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Bi-level Robust Clearing Framework of Integrated
Electricity and Gas Market Considering Robust
Bidding of Smart Energy Hubs

Yangiu Hou, Minglei Bao, and Yi Ding

Abstract—With the implementation of the integrated electrici-
ty and gas market (IEGM), the smart energy hubs (SEHs) tend
to participate in the market clearing for the optimization of the
energy purchase portfolio. Meanwhile, the renewable energy is
mushrooming at different scales of energy systems, which can
introduce utility-level and distribution-level uncertainties to the
operation of the IEGM and SEHs, respectively. Considering the
impacts of divergent uncertainties, there exist complicated inter-
actions between the IEGM clearing and the robust bidding of
SEHs. The lack of consideration of such interactions may lead
to inaccurate modeling of the IEGM clearing and cause poten-
tial market inefficiency. To handle this, a bi-level robust clear-
ing framework of the IEGM considering the robust bidding of
SEHs is proposed, which simultaneously considers the impacts
of utility-level and distribution-level uncertainties. The pro-
posed framework is partitioned into two levels. The upper level
is the robust clearing mechanism of the IEGM. At this level,
the uncertainty locational marginal electricity and gas prices
are derived considering the utility-level uncertainties and the
uncertainty-based bidding of SEHs. Given the price signals de-
duced in the upper level, the lower-level robust bidding of the
SEH seeks the optimal bidding strategies while hedging against
distribution-level uncertainties. To address the proposed frame-
work, an effective algorithm combining column-and-constraint
generation (C&CG) algorithm with the best-response decompo-
sition (BRD) algorithm is formulated. The devised algorithm
can efficiently solve the individual robust optimization model
and coordinate the interaction of two levels. Numerical experi-
ments are carried out to verify the effectiveness of the proposed
framework. Moreover, the impacts of uncertainties on the mar-
ket clearing results along with the optimal biddings of SEHs
are further demonstrated within the proposed framework.

Index Terms—Integrated electricity and gas market IEGM),
market clearing, smart energy hub, bidding.

1. INTRODUCTION

WING to the proliferation of desirable efficient and
highly flexible gas-fired power plants (GPPs), the mu-
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tual dependency of the electricity and gas system is largely
strengthened [1]. Naturally, the strong coupling of these two
energy systems drives the tight coupling between the electric-
ity and gas markets [2]. The integrated electricity and gas
market (IEGM) is emerging and has attracted widespread at-
tention. The cooperation of IEGM is beneficial to optimally
allocate energy resources [3] and thereby enhance the over-
all economic efficiency of energy systems [4]. Some inspir-
ing research efforts have been put into the coupled operation
of the electricity and gas markets [5]-[8]. Reference [5] stud-
ies the independent operation of the electricity and gas mar-
kets and the operational equilibrium is exploited considering
the coordination of the two markets. Two types of coordina-
tion schemes from the perspective of energy companies are
presented in [6] to couple the electricity and gas markets. In
contrast with the separate clearing of the electricity and gas
markets, several interesting works are conducted to investi-
gate the centralized operation of the two markets to improve
the holistic operational and economic efficiency [7], [8]. Ref-
erence [7] demonstrates the benefits of the synchronized and
co-cleared mechanism of the electricity and gas markets.
The pool-based coupled clearing of electricity and gas mar-
kets considering the strategic offerings of large energy pro-
ducers is presented in [8].

With the rapid progress of advanced communication and
information technologies, smart energy hubs (SEHs) are be-
coming important resources in the IEGM [9]. Managed by
the energy hub operator (EHO), the SEH can purchase and
import electricity and gas in the IEGM to optimally satisfy
terminal energy demands such as electricity, heat, and gas
[10]. Currently, extensive efforts have been devoted to incor-
porating the SEHs into the IEGM to improve the market effi-
ciency and reduce the demand cost [11]-[13]. A distributed
framework for the optimal operation of SEHs in the IEGM
is proposed in [11] to economically satisfy the multi-energy
demand (MED). To exploit the response behavior of MEDs
to the varying energy prices, a two-level framework is devel-
oped in [12] to incorporate the multi-elasticity in the IEGM
clearing. The exploration of the multi-elasticity of SEHs in
this work is proven to be conducive to improving the effi-
ciency and welfare of IEGM. Moreover, integrating the car-
bon price into the energy prices, a decentralized low-carbon
coordination scheme of the IEGM and SEH is proposed in
[13], which is beneficial to reducing the carbon emission of
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energy system. However, the aforementioned studies usually
utilize deterministic models, where the renewable energy un-
certainties are seldom considered.

As the centralized and distributed renewable energies are
increasingly deployed in energy systems, the uncertainties
can concurrently reside in the IEGM and SEHs, i.e., at the
utility and distribution levels [14]. To investigate the influ-
ence of utility-level renewable energy uncertainties on the
IEGM, existing research works have adopted different opti-
mization approaches. Reference [15] proposes a scenario-
based clearing mechanism of IEGM based on stochastic opti-
mization (SO). In this work, the energy prices in different
scenarios are respectively derived and further averaged to de-
fine the clearing energy prices. Featuring numerous scenari-
os to ensure the feasible solution, the SO would yet lead the
heavy computation burden [16]. By contrast, the robust opti-
mization (RO) can well ensure the desirable solution hedges
against all the realizations of uncertainties within pre-defined
uncertainty sets [16]. Along this line, [17] devises an RO-
based market clearing mechanism to price the uncertainties.
On this basis, a robust pricing framework for energy and an-
cillary services in the IEGM is proposed in [18]. Thereinto,
the price components in the identified worst-case scenarios
are added to the base-case electricity and gas prices to quan-
tify uncertainties. Accordingly, the uncertainty locational
marginal electricity prices (ULMEPs) and uncertainty loca-
tional marginal gas prices (ULMGPs) are formulated. How-
ever, these studies mainly investigate the impacts of utility-
level uncertainties on the IEGM clearing, where the integra-
tion of SEHs and their internal distribution-level uncertain-
ties are not considered.

To better adapt to the distribution-level uncertainties in
SEHs, many researchers begin to study the uncertainty-based
optimal bidding of SEHs in the IEGM [19]-[21]. Reference
[19] presents a stochastic probabilistic operation model of
the energy hub considering the MED response. An optimal
bidding strategy is proposed in [20], where the SO is uti-
lized to model the uncertainties of energy market prices and
renewable energies. An RO framework for the optimal opera-
tion management of SEH is presented in [21], where distrib-
uted renewable energy uncertainties in the SEH are modeled
with the robust chance-constrained model. However, the pre-
vious studies mainly determine the optimal bidding of SEHs
by specifying scenarios given the probabilistic distribution of
the energy prices or prescribing the uncertain price intervals.
Nevertheless, in practice, the market prices are closely relat-
ed to the IEGM clearing and challenging to predict precise-
ly [13].

Considering the influences of different levels of uncertain-
ties, the IEGM clearing and the bidding of SEHs are compli-
catedly intertwined [14]. On the one hand, the utility-level
uncertainties will affect the market clearing prices [18],
which will have a great impact on the bidding of SEHs [13].
On the other hand, based on the distribution-level uncertain-
ties and market prices, the SEHs will adjust the bidding be-
havior. This bidding will in turn alter the energy demands
and further the clearing result of IEGM [13]. Unfortunately,
as far as the authors are aware, existing studies have not yet
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been carried out to study the mutual influence between the
IEGM and SEHs considering different levels of uncertain-
ties. The incomplete consideration of this bi-directional inter-
play may lead to the inaccurate reflection of the energy sup-
ply-demand situation, which will further lead to the loss of
market efficiency [14]. Moreover, this limitation will also po-
tentially cause the sub-optimal decision for SEHs [14].

To fill the research gap, a robust clearing framework of
the IEGM considering the robust biddings of SEHs is inno-
vatively proposed, which considers both the utility-level and
distribution-level uncertainties. The proposed framework in-
cludes two levels, where the upper level is the robust clear-
ing of the IEGM and the lower level is the robust bidding of
SEHs. For the IEGM clearing at the upper level, the robust
pricing mechanism is applied to effectively reflect the influ-
ence of uncertainties on the clearing results given the bid-
dings of SEHs. To deal with the distribution-level uncertain-
ties, a robust bidding model is formulated at the lower-level
stage to procure the optimal strategies for the SEHs, where
the uncertainty market clearing prices are embedded. With
the precise modeling of the bi-directional influence of two
levels of uncertainties, the proposed framework could more
accurately price and allocate resources in the IEGM. More-
over, the biddings of SEHs are also ensured to be optimally
cost-effective since the market clearing is properly embed-
ded within the framework. Compared with existing research
incorporating the alternating direction method of multipliers
(ADMM) to solve the distributed problems [22], [23], the
proposed framework could elaborately embed the clearing
prices into the interaction of the IEGM and SEHs. Also, dif-
ferent from solving the bi-level problems with mathematical
programming with equilibrium constraints (MPECs) [2],
[24], the best-response decomposition (BRD) algorithm in
this paper could efficiently coordinate the bi-level noncon-
vex robust models.

In light of the discussion, the contributions of this paper
are two-fold.

1) A bi-level robust clearing framework of the IEGM is in-
novatively designed to concurrently consider the impacts of
utility-level uncertainties and the robust bidding of SEHs
with the distribution-level uncertainties. In the proposed
framework, the RO-based market clearing model is devel-
oped to derive the uncertainty energy prices, which quantify
the influence of the utility-level uncertainties and considers
the participation of SEHs. At the lower level, a robust bid-
ding model of the SEH is devised to characterize the distri-
bution-level uncertainties in the premise of updated market
clearing prices. The framework could more systematically
simulate the mutual influence of different levels of uncertain-
ties and more accurately reflect the energy supply-demand
situation. Considering that, the effectiveness of the clearing
results can be improved.

2) An efficient algorithm combining the BRD algorithm
and the column-and-constraint generation (C&CQG) algorithm
is developed to elaborately resolve the robust clearing mod-
el. The upper-level and lower-level models are iteratively
solved while the collaboration of these two levels is
achieved in a distributed manner.
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II. PROBLEM FRAMEWORK

The robust clearing framework of the IEGM considering
the robust bidding of SEHs is presented in Fig. 1. The holis-
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tic framework is hierarchically divided into two levels. The
IEGM is cleared at the upper level while SEHs optimally
bid their energy inputs in the IEGM governed by individual
EHO at the lower level.

mechanism of [EGM

i

Distribution-level
uncertainties

Deterministic
energy devices

(@0 >
oo -G

Lower level: robust bidding of SEHs

--> ULMEP and ULMGP; — Energy input of each SEH

Fig. 1.

At the upper level, the energy system operator (ESO) man-
ages the available resources including deterministic genera-
tion resources, e.g., coal-fired power plants (CPPs), GPPs,
and gas wells. Besides, as one of the representative types of
utility-level uncertainties, the stochastic power generation of
wind farms is also considered. The ESO is responsible for
the IEGM clearing. Taking into consideration the utility-lev-
el uncertainties in the IEGM, a robust electricity market
clearing mechanism [18] is adopted. Given the energy bids
of individual SEH, the robust clearing mechanism deter-
mines the ULMEPs and ULMGPs [18]. The energy prices
can reflect the impact of the utility-level uncertainties on the
market clearing result.

At the lower level, the individual EHOs bid their energy
inputs in the IEGM based on the energy price signals de-
rived from the upper level. Similarly, a robust bidding model
of the SEH is constructed to obtain the optimal energy dis-
patch portfolio incorporating the distribution-level uncertain-
ties in the SEH. Each SEH includes the combined heat and
power (CHP) unit, electric boiler (EB), gas boiler (GB), and
electricity storage (ES) system. The distribution-level uncer-
tainties are herein considered to stem from distributed wind
farms (DWFs), as indicated by the red dotted lines. Energy
inputs in response to the prices, i.e., electricity and gas in-
puts of each SEH in the IEGM, are accordingly determined
and effectively in turn transferred to the upper level. This
model well incorporates the clearing result of IEGM into the
decision of the optimal bidding.

The whole robust clearing framework will iterate between
the two levels until an equilibrium is reached. Thereupon,
the proposed framework can well address utility-level uncer-
tainties in the IEGM while simultaneously accounting for

Robust clearing framework of IEGM considering robust bidding of SEHs.

the influence of distribution-level uncertainties in the SEH.

III. MATHEMATICAL FORMULATION

The major assumptions made in the proposed framework
are summarized as follows.

1) The strategic behaviors of power plants, gas wells, and
SEHs are not considered. Under this assumption, the bidding
prices of power plant outputs and gas well production are
based on their marginal costs. The SEHs also bid their elec-
tricity and gas demands according to their endogenous opti-
mal energy portfolios.

2) The clearing mechanism of IEGM is adopted. The elec-
tricity and gas market is operated and cleared by a central-
ized ESO. A similar assumption is also used in [18] and [25].

3) The linearized lossless DC power flow model is intro-
duced to depict the operating condition of the power net-
work [26], [27]. And unit commitment (UC) decisions of
power plants are assumed to have been made a prior. If a
unit is shut down, its output is fixed at zero [16].

4) The simplified linepack-based gas network model is in-
troduced to feature the dynamic characteristics of the gas net-
works. The approximated gas model can well depict the stor-
age capacity of pipelines while preserving the desirable com-
puting efficiency [16], [18], [28].

The proposed framework is divided into two sub-models
depicted in Fig. 2. The upper-level model for the robust
clearing mechanism of the IEGM determines the ULMEP
Bi, and ULMGP B¢, considering the utility-level uncertain-
ties and the robust bidding of the SEH. Regarding the clear-
ing energy prices, the lower-level model of the EHO decides
the optimal electricity input P!", and gas input G, which are

subsequently updated and transmitted to the upper level.
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Fig. 2. Mathematical model of proposed framework.

A. Upper-level Model: Robust Clearing Mechanism of IEGM

The IEGM clearing is based on the adaptive robust securi-
ty-constrained economic dispatch (SCED) model [18].

The operational goal of the clearing model is to minimize
the total costs at the day-ahead operational stage and the
worst-case costs at the real-time regulating stage [18], as

S () E (D U _, U(D) D _.D(I)
SN CISY + D (CEpO+ChrO+ ChrD
t u

min u,t 'tpi,t
ieC

)
y

shown in (1). The first four terms pertain to the cost of gas
production, the generation cost of CPPs, and the upward and
downward reserve costs of power plants, respectively. The
real-time regulating costs include upward/downward output
adjustments of CPPs and GPPs, electric and gas load shed-
ding penalties as well as the wind curtailment cost.

) +
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of gas well; p) is the output of power plant; " and r2® Z rU0> RY 2f)
are the upward and downward reserve capacities of power iecUg
plant, respectively; C;, C!,, Ci,, and C;, are the unit costs of S 203 R
gas production, generation of power plant, upward reserve, e (2g)
and downward reserve, respectively; Ap;"” and Ap;" are the
quard an;indownwarg Hadjustments of _power plant, respec- z H,, P | < pr (2h)
tively; AD; ™" and ADJ" are the electric and gas load shed- it :
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costs of upward and downward adjustments for the power
plant, respectively; C; and C¢ are the unit costs of electric
and gas load shedding, respectively; C, pertains to the unit
wind power curtailment penalty; y®=[S".p". r70, P07 is
the first-stage decision variable vector; x"=[Ap/'", Ap; (",
AD", ADJ, p® 1 is the second-stage decision variable vec-
tor; and z¥=[P{"] is the vector denoting utility-level uncer-
tainties.

Formula (2) admits a bunch of representative day-ahead
operational constraints [16]. These constraints comprise pow-
er capacity constraints considering reserve limits ((2a) and
(2b)), ramping constraints ((2c) and (2d)), and power bal-
ance equation ((2e)). Additionally, the system reserve require-
ments ((2f) and (2g)), transmission flow capacity limit
((2h)), and the nodal active power injection constraint ((21i))
are also included.

U}
Pi:

+ri0<pm jeCcUg (2a)

where P/™ and P™" are the maximum and minimum power
outputs, respectively; RU, and RD, are the maximum ramp-
ing-up and ramping-down power of power plant, respective-
ly; pf, is the forecasting power of wind farm; D}, is the
electric load; the subscript e is the index of SEH; & is the
set of SEHs; RY and R? are the system-wide upward and
downward reserve requirements, respectively; pi*® is the net
injection power at electric bus; H,, is the power transfer dis-
tribution factor; P/™ is the maximum active power on the
line f; and C(b), G(b), W(b), and E(b) are the sets of CPPs,
GPPs, wind farms, and SEHs connected to bus b, respective-
ly.

The operating condition of the natural gas system is con-
strained by (3) [16]. The nodal gas flow balance is ensured
by (3a). The production range and nodal pressure of the gas
system are constrained by (3b) and (3c), respectively. The
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gas flow in the pipeline p is related to the gas pressures of
its head node F(p) and tail node 7(p) by the Weymouth
equation (3d). The linepack is calculated by (3e), whose con-
tinuity can be guaranteed by (3f). The linepack at the end of
the dispatching horizon 7 is bounded by (3g). Additionally,
the terminal pressures and gas flow of compressor g are de-
picted by (3h) and (3i), respectively. Formula (3j) correlates
the gas consumption of GPP with its power output.

SO+ D Fh+ D FTO=> GY+DS+

u € Un) d?s(q) n T(p)=n geGn)
D G X Fg+ > FF (3a)
ee &(n) suc(g)=n F(p)=n
Smm < S,ﬁl)ts Smax (3b)
<110 < 1™ ()
FF{+ FTfI
72 P == 2x))C (T, P = (115,,,,)") (3d)
Ly =K, (L5, + 5,2 (3¢)
Ly =Ly, \+(FF,,=FT,}) 3
LY:>L,, (g
o
min is(q max
Ry <Ry (3h)
suc(q). t
me < F;I}S Fmax (31)
G =Pp/n, (3))

where the subscripts g, ¢, and p are the indices of GPP, com-
pressor, and pipeline, respectively; F.) is the gas flow of
compressor; Dy, and G, are the gas load and the gas con-
sumption of GPP, respectlvely, FF{) and FT, 193 are the gas
flows at nodes F(p) and 7 (p), respectlvely, ) is the binary
variable denoting the direction of gas flow; H O is the gas
pressure of gas node; LS?, is the linepack of plpehne, C, and
K, are the Weymouth and transient constants of pipeline, re-
spectively; suc(q) and dis(g) represent the suction and dis-
charge nodes of the compressor, respectively; U(n) is the gas
source connected to gas node; F)™* and F’ ;“i“ are the maxi-
mum and minimum gas flows through the compressor, re-
spectively; Rf;““ and R}™ are the minimum and maximum
compressing ratios, respectively; p!, is the power generation
of GPP; @ is the electricity-to-gas conversion factor; 7, is
the efficiency of GPP; S™ and S™" are the maximum and
minimun productions of gas well, respectively; and 77" and
II™ are the maximum and minimum gas pressures of gas
node, respectively.

The real-time operational constraints regarding the power
and natural gas system are shown in (4) and (5) [16], respec-
tively. Formula (4a) constrains power output adjustments of
both CPPs and GPPs. The system power balance considering
real-time electric load shedding and wind power curtailment
is described by (4b). The real-time transmission power limits
and nodal power injection are defined by (4c) and (4d), re-
spectively. Formulas (4e) and (4f) bound the wind power
curtailment and electric load shedding, respectively.
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D(I)<Ap(“)< ’\U(]) vl = CUg (48)
> A+ > (P -ph)+ D AD=0 (4b)
ieCUG weW ' beB
sz_b (p})n_i,(l)+ Apgnj,(ll)) SP}“aX (40)
b
Ap;;nj.H= z Apzl',lt + z (pwt th)_’_ADE ! (4d)
ieCUG w e W(b)
0<pl<PL” (4e)
0< AD;:_”(tH) < Dit (41)
where Ap!} and Ap;"" are the regulating power output of

power plant and the power injection at electric bus, respec-
tively; and the symbol " represents the optimized value.

At the natural gas system side, the real-time gas flow bal-
ance is depicted by (5a). Formulas (5b)-(5i) are real-time
equivalent formulas related to day-ahead ones. Formula (5k)
calculates the real-time gas consumption of GPP.

S sie 3R S FID= S Gl

u e Uln) dis(g)=n T(p)=n g<Gm)
G G(II) m(ll) I an
(DS, —~ADI™)+ > Gy N FN4 N FF (52)
ee&(n) suc(q)=n F(p)=n

(I
Smlll<Su[ Ssmax (Sb)

(T
o< <me (5¢)

2
(FFS'HFT;S?

=(1-2x))C, (1%, =T7,)") (5d)

2
Lyi=K, (50, + 115,12 (5¢)
Lyl =L +(F 8~ F,.) (59
Lyy>L,, (5g)
an

Rmiu < dis(q). ¢ < Rmax ( Sh)

CE =
min (I max :
Fr<FO<F (50)
0<ADSM< DS, (5i)
G =1, (P + APy, (5k)

where Ap\") is the regulating power output of GPP.
After solving the adaptive robust model, the ULMEP and
ULMGPs can be derived.

B. Lower-level Model: Robust Bidding of SEHs

Tightly interacting with the energy system at the demand
side, each SEH is composed of multiple energy devices
[10] to satisfy the MED. Besides, the booming development
of distributed renewable generation units brings distribution-
level uncertainties for the SEH [14]. Due to the distribution-
level uncertainties, the optimal bidding strategy of the SEH
is thus also formulated as an adaptive RO problem. The opti-
mization objective in (6) is to minimize the operational cost
of SEH, i.e., the summing day-ahead energy purchasing
costs from the IEGM and the degradation cost of the ES
while considering the least cost at the worst-case real-time
regulating stage.
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(I day - ahead operational stage (II): real - time regulating stage
where e(b) is the electric bus connected to SEH e; e(n) is the soc ,<soc! < socC, (71)
as node linking the SEH and the natural gas system; c"5®
£ ES() y : . o gas sy o soc?.>soc,, (7m)
and d,;" are the charging and discharging power of ES at e e
the day-ahead operational stage, respectively; Cf,s is the unit rcgll’ﬂ)z()
degradation cost; AEL"™, AGL"), and AHL"" are the unserved DN
° b et et et ) rcPMD >
terminal electricity, gas, and heat demands at the real-time tha (7n)
regulating stage, respectively, and C™, CS, and CM" are rd, 020
their corresponding unserved costs; PU™" and P2 are the rdPN0>

available and dispatched wind power of DWF, respectively;
CY is the unit wind curtailment cost; y*O=[P"", GV, d 530,
g0 . porO H PO HIPO] is the first-stage decision variable
vector, P is the electric power output of CHP, and
HJP and H P are the heat energy outputs of GB and
EB, respectively; x“O=[AELD, AGLY, AHLY), d E3™, PSP,
HEPO HIPM PP is the second-stage decision variable
vector; and z?=[P}"] is the vector denoting distribution-lev-
el uncertainties.

The typical day-ahead operational constraints of SEH are
described in (7). The multi-energy flow balances are ensured
with (7a)-(7c). Formula (7d) limits the power output of CHP
as well as the heat outputs of EB and GB. The operating
states of ES are depicted with (7e)-(7n) [29]. Specifically,
the net power output of ES is presented by (7e). The exclu-
siveness of the charging and discharging states is ensured by
(7). In (7g) and (7h), the charging power considering the
down- and up-reserve is characterized [29], respectively.
Similarly, (71) and (7j) feature the discharging power consid-
ering down- and up-reserve, respectively. The continuity of
the state of charge (SOC) of the ES is assumed with (7k).
Moreover, the bound of SOC and its consistency require-
ment are introduced with (71) and (7m), respectively. The
non-negativity of reserves is guaranteed by (7n).

in) , pCHP() , pf ES() _ pEB() , .ES()
P:t +Pe,t +Pe5t+de,t _Pe.t +ce5t +ELe,r (73)
. 1 1
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PSP ULP,
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0 +x20<1 x50 x4 {0, 1} (79)
ES(D) DN(D) « ..d(I) HES
0<dB0—pdPNV< x40 D (72)
ES(I UP(l (1) FES
OSce,,()—rce_t()sz()C (7h)
ES(D) DN(D) — .c() SES :
0<c, W +re, " <x0C (71)
ES(1 UP() o ..d(I) HES .
0<d0+rd PO<x¥OD (7h)

SOC{,-SOCE,  =nec ;" =d, 7V, (7%)

e

where P!, and P2} are the forecasting wind power of DWF
and the power consumption of EB, respectively; #,,, #,., and
n, are the efficiencies of turbine, heat, and loss characteriz-
ing the operation of CHP [30], respectively; x5 and x% are
the binary variables denoting the charging and discharging
states, respectively; rc"” and 2" are the charging up-re-
serve and down-reserve, respectively; rd;, " and rd " are
the discharging up-reserve and down-reserve, respectively;
SOC" is the SOC of ES; ;¢ and 5¢ are the charging and dis-
charging efficiencies, respectively; 7., 1s the heat conversion
efficiency of GB; EL,,, GL,,, and HL,, are the terminal elec-

tric, gas, and heat loads, respectively; and (-) and (-) denote
the upper limit and lower limit, respectively.

The real-time regulating stage regulates the dispatch of
each energy device inside the SEH to hedge against the un-
certainty of wind power output. Formulas (8a)-(8c) re-dis-
patch multi-energy flows. The charging and discharging pow-
er considering the down- and up-reserve is depicted by (8f)
and (8g), respectively [29]. Other formulas ((8h)-(8j)) corre-
spond to those at the day-ahead operational stage.

in(D) DI CHP(I) , JES(I)_ pEB(I) , .ES(I) m
Pe.,t +Pe.,t +Pe,t +de.,t _Pe.t +Ce.,t +EL@.t_AELe,t

(8a)

(8b)

; 1 1
m_ 1 peaean, 1 zrGBa a
G)l'=—P; "+ H; W +GL, —AGL,,

tu n GB

(=90 = 11 M PS—IP,(H) n HSB.(H) n He]:ZlB.,(II): HL,,- AHLgI,) (8¢)

M
P SHP < Pg—n{(n) <P eCHP
P <HEO <AL s
]iSB < HEGB,(II) < HEGB
0<PPI<pl®
P ::f,(u) =d el::ts,(u) _ Cf‘_f’(n) ( 8 e)
dES— rdPN < dF < dFS0 1 pd (8D
B0 e < B < B 4y DN (8g2)
SOCH-SOCE). | =nee;"=d. 20 g (8h)
S0C,<s0Cc< SOC, (81)
soc"=>soc,, (8))

After solving the robust bidding of SEHs, the electricity
and gas inputs, i.e., P" and G, can be determined and

et >

subsequently employed as the input of the upper-level mar-
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ket clearing.

C. Modeling Utility-level and Distribution-level Uncertain-
ties of Wind Power Output

A box-like uncertainty set [17] is uniformly introduced to

depict the stochastic outputs of wind generation both with
utility and distribution scales.

ey { | DY G R
wle
2(&’5?,* Zven VS 2+ 2T < LD 200 {0, 1)
(%a)
Py=pt +Z41P, —Zl P (%b)
pYW=p! +4+:0+pP,,—z" P, (9¢)

where the superscripts &/ and D denote the corresponding
variables regarding the utility level and distribution level, re-
spectively; ZJ”* and Z¥”. are the uncertainty variables re-

garding the output of wind farm w and SEH e, while the spa-
tial and temporal uncertainty budgets I'“" and I'/’" con-
strain the conservativeness; P,,, and P, are the upper and
lower bounds for the wind power of wind farm w, respec-
tively; and P,, and P

SEH e, respectively. The actual power generation of wind
farms is accordingly represented with (9b).

., are the upper and lower bounds of

IV. SOLUTION METHODOLOGY

A. Solution Methodology: C&CG Algorithm

The upper-level and lower-level models are both individu-
ally constructed with the two-stage adaptive RO model,
which is hard to be solved directly [16]. Moreover, the Wey-
mouth equations depicted in (3d) and (5d) bring the noncon-
vexity of the upper-level IEGM clearing. To bear these, the
second-order cone (SOC) relaxation method is first intro-
duced to recover the convexity of the upper-level problem
[31]. By the SOC relaxation, the mixed integer nonconvex
constraints (3d) and (5d) are compactly transformed as a
bunch of constraints denoted as [16]:

[(FF, +FT, )2F<C((I1;,)*=(T,,)")

xpt(H;l(lZ)t 170, VS g, =11 <x, (TG — HTm(l;)t)

X, (56, — T35, VST~ 11, <, (D505~ TT G )

(U =x, Y5, — 1505, VS 5~ 1T < (10)
(U=, I35~ 1175,

(U=, W7, = T3y VS 7, = 1T <
(=2, W75, = 115G,

where 7, and Hp,, are the end nodes of the pipeline with
higher and lower gas pressures, respectively. When the gas
pressure of head node 7., is larger than that of the tail
node 171, , i.e., x,,=0, the constraint (10) ensures 17, =

Vi and H =11y, Otherwise, when 11, , is lower than

F(p)t T(p)t
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My, i.e., x,,=1, the constraint (10) limits I1,=1I, , and
I}, =11y, . By this means, the binary variable x,, is suc-

cessfully separated from the original Weymouth equation,
which can be further transformed into the convex SOC.

On the other hand, the constraints of the lower-level mod-
el are all linear. The linear constraints can be regarded as the
special case of SOC optimization.

To effectively solve the adaptive robust models both for
upper-level and lower-level problems, a modified SOC-dual-
based C&CG algorithm is incorporated.

For ease of interpretation, the robust clearing model of the
IEGM and the robust bidding of SEH can both be formulat-
ed as the tri-level “min-max-min” problem with a compact

form:
: T
min zat Y, +
g

: E : T
max min X
u X, - gl‘ t
| ——
(I): first - level

N (11
(II): second - and third - level
where a, and g, are the coefficients regarding the objective
functions (1) and (6), respectively; and y, and x, are the deci-
sion variable vectors regarding the day-ahead operational
stage and real-time regulating stage, respectively.

The constraints of compositive first-level “min” problem
are denoted by (12a) and (12b). The linear constraint (12a)
integrates all the linear constraints at the first stage, i.e., (2),
(3a)-(3¢), (3e)-(3j) for the upper-level problem and (7) for
the lower-level problem. Formula (12b) encompasses the
first-stage SOC constraints, i.e., SOC reformulations of con-
straint (3d) with (10).

A,y,<b,

|<(E))"y,
where 4,, b, B, , are the coefficients regarding the
constramts at the day-ahead operational stage.

The constraints of the second- and third-level “max-min”
problem are integrated in (12c) - (12e). Formula (12c¢) in-
cludes all the linear constraints in the second and third lev-
els (i.e., (4), (5a)-(5¢c), and (5e)-(5k) for the upper-level prob-
lem and (8) for the lower-level problem). Formula (12d) is
composed of the second-stage SOC constraints, i.e., SOC re-
formulations of constraint (5d) with (10). Formula (12¢) de-
notes the uncertainty interval Y of uncertainty variables relat-

ed to (9).

(12a)

(12b)

H B,y
and E!

p.t

AthSFtyt+Gtut+dt (12C)

| B,.x.| <&, (12d)

ueY (12e)

where A,, F, G, d, BZ » and Ep2 , are the coefficients regard-

ing constramts at the real-time regulating stage.

The model in (11) and (12) respects a standard adaptive
RO model with SOC constraints, which could be effectively
solved by the C&CG algorithm [32].

Specifically, the master problem (MP) is defined as:

. T
I’I}JH Zat yto (133)
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s.t.

9= ngxfk) Vk (13b)
A,y,<b, (13¢)

| B85 | <&)L)y, (13d)

A, xP<Fy+GuP +d, Vk (13e)
” B, x HZS(E;,)Tx,(“ Vk (139

where the superscript £ denotes the C&CG iteration index.

The MP determines the optimal first-stage solution y; in
the identified worst-case scenarios u'**. Accordingly, with
the updated y;, the primal subproblem (Primal-SP) is con-
structed as:

max min >glx, (14a)
! t
s.t.
A, x,<Fy;+Gu,+d;m, (14b)
” B;.txt |2S(E;it)Txt:(vp,n,”p,t) (140)

where 7z, is the dual vector for inequality constraint (14b);
and v,, and p,, are the dual vectors for SOC constraint
(14c¢).

The two-level “max-min” Primal-SP can be re-formulated
to the single-level dual subproblem (Dual-SP) with the aid
of the strong duality theory [31] as:

B%}X) Z[(Fty:+bt)T”t+u;er”t+dtT”t] (ISa)
Aym+ Y (B, v, +E; p,)=g, (15b)

14
” Vo |, SHp (15¢)

The bilinear term u; G, in (15a) causes the non-convexi-
ty of the Dual-SP, which could be easily linearized by the
big-M method [31]. By this means, the non-convex Dual-SP
is hence transformed into a mixed-integer second-order cone
programming (MISOCP) problem and could be resolved by
the existing commercial solvers.

The optimal solution could be explored by iteratively solv-
ing the MP and subproblem using C&CG algorithm, as
shown in Algorithm 1. It should be noted that since no SOC
constraint is involved in the lower-level model, the SOC con-
straints are omitted when solving the lower-level model.

Algorithm 1: C&CG algorithm

11 Initialize the lower bound LB=-co, the upper bound UB=+w, the
C&CQG iteration index k=1, and C&CG convergence tolerance y,

(k—1),%
t

20 Solve the MP problem in (13) with given #* ", and obtain y
and ¢®*. Update LB=max{LB,2‘a,T yﬁ'”'*ﬂp‘“"}
t

3: Solve the Dual-SP in (15) with given y®, and obtain #** and z®".

Update UB=min %UEﬂ SIFE YO +b) 7™ +(@P ) G, +d ]}
t

4: If (UB-LB)/LB|<y,, terminate; otherwise, k=k+1, and go to Step 2

The upper-level IEGM will be cleared when the SOC-du-
al-based C&CG algorithm converges. Recalling the MP at
the last iteration, inspired by [16] and [18], the ULMEP and
ULMGP can be derived from the Lagrangian function of
(13a) L with (16a) and (16b), respectively.

oL N
ﬁz}ir: aDE :/lf,t"— E(Af;ft_j‘}t)l_lf—b-’—
bt S
| A+ DA, (162)
ke s
oL !
W= apa Hat kz}c(ﬂﬁﬁ“wi’i") (16b)
n,t €
where 1;, Ag'", Ag~®, and A} are the dual variables of

constraints (2e), (2h), (4c), and (4f), respectively; and uC,
wS®, and p>® are the dual variables of (3a), (5a), and (5j),
respectively.

From (16a) and (16b), we can observe that unlike the tra-
ditional energy prices, the robust marginal prices can reflect

the impact of uncertainties on the prices.

B. Coordinating Upper- and Lower-level Models Based on
BRD Algorithm

The upper-level model determines the energy prices con-
sidering uncertainties, i.e., ULEMPs and ULGMPs. Given
the energy prices, the lower-level model schedules the ener-
gy input of SEH for the upper-level model. To effectively
reach an equilibrium of the upper-level and lower-level mod-
els and improve the convergence of the solving algorithm, a
BRD algorithm [16] is developed, as shown in Algorithm 2.

Algorithm 2: BRD algorithm
1: Initialize the energy inputs of SEHs P’ and G by setting the
ULMEP and ULMGP as the prices of the cheapest CPP and gas

well, respectively, and solve (6)-(8). Set the BRD iteration index
o=1 and BRD convergence tolerance i,

2:  Solve the upper-level model for the IEGM clearing with (1)-(5) giv-
en P"°"" and G, and obtain the ULMEP and ULMGP g;*”
and B¢

3:  Solve the lower-level model for the robust bidding of SEH with (6)-
(8) given B¢ and B, and obtain the energy inputs of SEHs
PR and G

4: If the maximal residual satisfies (17), terminate; otherwise,
o=0+1, and go to Step 2
e )
max - - S - <y, 17)

in(o) in(0)
P et Ge. t

It should be emphasized that the BRD algorithm is heuris-
tic. Accordingly, its convergence is sensitive to the initial
point [16]. In addithon, the iterative-based BRD algorithm is
susceptible to falling into the oscillation mode, which could
cause repeated iterations [33].

To address these limitations and enhance the convergence
performance of the BRD algorithm, two effective measures
are introduced in the proposed solving procedures.

Inspired by [16], the modified energy price updating strate-
gy is introduced to reduce the influence of the selection on
the convergence process. In detail, between Step 2 and Step
3 of Algorithm 2, a weighted combination price of newly ob-
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tained prices at the current iteration and the previous ones
are transferred to the lower-level model. Specifically, in this
paper, the energy prices obtained at the current iteration
By and B”) and those from the last two iterations

nt

(Byo=h, poe=b, Bio=? and 7)) are individually weighted
with 1/3 and summed to determine the energy price deliv-
ered to the lower-level model. This strategy can well lower
the reliance of the convergence characteristic of the BRD al-
gorithm on the selection of the initial points.

Secondly, to avoid the potential oscillation mode, enlight-
ened by [13], a bi-section strategy is incorporated. Suppos-
ing the electricity input P oscillates at the o™ iteration in
Algorithm 2, set PI""™ =max{P",P"°""} and PI"™"=
min (PO, o),

Then, the following sub-steps are conducted to obtain the
operational equilibrium.

Sub-step I: embed the constraint P =(P™"™*+P™™")/2
into the lower-level model for the robust bidding of SEH,
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and then solve it. If the convergence condition (17) is satis-
fied, terminate Algorithm 2. Otherwise, increase o by 1 and
go to Sub-step 2.

Sub-step 2: insert constraint P"™"<PM7<P™™ into the
lower-level model for the robust bidding of SEH and then
solve it. If the convergence condition (17) is satisfied, termi-
nate Algorithm 2. Otherwise, go to Sub-step 3.

Sub-step 3: if PM?=pPM™ update the lower bound
prmn=(pre g pminy - Otherwise, if PR”=Pr™ update

the upper bound P =(PX™+ P™™")/2. Go to Sub-step 1.

By iteratively conducting Sub-steps 1-3, the operation in-
terval of SEH will be repeatedly narrowed by half. Follow-
ing this, the SEH can well converge to its optimal equilibri-

um operating point.

C. Wholistic Solution Process

The flow chart in Fig. 3 illustrates the solution process of
the proposed model. A step-by-step solution procedure is giv-
en as follows.

Input initial parameters of IEGM

| ]

and SEHs, BRD iteration index o=1,
and BRD convergence tolerance y,

[

Reset LB=—o0 and
UB=+o and C&CG
1 iteration index k=1

Reset LB=—o and
UB =+ and C&CG
iteration index k=1

| [

Set the initial ULMEP and ULGMP as

it} v

prices of the cheapest CPP and gas
well, respectively

Solve MP in (13) corresponding
to the upper-level problem
! (1)-(5) and update LB

Solve MP in (13) corresponding
to the lower-level problem
(6)-(9) and update LB

Set the lower bound LB=—oo,

! !

upper bound UB=+o, C&CG
iteration index k=1, and C&CG
convergence tolerance v/,

Solve Dual-SP in (15) corresponding
to the upper-level problem
(1)-(5) and update UB

Solve Dual-SP in (15) corresponding
to the upper-level problem

I

(6)-(9) and update the UB P ,E
I

|(UB-LB)/LB|<y,?

Obtain the initial electricity

Solve MP in (13) corresponding
k :@ to the lower-level problem
(6)-(9) and update LB
| Y Y
Solve Dual-SP in (15) corresponding Update the ULMEP and Update the electricity and —
to the lower-level problem ULMGP by (16) gas inputs of each SEH EOE
(6)-(9) and update UB |

Is BRD
convergence criterion
(17) satisfied?

and gas inputs of each SEH

Output the final ULMEP/ULMGP, and the electricity and gas inputs of each SEH

r |
Step I: initialization of the parameters and

energy input of SEHs
Fig. 3.

Flow chart for solution process of proposed model.

Step I initialization of the parameters and energy input of
SEHs. Input the parameters of the IEGM and SEHs, and ini-
tialize the BRD iteration index and BRD convergence toler-
ance. Furthermore, calculate the initial electricity and gas in-
puts of each SEH by solving (6)-(9) with Algorithm 1.

Step II: robust clearing mechanism of the IEGM. Given
the energy inputs of SEHs, obtain the ULMEP and ULMGP
by solving (1)-(5) with Algorithm 1 and (16), respectively.

Step III: robust bidding of SEHs. Given the updated UL-

Step II' robust clearing mechanism of IEGM

Step III: robust bidding of SEHs

MEP and ULMGP, obtain and update the electricity and gas
inputs of each SEH by solving (6)-(9) with Algorithm 1.
Check the BRD convergence criterion (17). If it is satisfied,
terminate; otherwise, go to Step I1.

V. NUMERICAL EXPERIMENTS

A. Test System and Parameters

The proposed framework and its solving algorithm are
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tested on an integrated electricity and natural gas system cou-
pled with SEHs. The testing system comprises a modified
IEEE 39-bus electric system [34] and a Belgian 20-node gas
system [35]. The electric system includes 46 branches and
10 power plants (4 GPPs and 6 CPPs). The gas system con-
sists of 19 pipelines, 6 gas wells, and 3 gas compressors.
Ten gas loads are also included, of which 4 gas loads are
connected to the GPPs. Four SEHs are linked to electric bus-
es 9, 16, 20, and 29 while connected to the gas system
through gas nodes 3, 10, 16, and 19, respectively. Additional-
ly, the electric and gas loads of the testing system and the
MED profile of SEHs can refer to [18] and [10], respective-
ly. The uncertainty budgets /', and /", are preset at 4 and 1,
respectively, to obtain the solutions to approximately cover
95% of the actual output of wind farms [36]. The uncertain-
ty output interval of wind farms is +10%. Numerical experi-
ments are all conducted using the coding platform of MAT-
LAB R2022 and the optimization models are solved by Gur-
obi 9.0.1.

B. Clearing Results of IEGM Considering Different Levels
of Uncertainties

The uncertainty energy prices, i.e., the ULMEP and UL-
MGP, are presented in Fig. 4. The ULMEP differences
among different electric buses are induced by transmission
network limits. Both the transmission congestion in the base-
case and worst-case scenarios will affect the ULMEP. From
Hour 4 to Hour 6, the electric load is not heavy, which leads
to a nearly consistent ULMEP in the electric power system.
During other periods, the line congestion causes the UL-
MEPs at buses 34 and 36 to be relatively higher than those
at other buses. Much differently, in the gas system, the UL-
MGP of each gas node almost remains unchanged over the
entire dispatching horizon, which reflects the efficacy of con-
sidering the linepack in the gas system. However, the gas
price at gas node 8 is higher, which is the discharge node of
the gas compressor. Since the pipeline capacity limit is bind-
ing at the compressor branch, the gas load at node 8 can on-
ly be supplied by the expensive gas well 2.

The energy demand difference and energy price difference
of SEH 2 are depicted in Fig. 5. To facilitate the comparabil-
ity, we have standardized the units to MMBtu for both elec-
tricity and gas inputs. Similarly, the ULMEP and ULMGP
are both expressed in $/MMBtu. The energy demand differ-
ence is computed by subtracting the electricity demand from
the gas demand in the SEH. Furthermore, the energy price
difference is calculated by the electricity price minus the gas
price. It can be observed that the SEH tends to consume a
greater amount of gas and a reduced quantity of electricity
when there is a significant price difference, e.g., during the
interval from Hour 8 to Hour 12. In contrast, the energy de-
mand gap is narrower during the period from Hour 3 to
Hour 7 when the price gap is comparatively modest. This
signifies that from an economic perspective, the SEH opts to
utilize more electricity when the energy price gap is smaller.
The result illustrates that the energy prices cleared in the
IEGM could effectively guide the SEH to optimize its ener-
gy portfolio. Moreover, the mutual substitution feature of the
SEH in fulfilling its terminal energy requirements is also
demonstrated.
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Fig. 4. Uncertainty energy prices. (a) ULMEP. (b) ULMGP.
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As illustrated in Section IV, the two-level robust clearing
model is resolved by utilizing the BRD algorithm. The com-
putation performance of this algorithm is conspicuously de-
picted in Fig. 6. The algorithm reaches convergence after 9
iterations, achieving this within a total elapsed time of 2556
s. The result thereby underscores its efficacy in addressing
the clearing framework we have put forth.

100 ¢ . . 13000
—e— Maximal residual
—— Computation time
12500
.:é 100 12000 2
§ 1500 g
£ =
g 102 1000 £
= b 5
@]
1500
103 R 0
1 2 3 4 5 6 7 8 9

Iteration

Fig. 6. Computation performance of BRD algorithm.

C. Comparison Between Proposed Model and Centralized
Model

The comparative results of SEH costs under different load
factors are illustrated in Table I. We can observe that the ob-
tained total costs of SEHs with the proposed model (two-lev-
el model) are approaching those with the centralized model
under prescribed load factors. The results demonstrate that
the proposed model will not largely compromise the optimal-

1ty.

TABLE 1
COMPARATIVE RESULTS FOR SEH COSTS UNDER DIFFERENT LOAD
FACTORS
Model Load factor T(ztlaéSCE)s t (li)lzf t(rllglst)ﬂ;) G(alsogz %S)t

0.7 8.402 6.414 1.988

Centralized model 1.0 13.678 11.120 2.558

1.3 19.233 16.038 3.195

0.7 8.419 6.425 1.994

Proposed model 1.0 13.694 11.129 2.565

1.3 19.250 16.047 3.203

In the base case of the load factor equal to 1, the computa-
tion time of the proposed model exhibits a certain degree of
increase compared with what of the centralized model. Spe-
cifically, the proposed model consumes 2556 s to obtain the
solution while the centralized model completes the computa-
tion within 1785 s. The longer computation time is primarily
attributed to the iterative solving progress. Despite the itera-
tions, the proposed model entails a lower-dimensional optimi-
zation model compared with the centralized model. In this
case, the computation time of the proposed model does not
significantly surpass that of the centralized one.

In conclusion, the proposed model can respect decision au-
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tonomy without significantly increasing computation time or
largely compromising optimality. To conclude, the proposed
model exhibits distinct advantages over the centralized one.

D. Impact of Uncertainty Degree on Result of Proposed
Model

The deviations of utility-level uncertainties are varied to
test the impact of uncertainty intervals on the ULMEPs and
ULMGPs. The average ULMEPs and ULMGPs of system
with different uncertainty degrees are depicted in Fig. 7. The
results show that as uncertainty degrees intensify, the UL-
MEPs and ULMGPs both increase. This is because the incre-
mental uncertaint induce the integrated electricity and gas
system to deploy additional electrical reserves from GPPs
and CPPs to manage the uncertainties in the worst case, con-
sequently leading to the increase of ULMEPs. Since the ris-
ing output of GPPs contributes to the elevating gas demand,
the ULMGPs are escalated as well.
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Fig. 7. Average ULMEPs and ULMGPs of system with different uncertain-
ty degrees. (a) ULMEPs. (b) ULMGPs.

E. Comparison with Model only Considering Single-level
Uncertainties

To demonstrate the superiority of the proposed model for
concurrently considering and modeling utility-level and dis-
tribution-level uncertainties, two cases are introduced.

1) Case 1 (C-1): the utility-level and distribution-level un-
certainties are simultaneously handled with RO as in the pro-
posed model.
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2) Case 2 (C-2): only the utility-level uncertainties are
considered, i.e., the deterministic optimization model is uti-
lized for the SEH, which is similar to the model in [18].

The comparative results regarding the costs of SEHs in C-
1 and C-2 are displayed in Table II. Further, 100 random sce-
narios are generated with Monte Carlo simulation to mimic
the actual realizations of utility-level and distribution-level
uncertainties.

TABLE 11
CosTs OF SEHS IN C-1 AND C-2

Case First-stage Second-stage  C, fi,“ Sum of first-stage cost
cost (10°%)  cost (10°$)  (10° $) and C2" (10° $)

C-1 1.0409 3.285 3.108 1.3517

C-2 1.0258 3.317 1.3575

In Table II, the first-stage cost and second-stage cost refer
to costs of the day-ahead operational stage and the real-time
regulating stage in (1), respectively. The averaged real-time
regulation cost (ARRC) under actual realizations of distribu-
tion-level uncertainties CS5" is calculated as:

avg

SR
CS=N'N' p, [CEAELD, .+ CSAGLD, +

Sgaet
e sp=1

CHAHL™

Spoe:t

iC ew ( puan _ PD.,(II)[ N

spet " Lspe (18)
where the subscript s, denotes the re-dispatch variables in
the s§ scenarios of distribution uncertainties with the corre-

sponding probability p ; and S, is the number of the actual

realization scenarios. C,," is calculated with (18) given the
first-stage decisions as the boundary.

With the proposed model, the first-stage cost in C-1 is
larger than that in C-2. The reason is that at the first stage,
through the RO model, the SEH determines the optimal first-
stage decisions with adequate reserves to prepare for the un-
certainties that compromise the cost of the first stage (day-
ahead stage) and the potential regulating cost with actual re-
alizations of uncertainties. On the contrary, the deterministic
model in C-2 merely gives the optimal energy use portfolio
of SEH without considering the possible uncertainties. Along
with this line, the ARRC in C-1 is less than that in C-2
since the SEH has dispatched adequate reserve resources to
reduce the regulating cost with the realization of the uncer-
tainties. The fifth column in Table II presents the sum of the
first-stage cost and C,." (hereinafter referred to as the sum-
ming cost). The lower summing cost in C-1 with respect to
that in C-2 demonstrates the cost-effectiveness when consid-
ering distribution-level uncertainties with the RO model,
which can lower the ARRC at the slight increase of first-
stage cost, especially when the uncertainties are undesirably
forecasted.

FE. Validation of Proposed Model on IEEE 118-bus Electric
System and 40-node Gas System

To validate the applicability of the proposed model on the
larger-scale system, a large-scale system consisting of a 118-
bus electric system and a 40-node gas system [18] is further
introduced. The electric system includes 186 branches, 12
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GPPs, 32 CPPs, and 10 wind farms. The gas system is com-
posed of 35 pipelines, 12 gas suppliers, and 4 gas compres-
sors. In addition, 10 SEHs are connected to the system.

The overall computation time with the BRD and C&CG
algorithms is 6348 s. The total BRD iteration reaches 13. Ap-
parently, the relatively longer computation time is due to the
growing scale of the IEGM, which leads to more time to
solve the upper-level model. In addition, the increment of
the number of lower-level robust bidding problems of SEHs
also increases the overall computation time. Along this line,
the resulting computation time is still acceptable for real-
world day-ahead market implementation [37].

Furthermore, the average electricity and gas prices of the
electric and gas nodes, where SEHs are located, are depicted
in Fig. 8(a). The summing electricity and gas inputs of all
SEHs are displayed in Fig. 8(b). It can be observed that
more electricity is input by SEHs when the electricity clear-
ing prices are lower. As a contrary trend, the SEHs tend to
consume more gas to satisfy their terminal energy use dur-
ing the higher electricity price periods. The results further
demonstrate the SEHs are capable of utilizing the proposed
model to optimize the energy portfolio in a larger IEGM.
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Fig. 8. Electricity and gas prices and inputs. (a) Average electricity and
gas prices. (b) Summing electricity and gas inputs of all SEHs.

VI. CONCLUSION

To realize the accurate modeling of the IEGM clearing,
this paper proposes a bi-level robust clearing framework of
the IEGM to capture the interaction of different levels of un-
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certainties. In this framework, the upper-level model clears
the IEGM, reflecting the influence of the utility-level uncer-
tainties and its coupling with SEHs. The robust bidding mod-
el of the SEH at the lower level features the distribution-lev-
el uncertainties and determines the optimal energy input in
response to the updated market prices. The BRD algorithm
is combined with the C&CG algorithm to solve the robust
clearing framework. Numerical results confirm that the pro-
posed framework can elaborately model the influences of the
intertwined uncertainties on the market clearing. Further-
more, the optimal biddings of SEHs considering the market
clearing process can be also more accurately obtained.

However, in our study, the strategic bidding behaviors of
the participants in the IEGM including SEHs are not consid-
ered. In reality, the market participants could potentially bid
strategically to pursue the maximum economic benefits [38].
Therefore, the robust clearing framework considering the par-
ticipation of SEHs with the corresponding strategic bidding
behaviors is worth exploiting in future research. Moreover,
only energy trades between the IEGM and SEHs are consid-
ered. Since the operating reserve can be also traded in the
market and can be supplied by the SEHs [39], [40], the ro-
bust joint energy-reserve clearing mechanism can also be ex-
ploited in future studies.
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