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Abstract——The global transition toward net zero emissions has 
accelerated the integration of distributed generators (DGs), par‐
ticularly renewable energy sources (RESs), energy storage sys‐
tems, plug-in electric vehicles (PEVs), and fuel-cell electric vehi‐
cles (FEVs). Therefore, we propose a decentralized energy man‐
agement model tailored to the operational dynamics of a com‐
munity of independent microgrids (MGs) at the transmission 
level, integrated with DGs, PEVs, FEVs, and hydrogen-based 
technologies, forming power- and hydrogen-based microgrids 
(P&HMGs). Managed by a third-party aggregator, P&HMGs 
strategically participate in the wholesale electricity market 
(WEM) by consolidating bids and offers. The WEM operates 
between generators and suppliers. The participating generators 
in WEM are connected to the transmission level, including pow‐
er plants and large-scale RESs. The strategic behavior of 
P&HMGs is modeled using bi-level programming that unveils 
the potential of P&HMGs to synergize and participate in WEM 
as a price-maker. Moreover, to cope with the data privacy of 
P&HMGs and improve the scalability and security of MGs, a 
fast alternating direction method of multipliers (ADMM) run‐
ning on a mobile edge computing (MEC) system is proposed as 
a decentralized energy management approach. Further, a bidi‐
rectional long short-term memory (BiLSTM) network consider‐
ing robust optimization is presented to control the intermittency 
of electrical load and RESs. The results obtained from case 
studies confirm a considerable reduction in operation costs in 
light of the proposed model.

Index Terms——Microgrid, energy management, electric vehi‐
cle, energy storage system, green hydrogen, electricity market, 
uncertainty.
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Set of buses connected to bus j

Set of loads indexed by d

Set of generators indexed by g

Set of microgrids indexed by i

Set of electrical buses indexed by j k

Set of plug-in electric vehicles (PEVs) indexed by 
n

Sets of mapping demand and generator into buses

Set of time slots indexed by t

Indicating the maximum and minimum values of 
the notation

Indicating the notation is associated with arrival 
and departure of PEVs

Indicating the notation is associated with charging 
and discharging modes

Indicating the notation is associated with coordina‐
tor-to-grid

Indicating the notation is associated with coordina‐
tor-to-microgrid

Indicating the notation is associated with gas tur‐
bine, generator, and demand

Indicating the notation is associated with grid-to-
coordinator

Indicating the notation is associated with hydrogen-
to-power

Indicating the notation is associated with mi‐
crogrid-to-coordinator

Indicating the notation is associated with parking 
lot (PL), hydrogen refueling station, and electrical 
storage (ES) system

Indicating the notation is associated with power-to-
hydrogen

Indicating the notation is associated with ramp-up 
and ramp-down of generators
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D. Binary Decision Variables
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E. Continuous Decision Variables
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Efficiency

The maximum and minimum power of the charg‐
ing/discharging of PL (MW)

Hydrogen purchasing cost ($/MWh)

Degradation cost of ES system ($/MWh)

Battery capacity (MW)

Bid price of demand in energy ($/MWh)

Capacity of PL

Electrical and hydrogen loads of microgrids

The marginal cost of generator in energy ($/MWh)

The maximum capacity of hydrogen vector cou‐
pling storage (HVCS) in dispensing hydrogen (MW)

Initial output of generator (MW)

Fixed values of exported power from microgrid to 
coordinator and from coordinator to microgrid 
(MW)

Wind and photovoltaic power (MW)

The maximum capacity of transmission line (MW)

Ramp-up and ramp-down limits (MW)

Numbers of arriving and departing PEVs

The maximum and minimum values of state of 
charge of PL

PEV arriving/departing status

Charging/discharging status of PL and ES system

Numbers of ES charging and discharging switches

Market clearing price ($/MWh)

Dual variable associated with lower-level market 
clearing problem

Voltage angle (rad)

Fuel cost of gas turbines ($)

Bid and offer prices of coordinator to energy mar‐
ket ($/MWh)

Continuous variable used to indicate amount of pow‐
er associated with charging/discharging of PL and 
ES system, power-to-hydrogen/hydrogen-to-power 
of hydrogen refueling station, coordinator-to-mi‐
crogrid/microgrid-to-coordinator, and gas turbine

State of charge of PEVs

Purchased hydrogen from hydrogen provider com‐
pany (MW)

Amount of discharged hydrogen from HS (MW)

State of charge of single PEV

I. INTRODUCTION 

THE global effort to achieve the net zero target has inten‐
sified to integrate plug-in electric vehicles (PEVs) and 

fuel-cell electric vehicles (FEVs) in order to establish a car‐
bon-free transportation network [1]. In particular, the com‐
mitment of the UK to achieve net-zero emissions has trans‐
lated into a 4-fold increase in the sale of PEVs in recent 
years [2] with expectations of a substantial 23-fold increase 
by 2035 [3]. Simultaneously, the contemporary pursuit of 
clean energy sources has promoted the integration of renew‐
able energy sources (RESs) into power systems. For in‐
stance, in line with the target of the UK for a net-zero pow‐
er system by 2035, the electricity generation in Great Britain 
(GB) needs to triple. Consequently, to meet this ambitious 
objective and accommodate a projected 50% surge in elec‐
tricity demand, the capacities of wind, photovoltaic (PV), 
and electrical storage (ES) are anticipated to increase by fac‐
tors of 6, 5, and 10, respectively [3]. However, the integra‐
tion of numerous intermittent source-load technologies poses 
operational challenges within power systems. To address 
these challenges, integrating small-scale technologies into mi‐
crogrids (MGs) emerges as a promising solution, offering 
greater operational certainty.

MGs also serve as holistic energy infrastructures, accom‐
modating hydrogen-based technologies such as electrolyzers, 
hydrogen storage, fuel cells, and FEVs. Countries like the 
UK have already adopted hydrogen-powered fleets encom‐
passing cars, trucks, buses, and marine vessels. The total de‐
mand for hydrogen in the UK is expected to increase by 
about 20%-35% (250-460 TWh) by 2050 [4]. However, the 
current predominant method of hydrogen production in‐
volves natural gas, contributing to carbon emissions. Integrat‐
ing hydrogen-based technologies with MGs offers a solution 
by enabling the production of green hydrogen from RESs. 
An exemplar is the Orkney Island project in Scotland, show‐
casing how power system challenges can be addressed by 
generating hydrogen from RESs [4]. Consequently, the incor‐
poration of green hydrogen as a sustainable energy carrier 
within MGs unleashes the potential for a carbon-neutral fuel 
for diverse applications across power- and hydrogen-based 
MGs (P&HMGs).

Despite the advantages of P&HMGs, various techno-eco‐
nomic challenges have surfaced. One significant challenge 
pertains to the participation of P&HMGs in wholesale elec‐
tricity markets (WEMs), which are operated by independent 
system operators (ISOs) like the National Grid ESO in the 
UK [5] at the transmission level. Limitations within the 
WEM may restrict a single P&HMG from bid/offer, and the 
capacity of an individual P&HMG might not be substantial 
enough for strategic involvement. However, the collaborative 
efforts of a community of P&HMGs could potentially over‐
come these limitations. Inspired by this discussion, the pri‐
mary objective of this study is to present a new decentral‐
ized energy management model for P&HMGs, fostering col‐
laboration and enabling strategic participation as a price-mak‐
er in the WEM.

Plenty of research endeavors have been dedicated to evalu‐
ating the integration of electric vehicles and MGs with pow‐
er systems. For instance, in [6], a risk-averse transactive en‐
ergy scheme was presented for multi-MGs powered exclu‐
sively by RESs and integrated with power and gas networks, 
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where the conditional value-at-risk (CVaR) was applied to 
manage the risk. In [7], a decentralized real-time charging 
scheduling and trajectory planning scheme was proposed for 
on-route PEVs based on the user preferences, in which a 
greedy-based algorithm was developed to solve the optimiza‐
tion problem. In [8], a blockchain-based vehicle-to-vehicle 
power trading scheme was introduced, which used the inter‐
net connection of vehicle platform enabled by 5G technolo‐
gy, and a game theory was proposed to design a pricing and 
matching mechanism for vehicles. In [9], an energy manage‐
ment model was introduced for multi-MGs integrated with 
RESs, which incorporated time-series prediction based on 
the Gaussian process regression method and an operation 
model based on model predictive control (MPC). In a simi‐
lar context, a distributed pricing mechanism was proposed in 
[10] for multi-MGs to enhance their economic and environ‐
mental revenues based on a Nash bargaining game with the 
objective of maximizing the overall profit, in which electrici‐
ty and carbon prices were updated based on supply-demand 
ration. In [11], a deep reinforcement learning based energy 
management approach was proposed for real-time energy 
management of MGs, in which the training process was ac‐
celerated by proposing a haring-based parallel technique. 
Moreover, a risk-averse stochastic framework for energy 
sharing among multi-MGs in medium-level power systems 
was presented in [12], in which the alternating direction 
method of multipliers (ADMM) was utilized for market-
clearing.

With the growing integration of hydrogen with power sys‐
tems, numerous studies focused on the optimal operation of 
power- and hydrogen-based energy systems. In this regard, a 
robust decentralized local energy market (LEM) clearing 
model built upon a fast ADMM for a community of 
P&HMGs was proposed in [13], where power was transmit‐
ted via power lines and hydrogen was transferred via trucks. 
In a similar context, an ADMM-based peer-to-peer model 
for power and hydrogen trading among integrated power and 
transportation systems was proposed in [14], which consid‐
ered delivery and payment time, physical location, and com‐
munication. In [15], a mobile power and hydrogen storage 
system was proposed for the distribution level to transport 
power and hydrogen from high penetrated points to high de‐
mand points. In addition, a fuzzy information gap decision 
theory (IGDT) was used to model the uncertainty of RESs. 
In [16], a deep reinforcement learning based energy manage‐
ment strategy was developed for plug-in FEVs to improve 
the balance of fuel cost and battery degradation and mainte‐
nance, where the trade between different objectives was ob‐
tained using a multi-objective optimization. In [17], a day-
ahead scheduling paradigm was proposed for PEVs and FE‐
Vs in a local multi-energy system, in which an incentive-
based response program was presented to improve the flexi‐
bility of the energy system. Furthermore, a multi-objective 
IGDT/robust approach was taken into account to handle the 
uncertainty. In [18], a two-stage scheduling model was pro‐
posed for optimal operation of hydrogen storage integrated 
with RESs and power to hydrogen and heat, where the first 
stage optimized day-ahead economic while the second stage 

dealt with intra-day decisions. In addition, a decentralized 
ADMM-based policy was presented in [19] for adjusting hy‐
drogen refueling service fees at hydrogen refueling stations 
(HRSs) to minimize the operation cost, travel cost, and envi‐
ronmental cost of integrated power and transportation net‐
works.

However, P&HMGs have been considered as price-takers 
in the above-reviewed studies. Shifting toward price-maker 
behavior, a stochastic bi-level model was presented in [20] 
for active distribution networks with high penetration of dis‐
tributed generators in WEM as price-maker. In [21], the im‐
pact of integrated demand response was evaluated on the 
price-maker behavior of a large multi-energy consumer. In 
[22], a robust bi-level scheme was proposed for multi-energy 
service providers as price-maker in integrated power and nat‐
ural gas markets. In [23], a bi-level model was introduced 
for interaction of PEVs and PEV aggregators for the purpose 
of frequency regulation, in which the upper level maximized 
the profit of aggregators and the lower level minimized the 
cost of PEVs.

Concerning uncertainty management, different approaches 
have been proposed. For example, a two-stage adaptive ro‐
bust optimization (RO) was carried out in [24] for control‐
ling the uncertainty of PEV stations. In [25], a hybrid adap‐
tive stochastic-robust method with a solution based on affine 
policy was established for P&HMGs, in which the final 
problem was recast as a mixed-integer linear programming 
(MILP) to minimize the expected cost. In [26], an energy 
management model was proposed for wind power producer 
and electric vehicle charging considering an information en‐
tropy theory to control wind producer uncertainty in day-
ahead electricity market. In this study, Stackelberg game was 
employed to model the transactions between electric vehicles 
and wind producer, in which transactions were based on 
blockchain technology. In [27], a hybrid robust/stochastic un‐
certainty model was presented for optimal operation of a hy‐
brid power, heat, and hydrogen energy system, in which the 
RO handled the uncertainty associated with day-ahead deci‐
sions and the stochastic model dealt with the uncertainties 
concerning intra-day and real-time decisions.

With the growing integration of small-scale power and hy‐
drogen technologies into MGs, there exists a substantial 
need to establish an infrastructure for the optimal operation 
of P&HMGs. Although plenty of studies focused on the op‐
eration of MGs, there are still a series of research gaps 
(RGs) as listed below.

1) RG1: the focus of many previous studies, for example 
[9] - [11] and [13], was on MGs as price-takers. However, a 
community of multiple MGs subject to preserving their pri‐
vacy can work together to strategically participate in the 
WEM as a price-maker.

2) RG2: in order to advance P&HMGs and enable their 
strategic participation in the WEM, there is a critical require‐
ment for privacy-preserving models that unite P&HMGs as a 
price-maker, allowing them to bid/offer in the WEM. Previ‐
ously proposed price-maker models [20]-[22] have a central‐
ized framework, which renders them inefficient for multi-
agent communities.
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3) RG3: previous studies [24]-[26] mainly focused on clas‐
sic uncertainty management models. However, the develop‐
ment of a hybrid learning-robust-based method for handling 
uncertain parameters in P&HMGs is vital for informed strate‐
gic decision-making.

To bridge these gaps, the following innovations are pre‐
sented in this paper.

1) A decentralized energy management model for a com‐
munity of independent P&HMGs is presented. This model 
empowers P&HMGs to integrate PEVs and FEVs and strate‐
gically participate in the WEM. The strategic bid/offer in the 
WEM enables the P&HMGs to manipulate the WEM for 
their benefit. The proposed model is structured as a bi-level 
optimization, in which the P&HMGs are modeled at the up‐
per level while the power system is modeled at the lower 
level. This addresses RG1.

2) A decentralized energy management approach based on 
fast ADMM, accelerated by the Nesterov acceleration meth‐
od, is proposed. Additionally, the mobile edge computing 
(MEC) system is proposed for the communication of 
P&HMGs. In light of this proposal, P&HMGs are able to 
solve their problem on an isolated edge server at their prem‐
ise, resulting in preserved data privacy, enhanced security 
and scalability, and reduced complexity. This addresses RG2.

3) A hybrid bidirectional long short-term memory (BiL‐
STM) network considering robust optimization is developed 
to manage the uncertainty. The BiLSTM is chosen to over‐
come the limitations of the long short-term memory 
(LSTM), particularly its tendency to overlook future data fea‐
tures. Moreover, it demonstrates high efficacy in predicting 
time series data owing to its bidirectional memory unit, 
which enables it to capture information from both past and 
future features. The BiLSTM network is trained to learn the 
electrical load pattern of P&HMGs and is used to forecast 
the load for the next day. However, since the RES output de‐
pends on forecasts, which are usually provided by an exter‐
nal company like the Met office in the UK, and the related 
profiles are still uncertain, an RO is put forward. This ad‐
dresses RG3.

4) A new mathematical formulation for P&HMGs as a 
price-maker to achieve the optimal solution is presented. To 
do so, the bi-level optimization problem is transformed into 
a single-level mathematical program with equilibrium con‐
straints (MPEC) by deriving Karush-Kuhn-Tucker (KKT) 
conditions and applying the strong duality theory. Then, af‐
ter implementing the proposed approach based on the fast 
ADMM and MEC system, the decentralized problem is refor‐
mulated as a mixed-integer convex quadratic programming 
(MICQP) so that the optimal solution can be found.

II. FRAMEWORK OF P&HMGS 

The considered framework encompasses IEEE 6-bus sys‐
tem including four generators (G1-G4) and two loads, and a 
community of independent P&HMGs connected to bus 5, as 
depicted in Fig. 1. Each P&HMG constitutes wind turbines 
(WTs) and PV panels, a parking lot (PL) for PEVs, an ES 
system, gas turbines (GTs), hydrogen vector coupling stor‐
age (HVCS), HRS, fuel cells, and electrical load. The HVCS 

serves to interlink power and hydrogen vectors by convert‐
ing power solely from RESs into hydrogen gas for storage. 
The produced hydrogen can be utilized to supply FEVs or 
converted back into power through fuel cells. Furthermore, 
in instances of hydrogen scarcity, the P&HMG operator can 
procure hydrogen from a dedicated hydrogen company (HC). 
Coordination of the P&HMGs is overseen by a third-party 
entity, i. e., coordinator, which aggregates bids/offers from 
the P&HMGs and represents them in the WEM. The partici‐
pation of the coordinator in the WEM is strategic, which 
means it can manipulate the WEM prices for the benefit of 
P&HMGs. The strategic interaction is modeled as bi-level 
programming, with the community of P&HMGs serving as 
the leader at the upper level and the power system acting as 
the follower at the lower level.

The coordinator submits a bid/offer (both in terms of pow‐
er quantity and price) to the lower level, where the WEM is 
cleared. Subsequently, upon WEM clearance based on the 
upper-level submission, the resulting cleared price is relayed 
back to the upper level for the scheduling of P&HMGs. In 
other words, the power quantity and price submitted by the 
coordinator to the WEM are external variables at the lower 
level, while the market clearing price, derived from WEM 
clearance at the lower level, is an external variable at the up‐
per level.

III. PROBLEM FORMULATION 

This section presents the mathematical formulation of the 
proposed model. In general, the model comprises two levels: 
P&HMGs are modeled at the upper level (Section III-A), 
while the power system is modeled at the lower level (Sec‐
tion III-B). The objective of the upper level is to minimize 
the operaton cost of the P&HMGs, whereas the objective of 
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Fig. 1.　 Considered framework encompassing IEEE 6-bus system and a 
community of independent P&HMGs.

645



JOURNAL OF MODERN POWER SYSTEMS AND CLEAN ENERGY, VOL. 14, NO. 2, March 2026

the lower level is to maximize the social welfare.
All the assets of the P&HMGs, including PLs, HRSs, and 

ES systems, are modeled at the upper level. The upper level 
also incorporates power and hydrogen balance constraints 
for the P&HMGs, as well as the RO for managing uncertain‐
ties in RESs. Similarly, all the assets of the power system 
and their associated energy balance constraints are modeled 
at the lower level. Section III-C then derives the KKT condi‐
tions for the lower-level problem. By doing so, the lower-
level problem can be replaced with a set of constraints and 
integrated with the upper-level problem. However, the result‐
ing single-level problem is still nonlinear. Section III-D tack‐
les the non-linearity issue by enforcing strong duality theory. 
After that, Section III-E introduces the proposed decentral‐
ized energy management approach, which splits the problem 
into sub-problems based on the number of agents involved. 
Finally, Section III-G describes the BiLSTM network which 
is used to forecast the load.

A. Upper Level: Minimizing Operation Cost of P&HMGs

At the upper level of the problem, P&HMGs are modeled. 
The objective of the community is to minimize the total cost 
f U as stated in (1), which includes four terms. The first term 
is the operation cost of GTs, the second term is the degrada‐
tion cost of ES systems, the third term is the cost of purchas‐
ing hydrogen from HC, and the last term is the cost of trad‐
ed power in the WEM. In this objective function, the deci‐
sion variable Πt is the WEM price and belongs to the lower 
level.

min f U =∑
tÎ T
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1)　PL
The PL model is defined by (2a)-(2n). At each time slot, 

the number of arriving and departing PEVs is computed by 
(2a) and (2b), respectively. The total number of PEVs in a 
PL is determined by (2c), ensuring that it does not exceed 
the maximum capacity specified in (2d). Similarly, the pow‐
er capacity of a PL at each time slot is determined by the ar‐
riving PEV capacities (2e) and departing PEV capacities 
(2f), constrained by (2g). Moreover, the charging and dis‐
charging power of a PL is bounded within secure ranges, as 
defined by (2h) and (2i), respectively. Further, (2j) is intro‐
duced to prevent simultaneous charging and discharging 
modes. Lastly, the state of charge (SoC) of a PL can be de‐
termined based on the SoC of arriving PEVs (2k) and depart‐
ing PEVs (2l) using (2m), which is limited by (2n).
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2)　HRS
The considered HRS is equipped with an HVCS to couple 

hydrogen and power from RESs. Equation (3a) indicates the 
SoC of the HVCS, which is limited by (3b). The power-to-
hydrogen (PtH) conversion rate is limited to the RES output 
power, as specified by (3c). In addition, (3e) accounts for 
the physical constraint of the HVCS in dispensing hydrogen. 
Similarly, the physical limitation of the fuel cells in the hy‐
drogen-to-power (HtP) conversion is considered via (3f).
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3)　ES Systems
Equation (4a) delineates the SoC of the ES system, sub‐

ject to the constraint imposed by (4b). Equations (4c) and 
(4d) serve to impose restrictions on the charging and dis‐
charging rates, respectively. Additionally, (4e) ensures that 
the ES system is not engaged in simultaneous charging and 
discharging modes, while (4f) guarantees that the SoC of the 
ES system remains unchanged from its initial value at the be‐
ginning of the day to its final state at the end of the day. 
Further, (4g) and (4h) are considered to count the number of 
switches to charging and discharging points, respectively. 
The total number of allowed switches according to life cycle 
is limited by (4i). Equations (4j)-(4l) are linearized forms of 
(4g) and the same relations can be applied for the lineariza‐
tion of (4h).

eES
it = eES

it - 1 + η
cES
i pchES

it -
pdchES

it

ηdchES
i

(4a)

e-ES
i £ eES

it £ e+ES
i (4b)

P ch-ES
i ζ chES

it £ pchES
it £P ch+ES

i ζ chES
it (4c)
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P dch-ES
i ζ dchES

it £ pdchES
it £P dch+ES

i ζ dchES
it (4d)

ζ chES
it + ζ dchES

it £ 1 (4e)

eDES
it = 0 = eDES

it = 24 (4f)

W ch
it = ζ

chES
it - ζ chES

it ζ chES
it - 1 (4g)

W dch
it = ζ dchES

it - ζ dchES
it ζ dchES

it - 1 (4h)

∑
tÎ T

(W ch
it +W dch

it )£W +
i (4i)

W ch
it £ ζ

chES
it (4j)

W ch
it £ 1 - ζ chES

it - 1 (4k)

W ch
it ³ ζ

chES
it - ζ chES

it - 1 (4l)

4)　Power and Hydrogen Balance Constraints
Equation (5a) defines the power balance constraint applica‐

ble to each P&HMG. Equation (5b) represents the coupling 
constraint between P&HMGs and the coordinator, ensuring 
that the power supplied from the coordinator to a P&HMG 
matches the received amount. Equation (5c) imposes the 
power balance constraint between the coordinator and the up‐
stream grid. Finally, (5d) governs the hydrogen balance with‐
in each P&HMG.

P W
it +P PV

it - pMGtC
it + pGT

it + pdchES
it + pHtP

it + pdchPL
it -

 pchES
it - pPtH

it - pchPL
it - Lel

it = 0 (5a)

pCtMG
it + pMGtC

it = 0    (γit ) (5b)

∑
iÎ I

pCtMG
it = pGtC

t - pCtG
t (5c)

phydbuy
it + phydHS

it -
pHtP

it

ηHtP
- LHL

it = 0 (5d)

5)　RO
In this study, an RO based on an uncertainty budget set is 

applied to control the uncertainty of RESs [28]. The RO 
does not require much information about the uncertain pa‐
rameters and is free from any probability distribution func‐
tion, which makes it superior to stochastic approaches. In 
the RO, the uncertainty budget Γ it varies from 0 (implying 
no uncertainty) to 2, which is the number of RESs and im‐
plies consideration of full uncertainty. By increasing the un‐
certainty budget value, the robustness of the optimization in‐
creases, which makes the solution more conservative. This 
means that for higher values of Γ it, the RO dispatches less 
RESs that cause higher operation cost. However, the result‐
ing cost for a given value of Γ it is the minimum achievable 
under the worst-case uncertainty realization. For instance, 
for Γ it = 2, the RO will consider the maximum deviation of 
the RES (wind and PV) output. However, for a value less 
than 2, the RO will find the worst-case scenario to split the 
deviation between wind and PV. For instance, for Γ it = 1, the 
RO may consider 0.25 (25%) of the maximum deviation for 
PV and 0.75 (75%) of the maximum deviation for wind as 
the worst-case scenario. Equations (6a) - (6c) define the ro‐
bust counterpart of the problem and, in the RO, these rela‐
tions are taken into account instead of (5a). In these rela‐
tions, αit and βit are the dual variables and ϕ denotes the 
other terms in (5a). Further mathematical details of the RO 

can be found in [13].

P W
it +P PV

it - α
W
it - α

PV
it - βitΓ it + ϕ ³ 0 (6a)

βit + α
W
it ³P W

it (6b)

βit + α
PV
it ³P PV

it (6c)

B. Lower Level: Maximizing Social Welfare

The lower-level problem clears the WEM by maximizing 
social welfare f L in (7a). Equation (7b) represents the power 
balance of the entire power system. The associated dual vari‐
able Πjt of this equation determines the WEM price, which 
is sent to the upper level. Equation (7c) enforces the maxi‐
mum output power limit of generators, while (7d) and (7e) 
handle the ramp-up limitations. Similarly, (7f) and (7g) ad‐
dress the ramp-down limitations. Equation (7h) restricts the 
consumption level of retailers. Additionally, security con‐
straints for transmission lines are represented through (7i) -
(7k), where (7i) ensures that the power flow does not exceed 
the capacity of the line, (7j) maintains the secure bus angles, 
and (7k) determines the reference bus in the power system.

max f L=∑
tÎT( )∑

dÎD
BDdt ×pdt -osell

t pMtG
t +obuy

t pGtM
t -∑

gÎG
MCg ×pgt

(7a)

∑
d:(dj)ÎSDd = 1

pdt - (pMtG
t - pGtM

t )- ∑
g:(gj)ÎSGg = 1

pgt =

∑
kÎBjj = 1

Bjk (θ jt - θkt )    "j"t    (Π jt ) (7b)

0 £ pgt £P +
g    "g"t    (σ -

gtσ
+
gt ) (7c)

pgt -P ini
g £RUg    "g"t = 1    (σ RU

gt ) (7d)

pgt - pgt - 1 £RUg    "g"t > 1    (σ RU
gt ) (7e)

P ini
g - pgt £RDg    "g"t = 1    (σ RD

gt ) (7f)

pgt - 1 - pgt £RDg    "g"t > 1    (σ RD
gt ) (7g)

0 £ pdt £P +
dt    "d"t    (σ -

dtσ
+
dt ) (7h)

Bjk (θ jt - θkt )£ S +
jk    "j"kÎBj"t    (σ S

jkt ) (7i)

θ- £ θjt £ θ
+    "j"t    (σ θ-jt σ

θ+
jt ) (7j)

θjt = 0    "j = 1"t    (σ θjt ) (7k)

C. KKT Conditions of Lower-level Problem

In order to reformulate the presented intractable bi-level 
optimization problem into a tractable single-level MPEC, the 
KKT conditions of the lower-level problem, i. e., (7a) - (7k), 
are derived as (8a) - (8q). The single-level MPEC comprises 
the upper-level problem, i.e., (1)-(5d), constraints of the low‐
er-level problem, i.e., (7b)-(7k), and (8a)-(8q).

-BDdt +Πj:( jd)ÎSDt
+ σ +

dt - σ
-
dt - σ

d-
dt = 0    "d"t (8a)

osell
t -Πjt = 0    "t (8b)

-obuy
t +Πjt = 0    "t (8c)

MCg -Πj:( jg)ÎSGt
+ σ +

gt - σ
-
gt + σ

RU
gt - σ

RU
gt + 1 -

σ RD
gt + σ

RD
gt + 1 = 0    "g"t < 24 (8d)
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MCg -Πj:( jg)ÎSGt
+ σ +

gt - σ
-
gt + σ

RU
gt - σ

RD
gt = 0    "g"t = 24  (8e)

∑
kÎBjj = 1

[Bjk (Π jt -Πkt )+Bjk (σ S
jkt - σ

S
kjt )+

σ θ+jt - σ
θ-
jt + σ

θ
j = 1t = 0    "j"t (8f)

0 £ pgt^ σgt ³ 0    "g"t (8g)

0 £(P +
g - pgt )^ σ

+
gt ³ 0    "g"t (8h)

0 £ pdt^ σ
-
dt ³ 0    "g"t (8i)

0 £(P +
dt - pdt )^ σ

+
dt ³ 0    "g"t (8j)

0 £(RUg - pgt +P ini
g )^ σ RU

gt ³ 0    "g"t (8k)

0 £(RUg - pgt + pgt - 1 )^ σ RU
gt ³ 0    "g"t (8l)

0 £(RDg -P ini
g + pgt )^ σ

RD
gt ³ 0    "g"t = 1 (8m)

0 £(RDg - pgt - 1 + pgt )^ σ
RD
gt ³ 0    "g"t > 1 (8n)

0 £[S +
jk -Bjk (θ jt - θkt )]^ σ

S
jkt ³ 0    "j"kÎBj"t (8o)

0 £(θ jt - θ
- )^ σ θ-jt ³ 0    "j"t (8p)

0 £(θ+ - θjt )^ σ
θ+
jt ³ 0    "j"t (8q)

D. Linearization of Single-Level MPEC

The single-level MPEC is still nonlinear due to the prod‐
uct of price and quantity of power Πt (pGtM

t - pMtG
t ) in the ob‐

jective function (1) and the complementary conditions in 
(8g)-(8r). Regarding the nonlinear term in (1), the following 
actions are put forward. Firstly, the strong duality condition 
is enforced as (9a). After that, by substituting obuy

t osell
t  with 

Πjt according to the relations (8b) and (8c), the linear equiv‐
alent of Πt (pGtM

t - pMtG
t ) is Ψt, as stated in (9b).

Moreover, all constraints expressed in the form of 0 £
f^ g ³ 0 can be restated in the linear form of f ³ 0, g ³ 0, f £
yM, and g £(1 - y)M using the Big-M method [29], where y 
and M are a binary auxiliary variable and a big number, re‐
spectively.

∑
tÎ T ( )∑

dÎD
BDdt × pdt - osell

t pMtG
t + obuy

t pGtM
t -∑

gÎG
MCg × pgt =

∑
dÎD

σ +
dt P

+
dt +∑

gÎG
(σ +

gt P
+
g + σ

RU
gt = 1 P ini

g - σ RU
gt ×RUg -

σ RD
gt = 1 P ini

g - σ RD
gt ×RDg )-∑

jÎJ
(σ θ-jt θ

- - σ θ+jt θ
+ )+

∑
jÎJ
∑

kÎJj ¹ k

μS
jktS

+
jk (9a)

obuy
t pGtM

t - osell
t pMtG

t =Πt (pGtM
t - pMtG

t )=Ψt (9b)

Ψt =∑
gÎG

MCg × pgt -∑
dÎD

BDdt × pdt +∑
dÎD

σ +
dt P

+
dt +

∑
gÎG

(σ +
gt P

+
g + σ

RU
gt = 1 P ini

g - σ RU
gt ×RUg - σ

RD
gt = 1 P ini

g - σ RD
gt ×RDg )-

∑
jÎJ

(σ θ-jt θ
- - σ θ+jt θ

+ )+∑
jÎJ
∑

kÎJj ¹ k

μS
jktS

+
jk (9c)

E. Decentralized Energy Management Approach

The proposed approach based on the fast ADMM address‐
es significant challenges inherent in centralized approaches. 
The ADMM was presented by [30] and then has been wide‐

ly applied to power system applications. However, the tradi‐
tional version of the ADMM is not sufficient to handle large-
scale problems. Hence, in this study, an accelerated version 
of the ADMM based on the Nesterov acceleration method is 
proposed, in which the fast ADMM has a lower convergence 
rate of O(1/Z 2 ) in comparison with the traditional ADMM 
O(1/Z) [31], where Z is the iteration counter. Additionally, 
the MEC system is presented to build an efficient computa‐
tion and communication infrastructure. By doing so, each of 
the P&HMGs is allocated an edge server, in which the edge 
servers are isolated from the rest of the system. In addition, 
the coordinator is equipped with a cloud server that commu‐
nicates with the P&HMGs.

To mathematically decompose the problem utilizing the 
fast ADMM, the complicating constraint (5b) undergoes re‐
laxation through the formation of an augmented Lagrangian 
function L, as represented by (10a). In this relation, γit is 
the dual variable corresponding to (5b), and ρ is the penalty 
factor. After that, since the complicating constraint no longer 
exists in the problem, it can be easily decomposed. The lo‐
cal problem of the coordinator LPC and each of the 
P&HMGs LP MG

i  are introduced as (10b) and (10c), respec‐
tively.

L = f U +∑
tÎ T

é
ë
êêêê ù

û
úúúúγit (pCtMG

it + pMGtC
it )+

ρ
2

||pCtMG
it + pMGtC

it ||2
2 (10a)

LPC:

ì

í

î

ïïïï

ïïïï

min
é

ë
ê
êê
ê ù

û
ú
úú
ú∑

tÎ T
Ψt + γit (pCtMG

it + p͂MGtC
it ) +

ρ
2

||pCtMG
it + p͂MGtC

it ||2
2

s.t. (8a)-(8q)
(10b)

LP MG
i :

ì

í

î

ï

ï
ïï
ï

ï

ï

ï
ïï
ï

ï

min∑
tÎ T

é
ë
êêêêC GT

it +Ψ
Deg (ηchES pchES

it + ηdchES pdchES
it )+

ù
û
úúúú        Π HPC

it phyd
it + γit ( p͂CtMG

it + pMGtC
it )+

ρ
2

||p͂CtMG
it + pMGtC

it ||2
2

s.t. (2b)-(5a) (5d)

(10c)

In these problems, the existing second norms || × ||2
2 present 

non-linearity. Yet, by reformulating these terms with (×)2, the 
problem becomes an MICQP whose optimal solution can be 
obtained. The iterative procedure for solving the problem is 
delineated in Algorithm 1. Initially, dual variables and ex‐
changed power quantities between the coordinator and 
P&HMGs are initialized. Following this, in the first itera‐
tion, each of the entities, including P&HMGs and the coordi‐
nator, solves their local problem on the allocated edge serv‐
ers and cloud server at their premise, respectively. Subse‐
quently, P&HMGs share the obtained power to be ex‐
changed with the coordinator and then the values of dual 
variables are transmitted to the edge servers for the next iter‐
ation after being updated on the cloud server. The cloud serv‐
er also updates the acceleration parameter based on the Nest‐
erov acceleration method (line 13) and the accelerated dual 
variable γ̂it (line 14) for the subsequent iteration. This itera‐
tive process persists until the convergence criteria are satis‐
fied.
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F. Discussion on Complexity

The computational complexity of the proposed approach 
is expressed as O((|I | + 1)Zτ/M), where M is the number of 
the MEC system servers; τ represents the complexity of solv‐
ing a single subproblem per iteration on a server; and |I | + 1 
is the total number of decision-making participants 
(P&HMGs and the coordinator). Since each participant is as‐
sumed to have its own server, we have |I | + 1 =M. This al‐
lows the complexity expression to be simplified to O(Zτ). It 
is important to note that τ depends entirely on the solver 
used. In this study, the CPLEX solver is employed, whose 
basic computational complexity is O(m2n), where m is the 
number of constraints; and n is the number of variables [32].

Regarding the communication overhead, each iteration in‐
volves two rounds of message exchanges between the coordi‐
nator and the P&HMGs. In the first round, the P&HMGs 
solve their local optimization problems and send the result‐
ing PMGtC values to the coordinator. In the second round, the 
coordinator updates the dual variables and broadcasts them 
back to the P&HMGs. As a result, a total of 8 messages are 
exchanged per iteration. Hence, the communication complex‐
ity can be expressed as O(8).

In addition, the convergence rate of a decentralized ap‐
proach is typically evaluated based on its worst-case itera‐
tion complexity. For the traditional ADMM, this complexity 
is O(1/Z) or equivalently O(1/ϵ). This means that after k itera‐
tions, the traditional ADMM achieves an error on the order 
of O(1/Z) or it needs O(1/ϵ) iterations to reach a solution 
with an accuracy of ϵ. On the other hand, the proposed ap‐

proach improves this rate to O(1/Z 2 ) or O(1/ ϵ ), indicating 
a more efficient convergence with fewer iterations [31].

G. BiLSTM Network

The BiLSTM network is employed for the purpose of fore‐
casting the daily load of P&HMGs. Structurally, a BiLSTM 
network comprises two layers: a backward hidden layer and 
a forward hidden layer, mirroring the configuration of 
LSTM layers. The backward hidden layer processes informa‐
tion from the beginning to the end, capturing features from 
past to future, while the forward hidden layer operates in the 
reverse direction, capturing features from future to past. Con‐
sequently, the BiLSTM network adeptly captures dependen‐
cies in temporal data from both temporal directions, enhanc‐
ing its understanding of temporal dependencies. Moreover, 
the bidirectional memory unit mitigates issues related to er‐
ror accumulation, thereby bolstering the ability of the BiL‐
STM network to forecast stochastic profiles. An illustrative 
architecture of a BiLSTM network along with mathematical 
modeling is presented in Supplementary Material A.

IV. SIMULATION AND RESULTS 

A. Case Study

To assess the efficacy of the proposed model, an extensive 
dataset comprising electrical load profiles from six countries 
was gathered for training a BiLSTM network [33]. This data‐
set spans a duration of three years, from January 1, 2015 to 
December 31, 2017, with a temporal resolution of 30 min. 
In this investigation, a sliding window approach was em‐
ployed, utilizing the preceding 96 samples (equivalent to 48 
hours) to forecast the subsequent sample. It is noted that the 
model is trained once and then the extracted features can be 
saved for forecasting in the future. Subsequently, the pro‐
posed model was evaluated using test scenarios based on the 
IEEE 6-bus and 24-bus systems. Figure 1 illustrates the mod‐
ified IEEE 6-bus system, wherein four P&HMGs are inter‐
connected to bus 5 at the transmission level, and geographi‐
cally closed MGs are connected to the same bus of a power 
system. Additionally, Fig. 1 provides an overview of each 
P&HMG, as detailed in Section II. For this particular case 
study, the electrical load profiles of GB, Northern Ireland 
(NIR), Ireland (IE), and the Netherlands (NL) were scaled 
down and designated for use within the P&HMGs. To fur‐
ther scrutinize the performance of the proposed model on a 
larger scale, assessments were conducted on a modified 
IEEE 24-bus system integrated with six P&HMGs. In this 
configuration, the electrical load profiles of Belgium (BE) 
and Hungary (HU) were incorporated for the remaining two 
P&HMGs. The BiLSTM network was trained and evaluated 
using Python, while the proposed model was implemented 
within the GAMS environment. All computational tasks 
were executed on a server equipped with 64 GB of RAM 
and a GPU with 12 GB VRAM. It is also to be noted that 
the scheduling problem is executed for 24 hours with 1-hour 
time slots.

B. Modified IEEE 6-bus System

To initiate this case study, a BiLSTM network was trained 
with the above-mentioned dataset, in which 80% and 20% 

Algorithm 1: iterative procedure for solving problem

1. Form augmented Lagrangian function as (10a)

2. Derive objective function of each coordinator and P&HMGs as (10b) 
and (10c)

3. Initialize Zαtρerγitp͂
MGtC
it p͂CtMG

it , where er is the acceptable error

4. while max{er}£ ϵ do

5.   for iÎ I do

6.     Solve subproblem LP MG
i  (edge servers)

7.     Declare pMGtC
it

8.   end for

9.   Solve LPC (cloud server)

10.  Declare pCtMG
it  (cloud server)

11.  Update dual variables (cloud server)
                          γit (Z + 1)= γ̂it (Z)+ ρ(pCtMG

it + pMGtC
it )

12.  Broadcast dual variables (cloud server)

13.  Update acceleration parameter (cloud server)

                              αt (Z + 1)=
1 + 1 + 4(αt (Z))2

2

14.  Accelerate dual variables (cloud server)

                     γ̂it (Z + 1)= γit (Z)+
αt (Z)- 1
αt (Z + 1)

(γit (Z)- γit (Z - 1))

15.  Update errors ||pCtMG
it + pMGtC

it || £ er (cloud server)

16.  Update iteration index Z¬ Z + 1

17.  end while
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data of the dataset are dedicated to training and testing pur‐
poses, respectively. The BiLSTM network comprises three 
main layers, with each LSTM layer containing 256, 128, and 
32 hidden units, respectively. Additionally, two dropout lay‐
ers with a probability of 0.5 are considered to avoid co-adap‐
tion of neurons. Moreover, the maximum number of epochs 
and the learning rate are set to be 50 and 0.0001, respective‐
ly. For scheduling purposes, a random day (November 14, 
2017) was chosen. Figure 2 depicts the regression plots of 
the BiLSTM network for each dataset and Table I enumer‐
ates the three well-known error criteria, i. e., mean absolute 
error (MAE), mean absolute percentage error (MAPE), and 
root mean square error (RMSE), to evaluate the performance 
of the BiLSTM network.

The output forecasted electrical load is supplied to the 
scheduling problem as an input and the problem is solved 
based on the proposed approach. Figure 3 demonstrates the 
commitment of generators and local marginal prices (LMPs). 
It is evident that the LMPs are correlated with the commit‐
ment of generators. During the period from the 1st hour to 
the 16th hour, the LMPs remain within the range of 12 to 30  
$/MWh as G1 and G2 characterized by lower marginal 
costs, fulfilling the load requirements. However, a notable 
surge in LMPs occurs between the 17th hour and the 20th 
hour, attributed to the engagement of high-cost generation 
units such as G3 and G4, which results in peak LMPs aver‐
aging 122.87 $/MWh and reaching 159.22 $/MWh at bus 5. 
Subsequently, from the 21st hour till the end of the day, 
LMPs exhibit a decline and stabilize at 12 $/MWh.

Further, Fig. 4 illustrates the power and hydrogen dispatch 
of each P&HMG. As can be observed, P&HMGs 1 and 2 uti‐
lize their local GTs during the high LMP period, i.e., the 16th 
hour to the 22nd hour, due to the high operation cost of their 
GTs. In contrast, P&HMGs 3 and 4 utilize their GTs from 
the 2nd hour to the 24th hour as they possess low-cost GTs. 
The charging/discharging behavior of the ES systems fol‐
lows a similar trend across all P&HMGs. The ES systems 
are charged during the low LMP period and discharged dur‐
ing peak periods, i.e., the 17th hour to the 20th hour. In addi‐
tion, the charging pattern of the PLs primarily depends on 
the arrival and departure times of the PEVs. However, the 
PLs are mainly discharged between the 17th hour and the 
20th hour when the market hits peak LMPs. Moreover, it is 
perceived that the power has been converted to hydrogen 
during off-peak hours and converted back to power using fu‐
el cells during peak hours. Further, according to the deliv‐
ered hydrogen, it is apparent that in light of the PtH technol‐
ogy, the procurement of hydrogen from the HPC is limited 
to the peak hours, when the power generated from RESs is 
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TABLE I
PERFORMANCE ANALYSIS OF BILSTM NETWORK ON NOVEMBER 14, 2017

Dataset

GB

NIR

IE

NL

MAE

380.38

8.89
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74.03

MAPE

1.29

1.10

1.14

0.65

RMSE
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preferably sold to the power grid for financial gains. Figure 
5 illustrates the total exchanged power of the community 
with the power grid and bid/offer prices. According to Fig. 
5, the P&HMGs manage to sell power during high LMP pe‐
riod, i.e., the 17th hour to the 20th hour, while they purchase 
power during the rest of the day.

Table II presents the operation costs of the P&HMGs un‐
der strategic and non-strategic behaviors on modified IEEE 
6-bus system. Non-strategic behavior assumes that the prob‐
lem is solved from the perspective of transmission system as 
a single-level problem that maximizes social welfare. Over‐
all, according to the supplied statistics, P&HMGs could 
achieve lower operation cost under the strategic behavior. 
Specifically, the total operation cost of all P&HMGs with no 
flexibility under the strategic behavior is $359.793 (1.94%) 
less than that under the non-strategic behavior. This amount 
increases to $719.459 (4.59%) with the inclusion of ES and 
V2G technologies and $946.794 (7.02%) by considering the 
full flexibility including ES, V2G, PtH, and HtP. Further‐
more, Table II demonstrates that the P&HMGs can benefit 
more from their flexible technologies under the strategic be‐
havior. For instance, the utilization of all flexible technolo‐
gies under the non-strategic behavior results in a cost reduc‐
tion of $5031.3 (27.19%), whereas under the strategic behav‐
ior, this value increases to $5618.3 (30.96%).

Table III compares the impact of the BiLSTM network 
against other deep learning methods on the operation cost of 
P&HMGs. The average errors of all P&HMGs under recur‐
rent neural network (RNN), LSTM network, and BiLSTM 
network in relation to the real data are recorded as 5.59%, 
3.48%, and 1.68%, respectively. As can be observed, the 
BiLSTM network outperforms the other two well-known 
deep learning methods. Moreover, Fig. 6 shows the impact 
of the RO on the operation cost of P&HMGs. To this end, 
the optimization problem was solved for different uncertain‐
ty budgets starting from 0 (indicating no uncertainty) to 2 
(indicating full uncertainty). According to the results ob‐
tained, by increasing the value of the uncertainty budget, the 
operation costs increase. This phenomenon occurs because 
as the value of the uncertainty budget increases, the RO dis‐
patches less RES output power. Finally, Table IV analyzes 
the performance of the proposed approach. Since the pro‐
posed approach is sensitive to the parameter ρ, a sensitivity 
analysis inspired by [34] is conducted. As shown in Table 
IV, the proposed approach does not converge for ρ <N, 
ρ =N, and ρ = 10 after 400 iterations. However, for ρ = 100, 
the proposed approach converges within 26 iterations. It is 
also observed that the proposed approach outperforms the 
traditional ADMM by converging 11 iterations faster. Fur‐
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thermore, Table V shows the impact of the stopping criteria 
er on the convergence of the proposed approach with 
ρ = 100. As can be observed, a higher er causes a faster con‐

vergence, but at the cost of higher residual values. However, 
the residual values decrease to an acceptable range by reduc‐
ing er, at the cost of a few more iterations.

C. Modified IEEE 24-bus System

In this case study, six P&HMGs are interconnected with 
bus 14 of the IEEE 24-bus system. The data related to this 

case study are available in [35]. In this case study, the pro‐
posed approach converges within 176 iterations with a resid‐
ual value of less than 10-3. The operation costs of P&HMGs 
under strategic and non-strategic behaviors on modified 
IEEE 24-bus system are shown in Table VI. According to 
the findings, the total operation cost of all P&HMGs with 
no flexibility under the strategic behavior is $151.384 
(0.99%) less than that under the non-strategic behavior. With 
the incorporation of ES and V2G, this difference increases 
to $200.163 (1.32%). In addition, through optimal utilization 
of all flexible technologies, the difference can be increased 
to $484.337 (3.86%). Moreover, it is observed that the com‐
munity of P&HMGs could benefit from the flexible technolo‐
gies, especially hydrogen-based technologies, to reduce the 
total operation costs by $2683.59 (17.65%) under the non-
strategic behavior and by $3016.55 (20.04%) under the strate‐
gic behavior—an improvement of 2.39 percentage points.

V. CONCLUSION 

In this study, a decentralized energy management model 
was developed for P&HMGs. This model facilitates collabo‐
ration among P&HMGs to participate in the WEM while 
adapting a strategic behavior. To preserve the privacy of 
P&HMGs, and enhance the security and scalability of the 
model, a fast ADMM running on an MEC system was pro‐
posed as a decentralized energy management approach to 
solve the problem in a decentralized manner. In addition, a 
BiLSTM network was taken into account to deal with the un‐
certainty. Test results from IEEE 6-bus and 24-bus systems 
reveal that the proposed model reduces the total operation 
cost of P&HMGs by about 7.02% and 3.86%, respectively, 
compared with the one under non-strategic behavior. Further‐
more, the proposed model successfully converged in both 
case studies, demonstrating its potential for large-scale imple‐
mentation.

TABLE II
OPERATION COSTS OF P&HMGS UNDER STRATEGIC AND NON-STRATEGIC BEHAVIORS ON MODIFIED IEEE 6-BUS SYSTEM

P&HMG

1

2

3

4

Operation cost under non-strategic behavior ($)

No flexibility

6106.002

3460.039

3406.923

5528.557

ES +V2G

5469.827

3097.766

2516.228

4581.977

ES +V2G + PtH +HtP

4861.884

2752.289

2034.854

3821.196

Operation cost under strategic behavior ($)

No flexibility

6039.904

3391.281

3317.331

5393.212

ES +V2G

5315.096

2835.978

2424.877

4370.388

ES +V2G + PtH +HtP

4632.358

2342.972

1906.039

3642.060

TABLE III
IMPACT OF BILSTM NETWORK AGAINST OTHER DEEP LEARNING METHODS 

ON OPERATION COST OF P&HMGS

P&HMG

1

2

3

4

Operation cost ($)

RNN

4515.793

2082.815

1748.999

3749.201

LSTM

4573.578

2158.689

1792.177

3631.644

BiLSTM

4632.358

2342.972

1906.039

3642.060

Real data

4693.771

2265.589

1883.895

3676.501
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Fig. 6.　Impact of RO on operation cost of P&HMGs.

TABLE IV
PERFORMANCE ANALYSIS OF PROPOSED APPROACH

ρ

<N

N

10

100

Residual calculated 
based on (5b)

> 4.000

2.790

1.100

< 0.001

Number of iterations

Proposed 
approach

400

400

400

26

Traditional 
ADMM

37

TABLE V
IMPACT OF STOPPING CRITERIA ON CONVERGENCE OF PROPOSED APPROACH 

WITH ρ = 100

er

0.100

0.010

0.001

Number of iterations

19

26

31

Residual

0.03510

0.00058

0
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Future research directions could explore alternative meth‐
odologies for addressing bi-level optimization problems. Ad‐
ditionally, enhancements to the proposed approach could be 
made to improve its speed of convergence. Lastly, this study 
could be extended by considering other types of electricity 
markets such as the balancing market.
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