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Abstract—Thermal energy storage enhances grid stability and
promotes the use of renewable energy resources. As energy
storage systems become increasingly integrated into power
grids, efficient micro-grid management is essential for effec-
tively managing these resources. Optimizing the charging and
discharging processes of thermal energy storage is crucial to
improving the techno-economic performance of energy systems
and supporting effective demand response strategies. This study
addresses the challenge of optimizing multi-vector energy systems
by integrating solar photovoltaic generation, thermo-chemical
thermal energy storage, and resistive heating. A multi-objective
optimization framework, employing the Non-dominated Sorting
Genetic Algorithm, was developed to simultaneously minimize
total annual cost and carbon emissions for a university building
case study. The results demonstrate that strategically sizing and
operating the integrated system, using dynamic charging and
discharging strategies based on electricity price and load profiles,
can achieve a ∼ 7.4% reduction in annual operating costs and a
∼ 5.1% reduction in carbon emissions compared to the baseline.
This work highlights the potential of metaheuristic optimization
for the design and operation of sustainable and cost-effective
energy building systems.

Index Terms—Thermal Energy storage, Demand side manage-
ment, Peak load shifting, Metaheuristics algorithm, Microgrid
management, Techno-economic optimization.

I. INTRODUCTION

The global shift towards sustainable energy solutions has
intensified the focus on optimizing energy systems to harness
renewable resources (RES) efficiently. Multi-vector energy
systems, which integrate various energy carriers such as
electricity, heat, and fuels, offer a versatile framework for
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meeting diverse energy demands while enhancing system
resilience and sustainability [1]. Central to this integration is
thermal energy storage (TES), which bridges the gaps between
energy supply and demand, thereby facilitating the effective
utilization of intermittent RES such as solar photovoltaics
(PV) and wind turbines [2]. TES technologies, particularly
those based on phase change materials (PCM) and thermo-
chemical materials (TCM), have attracted the attention of
many researchers, engineers, and businesses for their high
energy density and capacity to store latent heat. However, the
operational efficiency and economic viability of such systems
are substantially influenced by the strategic management of
energy flows, requiring advanced optimization techniques.

The complexities of integrating multiple energy storage and
generation technologies within building energy systems has
spurred significant research into advanced optimization tech-
niques. Early work explored the effectiveness of various meta-
heuristic algorithms, such as genetic algorithms (GAs), differ-
ential evolution (DE), and cuckoo search (CS), for minimizing
operating costs. For instance, Ikeda and Ooka [3] investigated
several metaheuristic algorithms, including GA, DE, and CS,
for minimizing the operating costs of a system comprised of
batteries, TES, and a heat pump. They highlighted that CS was
able to match dynamic programming results in accuracy, but
with drastically reduced computational time, demonstrating the
advantages of metaheuristics for complex energy scheduling
problems. Subsequent studies, such as Schellenberg et al., [4],
further investigated the efficacy of metaheuristic optimization
methods, specifically particle swarm optimization (PSO) and
GA, through a 24-hour simulation of a residential system.
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Their study revealed that while GA shows superior perfor-
mance with binary variables, PSO proves more effective with
continuous variables due to reduced optimization error, faster
processing times, and enhanced reliability.

Building on this foundation, recent research has focused
on optimizing integrated multi-vector systems. Rostamnezhad
et al. [5] demonstrated that combining thermal and battery
energy storage, optimized with PSO, can significantly reduce
the required battery capacity and improve overall system
efficiency. Similarly, Hu et al. [6] introduced the coyote
algorithm, showing its effectiveness in optimizing building
energy systems with battery and thermal storage. This ap-
proach achieved dynamic charging patterns and improved
storage capacity, leading to potential cost and carbon footprint
reductions. The challenges of optimizing these systems extend
beyond operational aspects, with optimal sizing being equally
crucial. Yu et al. [7] developed a multi-objective optimization
model based on mixed-integer linear programming (MILP),
which is used to determine the optimal sizing and delivery of
thermal and battery storage in building energy systems. They
used a weighted-sum method that generates a Pareto front to
illustrate the trade-offs between operating costs, capital costs
and carbon emissions, considering power market complexities.
Moreover, researchers have emphasized the importance of
advanced models that represent the specific characteristics of
different system components. Renaldi et al., [8] developed a
framework for the simultaneous design and operational opti-
mization of heat pumps with thermal storage, demonstrating
that while heat pump systems may be costly on their own,
their integration with TES and time-of-use tariffs can reduce
operational expenses. To address the priority of cost savings,
Cui et al. [9] explored the optimal sizing of cool thermal
energy storage (CTES) systems, integrating both peak load
management and demand response programs using GA. The
study also considered the economic aspect with the life cycle
cost and demand side management program incentives.

In multi-vector energy systems, where multiple energy
carriers coexist and interact, the complexity of energy manage-
ment increases. Efficiently optimizing such systems requires
sophisticated control strategies and optimization algorithms.
Metaheuristic optimization techniques, known for their ability
to handle complex, non-linear, and multi-objective problems,
are particularly suited for this purpose. However, significant
research gaps remain in multi-vector energy systems, including
the lack of scalable models integrating multiple storage and
generation technologies. Addressing these gaps is crucial for
improving the feasibility, resilience, and cost-effectiveness
of next-generation energy systems. This study explores the
optimization of a multi-vector energy system integrating a
thermochemical (TCM)-based TES technology for domes-
tic hot water (DHW) heating. The system incorporates PV
generation and resistive heating as a method for charging
the TES tank. A metaheuristic optimization model based on
Non-dominated Sorting Genetic Algorithm II (NSGA-II) has
been developed to enhance operational control, maximize solar
PV utilization, minimize peak loads, and reduce both carbon

emissions and operational costs through optimal management
of the integrated energy system.

II. METHODOLOGY

The proposed approach optimizes a multi-vector energy
system with TES, PV, and resistive heating coil (RC) for
TES charging to meet electrical and thermal demands. It
enhances system resilience and efficiency while reducing grid
reliance, operational costs, and carbon emissions. This is
achieved through intelligent energy prioritization and dynamic
optimization of TES and PV utilization.

A. Case study

This study uses data from the Agricultural Science pilot
building at University College Dublin (UCD), Ireland, to
demonstrate TCM storage technology for domestic hot water
provision. The pilot project, located in the Agricultural Science
building, benefits from UCD’s comprehensive Cylon Building
Management System (BMS), which monitors approximately
50,000 data points across the campus to provide real-time
operational data. The electricity and hot water consumption
profiles of the Agricultural Science building, along with solar
radiation and ambient temperature data collected throughout
2023 via the Cylon BMS, are used in this study, as shown in
Fig. 1.

B. System components

Photovoltaic panels: The solar PV model simulates the
power generation of a PV array by considering solar irra-
diance, ambient temperature, and array configuration. The
model calculates the effective module efficiency accounting
for temperature-induced losses. The power output at maximum
power point is determined using this adjusted efficiency and
the incident solar irradiance. Finally, by incorporating the total
PV array area, the total power output is calculated. The power
output of the PV model is described in (1)-(4).

Effective efficiency is given by:

ηeff = ηref · (1 + β · (Ta − Tref)) (1)

where ηref is 18%, Tref is 25°C, and β is -0.005/°C.
Power output at the maximum power point is calculated as:

PMPP = G · ηeff (2)

The number of modules is determined using:

NPV =
APV

Amodule
(3)

The total power output from the PV system is then computed
as:

Ptotal = PMPP ·NPV (4)

Here, Ta is the ambient temperature (°C), G is the solar
irradiance (W/m²), β is the temperature coefficient of the solar
cell (%/°C), APV is the total area of the PV array (m2), Amodule
is the area of a single PV module (m2) and ηeff is the solar
cell efficiency (%).
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(a)

(b)

Fig. 1: Input profiles for the energy system optimization—(a)
Baseline annual electrical and thermal load from the University
building, (b) Annual Solar radiation and outdoor temperature
in Dublin.

Thermal energy storage tank: The TES tank employs
TCM to store thermal energy through reversible chemical
reactions. TCM can offer higher energy densities and longer
storage durations without significant thermal losses over time.
The charging process involves introducing heat via resistive
heating to drive the chemical reaction in the direction that
stores energy, while discharging retrieves that stored energy by
reversing the reaction. The TES tank thus provides a buffering
mechanism to decouple thermal demand from instantaneous
energy supply. The energy stored in TES at any given time
step is given in (5).

Estored,t = Estored,t−1+Pcharge,t ·∆t−Pdischarge,t ·∆t−Ploss,t ·∆t
(5)

Where,

• Estored,t is the energy stored in TES at time t (kWh),
• Pcharge,t is the charging power input to TES at time t

(kW),
• Pdischarge,t is the discharge power output from TES at time

t (kW),
• Ploss,t is the thermal energy loss from TES due to self-

discharge (kW).

Resistive heating coil: Resistive heating converts electrical
energy into thermal energy through Joule heating, offering
high controllability. It is used exclusively to charge the TCM
TES tank. Its input power can be modulated on an hourly basis,
and it often draws upon the locally generated PV electricity to
minimize grid imports. The optimization problem determines
the capacity of this resistive heating system and how it operates
hourly to achieve the desired system-level objectives.

C. Modeling framework for optimal energy system design and
operation

The study adopts a multi-objective optimization framework
to design and operate energy systems optimally, balancing
economic and environmental performance. The framework
identifies Pareto-optimal solutions that minimize both total
annual costs and carbon emissions, enabling stakeholders
to make informed decisions based on their priorities. The
economic objective focuses on minimizing total annual costs,
which include capital expenditures (CAPEX) for the system
components, as well as operational expenses (OPEX) for
grid electricity and natural gas for auxiliary heating. On the
environmental side, the aim is to minimize the system carbon
footprint by prioritizing low-carbon PV generated electricity
and reducing dependence on grid electricity and gas heating.
The optimization process results in a pareto front, representing
a range of non-dominated solutions. Each solution offers a
unique trade-off between cost and emissions, providing a flex-
ible basis for selecting the most suitable system configuration.
The optimization seeks to:

Minimize total cost: Capital costs depend on the selected
capacities for PV, TES, and resistive heating. Operational costs
include imported grid electricity costs, gas boiler backup, and
operational and maintenance (O&M) costs.
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Total Cost = CAPEX(PV, TES, RC)

+

T∑
t=1

(Celectricity(t) + Cgas(t)) + OPEX
(6)

Minimize total carbon emissions: Carbon emissions are
associated with the use of gas boiler and the grid electricity.

Total CO2 =

T∑
t=1

(
COgrid

2 (t) + COgas
2 (t)

)
(7)

Energy system balance constraints:
Electrical energy balance:

PPV(t)− PRC(t)− Le(t) = Pgrid(t) (8)

Thermal energy balance:

PRC(t)× ηRC +
dETES(t)

dt
= Lt(t) (9)

Capacity constraints:
TES capacity:

Emin
TES ≤ ETES(t) ≤ Emax

TES (10)

RC heating power:

0 ≤ PRC(t) ≤ Pmax
RC (11)

Where, PPV : PV power generation, W
Pgrid: Power exchange with the grid, W
PRC : Power consumed by the resistive heater, W
ηRC: Efficiency of resistive heater, %
Le: Electrical load, W
Lt: Thermal load, W
ETES : Energy stored in the TES, kWh

Power flows are non-negative, except for the grid which
permits exports. TES is controlled to allow only charging
or discharging at any given time. The optimization logic
precludes conflicting charge/discharge states, maintaining op-
erational integrity.

Peak Management and Priority Rules: The optimization
incorporate priority for using PV generated electricity first to
supply RC heating (to charge TES) before relying on the grid.
Similarly, the model can increase discharge priority during
peak thermal load hours by adjusting cost penalties. The
developed model utilizes two dynamic factors that influence
the charging and discharging behavior of the TES system,
namely the low-price factor (LPF) and high-demand priority
factor (HDPF). These factors are calculated based on the
hourly electricity tariff and the hourly thermal load profile
and are designed to modulate the charging and discharging of
the thermal storage based on market conditions and demand
requirements. The LPF (12) is used to adjust the charging rate
of the TES system, incentivizing charging during low-price
periods. This factor is designed to be higher during times of
the day when electricity prices are lower, and lower when
electricity prices are higher. The HDPF (13) is used to adjust

the discharging rate of the TES system, incentivizing discharge
during peak demand hours, when electricity tariffs are also
high. The HDPF is designed to be higher during times of the
day when both the electricity price and the thermal load are
high.

Low Price Factor (LPF):

LPF(t) = min

(
max

(
1.5− Et

Emax
, 0.5

)
, 1.5

)
(12)

High Demand Priority Factor (HDPF):

HDPF(t) = min

(
max

(
Et

Emax

Lt

Lmax
+ 0.5, 0.5

)
, 1.5

)
(13)

Where, Et: Hourly electricity tariff in C/kWh, Emax: Maxi-
mum electricity tariff over all hours considered in C/kWh, and
Lmax: Maximum thermal load over all hours considered in W.

D. Metaheuristic optimization method (NSGA-II Algorithm)

The NSGA-II was selected for its proven ability to ef-
fectively address multi-objective optimization problems [10].
The NSGA-II operates iteratively, refining a population of
candidate solutions to converge towards the Pareto front,
which represents optimal trade-offs between the conflicting
objectives [11]. The optimization process begins by initial-
izing a population of solutions, each representing a unique
combination of annual design choices (PV area, TES capacity,
and RC capacity) and hourly operational control patterns
(charge/discharge schedules). For each candidate solution, an
hourly simulation, covering the entire year, calculates the
system performance by determining hourly PV generation,
feasible TES charging/discharging rates, and grid interactions.
The control algorithm within this simulation directs PV energy
to the RC heater and uses TES discharge to meet the thermal
load, with the grid providing any shortfall.

Following the simulation, the performance of each candidate
solution is evaluated for total cost and total emissions and then
ranked based on Pareto dominance. Genetic operators, such as
crossover and mutation, are applied to these candidate solu-
tions to generate new solutions for the next generation. The
algorithm then combines the current solutions with the new
solutions. Through successive generations, NSGA-II guides
the population towards the Pareto front, ensuring a diverse
and optimal set of non-dominated solutions.

In addition to the three continuous design variables—PV
area, TES capacity, and RC capacity—the optimization also
considers hourly control actions over a full year to determine
when the TES system should be charged or discharged.
Although there are 8,760 hourly time steps, only one action
(charge or discharge) is permitted at any given hour. The
optimization framework enforces this operational constraint,
ensuring mutually exclusive states to maintain consistency.
Control behavior is governed by LPF and HDPF, allowing
for effective hourly control without introducing excessive
decision variables. As a result, the number of independent
control parameters is reduced, and the optimization remains
computationally tractable despite its high temporal resolution.
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E. Model implementation in Python

The optimization is implemented in a Python environment
using libraries that support optimization, including pymoo
[12] and NumPy [13]. The different parameters used in opti-
mization are detailed in Table 1. The optimization process is
initiated by loading time-series data representing the building
electrical and thermal load profiles, as well as solar irradiance
and temperature data. A simulation model of the system is
then defined, wherein each candidate solution (defined by PV
area, TES capacity, RC capacity, and hourly control variables)
is evaluated by simulating its hourly performance over a one-
year period. This simulation accounts for system dynamics,
including TES charging/discharging, PV energy generation,
and interactions with the electrical grid. A modified NSGA-
II algorithm, with a population size of 200 and a termination
criterion of 500 generations, is implemented to navigate the
trade-off between minimizing two conflicting objectives: total
annualized system cost and total carbon dioxide emissions.
The model uses dynamic charging and discharging strategies
for the TES system and considers dynamic electricity tariffs
and emissions associated with the grid.

TABLE I: Parameters used in the multi-objective optimization
[14] [15]

Parameter Value
Cost of electricity (C/kWh) Day rate: 0.343

Night rate: 0.169
Peak rate: 0.375

Off-peak rate: 0.099
Cost of gas (C/kWh) 0.15

CAPEX of PV (C/m²) 180
CAPEX of RC (C/kW) 16

CAPEX of TES (C/kWh) 300
OPEX of PV (C/m²) 15

OPEX of TES (C/kWh) 50
CO2 emission coefficient of electricity (kgCO2) 0.23
CO2 emission coefficient of natural gas (kgCO2) 0.2

RC efficiency (%) 100
TES energy loss rate (%/h) 0.1

TES charging or discharging efficiency (%) 90
Peak discharge factor 1.2

III. RESULTS

The simulations are performed for two scenarios, one the
baseline with no PV and TES and the other where PV and
TES are incorporated. The baseline scenario, representing a
conventional building operation without any integrated renew-
able generation or storage technologies, resulted in a total
annual operating cost of C174944 and total CO2 emissions of
151500 kg. This baseline relied solely on grid electricity and a
gas boiler to satisfy the building electrical and thermal energy
demands, revealing significant opportunities for improvement
through the implementation of advanced renewable energy
systems. The subsequent optimization process generated a
Pareto front of solutions (Fig. 2), illustrating a distinct trade-
off between minimizing total annual system cost and reducing
overall CO2 emissions. The Pareto front demonstrates that

moving towards lower-emission solutions generally requires
higher investment in renewable technologies and storage,
thereby increasing total system cost. At one extreme, solutions
with very low emissions incurred higher overall costs, while
the most economical solutions resulted in higher emissions.
The optimal solution was selected based on a balance between
cost and emissions, which was in the middle of the Pareto
front. The selected solution involved a PV area of 442 m²,
a TES capacity of 11 kWh, and an RC capacity of 20
kW, and the hourly charge and discharge profiles were set
using the control variables determined during the optimization.
This optimal system resulted in an annual operating cost
of C162031 and 143800 kg of CO2, representing a 7.4 %
reduction in cost and a 5.1 % reduction in emissions when
compared to the baseline scenario. These results demonstrate
the substantial potential of the optimized solution to drastically
improve the performance of the building energy systems. The
optimized system also includes a total PV generation of 49.7
MWh and a total electrical consumption of 578.7 MWh and
a total thermal consumption of 101.2 MWh.

Fig. 2: Pareto front obtained using multi-objective NSGA-2
algorithm

A detailed analysis of the optimized system hourly oper-
ations (Fig. 4) revealed that the TES unit was strategically
charged during off-peak hours using excess PV generation and
RC heating. The hourly operation for the same in baseline case
can be found in (Fig. 3). This allowed for substantial discharge
during peak thermal load hours, reducing the need for grid
electricity and natural gas. The charge and discharge patterns
were influenced by the LPF and HDPF values, with the storage
charging when the electricity prices are low and discharging
when the thermal demand and the electricity prices are high.
The system prioritized the use of PV energy by first using
it to charge the thermal storage and then using the excess to
meet electrical demands and only drawing from the grid when
necessary. The results of the optimization demonstrate that
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Fig. 3: Hourly optimisation results for the baseline scenario
over a three-day period in March.

an intelligently designed and well operated hybrid renewable
system, with appropriate controls, can greatly improve the
reduction in cost and emissions of the building.

It is important to acknowledge the uncertainties associated
with the presented optimization results. The findings are based
on a specific set of inputs, including historical weather data
for a single year, fixed building load profiles, and specific
electricity and gas tariffs. In reality, these parameters are
subject to significant variability. Year-to-year climate fluctua-
tions, changes in building occupancy, and volatility in energy
markets could lead to different real-world performance and
savings. Furthermore, the model assumes ideal component
efficiencies and does not account for potential long-term degra-
dation of the PV or TES systems. Therefore, the numerical re-
sults should be interpreted as strong indicators of the system’s
potential and the effectiveness of the control strategy, rather
than precise predictions of future performance. Future work
could address these uncertainties through sensitivity analysis. Fig. 4: Hourly optimisation results for the optimised scenario

over a three-day period in March.
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IV. CONCLUSIONS
This study presented a multi-objective optimization frame-

work for a hybrid renewable energy system, integrating PV,
TES, and RC heating, demonstrating its effectiveness in
a building application. The optimization, using a modified
NSGA-II algorithm, yielded a Pareto front that showcased the
trade-off between economic and environmental objectives. An
optimal solution featuring a PV area of 442 m2, a TES capac-
ity of 11 kWh, and a RC capacity of 20 kW was selected to
balance both cost and environmental optimization objectives.
The simulation of this configuration resulted in a substantial
improvement in building energy performance compared to the
base case, achieving a ∼ 7.4% reduction in total operating
cost and a ∼ 5.1% reduction in CO2 emissions. The work
also highlights the importance of strategically charging thermal
storage during low price periods and discharging it when
both thermal demand and electricity prices are high. This
research contributes to the field by showing the effectiveness
of multi-objective optimization for complex energy systems
and by demonstrating that combining different technologies
and a robust control strategy can enhance sustainability. While
the study limitations include simplified system dynamics and
a focus on a single climate dataset, future work should ex-
plore more detailed model configurations, climate sensitivity,
and varying control strategies and system configurations. In
conclusion, this study demonstrates the potential of multi-
objective optimization to improve the performance of building
energy systems.
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