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ABSTRACT

Energy hubs are emerging as key enablers of flexibility in modern multi-energy systems, particularly as the
integration of energy storage technologies expands across residential, commercial, and industrial sectors. Their
ability to coordinate distributed resources, including storage, demand response, and vehicle-to-grid (V2G) assets,
offers a scalable pathway to support system reliability and local balancing needs. Realizing this potential,
however, requires decentralized coordination schemes that allow hubs and system operators to collaborate
without extensive data exchange, a growing necessity in competitive and privacy-sensitive environments. This
study develops a decentralized bi-level optimization framework that explicitly links the operational decisions of
energy hubs with the real-time management of coupled electricity and gas networks. At the upper level, the
system operator supervises both infrastructures, addresses energy imbalances, and specifies the flexibility re-
quirements to be procured from upstream networks and downstream hubs. Intra-day uncertainties in demand
and renewable generation are modeled using white noise with Gaussian, Beta, and Weibull probability distri-
butions to capture realistic operational fluctuations. At the lower level, diverse hubs autonomously schedule
their storage units, controllable loads, and V2G resources to maximize the flexible services they can offer. To
enhance coordination performance, an adaptive Alternating Direction Method of Multipliers (ADMM) is intro-
duced, which reduces communication exchanges and achieves a 63.27% faster convergence compared to the
classical formulation. The proposed framework is implemented in GAMS and solved with GUROBI, using a test
system that couples a 118-bus electrical distribution network with a 65-node gas distribution network. Results
demonstrate that the model effectively activates multi-energy flexibility from integrated demand response, en-
ergy storage systems, and electric vehicles. This coordinated flexibility increases economic benefits for hubs,
reduces the system operator's operational costs by up to 19.33%, and lowers total system losses by 6.12%.
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Nomenclature ( )
w Wind unit index
Sets ev Electric vehicle index
h Energy hub index Scalars
t Time period index G1/B; Line conductance/susceptance (S)
ij Bus/Node indices R Line resistance ()
I Line index st Line thermal capacity (kVA)
es Electrical storage system index SB Base apparent power (kVA)
gs Gas storage system index PgU-Mi" /PngM‘lx Min/Max power of dispatchable unit g (kW)
g Dispatchable generation unit index QgGU,Min /QgGU,Max Min/Max reactive power of unit g (kVar)
s PV unit index
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yMin jyMax Min/Max voltage magnitude (p.u.)
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oMin /gMax Min/Max voltage angle (rad) GhHL[‘hU /GhHLtLb D Hub h upward/downward gas flexibility (m®/h)
P,li‘/ﬁﬂ /P,Jl_VIGX Min/Max gas pressure (bar) pﬁlzﬂ’ /Hng CHP electrical/thermal output in hub h (kW)
EES Min / ES Max Min/Max electrical storage capacity (kWh) e CHP gas consumption in hub h (m3/h)
;. . . . Lt
P Max /pois Max Max charging/discharging powel; (kW) HEoler Boiler thermal output in hub h (kW)
in ax i it
Vg\l / Vg Min/Max gas storage volume (m") GBoiler Boiler gas consumption in hub h (m®/h)
Gmax.in /Gmax.out Max injection/extraction rate (m>/h) bt
& & s storage efficiency pEHP EHP power consumption in hub h (kW)
e P/ CEEP EHP heating/cooling output in hub h (kW
EEVMin/EEVMex  Min/Max EV battery capacity (kWh) H:g /Chi eating/cooling output in hub h (kW)
pGhMax /pDisMx Max EV charging/discharging power (kW) (o Absorption chiller cooling output in hub h (kW)
aC . . o
g /”ih CHP electrical/thermal efficiency H Heat input to absorption chiller in hub h (kW)
h . Lo
neh/nge EHP heating/cooling coefficient of performance Py Electric heater power consumption in hub h (kW)
nhe Absorption chiller coefficient of performance Hi Electric heater thermal output in hub h (kW)
neh Electric heater efficiency EES, Electrical storage energy level at time ¢ (kWh)
Gt /nPis Electrical storage charging/discharging efficiency PG /PR Electrical storage charging/discharging power (kW)
foler Boiler efficiency PES, Net electrical storage power exchange (kW)
v PV panel efficiency Ve Gas storage volume at time t (m%)
LHVS Lower heating value of gas (kWh/m®) G /G Gas injection/extraction rate at time t (m®/h)
M€ Gas molar mass (kg/kmol) EEY, EV battery energy level at time ¢t (kWh)
¢ Unit.converzion factor (36d) . PSh, /P EV charging/discharging power (kW)
. . . . EEVAr /gEV-Dp EV arrival and departure energy levels (kWh)
PpYT:Max /pPV.Max Maximum wind turbine/PV capacity (kW) 4 i . . . K
0P /06 ADMM penalty coefficients for hub h Lg,t/LhH t/Lﬁr Electrical/heating/cooling load of hub h at time t (kW)
h/Pr . .
PRP/PRY Primal residuals Li:{ /Li:r Electrical load shift-up/down (kW)
DRP /DR Dual residuals L;I_'; /Lﬁ'; Heating load shift-up/down (kW)
M Large positive constant 1SS Cooling load shift-up/down (kW)
Parameters i L APHub /)G Hub ADMM dual variables
= Line-bus incidence parameter bt e
li,fub Power flexibility price from hub h ($/kW) f;gary Variables On/Off status of dispatchabl it g at time
: n/Off status of dispatchable unit g at time
G Hub Gas flexibility price from hub h ($/m3) g'; Charei ¢ 113 ical & .
h.rE . o ) S arging status of electrical storage es at time t
s External network power flexibility price ($/kW) < EV charging status at time ¢
™ External network gas flexibility price ($/m’) 1?“’ CHP operational mode in hub h at time t
. . 1as1s . Lt
”g: s Dlspatchablf: I.H'nt ﬂe.)ublhty price ($/;( W) i EHP operational mode in hub h at time t
e /7 Storage flexibility prices ($/kW, $/m") [P/H/CH /G~ Load shift-up/down for power/heating/cooling in hub h
S Wind speed at time t (m/s) i
StIt Solar irl;a diance at time t (W/m?) rUP Upward/downward power f?e)‘(i.bility r(s‘quireme}'lt i-ndicators
5, /ﬁil’/ﬁx{{ Noise factors for load demand, PV generation, and wind 18Y/1°P Upward/downward gas flexibility requirement indicators
generation
P4 /p8 /Pg/Pf Power coordinates of CHP feasible region vertices A, B, C, D in
hub h (kW) ) ) ) ) 1. Introduction
H{/HE/HS /HY Heat coordinates of CHP feasible region vertices A, B, C, D in hub
h (kW) o
Variables 1.1. Background and motivations
Pr/Qf, Active/Reactive power flow in line 1 at time t (kW/kVar)
P Active power losses in line [ at time t (kW) The increasing integration of renewable energy sources and the
Vie/Ore Voltage magnitude/angle at bus i at time t (p.u./rad) growing complexity of energy systems have heightened the need for
Bl /ey E\‘;y'?head active/ reactive power output schedule of unit g (kW/ advanced flexibility solutions to ensure system reliability and cost-
ar, . . .
ngw /ngw Upward/downward power flexibility from unit g (kW) Effe.c,tlve (l)peratlon . [1’2]1' F‘nergy ,g}lbs’ ashr;l_lult,ltfﬁ ergby manzsem,ent
PfN'U/PfN'D Upward/downward power from external network (kW) ent%tles, pay a crucial role 1n providing suc eX'l 1 lty' y coordinating
s . various Distributed Energy Resources (DERs), including controllable
pEsU /pfff Upward/downward power from electrical storage (kW) load d hnologi h hub
PPy PV power output of unit s at time ¢ (KW) oads, energy storage syste.rns, and V2G tec r1.0 ogies [3,4]. T .es.e u S
pur Wind power output of unit w at time ¢ (KW) can dynamically adjust thv;lr energ}i consumpt}on, storage, and }n!e‘ctlon
ﬁst;la, Day-ahead PV power schedule (KW) patterns to respond to grid conditions, offering essential flexibility to
ot . s
i . coupled power and gas networks [5]. In this context, flexibility markets
pWind Day-ahead wind power schedule (kW) A L. L.
P b Gas flow in piveline Lat ti 3 have emerged as a key mechanism for monetizing and optimizing the
t time t C . . . .
If:‘ Gas ow in pipe mde artime ((r: /)) participation of energy hubs in system balancing and congestion man-
it as pressure at node i at time t (bar’ .
E‘;” Day-ahead gas consumption schedule of unit g (m*/h) agement [6,7]. By leveraging IDR, storage, and V2G, energy hubs can
8 o aup Upward,/downward gas flexibility from nit g (m®/h) provide fast-response services to mitigate fluctuations in renewable
Gi;v U/ Ggm Up a 4 do a q gas fe Y . gk e generation and enhance grid resilience. However, effectively coordi-
; ; t t . C . . s
G;; s U/ G;;SD Upwardj dOW“ward gas fmm & el?a ne zvo;/h()m /h) nating the participation of energy hubs in flexibility markets presents
) ¥ war ownwars as Irom gas storage (m . g . . .
Gt /G Dp head 2as d gd dg Ny 3/:) significant challenges due to their decentralized nature, complex in-
G ay-ahead gas demand at node i (m . . .
G v & terdependencies, and the operational constraints of coupled power and
~Hub imizati i . e
bt Hub h power exchange (optimization variable) (kW) gas networks [8]. To address these challenges, distributed optimization
g Hub h gas consumption (optimization variable) (m’/h) techniques have gained traction as a promising approach for achieving
b Day-ahead power exchange schedule of hub h (kW) secure and efficient coordination between energy hubs and the system
éim Day-ahead gas consumption schedule of hub k (m?/h) operator [9]. Unlike centralized methods, which require full system
Lt . . . . . . .
plib D Hub h upward/downward power flexibility (KW) information and result in high computational burdens, distributed
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optimization enables local decision-making while ensuring global
feasibility and optimality through coordinated interactions [10]. Such
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techniques preserve data privacy, reduce computational complexity,
and allow energy hubs to autonomously manage their flexibility while
contributing to overall system stability [11,12].

Motivated by the critical role of energy hubs in flexibility markets
and the challenges of secure coordination, the authors of this paper
propose a novel distributed optimization framework for the participa-
tion of energy hubs in flexibility markets within coupled power and gas
networks. This framework enables effective and privacy-preserving co-
ordination between hubs and the system operator while unlocking cost-
effective flexibility within hubs. By enhancing system flexibility,
reducing operational costs, and minimizing energy losses, the proposed
approach addresses growing uncertainties in coupled power and gas
networks and supports the reliable integration of renewable energy
sources.

1.2. Related works

The increasing integration of flexibility markets in coupled power
and gas networks has been a significant area of research, with a focus on
the role of smart prosumers, such as energy hubs, smart buildings,
Internet data centers, etc. Several studies have explored how multi-
energy systems and demand-side flexibility can enhance energy effi-
ciency, reduce operational costs, and improve grid stability. For
instance, [13] presents a framework optimizing incentives for residen-
tial adoption of energy hubs, aiming for balanced economic benefits
between utilities and consumers, demonstrating advantages such as
peak load reduction and improved distribution system operations
through Monte Carlo simulations. [14] outlines a method to enhance
coordination between day-ahead scheduling and real-time dispatch in
energy hubs, mitigating short-sighted decisions influenced by renewable
variability, with performance close to optimal levels, comparable to
predictive control methods. [5] proposes a risk management framework
for electricity-gas systems, efficiently utilizing local energy hubs' flexi-
bility to manage wind power variability, outperforming traditional ap-
proaches in computational efficiency. A key approach to managing
flexibility in Peer-to-Peer (P2P) energy trading is proposed in [15],
where prosumers optimize their energy consumption and trading within
transactive power and gas systems. The model balances electricity and
gas supply while enhancing system resilience through decentralized bi-
level optimization. Similarly, [16] explores cost-sharing mechanisms in
energy communities, demonstrating that smart prosumers can reduce
their costs by actively participating in flexibility incentive programs.
The integration of hydrogen storage as an additional flexibility source is
discussed in [17], where Power-to-Gas (P2G) technology enables pro-
sumers to optimize energy use and reduce dependence on centralized
power generation. In the context of Virtual Power Plants (VPPs), [18]
highlights how coordinated scheduling of power and gas markets can
reduce price volatility while incentivizing prosumer participation in
dual energy markets.

Energy flexibility is increasingly treated as a coordinated optimiza-
tion problem spanning end-use control, network operation, and elec-
trified mobility under uncertainty. Comfort-aware demand shaping is
formulated for residential heating/ventilation with joint price-setpoint
scheduling [19], complemented by sensor-driven rolling-horizon in-
dustrial load control under real-time tariffs [20] and wind-storage-
demand response microgrid dispatch [21]. Communication, sensing,
and cyber-physical enablement are captured through leader-follower
incentives for telecom-assisted demand response [22], secure joint
sensing-and-communication with optimized reflecting surfaces under
imperfect channel knowledge [23], and measurement-based awareness
in distribution grids via critical-node identification and voltage-
sensitivity tracking [24,25]. Electric mobility flexibility is addressed
through multi-timescale operation of solar-powered charging stations
with storage [26] and strategic charging-infrastructure build decisions
under platform competition [27]. At the system layer, scalability and
decarbonization are pursued via accelerated network-constrained unit
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commitment [28] and low-carbon multi-energy dispatch coupling
electricity, heat, gas, and hydrogen with power-to-gas, carbon capture,
and hydrogen storage under interval uncertainty [29], supported by
reliability/resilience studies on maintenance-replacement planning and
fault performance enhancement [30,31]. Market participation realism
and transition context are broadened by bounded rationality in local
energy markets [32] and the coupling between green finance and green
technology diffusion [33]. Adjacent transport and infrastructure ana-
lytics, accident reconstruction [34], mixed platoon control under delays
[35], autonomous-driving adoption pathways [36], and real-time
identification of vehicle-induced structural responses [37], reinforce
that deployable flexibility frameworks must integrate optimization with
data, communications, and human factors.

Decentralized energy trading has gained increasing attention, with
[38] proposing a P2P-enabled system for microgrid communities. This
model ensures transparent transactions while enhancing energy security
and reducing reliance on centralized utilities. Similarly, [39] explores
blockchain-enabled local electricity markets, leveraging heating system
flexibility to optimize energy distribution among smart prosumers. In
addition to energy trading, the role of energy hubs and rooftop solar
prosumers in coordinated energy scheduling is studied in [40], where
multi-energy optimization frameworks improve grid reliability and
economic efficiency. A multi-agent deep reinforcement learning
framework for energy trading and flexibility services is introduced in
[41], demonstrating that Al-driven strategies enable prosumers to
dynamically adjust consumption and generation based on real-time
market conditions. [42] explores decentralized demand response for
energy hubs, where integrated electricity and gas systems leverage
linepack flexibility to optimize demand-side participation. Furthermore,
[43] presents a bilevel energy-sharing framework that coordinates
electricity and heating networks within integrated energy systems,
emphasizing the role of flexible prosumers in reducing peak loads and
enhancing system efficiency. Finally, [44] proposes a P2P framework for
multi-energy microgrids in fully renewable integrated power and gas
networks, employing P-robust stochastic optimization to manage un-
certainties while facilitating decentralized electricity and gas trading.

Many studies have explored the utilization of demand-side flexibility
resources, including energy storage systems, Electric Vehicle (EV) fleets,
and flexible loads, within local markets. In this regard, [45] demon-
strates that coordinated scheduling among energy hubs enhances system
flexibility by leveraging storage systems and flexible loads to support
system operators. Similarly, [46] proposes a two-phase optimization
framework that integrates energy and ancillary service markets,
achieving efficiency improvements and cost reductions through the
coordination of conventional power sources, energy storage, EVs, and
demand response aggregators. This approach yields a 10% reduction in
thermal unit utilization and a 6.91% decrease in overall system costs.
Additionally, [47] introduces a P2P trading framework for urban envi-
ronments with EV charging stations, integrating transport and power
distribution networks to reduce operational costs by 16.61% while
maintaining network reliability standards. In Ref. [48], a robust MISOCP
model with C&CG algorithm is presented for joint optimization of
electricity and gas networks, incorporating DG, P2G, ESS, EVs, and DSM,
achieving a 21% cost reduction.

A review of prior research underscores the widespread application of
the ADMM in decentralized flexibility market coordination while high-
lighting the need for further refinement to enhance convergence speed
and global optimality. Notable applications of ADMM include conges-
tion and imbalance management in a 123-bus system [49], coordination
between transmission and distribution systems to optimize flexibility
utilization [50], facilitation of local flexibility markets in multi-
Distribution System Operator (DSO) [51] and multi-microgrid [52] en-
vironments, development of a P2P architecture for energy and flexibility
trading in distribution systems [53], and decentralized coordination of
transmission and distribution flexibility markets [54]. Despite these
advancements, further refinement is required to improve solution
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Fig. 1. ADMM-enabled model architecture.

accuracy and computational efficiency across various challenges.

1.3. Research gaps and contributions

Table 1 is introduced to highlight a detailed comparison of the pro-
posed work with recent research. The literature extensively explores the
role of smart prosumers in modernized flexibility markets. However,
most studies have primarily focused on the flexibility of power networks
while overlooking the integration of gas networks and their mutual in-
teractions. Research that does consider both electricity and gas networks
has predominantly examined energy markets, largely neglecting flexi-
bility markets. Furthermore, while a limited number of studies have
investigated flexibility markets in coupled electricity and gas networks,
none have conducted a comprehensive analysis of the simultaneous
operation of V2G technologies, IDR mechanisms, and diverse energy
storage systems in terms of economic performance, flexibility
enhancement, and system efficiency.

To partially address these research gaps, the authors previously
introduced an ADMM-based model for integrating energy hubs into local
flexibility markets in [55]. This model aimed to preserve market par-
ticipants' privacy, enhance coordination speed, reduce daily operational
costs, and maximize the utilization of flexible capacities from advanced
demand-side technologies. However, the model did not incorporate the
gas network, its real-time energy imbalances, or its interactions with the
power network. Additionally, the energy hubs were assumed to follow a
uniform structural framework, preventing the analysis of diverse real-
world hub configurations with varying operational characteristics.

Building on prior research and addressing these limitations, this
paper presents a comprehensive model for the decentralized coordina-
tion of energy hubs in coupled electricity and gas networks. The pro-
posed model optimizes the deployment of flexible technologies within
energy hubs to improve economic performance, enhance system flexi-
bility, and increase operational efficiency. This model explicitly ac-
counts for real-time energy imbalances in both electricity and gas
networks, capturing their interdependencies. Moreover, it accommo-
dates energy hubs with distinct residential, commercial, and industrial
configurations, allowing for a more realistic representation of real-world
systems. Furthermore, the ADMM algorithm introduced in [55] has been
enhanced with a logarithmic coefficient-based technique for dynamic

error updating, significantly improving the convergence speed of the
agents. The main contributions of this model are outlined below:

e Proposing a bi-level optimization model in which the coupled power-
gas system operator is embedded at the upper level, while residen-
tial, commercial, and industrial energy hubs operate at the lower
level. This setup enables the system operator to effectively manage
flexibility requirements, mitigating generation-consumption imbal-
ances within the coupled power-gas system by leveraging the cost-
effective flexibility of advanced demand-side technologies within
energy hubs. Leveraging the full potential of energy hubs, the pro-
posed model reduces reliance on external networks, minimizes
power losses, lowers system operator costs, and ensures the eco-
nomic viability of energy hubs in local flexibility markets.
Presenting a novel adaptive version of ADMM for the decentralized
coordination of energy hubs and the coupled power-gas system
operator, incorporating a logarithmic coefficient-based technique for
dynamic error updating. This enhanced version achieves signifi-
cantly faster convergence compared to both the standard ADMM and
the version presented in [55]. Moreover, it ensures the global opti-
mality of market optimization while preserving the confidentiality of
energy hubs' internal information by minimizing data exchange be-
tween agents and the system operator.

Developing an energy management mechanism for residential,
commercial, and industrial energy hubs that optimally integrates
their electrical, thermal, and cooling converters with advanced
demand-side technologies, including V2G, IDR mechanisms, and
electrical, thermal, and cooling storage systems. The proposed
mechanism unlocks the full flexibility potential of energy hubs,
optimizing their service provision to intra-day flexibility markets and
increasing their profitability.

2. Proposed bi-level model

Fig. 1 illustrates the structure of the proposed model, designed to
unlock the maximum flexibility potential of smart prosumers, particu-
larly residential, commercial, and industrial energy hubs, within intra-
day flexibility markets in modern coupled power-gas systems. The
flexibility market analyzed in this study is structured to address intra-
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hour generation-consumption imbalances in both power and gas net-
works. It facilitates real-time coordination between network operators
and market participants, leveraging distributed flexibility resources to
enhance operational reliability and efficiency. The model comprises two
levels: the upper level, where the coupled power-gas system operator
performs intra-day operational planning of its area, and the lower level,
where energy hubs optimize their flexibility provision. At the upper
level, the system operator eliminates inter-hourly generation-con-
sumption imbalances in the power and gas networks while ensuring
compliance with all security constraints governing energy flows. Upon
solving this optimization stage, the operator determines the operation
schedules for dispatchable generation units and electrical and gas stor-
age systems, aligning them with inter-hour fluctuations. Additionally, it
specifies the required upward and downward flexibility capacities at the
coupling points connecting external networks and downstream hubs, for
both electricity and gas. At the lower level, each energy hub employs an
energy management mechanism to optimize the flexibility of its internal
technologies. After solving this stage, hub operators establish optimal
schedules for all internal technologies and loads while reporting their
available upward and downward flexibility capacities to the system
operator.

An enhanced adaptive ADMM algorithm is introduced to ensure
decentralized coordination between the system operator and energy
hubs. This distributed optimization-based mechanism guarantees
convergence to the global optimum while preserving participant privacy
by restricting shared information to essential service exchange param-
eters. The mechanism links the final pricing of electricity and gas flex-
ibility services to mutual interactions between hubs and the system
operator, as well as network energy flow constraints, ensuring a
competitive market environment.

3. Mathematical formulation

This section presents a Mixed-Integer Linear Programming (MILP)
formulation for modeling the first and second levels and a Mixed-Integer
Quadratically Constrained Programming (MIQCP) formulation for the
proposed adaptive ADMM algorithm. The energy market is assumed to
have been settled on the previous day, with its results available to the
system operator. To account for intra-hourly generation-consumption
fluctuations required for the operation of the intra-day flexibility mar-
ket, white noise is introduced to the load demand, PV power output, and
wind power generation. This noise is modeled using Gaussian, Beta, and
Weibull Probability Distribution Functions (PDFs) for load demand, PV
generation, and wind power, respectively, with parameters estimated
using standard statistical methods: Gaussian parameters (y, o) from
historical load data, Beta parameters (a, ) from normalized solar irra-
diance using method-of-moments, and Weibull parameters (k, 1) from
wind speed data using maximum likelihood estimation.

3.1. Upper-level scheduling

Eq. (1) defines the objective function of the coupled power-gas sys-
tem operator, formulated to minimize costs associated with system
flexibility requirements. This function incorporates the procurement of
flexibility services from energy hubs, external networks, dispatchable
units, and electrical and gas storage systems. The costs of services pro-
cured from external networks, dispatchable generation units, and stor-
age systems are predefined parameters, whereas the costs of services

obtained from energy hubs are iteratively updated based on the
P.Hub /IG,Hub

hit hit

treated as inputs during the first ADMM iteration but are subsequently

adjusted based on ADMM penalties and discrepancies in planning be-

tween the system operator and energy hubs. A detailed discussion of this

process is provided in Subsection C.

convergence of the proposed ADMM. Initially, 4 and are
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The system operator employs a linearized AC power flow model to
manage energy transactions within the power network, as described in
(al)-(a8) [15]. Equation (al) defines the active power flow of line 1
based on voltage magnitude and angle at both terminals, while (a2)
provides a similar formulation for reactive power [46]. Line losses,
incorporating active/reactive power and line resistance, are computed
in (a3). To enhance computational tractability, a piecewise linearization
technique is employed to approximate the quadratic terms associated
with active and reactive power flows. Voltage magnitude and angle
constraints for network buses are enforced through (a4) and (a5),
respectively. Equation (a6) restricts power flows to line capacities (S}),
whereas (a7) and (a8) ensure active and reactive power balance at each
bus. Letters with a bar denote variables predetermined in the prior day's
energy market, whereas those without a bar correspond to the current
day's flexibility market. Parameter 7}, determines the direction of power
flow, taking values of 1, 0, or — 1, depending on the network topology.
Parameters &7, 5.y, and &},] are respectively generated using Gaussian,
Beta, and Weibull PDFs, applying white noise to the outcomes of the
prior day's settled energy market, specifically load demand, PV power,
and wind power.

P
o = G —v;0) +Bi(6ie —6;,) (al)
Q
S—ﬁ;‘ =B (vie —Vie) — Gi(0c — 0;¢) (a2)
2 2
r(pr) (@)’
Pl = 5 (a3)
v < vy < (a4)
o < 6, < o (@5)
2 2 2
(Pr) + () <) (a6)
(I—wa +P§N,U o PfN.D) |i:1 n Z (I_DEIU +P§,ﬁ]'u _ Pgiw)
gellf
- (E) + Y (s
selly welly
@7)
+ Z (I_Jff.t + Pfss.iU - PfiD) = 53}_) ?t

esellf®

ey me ) 5 (e )
1

her!

QM|+ D Q=3 (i@ )+ S [ (B P i) |
gell§ l hent

(a8)

The operational constraints of the gas network are detailed in (b1)-
(b3). Equation (b1) imposes bounds on nodal gas pressure to maintain it
within permissible limits. Equation (b2) models gas flow in each
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Fig. 2. Conceptual representation of energy hubs.

pipeline and is linearized using a 10-segment piecewise linear approxi-
mation to enhance computational efficiency. Following the validation
approach in [56], this piecewise linearization maintains high accuracy
with errors typically below 1% for distribution network operating con-
ditions while enabling efficient MILP formulation instead of computa-
tionally expensive nonlinear programming. The parameters Pr;, and Pr;,
denote the inlet and outlet pressures of the pipeline, respectively, while
the constant «9{’ encapsulates the pipeline's physical characteristics. (b3)
ensures nodal equilibrium by enforcing the balance between total gas
supply and demand across all nodes. Factor &7, applies white noise to the

day-ahead energy market's gas demand (G .) to simulate intraday fluc-
tuations. The upward and downward capacities required to manage
these fluctuations can be supplied by energy hubs, the external gas
network, dispatchable generation units, and gas storage systems.

Prifin < Pr;, < Prife (bD)
GL|ar| = (50)*[(Pri)” - (Pri)’] (b2)
@ + GV —GVP)| L + ZH (Go + Ges0 - 6P =

geri
Z(rﬂG{t) + 803G + Z( o GG"“+GGUD) ®

1 gells

The power-gas system components incorporate dispatchable gener-
ating units, wind units, PV units, electricity and gas storage systems, and
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gas booster compressors. The active power output of dispatchable units
is determined using (c1), where M¢ and LHV® denote the fuel mass flow
rate and lower heating value, respectively, whereas G5 and 75" repre-
sent the gas flow rate and efficiency coefficient. ¢ is a factor of 3.6 used
to ensure unit consistency. Constraints on the active and reactive power
setpoints of dispatchable units in the intra-day flexibility market are
formulated in (c2) and (c3), considering unit capacities and operational
setpoints from the previous day's energy market outcomes. The binary
variable I/ is a binary variable that indicates whether dispatchable unit
g is on or off at time t. The wind power generation model in (c4) de-
scribes output as a segmented function of the hourly wind speed (S,),
distinguishing three operational phases: (i) no generation when wind
speed is below the cut-in threshold (S.;), (ii) a gradual increase in power
as wind speed rises from S,; to the rated value S,, and (iii) full power
output when wind speed falls within the rated and cut-out limits (S,).
The PV generation framework in (c5) accounts for key parameters,
including hourly solar irradiance (SI,), reference irradiance (SI?), panel
efficiency (#V), and maximum installed capacity (P?Y¥*). Gas com-
pressors, as defined in (c6), function to elevate gas pressure by com-
pressing the incoming flow before network injection.

MSLHVSSYGSY
o = 7;" “ (c1)
PgU‘MinIggj S Pgij S PgU‘Muxlgil (C2)
QgU.MinIgtU S Gi} S QgU,Mung? (C3)
0 ) St<sci Or Stzsco
St — S
Pl = { PR Sa <8< )
r clL
PMV/VTYMLLX 7Sr§S[<SCO
S,
Py =Y P (c5)
Prj; = A°Pry, (c6)

The operational modeling of electrical storage systems is defined in
(d1)-(d6). In (d1) and (d2), the charging and discharging power levels,
PS" and PP%, are constrained by their respective maximum capacities
and predefined setpoints obtained in the previous day's energy market.
The charging status of the storage system is determined by the binary
variable 15;; The energy balance equation (d3) updates the stored en-
ergy level based on the preceding state and the net energy exchange.
Initial and final storage levels are predefined in (d4), while constraint
(d5) maintains the stored energy within permissible limits, bounded by

EESMin and EESMax Equation (d6) computes the storage system's net ex-

change (PZ) with the grid at time t, considering charging and dis-
charging power.
0 < P < PQM™IE, dn
0< P2 < PR (113, (d2)
PDIS
BB, =EZ_| +nSPSh At — ﬂeS[At (d3)
es
Eg est=0 — Egsst T Efssyo ()
EE_;S‘MM < Eggt < EESS,MG_X (d5)
P =P — PG, (d6)

The operational modeling of gas storage systems follows a similar
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structure and is defined in (el)-(e5). Constraint (el) updates the gas
storage volume based on the previous state and net gas injection/
withdrawal, where 7, represents the storage efficiency. Equation (e2)
limits the injection and extraction rates to their maximum capacities.
Initial and final storage volumes are set equal in (e3), while (e4)
maintains the stored gas volume within permissible limits. Equation (e5)
computes the net gas exchange with the network.

. 1
A R (en)
T,
0< Gy, <Gp™" 2
0 < Gout < Gmax.out
- &t — &
Vgs.o = Vgs.T (83)
Vgt < Vi, S Vg™ (e4)
Gey' — G’ =Gy =Gy, (e5)

Gas storage systems enhance flexibility by providing bidirectional
services by injecting gas during supply shortages and extracting during
surplus conditions, unlike dispatchable units constrained to their power
generation schedules. This decouples gas supply from instantaneous
demand, smoothing demand variations and reducing reliance on
external networks. Additionally, gas networks possess inherent linepack
flexibility, where gas volume stored within pipelines can be adjusted
through pressure variations within limits (b1)-(b2). As demonstrated in
[42], linepack provides rapid intra-hour balancing, while dedicated gas
storage (el)-(e5) addresses sustained imbalances, creating a two-tier
flexibility framework essential for managing renewable intermittency
in coupled power-gas systems.

3.2. Lower-level scheduling

The lower-level model incorporates an energy management mecha-
nism that enables diverse energy hubs to maximize their participation in
the intra-day flexibility market. As depicted in Fig. 2, these hubs can
exchange bidirectional power and unidirectional gas with their respec-
tive networks. They must supply electrical, thermal, and cooling loads
while implementing an IDR mechanism. Energy hubs differ in compo-
nent configurations, capacity, and load profile, with each hub inte-
grating a specific subset of available technologies based on its internal
design. Depending on their setup, energy hubs can meet electrical loads
through grid exchanges, Combined Heat and Power (CHP) systems, PV
units, wind turbines, and electrical storage discharge. Thermal loads
may be supplied by CHP systems, boilers, Electric Heat Pumps (EHPs),
electric heaters, and thermal storage discharge, while cooling loads can
be met using absorption chillers, EHPs, and cooling storage discharge.
Additionally, energy hubs incorporate parking lots for EV fleets,
enabling V2G services.

The lower-level objective function, defined in (2), maximizes the
energy hubs' profit in the intra-day flexibility market. This function
comprises two components: the first accounts for profits from providing
flexibility services to the power network, while the second pertains to
services for the gas network. Each energy hub optimizes this objective
independently, ensuring operator privacy. I’V and I''® are parameters
that define the system operator's upward and downward flexibility
needs in the power network at any time t. These parameters are deter-
mined at the end of the upper-level optimization and communicated to
If V' =1, and vice versa.
e

the hubs. If upward services are required at ¢,
Note that I’V and IP® are mutually exclusive. Similarly, IV and
serve the same role for the gas network.

The balance constraints for electrical, thermal, cooling, and gas loads
are formulated in (f1)-(f4), respectively. These constraints comprehen-
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sively include all components, with each energy hub excluding variables
corresponding to non-existent components based on its configuration.
Additionally, the balance constraints incorporate variables required for
implementing the IDR mechanism across all three load types, enabling
hub operators to adjust their loads accordingly. Equations (f5) and (f6)
restrict load shift-up and shift-down to a percentage of their maximum

values, respectively. Binary variables IiﬁH/ ¢+ and I;/tH/ ¢~ activate shift-
up and shift-down operations, with their mutual exclusivity enforced in
constraint (e7).

Filb — Z [ ﬂii{ub (Pﬁlfb"ulzp'u T P:Ltlb,plf,p) At]

t

(2
Hub ub., b. »
+ 3 [ (e + G |
t
—Hub —
Pﬁt - P;I.ltlbyu + PhH,Lt‘b.D = Li,t + Lif +P£I;I +P§¥P + Pg}tl + Zpgt - Li;t
evl7;v
— P PR PP - ) PO
evﬂ;"

(f1)

HE -+ H + Hyl + RS+ HEE L = Ly + L+ H - He (£2)

Chl + G+ Gy + L, = Li + Ly + G (£3)
Gre' — G+ GIl® = G+ G (£4)
0< L:,/tH/C‘+ < al;/H/CLIPI'./[H/CI:éH/C.+ (f5)
0 < Lye < gpMepyepes (f6)
T e < (£7)

The formulation of electrical, thermal, and cooling energy storage
systems within hubs follows the approach used for storage systems in the
upper level. Other hub components are represented by constraints (fg1)-
(g13). Note that the internal energy flow between components follows
the structure depicted in Fig. 2. The operational constraints of CHP
systems, formulated in (g1)-(g6), define their feasible operating region
as a trapezoid with vertices A, B, C, and D. Constraint (g1) ensures the
operating point remains below line AB, while (g2) enforces it above BC,
and (g3) maintains operation above CD. The binary variable I;'* in-
dicates the unit's operational status. Constraints (g4) and (g5) define the
permissible heat and power generation limits. Equation (g6) models the

CHP unit's gas demand, incorporating electrical (P{#") and thermal

.t
(HP) energy outputs. These outputs are scaled by efficiency factors iy
and n,glh and adjusted using the gas's lower heating value LHV® and molar
mass (M®). A conversion factor of 3.6 (¢) ensures unit compatibility.
Similarly, the boiler's gas consumption is determined in (g7), based on
its operating state (H29%r). The EHP operation follows (g8), linking
heating and cooling outputs to power input (P;;") and respective effi-
ciencies (7" and 7). Equations (g9) and (g10) prevent simultaneous
heating and cooling production, controlled by the binary variable I}/,
which determines the EHP's mode. Absorption chillers supply cooling as
per (g11), while electric heaters generate thermal power under (g12). A
general capacity constraint (g13) ensures that all hub components
operate within their respective maximum limits.

pr_p
CHP h h HP 774
Pry +H‘,‘1‘ 7 (ng Hh) <p; (gD
PP pS
CHP h h 'HP __ 1yB _ __ yCHP
P+ e (Hgr —H2) = PE— (1-187)M (82)
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Fig. 3. Coupled power-gas system under analysis.

Table 2
Structural configuration of the case studies.
Case  Network Storage Energy Hub Technologies
Syst
ysterms DR Storage V2G
Mechanisms Systems Services
1 x x x x
2 v x x x
3 v v x x
4 v v v x
5 v v 4 v
Table 3
Numerical outcomes achieved for Cases 1-5.
Case System Operator's Flexibility Market Expenses ($)
System Components External Networks Energy Hubs Sum.
1 2787.37 43,681.81 0 46,469.18
2 3749.77 38,833.41 0 42,583.19
3 3749.77 32,292.47 2878.01 38,920.26
4 3749.77 30,198.52 3464.32 37,412.61
5 3749.77 26,765.41 3835.24 34,350.43
P HD< ) > - (11 )M (83)
HP B 7CHP
0 <H" < il (g4)
HP CHP HP
Pl < PRl < PRI (&5
CHP HP
4 Py hit
oo — P (The | Th (g6)
S G G h
MCLHV' nﬁp ;ﬁl

) ¢Hgoiler
oiler it
W= MoV &7
h
CEHP  pJEHP
PEHP _ ht ht ( 8)
ht ﬂ’elc ”ih g
HI'P <I'PM (€]
CEHP < ( IEHP) M (210)
< g
Chi =My Hyg (g11)
EH — ”h PEH (812)

HBoiler < HBoiler,Ma_x

C,Max
Cii <Gy
'H.Max
L <Py
'HP 'HP.Max
Pﬁ,f < Hy

(g13)

Equations (h1)-(h6) define the operation of V2G-enabled parking
lots at energy hubs, where charging and discharging of vehicle batteries
are managed based on market signals while respecting vehicle avail-
ability constraints. Equation (h1) tracks the EV battery's energy level on
an hourly basis, incorporating previous energy levels and current
charging or discharging. Equations (h2) and (h3) define the maximum
charge and discharge rates, while (h4) limits the battery's energy ca-
pacity. Parameter u},, is nonzero only when vehicles are present,
ensuring that charging and discharging occur only while vehicles are in
the parking lot. Equation (h5) sets the EV battery energy level upon
arrival, and (h6) ensures it meets a minimum threshold at departure.
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Fig. 4. Flexibility providers in the power network.
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Fig. 5. Flexibility providers in the gas network.
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Eqyy o = Eg) (h5)

Egym > B/ (h6)

3.3. Linking upper and lower levels

This work introduces an enhanced ADMM framework designed to
facilitate the coordination between upper- and lower-level optimization
agents in the intra-day flexibility market. The proposed approach

10

enables the upper-level agent (e.g., a system operator) to determine the
necessary flexibility services, while the lower-level agents (e.g., energy
hubs) independently specify their service provisions. To preserve local
confidentiality, only coupling variables associated with upward and
downward flexibility contributions are exchanged between energy hubs
and the system operator. A key distinction from conventional ADMM lies
in the dynamic adaptation of penalty parameters. Unlike traditional
methods that use static penalty coefficients, the proposed approach
continuously updates these terms throughout the iterative process,
enhancing convergence speed and stability.

The proposed ADMM framework guarantees global optimality
through its convex problem structure and convergence properties. Both
the upper-level (system operator) and lower-level (energy hubs) are
formulated as MILP problems with linear constraints and convex ob-
jectives. For such problems, ADMM provably converges to the global
optimum when augmented Lagrangian penalty terms are appropriately
selected. Convergence is verified through primal residuals (measuring
coupling variable agreement between agents) and dual residuals
(tracking flexibility price stabilization). When both metrics fall below
the threshold (> PR+ Y DR < 0.001), the algorithm reaches a state
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Fig. 7. Flexibility providers in the gas network.

where no agent can unilaterally improve its objective without violating
system constraints, confirming global optimality. The adaptive penalty
coefficient adjustment accelerates convergence without compromising
optimality, as evidenced in Fig. 12, where all ADMM variants converge
to identical objective values.

The implementation steps are outlined in Algorithm 1. In lines 1-4,
the initial settings of the proposed ADMM framework are established,
including the initialization of exchange prices for electricity and gas
flexibility services in the first iteration. These prices are dynamically
updated in subsequent iterations based on deviations between the
upper- and lower-level solutions. Following this, the upper- and lower-
level objective functions are reformulated (lines 5 and 6) by inte-

~Hub

Pfltlb - Ph,t and

grating ADMM penalty terms, denoted as H

~ Hub |2
HGﬁ‘bfGZ:b y which are weighted by dynamically updated co-

efficients %ﬁ

G
and p—Z’L. Letters with a tilde denote the coupling variables

11

associated with the agent undergoing optimization, whereas letters
without a tilde represent the corresponding values previously deter-
mined by other agents. The iterative refinement of exchange prices for
electricity and gas flexibility services, incorporating deviations in
coupling variables, is addressed in lines 12 and 13. To assess the algo-
rithm's progress, primal residuals, quantifying inconsistencies in
coupling variables, are computed in lines 14 and 15, while dual re-
siduals, capturing variations in price updates, are derived in lines 16 and
17. An adaptive mechanism (lines 19-25) modulates penalty coefficients
based on the relative magnitudes of these residuals. If the primal re-
sidual significantly exceeds the dual residual, the penalty coefficient is
logarithmically increased, while the opposite case results in a logarith-
mic reduction. This adaptive tuning allows the framework to dynami-
cally respond to system variations, achieving faster and more stable
convergence compared to traditional ADMM methods with fixed pa-
rameters. Finally, the stopping criteria, defined in line 26, ensure
termination when the cumulative sum of primal and dual residuals falls
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below a predefined threshold of 0.001, guaranteeing global optimality. (continued)
Algorithm 1. Pseudocode for executing the proposed ADMM. 15. Calculate primal rf;:s“als for gas exchanges;
¢ = “GhHLtLb — G, ”
1. Set initial values for the optimal operation point of energy hubs X
. .. 16. Calculate dual residuals for power exchanges;
2. Set initial values for penalty coefficients
3. Set initial values for service prices; RP = ”pﬁ (Pft Ph[ ) H
. . —Hub — Hub
4. Introduce PhH)‘t‘band Gg?b based on the previous day's power (P: . ) and gas (G:ht1 ) 17. Calculate dual residuals for gas exchanges;
exchanges and the current day's services: ~Hub
PpHub _ ¢ pHub PHub.D PHub.}l’/ 18. DRY = H!’rcl (Gﬂb - Gh: ) H2
e =he o 19. If PRP/S»>DRP/S, Thy
b . > , Then:
Gfl“b - GHu * GHUbD GhH’I‘leU «PRP/ G/ P/G
5. Add penalty term to objective function (1); 20. Increase the penalty coefficients using term ylog DR™";
) b S 112 21. Elself DR?/%>PRF/® Then:
psoapmM _ g0y Ph|pr B 4+ Pn| g _ G «DRP/C
2 || ht ht 2 [17he ht ||Z 22. Decrease the penalty coefficients using term ylog /pRP/ G,
6. Add penalty term to objective function (2); 23. Else
. G
F;-Iub,ADMM — Bl 4 %ﬁ H P{fft‘b _ —};1::1) 2 ‘GHub é::b 2 2451 Eze‘:lp the previous Values for pl’:/ ;
7. Repeat; 26. Until PR? + DR + PR® + DR < 0.001;
8. Solve the system operator optimization problem with objective (1)
and constraints (al)-(d6);
9. For energy hub h, Do: . The proposed logarithmic coefficient update addresses the funda-
10. Solve optimization problem of energy hub h with objective (2) .
and constraints (e1)-(g6); mental ADMM trade-off between primal and dual convergence rates
11. End; [57]. Traditional approaches use either: (i) fixed coefficients maintain-
12. Update service prices for power; ing O(1/k) convergence but requiring manual tuning, or (ii) linear up-
A — gt . ph (Pﬁ';b —ﬁff,‘b) dates p*+D = p®.(PR/DR), achieving faster convergence but risking
13. Update service prices for gas; 1nstal?111ty .when re.51dua1 ratios becqme large [58]. The logarlthr'nlc
J6Hb _ 6D | G ( G aHub) function with adaptive exponent provides bounded, smooth adaptation
ht ht RAThe TRt that combines the advantages of both. Mathematically, when primal
14. Calculate primal residuals for power exchanges; (k+1) _

~Hub
= HPhHl;b - Ph,t

(continued on next column)

12

residuals dominate (e.g., PR/DR = 100, linear scaling yields p
100p(k) (explosive growth causing oscillations), while the logarithmic
update provides controlled adaptation through bounded growth. Under
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standard ADMM convexity assumptions, this yields theoretically faster O
(1/k2) convergence compared to O(1/k) for fixed methods [59].
Implementation Details: In Algorithm 1, y is the base scaling coeffi-
cient controlling the overall adaptation magnitude, and ¢ is the expo-
nential weight parameter that modulates the residual ratio (PR/DR or
DR/PR) before applying the logarithmic transformation. The logarithm
uses the natural base (e). Initial penalty coefficients are set to pf(0)

p$(0) = 1, with bounds p € [0.01, 100] to prevent numerical in-
stabilities. Updates are triggered when the residual ratio exceeds the
threshold of 10 (i.e., PR/DR > 10 or DR/PR > 10).

4. Simulation results

The proposed model is implemented using the GUROBI solver within
the GAMS environment and applied to the coupled power-gas system
depicted in Fig. 3. This system comprises a 118-bus power distribution
network and a 65-node gas distribution network, which are coupled
with 18 residential, 14 commercial, and 11 industrial energy hubs. The
system includes three gas-fueled dispatchable units, three wind power
units, sixteen PV units, nineteen electrical storage systems, four gas
storage systems, and two gas booster compressors, all managed by the
system operator. Input datasets used in the simulation are available in
[60]. To evaluate the effectiveness of the proposed model in optimizing
the flexible capacities of electrical and gas storage systems, as well as the
advanced demand-side technologies within energy hubs, five case
studies have been formulated. The structure and specifications of these
case studies are outlined in Table 2.

In Case 1, the system operator relies exclusively on external networks
and dispatchable generation units to meet the flexibility requirements of

46
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the power and gas networks. In Case 2, system-level electrical and gas
storage systems are integrated into these resources. The numerical re-
sults in Table 3 indicate that incorporating storage systems in Case 2
reduces the system operator's dependence on external networks for
flexibility provision by 10.09% while lowering total daily costs for en-
ergy imbalance management by 8.36%. Figs. 4 and 5 illustrate the
contribution of various resources to flexibility provision in the power
and gas networks under both cases. The results confirm that activating
electrical and gas storage systems reduces reliance on external elec-
tricity and gas networks while enhancing system flexibility. Addition-
ally, storage systems provide both upward and downward flexibility,
demonstrating their adaptability to operational requirements.

Fig. 4 illustrates that dispatchable units contribute solely to the up-
ward capacity of the power network, while storage systems and the
external network provide both upward and downward capacities. The
system operator prioritizes reducing power imports during periods of
downward capacity demand over adjusting dispatchable unit output, as
this strategy minimizes losses and enhances both energy and economic
efficiency.

Similarly, Fig. 5 indicates that dispatchable units do not support the
gas network's upward capacity, as their operation is not required.
Instead, the operator maintains high local generation levels while
optimizing exchanges with the external gas network, further improving
overall efficiency. Additionally, Fig. 5 confirms that dispatchable units
provide downward flexibility for the gas network only when upward
flexibility is needed in the power network.

In Cases 3 to 5, energy hubs participate as providers of upward and
downward flexibility services in the market. Specifically, Case 3 con-
siders the activation of energy hubs solely through IDR mechanisms,
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Fig. 11. Power network losses.
Case 4 incorporates both IDR and various storage systems, and Case 5 operator's costs for mitigating energy imbalances by 8.6% compared to
integrates all three elements: IDR mechanisms, storage systems, and Case 2, where hubs did not provide any services. Furthermore, the
V2G services. The numerical results presented in Table 3 indicate that activation of storage systems and V2G services in Cases 4 and 5 resulted

the flexibility services offered by energy hubs via IDR mechanisms not in a revenue increase of 20.37% and 33.26%, respectively, for energy
only yielded a total profit of $5756.02 but also reduced the system hubs relative to Case 3. The findings also demonstrate that the
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Table 4 Table 5

Contributions of flexibility technologies to system improvements. Sensitivity Analysis of ADMM Penalty Coefficients.
Technology Cost Reduction Loss Reduction Initial p Iterations Time (s) Total Cost
IDR 8.60% 0.8% 0.1 286 3418.62 34,350.91
Storage 3.87% 2.2% 1 (Baseline) 172 2073.94 34,350.43
Va2G 8.18% 3.1% 10 141 1862.37 34,350.38
Total 19.33% 6.13% 100 159 2149.86 34,350.47

availability of more cost-effective demand-side flexibility in Cases 3 and
4 led to an 8.6% and 3.8% reduction, respectively, in the system oper-
ator's incurred costs.

Figs. 6 and 7 illustrate the suppliers of flexibility capacities in the
power and gas networks for Case 5, respectively. A comparison with the
results from Case 2 reveals that the full participation of energy hubs in
the flexibility market, utilizing all available technologies, significantly
reduces the system operator's dependence on external power and gas
networks. The results indicate that energy hubs contribute to both up-
ward and downward flexibility services required by the power and gas
networks, leveraging their access to a diverse combination of generation
components, storage systems, and flexible loads. This resource diversity
enables hub operators to adjust their power and gas exchanges with the
system by modifying internal planning strategies, thereby enhancing
their adaptability to system operator requirements. The analysis of
Figs. 6 and 7 highlights that, among different hub types, industrial hubs
provide the highest flexibility services to the market, followed by
commercial and residential hubs. The greater participation of industrial
hubs stems from their higher flexibility in load adjustments, as well as
their larger production capacities and more extensive storage systems.
In contrast, residential hubs, characterized by smaller equipment sizes
and lower flexibility in modifying load patterns, exhibit the lowest
participation in the flexibility market.

Figs. 8-10 compare the power and gas exchanges of energy hubs in
the day-ahead energy market with the finalized exchanges in the
intraday flexibility market. These figures also illustrate the flexibility
signals sent by the system operator to the hubs, along with the hubs' final
schedules after the flexibility market settlement. The results show that
energy hubs adjusted their power and gas exchanges with respective
networks precisely in response to the flexibility signals received from the

services in both the power and gas networks, a portion of EVs, along
with electrical, cooling, and thermal storage systems, transitioned into
discharge mode, while electrical, thermal, and cooling loads were cur-
tailed under the IDR mechanism. Conversely, during periods requiring
downward flexibility services, a reverse strategy was applied.

Fig. 11 compares power network losses in Cases 2 and 5, illustrating
that when hubs leverage all available advanced technologies in the
flexibility market (Case 5), power losses are significantly reduced during
periods of upward flexibility demand. This reduction is primarily due to
hubs locally supplying a substantial portion of the required upward
flexibility, thereby decreasing reliance on power imports from the
external network and enhancing overall system efficiency.

To provide clearer insight into the individual contributions of each
technology, the incremental benefits are analyzed in Table 4. Regarding
cost reductions, IDR mechanisms (Case 3 vs. Case 2) reduce system
operator costs by 8.60%, storage systems (Case 4 vs. Case 3) provide an
additional 3.87% reduction, and V2G services (Case 5 vs. Case 4)
contribute a further 8.18% reduction, totaling the 19.33% overall cost
decrease. For power loss reductions, the total daily losses are 193,859.8
kWh in Case 2 and 181,978.1 kWh in Case 5, representing a 6.13%
reduction. The contributions are quantified as follows: IDR contributes
0.8% loss reduction, as load shifting primarily redistributes demand
temporally without adding local generation; storage systems provide
2.2% reduction through localized discharge from 19 system-level units
during peak periods; and V2G delivers the largest reduction of 3.1%, as
distributed EV discharge across 43 energy hubs during upward

Table 6
Sensitivity Analysis of Flexibility Prices.

system operator, increasing purchases during downward flexibility sig- Price change Hub Profit ($) Total Cost ($)
nals and decreasing them during upward signals. To achieve this, they —20% 2146.83 36,198.72
rescheduled internal components and implemented IDR on electrical, —10% 2491.36 35,284.91
heating, and cooling loads. This responsiveness enabled the provision of 0% (Baseline) 2835.24 34,350.43
& J ‘ P p +10% 3182.77 33,610.84
significant upward and downward flexibility capacities to the system 120% 3524.61 32,842.09
operator. Specifically, during periods of demand for upward flexibility
1000
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Fig. 12. Performance analysis of the proposed ADMM.
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flexibility periods (periods 51-95 in Fig. 11) substantially decreases
transmission distances and line currents, which is evidenced by the
significant divergence between Cases 2 and 5 during high-demand
hours.

Fig. 12 compares the performance of the proposed enhanced ADMM
with both the standard ADMM and the adaptive version introduced in
[55]. Although all three approaches reach the global optimum, the
proposed version does so with substantially fewer iterations, 297 fewer
than the standard ADMM and 32 fewer than the method in [55],
demonstrating its improved computational efficiency. Specifically, the
proposed version converges in 172 iterations, whereas the standard
ADMM requires 569 iterations, and the version in [55] converges in 204
iterations. This reduction in iterations translates to computational time
savings of 3575.06 s (63.27%) compared to the standard ADMM and
383.19 s (15.59%) relative to the version in [55].

To assess the robustness of the proposed adaptive ADMM algorithm
and examine the economic impact of key market parameters, sensitivity
analyses were conducted on the initial penalty coefficient and flexibility
prices. Table 5 reports the convergence performance of Case 5 under
different initial penalty values ranging from 0.1 to 100. The results
indicate that the proposed algorithm consistently converges to the same
global optimum, with a total cost variation of only $0.54 (0.0016%),
regardless of the initial penalty value, confirming the numerical
robustness of the solution.

Although the optimal objective value remains unaffected, the initial
penalty coefficient has a notable impact on convergence behavior.
Specifically, a small penalty value (p = 0.1) leads to slower convergence,
requiring 286 iterations and 3418.62 s. In contrast, a moderate penalty
value (p = 10) achieves the fastest convergence, with only 141 iterations
and a total solution time of 1862.37 s. When the penalty coefficient is
excessively large (p = 100), a slight degradation in computational per-
formance is observed, with 159 iterations and a solution time of
2149.86 s, which can be attributed to increased numerical stiffness of
the subproblems. Overall, convergence time varies by approximately
+29% relative to the baseline case, indicating that while the adaptive
ADMM mechanism guarantees optimality, an appropriate choice of the
initial penalty coefficient can substantially reduce computational
burden.

Table 6 presents the sensitivity of economic outcomes to variations in
flexibility prices. The results reveal a clear trade-off between energy hub
profitability and total system cost. As flexibility prices increase, hub
profits rise proportionally: a 20% increase in flexibility prices results in a
24.3% increase in hub revenue (from $2835.24 to $3524.61), whereas a
20% price reduction leads to a corresponding 24.3% decrease in hub
profit (to $2146.83). In contrast, the system operator's total cost exhibits
an inverse relationship with flexibility prices. Specifically, a 20% in-
crease in flexibility prices reduces the total system cost by 4.4% (from
$34,350.43 to $32,842.09), as stronger economic incentives promote
greater flexibility provision by energy hubs, thereby reducing reliance
on costly external networks and dispatchable generation units.
Conversely, a 20% reduction in flexibility prices increases the total
system cost by 5.4% (to $36,198.72) due to diminished flexibility
participation.

These findings demonstrate that appropriately designed flexibility
pricing mechanisms can achieve a mutually beneficial outcome by
simultaneously improving energy hub profitability and reducing overall
system costs. This highlights the critical role of market-based incentives
in unlocking cost-effective demand-side flexibility and enhancing the
economic efficiency of coupled power—-gas energy systems.

5. Conclusion

This paper developed a decentralized optimization framework to
coordinate energy hubs in flexibility markets within coupled power and
gas networks. A bi-level structure was formulated, where the system
operator managed flexibility needs at the upper level, while residential,
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commercial, and industrial energy hubs optimized their participation at
the lower level. To enhance coordination efficiency, an adaptive ADMM
was proposed, incorporating a logarithmic coefficient-based technique
for dynamic error updating. This adaptation significantly improved
convergence speed, reducing computational time by up to 63.27%
compared to the standard ADMM and 15.59% compared to an adaptive
version recently introduced by the authors in a conference paper. The
proposed model was tested on a coupled 118-bus power and 65-node gas
system, demonstrating its ability to unlock flexibility from IDR, energy
storage, and V2G technologies. Simulation results showed that energy
hubs reduced system operator costs by up to 19.33% while decreasing
power losses by 6.12%. Overall, the results demonstrated that the pro-
posed model not only fully harnesses the flexibility potential of
advanced demand-side technologies within residential, commercial, and
industrial energy hubs but also accelerates decentralized market coor-
dination while ensuring global optimality.

This study has several limitations that suggest directions for future
work. The uncertainty modeling uses white noise with predefined
probability distributions (Gaussian for load demand, Beta for PV, and
Weibull for wind) to represent intra-day fluctuations. While this
approach captures typical operational variations, it relies on stylized
representations that may not fully capture temporal correlations or
extreme events in real markets. The test system scale and computational
experiments, while comprehensive, do not address practical challenges
such as communication delays, scalability to larger networks, or stra-
tegic participant behavior. Additionally, regulatory frameworks and
market policies for fair pricing and cost allocation require further
development. Future work should focus on: (i) data-driven uncertainty
modeling and scenario-based approaches, (ii) large-scale system vali-
dation and computational scalability analysis, (iii) sensitivity analysis of
benchmarking against alternative distributed optimization methods (e.
g., ALADIN, distributed MPC), (iv) analysis of strategic behaviors and
market power, and (v) development of regulatory mechanisms to sup-
port real-world deployment of coordinated power-gas flexibility
markets.
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