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Abstract-The global transition toward carbon neutrality
and high-penetration renewable energy sources (RES)
necessitates a structural evolution in power generation, grid
balancing, and energy storage management [1,3].
Traditional rule-based controllers and deterministic
dispatch mechanisms struggle against the non-linear,
stochastic, and intermittent nature of solar photovoltaic
(PV) and wind generation [1,2,5]. This research paper
synthesizes key insights across foundational studies,
formulating an integrated framework that bridges artificial
intelligence (Al) with advanced energy storage technologies
including electrochemical Battery Energy Storage Systems
(BESS), Hydrogen  Storage Systems (HSS), and
Thermomechanical Energy Storage (TMES) such as
Compressed Air (CAES) and Liquid Air Energy Storage
(LAES) [1,2,810]. We examine Al-driven load and
generation forecasting, multi-objective optimization (M0O),
Approximate Dynamic Programming (ADP), and Deep
Reinforcement Learning (DRL) for dynamic state of health
(SoH) and state of charge (SoC) management [2,5,6,18].
Furthermore, this study introduces an explicit evaluation of
‘energy-usage awareness,” analyzing the Net-Energy Benefit
Ratio (Rngs) to ensure that the computational footprint of Al
inference and training does not negate its operational grid
energy savings [2,11,13].

Keywords: Artificial Intelligence, Energy Storage
Systems (ESS), Dynamic Energy Management, Multi-
Objective Optimization, Hydrogen Economy,
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1. INTRODUCTION

Global energy systems are undergoing an unprecedented
transformation driven by the urgent need to mitigate
anthropogenic climate change and transition away from
fossil fuel combustion [3,20]. However, the integration of
high-penetration renewable energy sources (RES),
predominantly solar photovoltaic and wind power
introduces significant power variability and grid instability
due to their weather-dependent nature [1,3,5,19]. To
guarantee grid reliability, mitigate curtailment, and
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provide frequency and voltage regulation, scalable Energy
Storage Systems (ESS) have become an indispensable pillar
of modern power architecture [1,2,5,15].

Historically, energy storage relied heavily on Pumped
Hydroelectric Storage (PHS). However, geographic
limitations and severe environmental footprint constraints
have shifted research toward electrochemical, chemical
(hydrogen), and thermomechanical storage technologies
[1,2,3,10]. While battery chemistries such as Lithium-iron
phosphate (LFP) and Redox Flow Batteries (RFB) offer
ultra-fast dynamic response, their long-duration utility is
limited by high capital expenditure and degradation risks
[1,5,7,15]. Conversely, green hydrogen and
thermomechanical technologies (CAES, LAES, Carnot
batteries) provide long-duration capacity but exhibit
complex multi-physics nonlinearities [1,2,3,8,10].

Managing these diverse energy vectors under dynamic
real-time pricing and non-stationary loads renders
conventional heuristic or rule-based Energy Management
Systems (EMS) ineffective [2,5,18]. The emergence of
Artificial Intelligence (AI) and Machine Learning (ML)
introduces operational intelligence across three key
horizons: predictive analytics (forecasting), system design
optimization (capacity sizing and dynamic topology
selection), and smart operational control (reinforcement
learning and multi-objective scheduling) [2,5,6,12]. This
paper unifies these perspectives into a cohesive
framework while establishing a critical evaluation of Al's
own energy footprint through energy-usage awareness
[2,11,13,14].

2. TAXONOMY AND INTEGRATION OF ENERGY
STORAGE TECHNOLOGIES

To establish an intelligent management system, the
thermodynamic and physical characteristics of primary
storage media must be categorized based on response
time, energy density, and operational duration [1,2,3,9].
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2.1 Electrochemical Battery Energy Storage Systems
(BESS)

Electrochemical batteries represent the frontline for short-
tomedium duration power balancing [1,5,6,15]. Lithium-
ion batteries (LIBs) dominate utility-scale installations due
to high roundtrip efficiency (RTE: 85-95%) and high
energy density [1,6]. However, fast charging and severe
thermal stress induce capacity fade and thermal runaway
risks [1,7]. Redox Flow Batteries (RFBs), particularly
Vanadium and Iron-based flow systems, decouple power
capacity (stack size) from energy capacity (electrolyte
volume), making them ideal for multi-hour storage with

2.3  Thermomechanical Energy Storage (TMES)
Thermomechanical storage
mechanical and thermal energy vectors [2,9,10,16].
Compressed Air Energy Storage (CAES) utilizes
underground salt caverns to store pressurized air,
releasing it through expansion turbines [2,10]. Liquid Air
Energy Storage (LAES) liquefies ambient air at cryogenic
temperatures (-196°C), achieving significant volumetric
energy density independent of geological conditions [2,9].
Carnot Batteries store electricity as thermal heat using
heat pumps and convert it back via Rankine or Brayton
cycles, providing simultaneous district heating/cooling

systems bridge bulk
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Figure 1: System architecture of the integrated Al-driven energy storage management framework connecting renewable
generation, multi-vector storage media, smart control layers, and energy-usage awareness loops.

virtually unlimited cycle life [1,7,15].

2.2 Hydrogen Energy Storage Systems (HSS) and Sector
Coupling

Green hydrogen, produced via renewable-powered water
electrolysis (PEM, Alkaline, or Solid Oxide Electrolyzers),
serves as a long-duration, seasonal energy vector [1,3,8].
Hydrogen links the power grid with industrial heat,
mobility, and chemical synthesis (ammonia and methanol
production) [1,3,8]. Advanced storage media include
compressed gas (350-700 bar), cryogenic liquid hydrogen,
Metal Hydrides (MH), and Liquid Organic Hydrogen
Carriers (LOHC), each requiring tailored thermodynamic
control strategies [1,3,8].
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and power dispatch [2,10,16].

Optimal dispatch of energy storage relies on accurate
multihorizon predictions of electricity demand, spot
market prices, and renewable output [2,5,11,19]. Classical
statistical approaches (ARIMA, persistent models) fail to
capture abrupt meteorological shifts and non-linear
demand spikes [2,5,19].

Modern Al frameworks integrate Long Short-Term
Memory (LSTM) networks, Gated Recurrent Units (GRU),
Transformers, and Physics-Informed Neural Networks
(PINNs) [2,5,7,19]. PINNs incorporate physical laws (e.g.,
thermodynamic conservation equations in CAES or battery
kinetic models) directly into the neural network loss
function, preventing unrealistic predictions during
unobserved extreme grid events [2,7]:
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Table 1: Comparative Performance Metrics of Advanced Energy Storage Media [1,2,3,9,15]

Storage Technology Energy Round- Primary Main Operational Challenge
Den- Trip Application
sity Efficiency Horizon
(RTE)
Lithium-ion Battery (BESS) 150-250 85% - Short-term Thermal runaway & capacity
Wh/kg 95% (Minutes to |fade [1,6]
Hours)
Redox Flow Battery (RFB) 20-40 65% - Medium- Electrolyte crosstalk & pump
Wh/kg 80% term loss [1,7]
(4-12 Hours)
Hydrogen System (PEM+H>) M]/kg 35% - 50% |Seasonal / High capital cost & low RTE
(LHV) (Power-to- Sector Cou- [1,3,8]
Power) pling
Thermomechanical 50-120 50% - Longduration Complex thermal management
(LAES/CAES) Wh/L 70% (8-24 Hours) [2,9,10]
LPINN = LData(0) + AphysLPhysics(8) (D (GWO) are widely utilized to identify Pareto-optimal
frontiers in microgrid sizing [1,3,5,9,12]. These algorithms
Mathematically, the operational energy saved by evaluate multi-variable decision spaces (e.g., number of PV

employing Aloptimized dispatch over a given operating
horizon t is formulated as [2]:

Bsave(t) = Egp™(t) — Eay(ty (2)

where Eﬁ;‘“”(t) represents baseline operational energy
consumption under traditional rule-based dispatch, and
E;‘,}(t) denotes energy consumption achieved under Al-
driven predictive control

[2].

4. SYSTEM DESIGN & MULTI-OBJECTIVE
OPTIMIZATION (MOO)

Designing hybrid renewable energy systems (HRES)
featuring co-located BESS, hydrogen electrolyzers, and
thermomechanical storage requires resolving highly
conflicting objectives: minimizing Levelized Cost of Energy
(LCOE) and Capital Expenditure (CAPEX) while
maximizing Loss of Power Supply Probability (LPSP)
reliability and battery State of Health (SoH) [1,3,5,12].

4.1  Metaheuristic and Evolutionary Algorithms
Nature-inspired evolutionary algorithms such as Multi-

Objective Genetic Algorithms (NSGA-II / NSGA-III), Particle
Swarm Optimization (PSO), and Grey Wolf Optimizer

© 2026, IRJET | ImpactFactor value: 8.315 |

panels, wind turbine count, battery stack capacity, and
electrolyzer rating) under dynamic annual climate profiles
[1,3,5,12].

4.2 Deep Reinforcement Learning (DRL) and
Approximate Dynamic Programming (ADP)

For dynamic operation under stochastic environments,
deterministic optimization fails [5,6,13,18]. DRL agents
(e.g., Deep Q-Networks, Proximal Policy Optimization) and
ADP solve

Markov Decision Processes (MDP) where the agent
observes grid state s (SoC, electricity price, load forecast),
selects action a; (charge/discharge power), and receives
reward R: reflecting economic profit and health
degradation penalties [5,6,18]:

R¢= Revenue; - DegradationCost(as) - 8 - Penalty: (3)

5. SMART OPERATION WITH ENERGYUSAGE
AWARENESS

While Al algorithms significantly enhance energy
efficiency, their execution particularly high-parameter
deep neural network training and continuous real-time
edge inference consumes substantial computational power
[2,11,13,14]. An intelligent energy management system
must exhibit 'energy-usage awareness, ensuring that the
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energy consumed by the computing infrastructure does
not surpass the operational energy saved on the grid
[2,13].

To rigorously quantify this computational trade-off, we

define the Net-Energy Benefit Ratio (Rngs) over
operational horizon t
[2,13]:
_ ES;wc(t)
Rnes Ear(t) (4)

where Eai(t) accounts for total electrical energy expended
across data collection, model retraining, and real-time
inference hardware [2,13]. A viable Al-driven EMS must
maintain Rngs » 1 [2,13]. If Rxeg < 1, the Al system
becomes a net energy drain, rendering its deployment
counterproductive to sustainability goals

[2,13].
Strategies for optimizing energy-usage awareness include

TinyML edge deployment, model quantization, spiking
neural networks, and co-locating Al server infrastructure
with energy storage facilities for direct green power usage
and thermal waste heat recovery [2,11,14,16].

6. INDUSTRIAL APPLICATIONS AND MICROGRID
CASE STUDIES

To evaluate practical viability, Al-driven energy storage
architectures have been deployed across industrial
microgrids and utility substations [6,11,12,15]. In heavy
industrial facilities with peak-demand tariffs, co-located
BESS and green hydrogen units managed by DRL
controllers achieved up to 28% reduction in monthly
demand charges [6,12].

In islanded microgrid settings, predictive PINN models
integrated with LAES thermomechanical plants prevented
renewable curtailment during peak summer generation
windows, shifting over 4.2 GWh of clean energy to high-
demand evening hours [2,9,10]. Furthermore, edge-
deployed TinyML controllers demonstrated an inference
energy footprint of less than 0.15 kWh/day, securing an
Rnes exceeding 140 across continuous annual operation
[11,13,14].
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7. CONCLUSION AND FUTURE PERSPECTIVES

This research paper presented an integrated vision for Al-
driven energy management, advanced storage system
design, and smart operation with energy-usage awareness
[1,2,3,5,11,17]:

1. Multi-Vector  Storage Integration: Combining
fastresponding electrochemical batteries with long-
duration green hydrogen and thermomechanical
systems resolves the full spectrum of renewable
intermittency [1,2,3,8].

2. Al & Optimization Synergy: Integrating Physics-
Informed Neural Networks with Deep Reinforcement
Learning enables real-time dispatch that preserves
asset State of Health while maximizing economic yields
[2,5,6,7].

3. Mandatory Energy-Usage Awareness: Al
deployments must be benchmarked using the Net-
Energy Benefit Ratio (Rnes) to prevent computational
overhead from offsetting grid sustainability gains
[2,11,13,14].

Future work will focus on experimental validation of
microgrid testbeds, integrating federated learning
architectures for privacypreserving, decentralized multi-
agent energy trading across smart grids [5,17].
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