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Abstract

The global transition toward multi-energy systems positions eg
architecture for coordinating electricity, heating, cooling, and g
unified framework. This paper aims to optimize day-ahead sche [@fagysmart cnergy hub,
with emphasis on minimizing operational costs while acco¥ @ gvironiental impacts.
We develop a comprehensive multi-objective model that iggudfe i i
including combined heat and power, power-to-hydrog

enabling the system to conduct energy af
lowest-price windows and keeping o
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1. Introductio

al energy systems requires the large-scale integration of Variable
RE) sources, such as wind and solar. However, the inherent intermittency
es can challenge supply adequacy and compromise thermal comfort in
buNgdi inated Smart Energy Hubs (SEHs) [1]. During peak heating demand, traditional
revert to fossil-fuel technologies, creating a structural mismatch between the
renewable generation profile and the thermal load profile. Batteries and other electrochemical
systems are well-suited to fast, power-intensive operations but are economically unappealing
for multi-hour, daily, and, more so, seasonal energy shifting. This constraint underscores the
significance of Power-to-X solutions, specifically Power-to-Hydrogen-to-Power (P2H2P),
which offers a high-density, long-duration material that bridges the electrical and thermal
domains and facilitates further VRE integration [2].
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Nevertheless, hydrogen alone is insufficient to bridge the economic divide in existing fixed-
price markets, where low-cost fossil fuels continue to dominate operational choices. This
encourages the transition from a single-technology approach to an SEH, whereby electricity,
heating, cooling and hydrogen resources are co-optimized as a system rather than operated
independently. In an SEH, there must be an optimization-based approach that models both unit-
commitment decisions, energy conversions, and storage dynamics, and that transparently
measures trade-offs between operating costs and environmental performance. In addition, the
use of integrated thermal-electrical Demand Response Programs (DRPs) makes end users a
flexible resource. It enables the SEH to manage loads over time, reduce upstream grid loads,
and operate Combined Heat and Power (CHP) and hydrogen systems in accordance with their
economic and efficiency targets. Here, the selected optimization framework is motjgted by a
single goal: to use system-level flexibility to enable high-renewable, low-carbon op8gatige that
is both technically and economically viable.

Recent studies have examined the role of energy conversion technold@
control strategies in SEHs However, a considerable portion of thisli

Linear Programming (MILP) models with
explicit flexibility analysis or DRP model
established for SEH analysis, along wi
variable electrolyzer efficiency; ho
Authors in [7] utilized a computa 'o

analysis and DRPs were overlooked.
ed approach to optimize SEHs to minimize

lude P2H2P systems and therefore cannot quantify the
Wg through the hydrogen system. Another study in [10] adopted
ogramming to optimize SEH under DRPs, but omitted hydrogen
electrolyzers and fuel cells for VRE management. Techno-economic
with DRPs and energy storage sometimes use Monte Carlo methods to

systems in SEH operation. Additional studies employ robust operation strategies
using compressed-air storage or electric-vehicle-based load response, or design multi-timescale
scheduling for SEH with DRPs, but still do not include hydrogen storage or fuel cells in the
system model [13].

From an optimization standpoint, sustainable SEH operation typically requires balancing
multiple objectives, most notably operating cost and environmental performance. Multi-
objective optimization techniques, such as normalized weighted sum methods, have been
successfully employed to obtain cost-emission trade-offs in SEH and related applications [14],
[15]. Nevertheless, several SEH studies still adopt single-objective formulations. For instance,
stochastic programming has been applied to SEH energy management, with parameter



uncertainty treated using two-point estimate methods; however, only the total operating cost is
minimized, and other essential objectives, such as emissions or flexibility metrics, are not
explicitly considered [16]. Authors in [17] suggested a multi-time-scale technique for
optimizing an SEH that accounts for various energy storage components and their respective
prices as a single-objective problem.

In addition to the above, several recent studies have further advanced SEH modelling by
integrating P2H2P and enhanced demand-side management. Eco-environmental stochastic
scheduling frameworks and hydrogen-based SEH with integrated DRP have been proposed,
but DRPs are predominantly modelled on the electrical side, and thermal flexibility remains
underexploited [18], [19]. Multi-objective formulations for socio-economic SEHs virtual
energy hubs quantify cost-emission satisfaction trade-offs, yet they typically omi

d thermal-electrical
obj&tives. Building on these
| that quantifies the economic

a single SEH with CHP, hydrogen production and stor
DRPs, while jointly optimizing economic and environm
gaps, the present work develops a multi-objective

transparent basis for integrating P2H2P and i e SEH configurations.

In this study, a comprehensive SE or day-ahead optimization, in which
operational costs and CO> emission i sly minimized within a multi-objective
framework. The SEH explicitly i mplete hydrogen subsystem (electrolyzer,
storage, and fuel cell) toget ithNinteglted thermal and electrical DRPs as internal
flexibility resources.

The main novelties

e A detailed

electricit
€co irommental performance.
o I ted tlgrmal and electrical DRPs are explicitly modelled and integrated into the

ng problem, so that demand-side flexibility can be co-optimized with
rage and conversion assets.

suggested structure can be subjected to policy analysis and investment planning
because, under various market and technical conditions, it explicates the economic worth of
flexibility. The findings further reveal the potential of integrating operational optimization with
market-driven demand-side strategies to enhance resilience and reduce costs in distributed
energy systems.

This work is organized as follows. In Section 2, the mathematical formulation of the
optimization problem is presented. It also provides a brief introduction to the methodology that
underpins our study and multi-objective optimization. The case study is presented in Section
3. In this paper, we compare the performance of the optimization model with DRP and non-
DRP environments. In addition, we examine how DRPs affect operational scheduling. In
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Section 4, we wrap up the paper by reviewing our key findings, discussing their implications
for SEH optimization, and suggesting directions for future research.

2. Mathematical formulation of the SEH

This section delineates the mathematical model of the proposed SEH. The primary principle
of the utilized SEH is illustrated in Figure 1. The proposed system includes various energy
technologies, such as a CHP system, a gas-fired boiler, VRE, a transformer unit, a hydrogen-
based system, electrical, thermal, and cooling energy storage, an absorption chiller, an electric
chiller, and electrical and thermal DRPs. /

ﬂ%" - Industries
VL A ~ '

H, storage

- Electrical loads

Cooling
storage

Natural gas

Figure 2 illusgrangs W Wagkfow for the optimal operation of the proposed SEH. The
process starts C
Wall conversion, storage, and demand-side units are established,
ph of demand profiles, price signals, VRE generation, and emission
hese inputs feed the optimization block, which is formulated as a multi-
at enforces device constraints, storage dynamics, and explicit modelling of
demand flexibility, ensuring a transparent and reproducible scheduling
se Study I then provides a reference operation by optimizing the SEH without
e management, whereas Case Study II activates both thermal and electrical DRPs
to exploit internal flexibility. Finally, the results of two case studies are compared and analyzed,
with an exploration of the role of DRPs in system eco-environmental aspects, and key findings
and contributions are summarized.
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Figure 2. dhe Sytire Wgrkflow of SEH optimization

) is used to simulate emissions from grid- and gas-fired equipment,
and CHP systems.

- —w . [Z , (€ .
imize Zy =W, (1/(ZT“X—ZT"1)>+WZ (2/(quax_zgun)> (1

{Pf*Y¢ + Glyp * A + (PESy, + PHYp) % OMeyp + (G * Ay) + (PHf * OMb) )

+ (Pcturt * PENcurt)}

Z, = Z(ng % Clg) + (Glpp + GE) * Clygs * LHV 3)
t

2.2. Energy storage

Improvement of the system’s economic and reliability indices be achieved by using energy
storage devices that store energy during low-cost periods and discharge it when required. This
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study employs electrical and thermal storage systems. For comprehension of electrical energy
storage systems, the subsequent equations are applicable:

Pt * At
E£;1 = Egs(]- — 8es) + Pets,c * TNes,c ¥ At — ( eod nes,d> vi

Emin < El. < EMAOX vyt

0 < PL,<PI%¥« K& vt

0 < Pl g <PI%« KI* Vvt

0< KS'+KS' <1 vt
Egs = Eez.;}

The energy balance of the electrical storage is presented in Equation (4).
constraints impose limitations on Ef;, P& . and Pets,d as delineated in Egs. (5)-
forbids concurrent charging and discharging of the energy storage s
indicates that the energy stored must be constant at the first and last houof the
day.

To simulate the cooling storage, the following equations a Q

Pt
Ects-*-1 = Egs(]- — bcs) + Pcts,c *Tes,c ¥ AL — < ‘e d t (10)
ERn < El < ER™ V¢ (11)
0 < Pic <PEd = (12)
0 < PL 4 < PO (13)
0< K + (14)
ES, (15)
The modelling of the heatin rage systgm 13 outlined as follows:
Pt * At
Elf'=Ef.(1-¢ s * At — ( hs.d ,,hs‘d) vt (16)
. < EjiY* vt 17)
fee < PO« KM vt (18)
O™l , < PIx « K0 it (19)
< KM+ KM <1 vt (20)
< Ens = Eig 2D
. nce of the SEH
e dyffcrent energy balances of SEH are as follows:
Fj + Py + Pl + PEépp + Pés + Pagym + Plure + Pfe = P + @)
PL.+ Py + Pl + PL vt
—F" < By S BP* vt (23)
PHY,, + PHE + Plg g + Py, = PhMt+ Pf + PMY+ PHL. vt (24)
0 < PHp, + PH + Pig g — Prsc < PPVt (25)
PH! = Gt * LHV *nh (26)
0 < Gf <G 27
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PE(Ehp = G(fhp * LHV * nghp (28)

Pthp = PEcthp * (n?hp/nghp) (29)
0 < Gop <GS (30)

Eq. (22) maintains the active power balance constant. This means that the total power from
the grid, renewable sources such as wind and solar, CHP output, storage discharge, and DRP
adjustments equals the total power required for load consumption, storage charging,
electrolysis, and electric chiller demand. The tie-line capacity limits in Eq. (23) specify the
maximum power that can be sent to and received from the utility grid. Eq. (24) does the same:
it keeps the heating network in energy balance by balancing the heating rates fro

The gas-fired technologies work as shown by equations (26)-(30). Finally, Eqs
the modelling of the CHP unit.

As for the cooling section, the mathematical equations of both electrj
are as follows:

Cie+ Cle+ Pl g =CLt vt (31)
Ct. = PHL. = COP,, (32)
0 < PH}, < PHJ%* \4 (33)
ct. = PL xCOP, vt (34)
0 < Pl < P (35)
Equation (31) represents the energy balangéfo E e cooling segment. Egs. (32)-(35)
show the modelling of absorption and el€Ctig chilgr:

2.4. Hydrogen model

The dynamics of the hy
(37) define the constrai
allowable operating
electrification pr

ast, Egs. (38) and (39) govern the Gas-to-Power re-
ell [23].

! O
v Cl

Petlz = er?zax * Ietlz (36)
Petlz = Penllzm * Iglz (37)
Pic < PR * I¢ (38)
Pc = PR¢™ * Iic (39)
ddity ly, a binary logic constraint, as expressed in Eq. (40), is implemented to prevent

the Ggucuflent operation of both units. The central inventory balance of the hydrogen tank is
presentc® 1n Eq. (41). This constraint is essential as it equilibrates internal energy arbitrage
with external hydrogen demand H,; ,, ..., thereby integrating the hub's storage function with

its role as a fuel supplier. Egs. (43)-(44) define the storage limits, whereas Eq. (42) ensures a
sustainable daily operational cycle.

0<It +1I,<1 (40)

ct. = ct=l elz o pt 4 A Pec * At t v 41
H2 — “H2 + n * Loiz * t— nFC - Hzindustry t ( )
c, = Ci (42)

Ch, < Clax (43)



Ciz = Cig" (44)
2.5. Demand flexibility models

Equations (45)-(49) show the flexibility of DRP. The main idea behind temporal load
shifting is that the daily sum of load increments must equal the sum of load decrements, keeping
the consumer's total energy demand constant. Egs. (46) and (47) set the limits on the adjustable
power based on participation factors. This is the flexible capacity available for this shift.
Equation (48) is a logical limit that prevents the system from operating in both "Load Up" and
"Load Down" modes simultaneously. The model also lets users choose whether or ngt to shed
load (curtailment) to keep the system balanced during critical peaks, as long as theygfay within

the upper limit in Eq. (49):
Z P = Z Pdown

(49)
t t
0 < Pgy < MRg, =Pt « Iy vt (46)
0 < Piyn < MRGgyp * PO 5 15, Wt (47)
' (48)
(49)

0< Iy + I <1 vt
0 < Pl:<P«CO. Vt
For thermal DRP, Equation (50) shows that the sum ncigses and decreases in the
DRPs is zero. The maximum/minimum limitation ermaoad shifting is specified in Egs.
(51)-(52), whilst the prevention of simultaneous,| g is¥iscussed in Eq. (53).
(50)

ok vt (51
vt (52)
(53)

implements seveffal p nstraints. In detail, Egs. (45) and (50) dictate that the daily
sum of loadg % t equal the sum of load decrements, ensuring the total energy
demand of fhe consSwgerdemains constant. The flexibility is bounded by participation factors
(MR3,, MR™\ and MR" ), which limit the shiftable load to a conservative fraction of
i preventing significant disruptions to daily activities. Also, logical limits
S and (53) prevent the system from operating in 'Load Up' and 'Load Down'
neously, ensuring a stable and predictable load profile for the residents.

ulti-objective framework

Multi-objective optimization involves problems characterized by multiple, often conflicting
objectives. This is prevalent in energy systems, where one must evaluate economic and
environmental factors concurrently. The weighted sum method is a direct and effective strategy
for tackling such situations [24]. It assigns a weight to each objective and integrates them into
a single objective. The decision-maker uses these weights to signify the relative significance
of each objective. It is possible to analyze trade-offs among objectives by adjusting the weights.
This facilitates identifying a set of Pareto-optimal solutions that reflect the system's overall
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performance. The weighted-sum method remains a prevalent approach for optimizing multi-
energy systems due to its simplicity and adaptability and is formulated in Eq. (55).

f(x) =min Y™, w; * f;(x), fi(x),i=(1,23,..,m) (55)

Several weighted coefficients w; can be used, such that 7%, w; =1, with w; >0, i =
(1,2,3,...,m). The SEH operator assigns weights to each objective function based on its intrinsic
understanding of the situation. Objective normalization is essential to achieve a Pareto-optimal
solution that is consistent with the decision-makers' weights, since objective functions may
differ in magnitude. Therefore, to ascertain the weights, we employ equations (56)-(58):

Ui=Wl'*9i (56)

"= (o - i)
F) = Uy fi(x)

where 6; is the normalization factor [25].

Q |
3. Case studies and simulation results %Q

3.1. Input Data

The paper examines a residential SEH comprig
apartments, on a winter day in Torino, Italy.
MILP, and the CPLEX solver was used to

generally low wind speeds, rendering r ecomomically unviable and nearly non-
existent. Thus, this study excludes wi

is sourced from the Photovoltaic Ge i ormation System website [26], as illustrated
in Figure 3, whereas the thermal gid icql storage parameters are provided in Table 1.

KO
lI|||IIll

1 23 456 7 8 910111213 141516 17 18 19 20 21 22 23 24
Time (hour)

f six buildings, each with 20
atical model was developed as an

30

25

[
(=]

Power (kW)
7y

1

A .

9]

(=]

Fig 3. The PV generation profile for Torino on a winter day [26].

Table 1. Data for electrical and thermal storage systems [2].
SEH

Journal of Sustainable Development of Smart Energy Networks 9
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E™* (kWh) 100
E™" (kWh) 10
P (KW) 20
esd (KW) 20
E7*(kWh) 160
Ep" (kWh) 30
Phge (KW) 40
hsd (RW) 40
F 0.02
s 0.02
Nes,c 0.9
Nes,d 0.9
Nhs,c 0.9
Nhs,d 0.9

Year 2026
Volume 1, Issue 3, 2030689

OMyp (Cent€ /kWh) 2
OMB(Cent€/kWh) 2.7
MR;, (kW) 0.5
MRGyn (KW) ec 4
MR, (kW) et wn) 80
MR:, . (k COP,, 1.2
s COcure 0.25
Pe Cl, (kg/kWh) 0.354
Cl a5 (kg/kWh) 0.202

ooling section is presented in Table 3 [2].

SEH

E7™* (kWh)

300

The inp
% Table 3. Data on cooling storage and chillers.

E™n (kWh) 60
PMex (KW) 120
max (kW) 140
PH™* (kW) 180
p ?:)?)’lcing (kW) 50
P (KW) 80
Nesc 0.97
Nes.d 0.95
5. 0.02

Journal of Sustainable Development of Smart Energy Networks
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The daily electricity price is obtained from the Transparency Platform (entsoe) [27], as
depicted in Figure 4.

Peak: 16.16 C/kWh
Hourly Price

21 (18:00)

—8=— Price Trend
Avg: 11.79 Cent/kWh
Min: 8.92 Cent/kWh
18 | Max: 16.16 Cent/kWh

15

12

| N

Valley: 8.92 C/kwh
{12:00}

Price (Cent/kWh)

1 3 5 7 9 11 13 15 17 19 21 23

Hour of the Day

Figure 4. The day-ahead ghegtricityqgrice[27]

The load profiles of the residential buildi
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ustrated in Figure 5 [28], [29].

Powe
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123456 7 8 91011121314151617 18 19 20 21 22 23 24

Time (hour)

A .

Heating loads  ==0==El]ectrical loads ®-—Cooling loads

Figure 5. The various loads of SEH

3.2. Case studies: results and discussion

To evaluate the proposed model and investigate the system under different scenarios, we
define two different case studies as follows:

e (ase study I: The SEH is operated under a day-ahead optimization framework using a
multi-objective formulation, without the integration of DRPs.



e Case study II: as the main case study, we explore the optimization of SEH with the
implementation of both thermal and electrical DRPs with a multi-objective structure.

The study examines an eco-environmental trade-off solution obtained for w;=0.5, w, =0.5
3.2.1 Case study 1

As shown in Table 4, SEH operates without implementing electrical and thermal DRPs. The
operating cost and total CO> emissions are €1436 and 11732 kg, respectively. Additionally, the
decision-maker purchased 391 kWh of electricity from the upstream grid over the 24 hours.

Table 4. The optimization results of SEH without DRP

Operation Cost (€) CO; (kg) Total elecm rid
kWh)

SEH 1436 11732 391
~

For each hour, the upstream grid and the SEH opera’ @ hakge net electrical power as
depicted in Figure 6. Positive numbers mean that Being imported (bought), while

270 kW at 07:00. This aligns with the
from additional electricity generate
heating needs. The profile changes
correspondence with lowest g r priee (8.92 c€/kWh at 12:00). The optimization
algorithm buys cheap power fro 1 ng this time to make up for shortfalls and charge
internal storage assets (bag i eps internal generation from being too expensive.
The hub has almost no g
evening price peak (48 ‘8Q). This shows that internal flexibility works to keep the hub
from the highest ]
the need for expdisive Qgching grid imports.

~

400
300
200

100

73

Import/Export power (kW)

0
11 12 13 14 15 16 17 20 21 22 23 24

-100

-200

-300

Time (hour)

=== Exchanged_power_with_grid
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Figure 6 The exchanged electrical power between SEH and the grid without DRP.

The performance of electrical storage system, as another key element of the system, is
evaluated in Figure 7. It is evident that the optimization algorithm is implemented effectively,
such that the electrical storage system performance tracks electricity price fluctuations. Storage
is charged at hours with lowest electricity price, for example, between 3-5 a.m. and 12-4 p.m.,
to achieve the most feasible charging. In contrast, during peak-price hours, storage is used to
reduce operating costs and is discharged during high-price hours. This operation strategy
consisting of using the battery to improve SEH's economic efficiency by shifting energy use
away from costly peak periods represents an optimal strategy. I

25
20
1 )
1
5
0 -
1 2 15

56 78 91011 17 18 19 20 21 22 23 24

S W

Power (kW)

Time (hour)

EPes d ®mPes ch

N\

Figure 7. @Hc eleSgical §torage operation without DRP

3.2.2 Case study 11

In this case stud examgine the SEH optimization with integrated DRP. As shown in
Table 5, imple - D bss both the thermal and electrical sections reduced the total
optimizatio % % to €1391, while total CO; emissions remained unchanged. By
shifting loals fromNgxpeslsive hours to cheaper periods, the SEH operator gained economic
benefits thgoRgh SEW operations optimization.

a . The comparative analysis of optimization results with/without DRP
Total operation cost (€) Total CO; emissions (kg)
SEH 1436 11732
SEH_DRP 1391 11734
Improvement (%) 3 ~0

Journal of Sustainable Development of Smart Energy Networks i



As Figure 8 clearly shows, the DRP plays an indispensable role in SEH optimization. With
DRP, the decision-maker imported a total of 364 kWh from the grid throughout the day,
whereas without DRP it imported 391 kWh. DRP significantly reduces reliance on the grid and
reduces demand stress on the electrical network. During off-peak hours, such as 10-14 a.m.,
more grid power is bought, and during peak-price hours, the excess power is sold back to the
grid. By implementing integrated DRPs, the SEH gains the necessary capacity headroom and
frees up internal resources. This flexibility enables the SEH to significantly increase its midday
imports during the price valley (low prices) and to make higher-volume exports during the
morning and evening peaks. This strategy minimizes total costs by increasing bidirectional
power flow and shifting rigid baseline operation to a volatile, profit-driven trading profile.

during critical peak-price windows, thereby reducing stress on the upstream
violating user comfort constraints.

arbitrage. However, it does not reduce the under y and nor substitute the natural
gas required for thermal demand. Conseque emissions profile remains largely
unaffected. Achieving substantial emissio g winter operation would require

structural changes to the energy supply ater integration of renewable thermal
sources. Such measures would help omfort from fossil fuel combustion and
enable meaningful reductlons 2 m1s51 S.

400

300

200

100

0

11 12 13 14 21222324

-100

-200

Import/Export power (kW)

-300

-400

73

Time (hour)

=@==FExchanged_power_with_grid =—=@=Exchanged_power_with_grid_ DRP

Figure 8. The comparison of exchanged power between SEH and the grid with/without
DRP

Figure 9 shows that the CHP serves as the primary internal baseload supplier, whereas the
grid imports (Pg, light green) cover only the supply-demand deficit during off-peak price hours.
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The decision maker employs three distinct layers of flexibility to manage volatility: DRP is
actively wused throughout the day to modulate the baseline load via shifting
(DRP_up/DRP_down). The electrical storage executes fast arbitrage cycles (charging at noon,
discharging during peaks), whereas the hydrogen system provides long-duration capacity, with
the electrolyzer consuming power during the mid-day price valley and the fuel cell contributing
supply during the evening peak. This cascading dispatch of resources ensures that the users’
demands are met with high reliability and maximum economic efficiency.

800
600
400

[
(=4
(=]

Power (kW)

0 L 3
-200 Il. i 6 7 i.l 11 12 13 14 III"II
0 Tl | |||
-600
-800
Time (hour)
Pg HPes_d = Pes_ch P ¢ CHP =DRP_down
DRP_up H Load PV Electrolyzer u Fuel cell

Figure 9. The elec

Figure 10 reveals a profoundly he

WEH with DRP
opetgtionfor SEH day-ahead optimization. The bar
chart shows that this residential ¢

load. The boiler is the largest rat®n asset throughout the day, supported by CHP
operating at its maximum eating load represents the primary demand and
fluctuates significantly, p¢ day (e.g., hours 9-11) and in the evening (e.g., hours
20-22).
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Figure 10. The thermal balance of SEH with DRP

Although the gas-fired boiler provides most of the heat in Figure 10 to cover winter demand,
the hydrogen system still plays a crucial role in keeping the hub electrically flexible. By
charging around midday and discharging during the evening peak, the P2H2P loop allows the
SEH to separate the electricity it buys from how it must operate its thermal units. In this way,
the SEH behaves differently from a conventional district heating plant, actively using hydrogen
to exploit price fluctuations in the electricity market and lower overall operating costs.

Figure 11 shows that DRP operates as a virtual battery, shifting electrical loads during oft-

The most significant load shifting occurs between 10:00 and 14:00, when the
daily lowest value of 8.92 c€/kWh. This planned use of cheap energy keep
the hub's total electrical demand as low as possible. On the other hand, co
loads during peak-price hours such as 5:00-9:00 and 15:00-22:00.
during these expensive times, which reduces costs due to grid imp
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@P‘s performance during the day-ahead optimization

afwiffc hydrogen system, as depicted in Figure 12, clearly proves that it
as @ long-duration storage asset. The electrolyzer produces hydrogen and

during low-price hours between 1:00-4:00 a.m. and 11:00-01:00 p.m.,
11 converts hydrogen into power to assist the system in satisfying demand
rice hours, for example, from 6:00-8:00 p.m. This highly price-responsive
alidates the economic viability of the hydrogen system in exploiting market

volatility.
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Figure 12. The hydrogen system performance for the da

ation

is enough to make up result, the
ering total operating costs by 3%
tuations.

take advantage of changing electricity prices: thg
(8.92 c€/kWh) and the high evening price (156
hydrogen loop operates as a strategic flexi

while strengthening the SEH’s resilienc 1l

4. Conclusion

In this study, a smart ene E ing a residential building cluster was analysed
for a winter-day operatio . The SEH operation was first scheduled using a
multi-objective optimizsmt egrated DRPs in Case Study 1, and then optimized in
Case Study II with c8 @ ‘ ermal and electrical DRPs. We found that, without DRP as a

flexibility compq 1cCpn-maker relied more on the grid when importing 391 kWh of
qm )

ceftectively utilized during the day. With DRPs, the total operating cost
ile emissions remained unchanged. The DRPs served as an economic
e operator to execute high-volume energy arbitrage and generate higher

strategically performing charging/discharging cycles during different price
perio ile the 3% reduction in operational costs represents a daily snapshot, these savings
accumulate over the long-term project lifecycle. Although this study focuses on day-ahead
operational scheduling, the results indicate that DRPs may act as economic amplifiers for
capital-intensive assets such as hydrogen systems, thereby enhancing their economic viability
in volatile markets.

The results indicated that highly granular demand-side management is necessary for
capital-intensive assets such as hydrogen to realize their full economic potential. Future
research should focus on integrating innovative bidding mechanisms and establishing robust
optimization frameworks to ensure strong performance amid market price fluctuations and
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uncertainties in renewable generation. Moreover, future research should also integrate these
operational findings into broader investment planning frameworks.

Nomenclature
Abbreviations
AC Absorption Chiller
CHP Combined Heat and Power
CS Cooling Storage
DRP Demand Response Program
EC Electrical Chiller
ES Electrical Storage
H, Hydrogen
HS Heating Storage
MILP Mixed Integer Linear Programming
P2H2P Power-To-Hydrogen-To-Power
SEH Smart Energy Hubs
VRE Variable Renewable Energy
Indices
t index of time
Parameters
P2, Plooling ~ maximum electricity input of EC/CS (kW)
Ye electricity price (c€/kWh)
Cmax jcmin maximum/minimum capacity of hydrogen stora,
Cl; carbon intensity of the grid (kg/kWh)
Clygs carbon intensity of gas (kg/kWh)
COP,.,COP.;, performance coefficients of EC, CS, A

COP,.

COyrt coefficient of maximum curtail
Emin/EMaX  minimum/maximum capacitj h)
EMn /EMAX  minimum/maximum capagigi
Eé";in / Eg;ax

Gl?)nax
max
chp
MR, /MR pm
M Rﬁp / M Rgown
OMg
OM CHP
PEN e
PFﬁéaX/PPT‘YE‘ln

PHJ

Nes d

pt heat of AC (kW)
utput power of CHP (kW)

oefficient of energy storage systems
charging/discharging efficiency of HS
efficiency of a gas-fired boiler

CHP thermal and electrical efficiency

charging/discharging efficiency of CS

ne /nfe electrolyzer/fuel cell efficiency
Nes,c/Mes,a charging/discharging efficiency of ES
At gas price (c€/m?)
LHV lower heat value of natural gas (kWh/m?)
Variables
zfndustry input hydrogen of hydrogen-based industries (kWh)
ct..ct.,pt, cooling power of EC, AC, and CS (kW)
chy stored hydrogen in hydrogen tank (kWh)
EL EL, EL,  energy stored in ES, HS, CS (kWh)
Gi imported gas from the network by boiler (m3/h)
Geénp imported gas from the gas network by CHP units (m*/h)
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1t /1L, binary variables of fuel cell/electrolyzer
e If}if binary variable of down / up of heating DR
Iﬁ; ISk binary variable of down / up of electrical DR
KCh't /K ;'t binary variable for HS charging/discharging constraint
KSY /K, ;'t binary variable for CS charging/discharging constraint
KSJKS* binary variable of ES charging/discharging
Ph}, output heat power from boiler units (kW)

Phl,t' Pel’t, CLt

heating, electrical, and cooling loads (kW)

Year 2026
Volume 1, Issue 3, 2030689

Pl c/Pisa charging/discharging heat rate of HS (kW)
PECthp, PH(fhp ouptput electrical and heat power from CHP (kW)
PE, output power of fuel cell (kW)
PHE, imported heat rate to AC (kW)
PL . cooling charging rate of CS (kW)
PoE, curtailed load (kW)
Pyt /Pt shift up/down of heat load by DRP (kW)
PL imported power to EC (kW)
P, Imported power to electrolyzer (kW)
Pk c/Plsa charging/discharging power of ES (kW)
Pgt imported power from the primary grid (kW)
Pey/Prx,.  shiftup/down of electrical load by DRP (kW)
At hourly time slot (1 hour)

Q;&Q
S
@%
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