for mod-
eling long-range dependencies through attention mechanisms. 

7.4.3. Hybrid Approaches 

Hybrid RUL prediction approaches combine physics-based degradation models with 
ML and DL techniques to exploit the complementary advantages of model-based and 
data-driven methods. Physics-based models provide information about the underlying 
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degradation mechanisms, while AI models can learn complex relationships that may be 
difficult to represent using simplified physical models. The combination of these ap-
proaches can improve prediction accuracy, robustness, and generalization under varying 
operating conditions. Hybrid frameworks are therefore particularly promising for practi-
cal battery prognostics where both physical consistency and adaptability to real-world 
data are required [142,149]. 

Table 8 provides a comparative analysis of the principal AI and digital twin ap-
proaches employed in battery prognostics and predictive maintenance. The comparison 
considers their main applications, data requirements, temporal modeling capabilities, in-
terpretability, computational demand, and suitability for real-time implementation. Con-
ventional ML methods generally provide relatively low computational requirements and 
can perform effectively with moderate-sized datasets, whereas DL approaches offer 
stronger capabilities for extracting complex temporal degradation patterns at the expense 
of higher data and computational requirements. Hybrid AI approaches provide a means 
of combining data-driven learning with physical battery knowledge, potentially improv-
ing robustness and generalization under varying operating conditions. Digital twin-based 
approaches extend these capabilities by integrating real-time measurements, physics-
based models, and AI-driven analytics to support continuous monitoring, diagnosis, 
prognostics, and maintenance decision-making. 

Table 8. Comparative analysis of AI and digital twin approaches for battery prognostics and pre-
dictive maintenance. 

Approach 
Main Applica-

tions 
Data Re-

quirement 
Temporal 
Modeling 

Interpret-
ability 

Computa-
tional De-

mand 

Real-Time 
Suitabil-

ity 

Main Limita-
tion 

Research 
Priority 

ML 

RUL predic-
tion, degrada-

tion assess-
ment, fault di-

agnosis 

Low–Moder-
ate Moderate 

Moder-
ate–High 

Low–Moder-
ate High 

Limited gen-
eralization 

under unseen 
conditions 

Cross-condi-
tion valida-

tion 

DL 

RUL predic-
tion, degrada-
tion modeling, 
fault diagnosis 

High High Low High Moderate 
High data and 
computational 
requirements 

Transfer 
learning and 
lightweight 

DL 

LSTM/GRU 

RUL predic-
tion, degrada-
tion forecast-

ing, health 
monitoring 

High Very High Low Moderate–
High Moderate 

Long training 
and depend-
ence on se-

quential data 

Efficient 
temporal ar-
chitectures 

CNN 

Fault detection, 
feature extrac-
tion, anomaly 

diagnosis 

Moderate–
High Moderate Low High Moderate 

Limited tem-
poral repre-

sentation 
when used 

alone 

CNN–LSTM 
and hybrid 

architectures 

Transformer 
Long-term deg-

radation and 
RUL prediction 

High Very High 
Low–

Moderate Very High 
Moderate–

Low 

Large data 
and computa-
tional require-

ments 

Efficient and 
lightweight 
Transform-

ers 

https://doi.org/10.3390/batteries12090353


Batteries 2026, 12, 353 73 of 90 
 

https://doi.org/10.3390/batteries12090353 

Hybrid AI 

RUL predic-
tion, degrada-
tion modeling, 
fault diagnosis 

Moderate–
High 

High Variable High Moderate 
Increased 

model com-
plexity 

Physics-in-
formed hy-
brid models 

Anomaly 
Detection 

Early fault de-
tection, abnor-
mal behavior 
identification 

Low–Moder-
ate 

Moderate Moderate 
Low–Moder-

ate 
High 

Difficulty dis-
tinguishing 

rare abnormal 
events 

Unsuper-
vised and 
self-super-

vised learn-
ing 

DT 

Real-time mon-
itoring, prog-

nostics, virtual 
testing, mainte-
nance planning 

High Very High High/Var-
iable 

High Moderate 
Model fidelity 
and synchro-

nization 

Real-time 
DT and un-

certainty 
quantifica-

tion 

DT + AI 

Predictive 
maintenance, 
RUL, fault di-
agnosis, lifecy-
cle optimiza-

tion 

High Very High Variable Very High Moderate 

High integra-
tion and com-

putational 
complexity 

Autono-
mous and 
physics-in-
formed DT 

AI + 
IoT/Edge 

Real-time mon-
itoring, fault 

detection, pre-
dictive mainte-

nance 

Moderate–
High 

High Variable Moderate High 

Hardware 
and commu-
nication con-

straints 

Edge AI and 
distributed 
intelligence 

As shown in Table 8, no single approach is universally optimal for battery predictive 
maintenance. The selection of an appropriate method depends on the available data, re-
quired prediction horizon, computational resources, model interpretability, and deploy-
ment environment. In particular, hybrid AI and DT-based frameworks offer promising 
solutions for practical BESS applications because they can combine predictive capability 
with physical consistency and continuous condition monitoring. 

7.5. Fault Detection and Diagnostics 

Battery faults can significantly affect system performance, safety, and operational re-
liability [172,173]. Common failure modes include internal short circuits, thermal runa-
way, cell imbalance, sensor failures, overcharging, and over-discharging. If these condi-
tions are not detected at an early stage, they may accelerate battery degradation and, in 
severe cases, lead to catastrophic failures. Early fault detection is therefore a critical func-
tion of advanced BMSs, enabling corrective actions to be initiated before abnormal condi-
tions develop into serious safety or performance problems. 

7.5.1. AI-Based Fault Detection 

Artificial intelligence techniques have significantly enhanced battery fault detection 
and diagnostic capabilities by enabling the identification of complex patterns associated 
with abnormal operating conditions [172]. Commonly employed approaches include 
ANNs, SVMs, Random Forests, autoencoders, and CNNs. These models can learn char-
acteristic relationships between electrical, thermal, and operational variables and identify 
subtle fault signatures that may be difficult to detect using conventional threshold-based 
monitoring methods. AI-based diagnosis can therefore improve the sensitivity and time-
liness of fault detection while supporting the classification of different fault types. 
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7.5.2. Anomaly Detection 

Anomaly detection provides an alternative approach for identifying abnormal bat-
tery behavior by detecting deviations from established patterns of normal operation [173]. 
Common methods include principal component analysis (PCA), Isolation Forest, varia-
tional autoencoders (VAEs), and deep autoencoders. These techniques can identify abnor-
mal observations without necessarily requiring extensive labeled fault datasets, which is 
particularly valuable because severe battery faults are relatively rare and difficult to re-
produce experimentally. By detecting deviations at an early stage, anomaly detection 
methods can support warning systems and enable preventive actions before abnormal 
conditions develop into major battery failures. 

7.6. Digital Twin-Assisted Fault Management 

The integration of DTs with AI provides an advanced framework for battery fault 
management and condition monitoring [175]. A DT continuously compares the measured 
behavior of the physical battery with its predicted behavior obtained from physics-based 
and AI-driven models. Significant discrepancies between the actual and predicted re-
sponses may indicate sensor malfunctions, accelerated degradation, abnormal operating 
conditions, or potential safety hazards. This continuous comparison enables more accu-
rate and timely diagnosis than approaches based solely on fixed monitoring thresholds. 
DT-assisted fault management can consequently reduce fault detection time and false 
alarms while improving operational safety and maintenance planning. Furthermore, con-
tinuous updating of the digital representation allows the diagnostic model to adapt to 
changes in battery condition throughout its operational lifetime. 

7.7. Integration of IoT and Edge Computing 

The effectiveness of DTs and predictive maintenance systems depends strongly on 
the availability of reliable operational data and sufficient computational capabilities. IoT 
technologies facilitate real-time sensing, wireless communication, and remote monitoring 
of battery systems, enabling continuous acquisition and transmission of electrical, thermal, 
and environmental information [204]. Edge computing complements IoT architectures by 
processing data locally and close to the physical battery system rather than transferring 
all information to remote cloud platforms. This distributed architecture can reduce com-
munication latency, improve cybersecurity, enable faster real-time decision-making, and 
reduce dependence on cloud infrastructure. The integration of IoT, edge computing, AI, 
and DT technologies therefore provides a foundation for developing next-generation in-
telligent battery systems capable of continuous monitoring, predictive diagnostics, and 
autonomous operation. 

7.8. Economic and Operational Benefits 

The integration of DTs and predictive maintenance technologies can provide sub-
stantial economic, operational, and environmental benefits for BESSs [205]. From an eco-
nomic perspective, predictive maintenance can reduce maintenance costs and operational 
expenses by identifying degradation and potential failures before they result in costly 
breakdowns. More effective battery monitoring and control can also improve battery uti-
lization and potentially extend its operational lifetime, increasing the economic value of 
the installed storage capacity. 

Operationally, these technologies can improve system reliability and safety while re-
ducing unexpected downtime and improving overall energy efficiency. Continuous mon-
itoring and predictive fault detection enable maintenance activities to be scheduled ac-
cording to the actual condition of the battery rather than fixed maintenance intervals. 
From an environmental perspective, extending battery lifetime can reduce the frequency 
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of battery replacement and associated waste, while improved resource utilization can con-
tribute to greater sustainability. Collectively, these benefits can enhance the technical and 
economic viability of RE projects incorporating battery energy storage. 

7.9. Current Challenges 

Despite the considerable progress in AI-, DT-, and predictive-maintenance-based 
battery management, several challenges continue to limit large-scale industrial adoption. 
Data-related challenges include the limited availability of comprehensive degradation da-
tasets, inconsistencies in data quality, and inaccuracies associated with battery sensors. 
These limitations can reduce the reliability and generalization capability of predictive 
models. Modeling challenges also remain significant because battery behavior is highly 
nonlinear and depends on multiple interacting factors, while model uncertainty and scala-
bility can complicate deployment across different battery chemistries and system sizes. 

Computational requirements represent another important challenge, particularly for 
advanced AI and DT frameworks that must process large volumes of data and provide 
predictions in real time. High processing requirements may limit implementation on re-
source-constrained BMS hardware. In addition, the increasing connectivity of battery sys-
tems introduces cybersecurity challenges related to data privacy, communication vulner-
abilities, unauthorized access, and protection of digital infrastructure. Addressing these 
data, modeling, computational, and cybersecurity challenges is essential for achieving re-
liable, scalable, and secure industrial deployment of intelligent battery management tech-
nologies. 

7.10. Future Research Directions 

Future research is expected to focus on developing more accurate, interpretable, au-
tonomous, and computationally efficient battery prognostics and maintenance frame-
works. XAI can improve the interpretability of AI-based predictions and provide engi-
neers with greater insight into the factors influencing RUL estimates and fault detection 
decisions. Physics-informed neural networks (PINNs) represent another promising direc-
tion because they incorporate physical knowledge into neural network models, poten-
tially improving prediction accuracy and generalization while reducing dependence on 
extensive datasets. 

Federated learning can enable collaborative model training across multiple battery sys-
tems while reducing the need to share sensitive operational data. Edge AI can further sup-
port real-time prediction and diagnosis by moving computationally intensive tasks closer 
to the battery system. In addition, autonomous digital twins could continuously update 
their models based on real-time operating data and provide increasingly independent diag-
nostic and maintenance decisions. Self-healing battery systems and multi-agent predictive 
maintenance frameworks represent further emerging directions in which intelligent sys-
tems could autonomously coordinate monitoring, fault response, and maintenance activi-
ties across multiple battery assets. Collectively, these technologies are expected to improve 
prediction accuracy, model interpretability, operational autonomy, safety, and reliability, 
thereby supporting the development of more intelligent and sustainable BESSs. 

DTs and predictive maintenance technologies are transforming the management of 
BESSs. By integrating real-time monitoring, AI, physics-based models, IoT infrastructures, 
and advanced analytics, these technologies provide unprecedented capabilities for battery 
diagnostics, prognostics, fault management, and lifetime optimization. The combination 
of DTs and AI-driven predictive maintenance not only improves operational reliability 
and safety but also contributes to reducing costs and enhancing the sustainability of RE 
systems. As battery deployments continue to expand worldwide, DT-enabled intelligent 
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maintenance frameworks are expected to become essential components of future energy 
storage infrastructures. 

8. Current Challenges and Research Gaps 
Despite the remarkable progress achieved in the development of AI-driven BESSs for 

RE applications, several technical, economic, and operational challenges continue to hin-
der their large-scale deployment and practical implementation. One of the primary chal-
lenges is the limited availability of high-quality, publicly accessible battery datasets cov-
ering diverse operating conditions, degradation mechanisms, and environmental factors. 
Most AI models require extensive training data to achieve reliable performance, yet many 
existing datasets are either proprietary, incomplete, or collected under laboratory condi-
tions that do not accurately represent real-world operation. Furthermore, battery degra-
dation is influenced by numerous interacting variables, including temperature, charg-
ing/discharging rates, depth of discharge, and aging phenomena, making the develop-
ment of universally applicable AI models particularly challenging. 

Another significant research gap concerns the generalization capability of AI algo-
rithms. Many ML and DL models demonstrate excellent performance when evaluated on 
specific datasets but experience substantial accuracy degradation when applied to differ-
ent battery chemistries, operating conditions, or application scenarios. This limitation 
raises concerns regarding the robustness and scalability of current AI-based battery man-
agement solutions. Additionally, advanced DL architectures such as Long Short-Term 
Memory (LSTM) networks, Transformers, and Deep Reinforcement Learning (DRL) 
frameworks often require considerable computational resources, which may limit their 
deployment in real-time embedded BMSs with constrained hardware capabilities. 

Model interpretability and transparency also remain critical challenges. Although 
complex AI models can provide highly accurate predictions for SOC, SOH, and RUL, their 
black-box nature often prevents operators and engineers from understanding the under-
lying decision-making process. Consequently, the integration of XAI techniques has be-
come an important research direction aimed at improving model transparency, trustwor-
thiness, and industrial acceptance. 

From an operational perspective, cybersecurity and data privacy issues represent 
growing concerns as battery systems become increasingly connected through IoT plat-
forms, cloud computing infrastructures, and DT environments. Unauthorized access, data 
manipulation, and cyberattacks may compromise the reliability and safety of intelligent 
energy storage systems. Therefore, secure communication protocols, federated learning 
frameworks, and privacy-preserving AI methodologies require further investigation. 

Moreover, the integration of AI-based BMSs with RESs introduces additional chal-
lenges related to uncertainty management, renewable generation forecasting, and multi-
objective optimization. Existing energy management frameworks often focus on a limited 
number of objectives, such as economic optimization or battery lifetime extension, while 
neglecting broader aspects including grid stability, environmental impact, resilience, and 
user preferences. Developing holistic and adaptive optimization strategies capable of sim-
ultaneously addressing multiple objectives remains an open research problem. 

Table 9 summarizes the major challenges and research gaps identified in the devel-
opment of AI-driven BESSs for RE applications. The challenges extend beyond prediction 
accuracy and include data availability, model generalization, computational efficiency, 
interpretability, cybersecurity, uncertainty management, digital twin synchronization, 
and benchmarking. Addressing these limitations requires a shift from isolated algorithm 
development toward more robust, transferable, physically consistent, secure, and appli-
cation-oriented AI frameworks. 
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Table 9. Major challenges, research gaps, and recommended research directions for AI-driven BESSs. 

Challenge Current Limitation 
Impact on BESS 

Applications Research Gap 
Recommended Di-

rection Challenge 

Data availability Limited high-quality 
and diverse datasets 

Poor model relia-
bility 

Lack of repre-
sentative real-
world datasets 

Open-access multi-
condition datasets 

Data availability 

Model generaliza-
tion 

Performance de-
creases under un-
seen conditions 

Limited transfera-
bility 

Weak cross-chem-
istry and cross-
domain valida-

tion 

Transfer learning 
and domain adap-

tation 

Model generaliza-
tion 

Computational com-
plexity 

DL, DRL, and DT 
models require high 

resources 

Difficult real-time 
deployment 

Lack of light-
weight AI models 

Edge AI and model 
compression 

Computational 
complexity 

Interpretability 
Black-box behavior 
of complex models 

Reduced trust 
and safety 

Limited physi-
cally meaningful 

explanations 

XAI and physics-in-
formed AI Interpretability 

Cybersecurity 
Increasing connec-

tivity creates vulner-
abilities 

Safety and opera-
tional risks 

Limited secure 
AI-BMS frame-

works 

Federated and pri-
vacy-preserving 

learning 
Cybersecurity 

Uncertainty 
Forecasting and bat-
tery degradation are 

uncertain 

Risk of incorrect 
decisions 

Limited uncer-
tainty-aware AI 

Probabilistic and 
uncertainty-aware 

models 
Uncertainty 

Multi-objective opti-
mization 

Economic, technical, 
environmental ob-

jectives may conflict 

Suboptimal EMS 
decisions 

Limited holistic 
optimization 

Multi-objective RL 
and hybrid optimi-

zation 

Multi-objective op-
timization 

Digital twins 
Synchronization and 

model fidelity re-
main challenging 

Limited real-time 
DT deployment 

Lack of standard-
ized DT architec-

tures 

Autonomous and 
adaptive DTs 

DTs 

Benchmarking Different datasets 
and metrics are used 

Difficult fair com-
parison 

Lack of standard-
ized protocols 

Common bench-
marks and evalua-

tion standards 
Benchmarking 

The comparison highlights that the major research gaps are strongly interconnected. 
For example, limited data availability affects model generalization, while increasing 
model complexity can improve predictive performance but restrict real-time deployment. 
Similarly, the integration of AI with DTs can enhance adaptability and monitoring capa-
bilities but introduces additional requirements for synchronization, computational re-
sources, and cybersecurity. Therefore, future research should prioritize integrated solu-
tions rather than optimizing individual AI models in isolation. 

DT technology, despite its significant potential, still faces several limitations regard-
ing model accuracy, real-time synchronization, computational complexity, and lifecycle 
management. Future research should focus on developing autonomous DTs capable of 
self-learning, self-updating, and adaptive decision-making under dynamic operating con-
ditions. Similarly, Physics-Informed ML (PIML) and PINNs have emerged as promising 
approaches for combining electrochemical knowledge with data-driven intelligence, yet 
their application to battery systems remains relatively unexplored. 

Finally, there is a lack of standardized benchmarking frameworks and evaluation 
protocols continues to hinder the fair comparison of AI-based battery management solu-
tions. Establishing common datasets, performance metrics, testing procedures, and vali-
dation methodologies would significantly facilitate technology assessment and accelerate 
industrial adoption. Therefore, future research efforts should prioritize the development 
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of robust, interpretable, secure, and computationally efficient AI frameworks capable of 
supporting the next generation of intelligent BESSs for RE applications. 

9. Future Research Directions and Conclusions 
9.1. Future Research Directions 

The rapid evolution of BESSs, RE technologies, and AI is creating unprecedented op-
portunities for the development of next-generation intelligent energy systems. Although 
significant progress has been achieved in recent years, several research directions remain 
open and are expected to shape future developments in this field. 

One of the most promising directions is the integration of PIML and PINNs into BMSs. 
Traditional data-driven models often require large amounts of training data and may suffer 
from poor generalization capabilities. By incorporating electrochemical and thermody-
namic knowledge into AI algorithms, physics-informed approaches can improve prediction 
accuracy, robustness, and interpretability while reducing data requirements. 

Another important research area involves the development of XAI for battery applica-
tions. Although DL models have demonstrated remarkable performance in SOC, SOH, fault 
diagnosis, and RUL prediction, their black-box nature remains a major obstacle to industrial 
adoption. Future studies should focus on designing transparent AI frameworks capable of 
providing interpretable and trustworthy predictions for operators and decision-makers. 

The convergence of DT technology, IoT, and Edge AI is also expected to revolutionize 
battery monitoring and control. Future DTs should evolve from passive monitoring tools into 
autonomous decision-support systems capable of self-learning, self-adaptation, and real-time 
optimization. Edge AI solutions will further enable low-latency processing and decentralized 
intelligence, reducing communication requirements and improving cybersecurity. 

In addition, Federated Learning (FL) represents a promising solution to address data 
privacy and cybersecurity concerns. Battery data are often distributed across multiple de-
vices, facilities, and organizations, making centralized data collection difficult. Federated 
learning allows collaborative model training without sharing raw data, thereby preserv-
ing privacy while benefiting from large-scale distributed learning. 

Another emerging research direction is the application of DRL and Multi-Agent Re-
inforcement Learning (MARL) for intelligent energy management. These approaches can 
support autonomous decision-making in complex environments involving RESs, battery 
storage systems, EVs, and smart grids. Future energy management frameworks are ex-
pected to evolve toward self-organizing and adaptive architectures capable of responding 
to dynamic operating conditions in real time. 

Furthermore, increasing attention is being devoted to the development of sustainable 
and environmentally friendly battery technologies, including sodium-ion batteries, solid-
state batteries, lithium-sulfur batteries, and advanced recycling processes. Future AI-
based BMSs must be adapted to the specific characteristics of these emerging technologies 
while supporting circular economy objectives and lifecycle sustainability assessments. 

Finally, establishing ‘standardized benchmarking frameworks’, open-access datasets, 
and unified evaluation metrics remains essential for accelerating technological develop-
ment and facilitating objective comparisons among different AI methodologies. Collabo-
rative efforts between academia, industry, and regulatory organizations will play a critical 
role in achieving these goals. 

9.2. Conclusions 

BESSs have become indispensable components of modern RE infrastructures, 
providing the flexibility and reliability required to accommodate the increasing penetra-
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tion of intermittent RESs. At the same time, AI has emerged as a transformative technol-
ogy capable of addressing many of the challenges associated with battery monitoring, di-
agnostics, prognostics, control, and optimization. 

This review has presented a comprehensive overview of AI-driven BESSs for RE ap-
plications. First, the major battery technologies and their role in RE integration were dis-
cussed, highlighting their contributions to energy balancing, peak shaving, frequency reg-
ulation, and grid stability. Subsequently, the main AI techniques employed in battery ap-
plications were reviewed, including ML, DL, RL, evolutionary optimization algorithms, 
and hybrid intelligent approaches. 

The review further examined recent advances in AI-based BMSs, focusing on SOC 
estimation, SOH assessment, RUL prediction, fault diagnosis, thermal management, and 
charging optimization. Intelligent energy management strategies for RE systems were also 
analyzed, demonstrating how AI can enhance forecasting accuracy, optimize battery 
scheduling, improve MG operation, and support smart grid functionalities. 

Particular attention was devoted to DT technologies and predictive maintenance 
frameworks, which represent key enablers of next-generation intelligent battery systems. 
By combining real-time monitoring, physics-based models, and AI algorithms, DTs pro-
vide unprecedented capabilities for battery diagnostics, prognostics, and lifecycle optimi-
zation. The review also identified several current challenges and research gaps, including 
data scarcity, model generalization, computational complexity, interpretability issues, cy-
bersecurity concerns, and the lack of standardized evaluation methodologies. 

Overall, AI should not be considered a universal replacement for conventional battery 
models and control strategies. Its practical value depends on the quality of available data, 
physical consistency, model generalization, computational efficiency, safety, and validation 
under realistic operating conditions. The most promising future direction is therefore not 
the adoption of increasingly complex AI models alone, but the development of integrated 
and trustworthy frameworks that combine physical battery knowledge, data-driven intelli-
gence, digital twins, edge computing, and secure decision-making. Such developments 
could enable BESSs to evolve from passively monitored storage assets into adaptive, pre-
dictive, and increasingly autonomous components of future RE infrastructures. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

BESS Battery energy storage system 
PV Photovoltaic 
ML Machine learning 
BMS Battery management system 
EMS Energy management system 
EV Electric vehicle 
SOH State-of-health 
RUL Remaining useful life 
ANN Artificial neural network 
CNN Convolutional neural network 
MG Microgrid 
TMS Thermal management system 
NMC Nickel manganese cobalt 
VRFB Vanadium redox flow battery 
RF Random forest 
DDPG Deep deterministic policy gradient 
PPO Proximal Policy Optimization 
AI Artificial intelligence 
SVM Support vector machine 
DL Deep learning 
RL Reinforcement learning 
XGBoost Extreme gradient boosting 
UPF Unified power factor 
SOC State-of-charge 
LSTM Long short-term memory 
RNN Recurrent neural network 
DT Digital twin 
XAI Explainable artificial intelligence 
PCS Power conversion system 
LFP Lithium iron phosphate 
NCA Nickel cobalt aluminum 
GPR Gaussian process regression 
PCA Principal component analysis 
WE Wind energy 
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