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Megawatt supercharger stations will act as price-makers due to their large charging capacity. However,
charging station operators (CSOs) have different accuracy in forecasting clearing price. Disordered bidding
caused by asymmetry information will cause unnecessary social welfare loss. For this, a joint bidding mode
that is easy to apply and approaches social welfare maximization is proposed. A third-party operator (TPO)
is introduced as an assistant of the market operator to joint and coordinate CSOs, while retaining the local

checking role of the distribution system operator (DSO). Little private information is exchanged to coordinate
a large number of multi-region CSOs to bid on the premise of considering the interests of all players and
the operation of both transmission and distribution systems. Graphical method is used to prove that the TPO
can adjust the lower bound of bid/offer price of CSOs to approach the social welfare maximum. Taking the
three-month load data of the UK power grid as a case, the deviation is concentrated in the interval [6.2%,
13.5%], with a minimum deviation of only 2.1%.

1. Introduction

Nowadays, the popularity of electric vehicles (EVs) has led to a
strong demand for charging [1]. Supercharger stations with 72 and 56
charging piles have been built in Shanghai, China and Fresno County,
California, USA respectively [2]. And the maximum peak power of
piles are 150 kW and 250 kW respectively. There will be more such
charging stations (CSs) in the future. Based on the flexible charging and
discharging characteristics of electric vehicles, charge station operators
(CSOs) aggregate EVs and act as large prosumers on the user side,
i.e., switching between consumers and producers [3-5]. To further
stimulate market vitality, Order No. 719 of the FERC [6] and the
EU energy efficiency directives [7] allow consumers to participate in
market transactions alone or through load aggregators. In Sept. 2020,
Order No. 2222 of the FERC [8] reduced the minimum market access
capacity to 100 kW. Obviously, the supercharger stations fully meet the
access threshold. Meanwhile, since EVs give CSs great flexibility [9],
large enough charging demand and discharge capacity make CSOs

different from traditional price-takers, and able to participate in the
market as price-makers with certain market rights [10,11]. At this
point, the influx of a large number of CSs into the market is bound
to increase the complexity and risk of market transactions.

As a profit-making price-maker, the CSO with market power hopes
to benefit from influencing the market clearing price [12]. In the
unified clearing wholesale market [13], when bidding independently,
the CSO mainly formulate its bidding strategy through price forecasting
based on price sensitivity [14,15]. However, in the China’s actual
market with imperfect competitive and asymmetric information [16],
the predictable information of CSOs may be limited to other local
players. This results in the inaccurate forecasted clearing price and
blind bidding strategies of CSOs. Even if the price uncertainty is con-
sidered when single player formulates its bidding strategy [17,18], the
improvement effect is limited by risk appetite of players and the social
welfare of the whole market will not be substantially improved. Then,
if the actual market is not coordinated, disordered competition among
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Index of generation blocks.

Index of generator/load in transmission
system.

Index of EVs/CSOs/DSOs.

Index of buses in distribution/transmission
system.

Index of branches in distribution system.
Index of start/end of branches.

Index of iterations.

Index of branches in distribution system.
Set of EVs in charging station v.

Set of charging stations in distribution
system w.

Set of buses/branches in distribution system
w.

Set of DSOs/DSOs at bus .

Set of generation blocks.

Set of generators/transmission system
branches.

Charging/discharging power of EV e in
period 1.

State of charge of EV e in period ¢.
Charging/discharging power of CSO v in
period 1.

State of charge of CSO v in period ¢.
Injection power at bus i in period 7.
Day-ahead clearing price at DSO w in period
.

Bid/offer price of CSO v in period z.

Power produced by block b of unit g in
period 1.

Voltage phase angle at bus j in period 1.
Lagrange multiplier.

DLMP in period ¢ sent by DSO w to CSO v.
Dual variables of equality/inequality con-
straints.

Reference charging/discharging power of
CSO v in period ¢, provided by TPO as
reference values for optimizing bidding
strategies.

Expected charging/discharging power of
CSO v in period ¢, submitted by CSO
to TPO as feedback during the iterative
coordination process.

Marginal congestion price of branch / in
period 1.

Social welfare of market under day-ahead
joint bidding mode.

State of EV e in period 1.
Arrival/departure time of EV e.
Upper bound of p¢,/p¢,.
Upper/lower bound of s,,.

n/n? Charging/discharging efficiency.

nef Discharge compensation coefficient.

At Time interval.

59/s4 State of charge of EV e at arrival/departure.

Fﬁ,/PfJ Upper bound of P¢,/PZ,.

Syi/ Sy Upper/lower bound of §,,.

ASU,,_ Change in S,, due to EV arrival and
departure.
Power transfer distribution factor matrix.

a Iteration step of subgradient method.
Penalty coefficient.

P[.? Base load at bus i in period t.

ngg Price offer of block b of generation unit g.

(& Capacity of block b of generation unit g.

Korio! Kot Upper/lower bound of 27 .

B, Susceptance of line m — n.

F/F,. Transmission capacity of line //m — n.

€ pri/ € dual Primal/dual residuals.

Abbreviations

EV Electric vehicle.

CS/CSO Charge station/charge station operator.

DSO Distribution system operator.

TPO Third-party operator.

MO (Wholesale) market operator.

DLMP Distribution locational marginal pricing.

GNE Generalized Nash equilibrium.

players with market power will reduce market efficiency. For exam-
ple, inadvertently increasing prices [19], congestion [20] and adverse
selection [21] will lead to market failures. For this reason, a market
coordinator for aggregate CSs was introduced to organize joint bidding
in [19,22], and the feasibility was discussed in [23]. Through coordi-
nating the energy schedules of CSOs to avoid excessive rise of price
during peak load periods, the unnecessary loss caused by disorderly
competition under asymmetry information is reduced. However, the
coordinator in [20] aims to maximize the benefits of the CS cluster
without considering the impact of its bid on the interests of other
players and the system operation. It is only the agent of the CSs, not
the real market coordinator aiming at maximizing social welfare. In this
regard, in the electricity market of Hunan, China, the role of market co-
ordinator is played by the non-profit dispatching organization. Certain
market information will be disclosed to CSOs, but they are required
to report their charging load curve [24]. This method is conducive to
transforming the market to a perfect information market to alleviate
disorderly competition. Besides, the user information sharing mode
based on block-chain was proposed to improve social welfare in [25].
Therefore, it is necessary to reasonably set up an auxiliary institution
to organize and coordinate a large number of CSOs to bid.

The fundamental purpose of coordination is to realize the original
intention of establishing the market, that is, to maximize social welfare.
However, it is difficult to maximize social welfare under the compe-
tition among players with market rights. Therefore, how to design a
transaction mechanism that can achieve or approach social welfare
maximization in the actual market needs to be studied. Many scholars
have studied this problem. To analyze the optimal response of players
in an imperfect competition market and determine the optimal bidding
strategies to maximize social welfare, a bi-level model was established
in [26]. The market player formulated its energy schedule with the goal
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of maximizing profit in the upper level, while the market was cleared
with the goal of minimizing operation cost in the lower level. The
Karush-Kuhn-Tucker (KKT) condition was used to convert the bi-level
model into a single-level model. A competitive bidding model under
the unified clearing price mode of renewable energy operators was es-
tablished in [27]. The diagonalization algorithm was used to obtain the
Generalized Nash equilibrium (GNE). A generalized Nash game model
with multiple price-makers was established in [28]. The optimal Nash
equilibrium was obtained by solving the optimality conditions of each
price maker simultaneously. Similarly, multi-agent generalized Nash
game models of P2P energy trading in active distribution networks
and direct trading between micro-grids were established and solved
in [29,30], respectively. When many players reach the GNE through a
long-term game, all players achieve the best utility and have no desire
to deviate [31]. It can be considered that social welfare maximization in
an imperfect competitive market has been realized. Similarly, in [32],
a holistic risk-aware bi-level optimization framework was proposed
for incorporating financial entities into spot electricity markets with
renewable energy, analyzing the impacts of risk preferences (averse,
neutral, seeking) on day-ahead and real-time market clearing through
virtual bidding strategies. This approach highlighted how aggressive
bidding could amplify volatility in renewable-dominant markets while
providing sensitivity analyses for risk and renewable penetration levels.

However, the above work has the following problems, which are
the focus of this paper: (1) Difficult to achieve game equilibrium in
the actual market: the KKT condition and diagonalization algorithm
are used to obtain the game equilibrium. Using these methods means
that the MO needs to obtain the private information of all players and
players are allowed to modify their bids/offers repeatedly. This is not
allowed in the actual market. Meanwhile, players with market power
are more likely to regard any information assets they may have as
potential strategic advantages, which they are unwilling to share [33];
(2) The formation cycle of game equilibrium is long: the GNE is the
result of a long-term game, which can be seen as an evolutionary
game [34]. When new market players join, the equilibrium is bound
to be broken, and the formation of a new equilibrium is also a long-
term process. (3) Lack of analysis of deviation from maximum social
welfare: The existing works only analyze the optimal response of each
player from the game perspective. There is no comparison between
social welfare under the GNE in the imperfect competition market
and maximum social welfare. The causes of deviation are also lack of
analysis.

In short, there is no suitable transaction mechanism in the existing
works that can applied in the actual market to coordinate a large
number of CSOs to bid, so as to achieve or approach the maximum
social welfare. Therefore, in this paper, a third-party operator (TPO)
is introduced as an assistant of MO to joint and coordinate CSOs
to bid. The centralized models that can maximize social welfare are
transformed into a distributed model with energy schedules as the
interactive variables. Through the interaction among the TPO, CSOs
and distribution system operator (DSO) to make the day-ahead clearing
results approach the maximum social welfare. Simulations are utilized
to validate the method. The main contributions are as follows:

(1) A joint bidding mode of CSOs coordinated by the TPO and
local DSOs is designed to reduce social welfare loss and avoid local
congestion. The joint bidding mode expands the coordination mech-
anism proposed in [19] by considering the physical constraints of
transmission and distribution systems, and focuses on the social welfare
improvement rather than cost reduction. On the premise of considering
the interests of all market players and the safe operation of both
transmission and distribution systems, little private information, i.e. the
energy schedules of CSOs, is used to coordinate a large number of
CSOs in multiple regions to bid. Compared to bidding modes based
on generalized Nash games in prior works, the proposed mode can be
readily implemented in practical market settings due to its distributed
framework, which requires minimal information exchange.
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(2) A distributed algorithm based on the subgradient method and
alternating direction method of multipliers (ADMM) is designed to
implement the joint bidding. The algorithm consists of two parallel
parts: (a) the interaction algorithm between CSOs and the local DSO
based on Lagrangian duality decomposition (LDD). (b) the interaction
algorithm between CSOs and the TPO based on the decomposition
mechanism of ADMM. Both parts are decomposed by the centralized
models aiming at maximizing social welfare, which is the basis for
approaching the maximum social welfare. The distributed algorithm
retains the market power of CSOs and has good convergence.

(3) The effectiveness of the joint bidding mode is proved. Through
the graphical method, it is proved that the TPO can adjust the lower
bound of CSOs’ bid/offer price to make the joint bidding results ap-
proach the social welfare maximum, that is, the social welfare loss
can be controlled in a small range. In the simulation, the deviation is
concentrated in the interval [6.2%, 13.5%], with a minimum deviation
of only 2.1%. The most important reason for approaching the maximum
social welfare is that the joint bidding mode helps local CSOs reach
a price consensus on the bid/offer. The price consensus avoids the
clearing results severely deviating from the expectations because of the
blind bidding of CSOs. Meanwhile, the Kaldor-Hicks improvement of
CSO cluster benefit is realized.

The rest of this paper is organized as follows. The framework the
day-ahead joint bidding mode is clarified in Section 2. The generalized
energy storage model of the CSO is established in Section 3. The
model, algorithm and related proof of the joint bidding mode are
given in Section 4. Illustrative examples are provided in Section 5. A
detailed discussion is presented in Section 6. Finally, conclusions are
summarized in Section 7.

2. Framework of day-ahead joint bidding mode

As CSOs grasp market information in a short time with difficulty,
deviation is inevitable when they forecast the market clearing price.
When the deviation is large, it is difficult for CSOs to report appropriate
bid/offer prices in the wholesale market to obtain ideal clearing results.
The unsatisfactory clearing result will severely deviate from the expec-
tations of CSOs and cause loss. In addition, if many CSOs only consider
their own benefits when formulating bidding strategies, they are likely
to charge or discharge centrally at some time since they accept the same
forecasted clearing price. This situation is bound to cause a positive
or reverse load spike, as well as an increased probability of network
congestion and unnecessary congestion costs. Therefore, a new joint
bidding mode is designed in this paper, as shown in Fig. 1.

The joint bidding mode mitigates the adverse effects of inaccurate
market clearing price forecasts by CSOs, which can lead to disordered
bidding and social welfare losses. As shown in Fig. 1, the TPO coordi-
nates CSOs in the day-ahead bidding process under the supervision of
the MO, similar to coordinators in [19,22,23]. It may be operated by
a nonprofit governmental entity or an independent service platform.
The TPO accesses precise market data, such as generator offer prices
and transmission system parameters, which are not disclosed to CSOs
to ensure market fairness. Unlike prior coordinators, this TPO integrates
transmission system physical constraints and prioritizes market-wide
social welfare in its coordination strategy. Additionally, it employs
a distributed interaction framework in Section 4.3, utilizing iterative
information exchange of energy schedules rather than centralized data
aggregation, enabling scalable coordination across multi-region CSOs.

During joint bidding, the TPO iteratively shares optimized reference
energy schedules, including charging and discharging powers PTFo¢
and P[P0, derived from solving the wholesale market subproblem 'SP2
in Section 4.2, with CSOs as reference values. These reference schedules
integrate transmission system constraints and generator offer data to
minimize overall CSO operating costs while adhering to market clearing
conditions. In response, each CSO incorporates these references into its
optimization objective (via penalty terms and Lagrange multipliers in
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Information flow:

e TPO—(Region)—CS: Reference energy schedules
o CS—(Region)—TPO: Expected energy schedules

¢ DSO—CS: DLMP

¢ CS—DSO: Expected energy schedules

¢ CS—MO: Final energy schedules and bid/offer price
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Fig. 1. The framework of the day-ahead joint bidding mode (A: Transmission system; B: Local distribution system).

distribution system subproblem SP1 in Section 4.2), adjusting its own
schedules PS¢ and PS¢ based on local distribution constraints from
DSOs. The updated schedules are then fed back to the TPO, enabling
both parties to iteratively converge toward mutual agreement. This
process, driven by the ADMM-based algorithm in Section 4.3, contin-
ues until the convergence criteria are satisfied, achieving consensus
on bid/offer prices Kff‘w and schedules that approximates social wel-
fare maximization while exchanging only minimal private information
(e.g., energy schedules). Once consensus is reached, CSOs finalize their
bidding strategies based on the agreed-upon schedules and prices, sub-
mitting a single round of bids/offers in the day-ahead market. The DSO
ensures safe and stable operation of the local distribution system by
validating CSO schedules against congestion constraints and calculating
the distribution locational congestion price (DLMP) through iterative
interaction with CSOs. This validation ensures local grid reliability
while supporting the TPO’s coordination. As CSOs’ strategies remain
fixed post-consensus, the single-round bidding process enhances market
efficiency by reducing iterative adjustments during market clearing.

3. Generalized energy storage model of CSO

The CSO can obtain the probability distribution of the EV arrival
time, departure time, initial capacity and expected capacity according
to the historical EV charging data, and then predict the charging
demand of the next day [35]. In the joint bidding mode, to facilitate
the TPO to provide more accurate optimized reference schedules for
CSOs, CSOs need to provide the range of charging demand and dis-
charge capacity in each period of the next day. The CSO is modeled
as a generalized energy storage device with charging and discharging

capabilities. It can completely describe the characteristics of the CSO
with little private data to reduce modeling complexity. The detailed
modeling process is as follows. The individual model of an EV is as
follows:

X, =0Vt ¢ [19T].,X,, =1Vt e T T¢] €h)

0<pS, <pcX,,YVeeN vieT (2)
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Se Xy S ey <5.X. . VeeNE vreT (6)

It is proven in Appendix A that when #¢ and #¢ are not 100%, the EV
will not charge and discharge at the same time, so (4) can be ignored.
Considering the arrival, departure and access period characteristics of
EVs, (5) can be rewritten as follows:
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In the model, the definition domain of all EVs is the whole period
T, so Minkowski addition [36] can be used to address (2)-(3), (6) and
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(7). The envelope space is obtained as follows:
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Therefore, the generalized energy storage model of the CSO is
shown in (12). The model not only reflects the charging demand and
discharge capacity of the CSO in each period but also protects the
charging demand privacy of EV owners. CSOs can obtain the model pa-

rameters {P_C P S0 Sy ASM} according to the method in (8)-(11)
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4. Models and algorithms for joint bidding
4.1. Interaction model of DSO and CSOs

In this section, the LDD [37] is used to decompose the global
optimal dispatch problem of DSO into the form of an iterative solution
between the DSO problem and multiple CSO problems. The global
optimal dispatch model of DSO for solving DLMP is established, which
has been widely used [20]. In order to guide CSOs to use electricity
orderly, the DSO should forecast the market clearing price A°A and
formulate DLMP with the goal of minimizing CSOs operatin;g cost.
Eq. (13) is the objective function of DSO w. The first and second items
are the purchase cost and the sale profit of CSOs, respectively.
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Notably, different from (3), since the penalty term will be intro-
duced into the objective function later, (18) cannot be ignored. The
bilinear constraints are introduced in (18), which makes the problem
difficult to solve. Therefore, the big-M method is used to rewrite it in
the form of (21). Since DC optimal power flow can provide sufficient
accuracy and good convergence when calculating the optimal dispatch
problem based on distribution locational price [38], the branch power
flow constraint (20) is based on DC power flow.

0<P, <(l=0,0)M
Z e P 20w € 10,1} (21
{ 0 S sz{t,w S Gu,t.wM v,t,w

In the above global optimization model, the DSO has unlimited
dispatching rights. Obviously, the CSOs are unwilling to accept this.
CSOs want to have the right to make their own energy schedules.
Therefore, LDD can be used to decompose the above model so that
distributed optimal dispatching can be realized through an iterative
solution. However, in the global optimization model, (20) couples the
CSOs, which prevents the decomposition of the problem. To solve this
problem, the Lagrange auxiliary function is constructed as follows:
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It can be seen that (22) is decoupled. Then, its dual function will be
decoupled. The dual problem of (13)—(20) is as follows:
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After decomposition, the CSO problem is obtained in (24).
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where, w (v) is the bus where the CSO v is located.

The dual problem (23) is a nested optimization problem. The outer
layer finds the maximum value with respect to the variables ”7,—1 and
HE and the inner layer finds the minimum value with respect to the
variables Pf’,’w and Pv‘{t’w for each CSO. The subgradient method [39]
can be used to solve the outer optimization problem. Since the dual
function g(-) in (23) is a concave function, the subgradient method is
used to solve the convex function —g(-). The subgradients S, of —g(-)
are:

+ R
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~ ieQw (25)
0, =
Sl‘,‘t = _W? = Flw - 2 / DI,iPi,I,w
' ieQw

Then, multipliers 4/, and ;, are updated iteratively as

k1 k (k _
ulet? = max {04} - st e {ut i) 26)

Since the objective function of (23) is differentiable, the conver-
gence of the subgradient method can be guaranteed by choosing an
appropriate « for iteration. In (26), ;4:, and uy, are the marginal price
of network cost caused by congestion when the power flow of branch
I exceeds its limit. When the energy schedules reported by the CSOs
cannot meet (20), the return values of ler and uy, are positive numbers.
Otherwise, the return values are zero. The convergence criterion is
shown in (27). When the iteration increment is zero, (20) is satisfied.

Aty = |y 0 =y P < e (it ou @7
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4.2. Interaction model between CSOs and TPO

In the independent bidding mode, the clearing price Aflﬁ in (24) is
forecasted by the CSOs themselves. However, each CSO has a different
mastery of market information. It is conceivable that their forecasting
of the market clearing price must be biased. Furthermore, the bidding
strategies formulated by the fragmented CSOs will cause unnecessary
market loss, which leads to inefficient market operation. In this regard,
the solution of this paper is as follows: CSOs are affected by the
wholesale market and DSOs when they formulate bidding strategies.
SP1: min f€S0= 2 @

PpCSc _pCsd nw

vt 0w teT
DLMP CSc CSd
@ = AUZM (Pvtw - Pu,f,w)
c,(k) [ pTPOC,(k) CSe P || pT POc,(k) csell?
+ ”U,t,w (Pv,t,w Pl, 1 w) + 5 Pv,t,w P U,1,W || 2
d,(k) T POd,(k) CSd 14 T POd (k) CSd 2
+ Torw (Pu,r,w Pv tw ) + 2 Pu,t,w Pu 1w HZ (28a)
DLMP _ _pT T .
St Al:,t,w =-D; ut +D Wi =) (28b)
14 -a7n, 2
SP2 : mmePO Z 2 2 r
u: w teT weW veVw
DA ( pTPO TPOd
r_}‘rw (Pv,f.wc PLIM )
(k) ( pTPOC CSe,(k+1) P || prPOc _ pCSetk+D)
+”;,i.w (Puw _Pu.r,qu >+_ “Pmu - uruf ||
d.(k) ( pTPOd CSd.(k+1) P || prrod _ pCsd.tn
+ ”L’,Y,M’ (PUJ,W - PU,I,IM ) + z | PL)ZM LYI,U ” (29a)
TPO, yref pTPOd g4
St Syp0 = Spsctw T ASy e + 1P, TCAL = + (29b)
A <Sb,wsS,,u,VteT,VueV"’,VweW (29¢)
Kot S KA <Ky VI €T, V0 €V, Yw €W (29d)
TPOc pTPOd
Where{P o ,P“LL
DI
Tt b
arg min 1€T g€TG beN,,, e (29¢)
T PO T POd
oo nro e | =Y Y D kBA, (BIROC - pIPOY)
1€T weW veVw
G D T PO,
Z Pb.l,g_ 2 Pr.d - Z Z Pbtu,c
2:(2./)ETG beN,, d:(d,j)eTD weWi vev (29f)
+ Z Z l-rri?d + Z an (et,m - et.n) =0: AZA
weWJ veV® n:(mmeETL
0 PLI S PISDC s wi ot (29g)
TPOd pTPOd . ,d-
0<P <Putw '”uzu’”uw (29h)
F- F :
- an =< B (9 9 ) = mn .u,,m,,v /4,',:,, (291)
. G- G+ :
0< Pbrg < Gb'g S My Hprg (291)
)
-7<0,;,0,;<r: Mu,ﬂr';— (29k)
0, =0.j=ref : 2 (29D)

where, 0, ., is the phase angle of the slack bus in period 7.

Based on the decomposition concept of ADMM [40], the bidding
problem of CSOs can be divided into two subproblems, i.e., distribution
system subproblem SP1 and wholesale market subproblem SP2. SP1
and SP2 are coupled by the CSOs’ bidding strategies. The part in
(24) related to the bidding cost/benefit of the wholesale market is
stripped and then in charge of an independent TPO that can grasp the
market information. In the process of interaction, the TPO provides the
CSOs with reference schedules on bidding strategy formulation, and the
CSOs give feedback after formulating new bidding strategies until both
parties reach an agreement. Based on the decomposition mechanism,
(24) is divided into SP1 and SP2 as follows. PUCISMC / PUCtSIf, in SP1 and
PTPOC/PTPOd

d
ot /Py’ in SP2 refer to the energy schedule Py, /P;, .
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The update rules and convergence criteria are:

”lc;fl;-t-l) 51(12 +p (PTP0c J(k+1) PyC)i‘é,(kH))
o . (30)
d (k1) _ d(k) T POd,(k+1) CSd,(k+1)
v,tWw - Ltu. + (Pv,t,w - Pv,t,w )
PTPOc,(k+1) CSc (k+l)
vtw b 1w < Epri
CSc,(k+1) CSec,(k)
Pv,t,w - Pu,t,w ”2 < Edual (31)
2
T POd,(k+1) CSd,(k+1)
Pv,t,w - Pu,t,w ”2 S 8pri
2
CSd,(k+1) CSd,(k)
Pv,t,w - Pu,t,w “2 < Edual

The bilevel model (29) is rewritten through the KKT condition and
duality theory [41] in the following form that can be solved directly.
Only equality constraints are written here. The remaining inequality
constraints are given in Appendix C.

D
IR

DIDIEDNEAAEDIDIE .
d:(d.j)ETD

1€T g€TG bEN;,, teT weW

min +2 2 Z ”thng,g““Z Z (”ﬁ“‘”ﬁﬁ)”

32a
apa 1€T g€TG beN 1€T w:(w.j)eW ¢ )
+% 2 (Watuls) P
teT (m,n)eTL
oL _ ¢ + _ DA _
s.t. 3pe e O )”t,g =0 (32b)
bt.g
oL DA DA +
9 pTPOc = _Kv,t,w ;tr. tw ~ Hotw + 'uzc),z,w =0 (320)
vtw
oL DA DA
aPTPOd - Ku,t,w ~Motw T ”vtw + ”vtw =0 (32d)
vt,w
DA _ F—
60, - Z B’"" + z Bm"}”I n z B’”"”I,mn
new,, new,, new,, (326)
F 60— 0
+ 2 an."{;,,:,, - 'ut,m + /41;, - Ar,ref =0
new,,

4.3. Subgradient and ADMM based distributed algorithm

The detailed algorithm is shown in Algorithm 1, with its flowchart
shown in Fig. 2. When (27) and (31) are satisfied, the CSOs, TPO and
DSO agree on the amount of electricity purchased/sold for each period
in the CSOs’ bidding strategies. After the day-ahead market opens, the
CSOs will participate in the market bidding according to the bid/offer
price Kf I’LEK) and the amount of electricity purchased/sold PUCIS,:} &,

Pﬁfj’(’() agreed upon by the three parties. Then, execute only one

round of bid/offer.
4.4. Proof of approximation to social welfare maximization

The social welfare maximization model, i.e., the centralized dis-
patching model, is shown in (33). The objective is to minimize the
total cost of generators. The power system control center has unlimited
dispatching power of generators and CSOs. Model (33) is an ideal
model, which is difficult to implement in actual scenarios because of
the lack of privacy protection, limited computing power and difficult

data acquisition.
minf, =% 3 X P,
1€T g€TG beNy,,, (33)
s.t. (19),(20),(29b),(29c¢),(29f) - (291)

Obviously, the constraints in (33) appear in the distribution system
subproblem and the wholesale market sub-problem. Moreover, (19) and
(20) are satisfied when convergence is reached by multiple iterations
between the CSOs and the DSOs, that is, when A”Z—t and Ay,} tend to be
zero. Assume that the optimal solutions of the centralized dispatching
model and the joint bidding model are A% = and A*, respectively. Then,
A* satisfies all the constraints of (33), and there exists

I (Ap) S f5 (A7) { AL, A"} € A* (34
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Set parameters k=0, &, &yyi, Equals P

Set the maximum iteration number N
Set initial price, initial shared variables,
initial Lagrange multipliers.

A

o A
While A< Ny

y A 4

CSO: Solve Eq. (14)-(18), (24) CSO: Solve Eq. (28) to update
to obtain the initial expected the expected energy schedules
energy schedules for CSOs. for CSOs.

DSO: Update the marginal TPO: Solve Eq. (32) to obtain
congestion price u+, u- the optimized reference
according to Eq. (25)-(26). energy schedules for CSOs.

[ ]

TPO and CSOs: Update the Lagrange
multipliers according to Eq. (30).
DSO: Update locational marginal price
according to Eq. (24).

Update k=k+1.

»( Output )

Fig. 2. Flowchart of the Subgradient and ADMM based distributed algorithm.

PA PA PA Sy
S,
Pl S S:  wmpp| |- - J
P2 e P2 = B--' {: lower
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2 |63 et |65 | o 1]G2 |esticsafas | o -
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(a)
PA PA PA Sy
p1 LD S, - 75144 - p| - D,
— o D2 — , "
P B C lower ]
17 bound
51| G2 |63 | Ge | Gs . 5162 |63 61 |as £ ‘
- » L
Q Q Qo Q

(b)

Fig. 3. Social welfare loss schematic.

where A* is the set of feasible solutions for (33). The optimal solution
A* is the feasible solution of (33), but it is not necessarily the optimal
solution. This means that the bidding strategy (including the bid/offer
price and the allocation of electricity purchased/sold in each period) of
the CSOs obtained from the joint bidding model will inevitably result in
market deadweight loss, i.e., social welfare loss. This loss is the result
of optimized allocation by the TPO with the objective of minimizing
the CSO cluster operating cost. For the convenience of later analysis,
the calculation formula of social welfare y is given in (35). In the
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Algorithm 1 Subgradient and ADMM based distributed algorithm

1: Initialization:
Set parameters k =0, €, £,,, E4yq15 P-
Set the maximum iteration number N,,,

Set price of initial values /1LD IL,iW PO

d ADA (0)

TPOc (0) TPOd (0)

and P,,
5(0) and = d(O)

v,t,w Tyt

Set shared variables of initial values P,,
Set Lagrange multiplier initial values «

2: while k < N,,,,. do

3: for CSO v, v e V¥ w e W do

4 Get ﬂi)flﬁdP(k) AXD:. (k) PTPOc (k) PTPOd W e,

5: if k =0 then

6: Solve (14)-(18) and (24).

7: else

8 Solve (28).

9: end if

10: Obtain expected energy schedules PCSC (et ) PUC,S; K

11: end for
12: for DSO w, w € W do

13: Get Pcsc (k+1) pCSd. (k+1) eV weW.
* D1, W u,t,w
14: Update ;4+ (kH), Hy, — (k1) accordlng to (25)-(26).
15.  end for
16: TPO:

Get PCS‘c(k+l) PCSd *k+D eV e W.
17:  Solve (32) to obtam optimized reference energy schedules
pTPOc+)  pTPOLGHD) 'y 1 e W, 1 € T.

vt w u,t,w
18:  if (27) && (31) then
19: k = K, break.
20: else
21: for TPO, CSO v, v € V¥, w € W do
22: Update ni’f’;’”, ;1,{(/::1)’ t € T according to (30).
23: end for v v
24: for DSO w, w € W do
25: Calculate locational congestion price /IDLMP ED e
according to (24).
26: end for
27:  end if

28: end while
29: Output: Final energy schedules P ;

Kf,AM(K), veV¥weW,teT.

CSC (K) PCSd,(K)

v,tw

, and bid price

centralized dispatching mode, the willingness to pay and the actual
payment of CSOs are the locational marginal prices. In the joint bidding
mode, CSOs will bid as close as possible to the actual clearing price.
The consumer surpluses in the two modes can be considered to be
zero. Social welfare is equivalent to generator surplus. Therefore, (35)
is reasonable.

v = 2 Z Z /{DAPUTYPde

teT weW veVvVw

i DA VR

1€T | g:(2./))ETG bEN 1,

(35)

X X TP

8€TG beN,,,,

During the peak load period, CSOs with discharge capacity hope
to sell as much electricity as possible. In this period, the TPO will in-
evitably guide the CSOs to offer a price less than or equal to the clearing
price of the social welfare maximization model. As shown in Fig. 3(a),
this result will change the original ranking of the generators, which will
reduce the slope of the supply curve. When the demand of the same
load is satisfied, the market clearing price will decrease. Although the
total generator cost is reduced, the generator surplus is reduced. Then,
the shadow area S p p, is the loss of social welfare. However, the TPO
can set the necessary lower bound «,,,, to limit S,,p;p, Within the
predictable and acceptable range to avoid overdepressing the market
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clearing price. As the number of generators in the market increases,
the decrease in the change in the supply curve slope can also reduce
S4ap1po- Notably, the CSOs will sell more electricity during peak load
periods in joint bidding mode. Then, to meet the charging demand
of EVs, more electricity needs to be purchased in other periods. This
situation leads to an increase in the total generator cost in the nonpeak
load period, and the increase is greater than the decrease in the peak
load period. This is one of the reasons for (34).

As the number of generators in the electricity market grows, their
closely spaced offer prices flatten the supply curve. This weakens the
ability of CSOs to profit from strategic discharging in peak load periods.
Low discharge bids have less impact on the market clearing price,
reducing the associated social welfare loss. In response, CSOs shift
to non-peak periods, leveraging market power by submitting lower
charging bid prices. These lower bids, as shown in Fig. 3(b), shift the
demand curve downward from D, to D,, lowering the market clearing
price and allowing CSOs to benefit from reduced electricity purchase
costs. However, the lower price and reduced generation output sig-
nificantly cut generator revenues. The resulting social welfare loss,
represented by the parallelogram area S,pp;ps, reflects this decline in
generator surplus. To limit this welfare loss and prevent excessive price
suppression, the TPO can adjust the minimum bid price «,, ,, for CSOs.
This ensures the market clearing price supports market stability.

To mathematically derive the market power of CSOs, specifically
how their bids influence the clearing price and social welfare, the joint
bidding model and the centralized dispatching model are respectively
approximated in the following simplified forms. Consider a single bus
and a single time period.

ne, X, A(py—dy)

vevV
k<K, <K
v <p—d, <9,
{/1’ pwdv} € arg {minGg,pv,dU Z ”gGg — Ky (pv - dv) (36)
y geG
S.1.
> G- (p,—d))=D: 4
geG veV

S.t. G SG SG_

Py <pv<pud <d, <d,

mingG, p,.d, Z 7, Gy
geG

Y G- (p,-d,)=D: 4
geG veVv 37)
G, <G, <G,
S.1.4 g
pu <py<ppdy,<d, <d,

fZEL Spy— ‘10 < Ii;

where 7, and G, are the offer prices and outputs of generator g, Vg € G,
and «,, p,, d, are the bid prices, charging powers, and discharging pow-
ers of CSO v, Vv € V. Net demand is defined as ¢, := p, — d,. Physical
constraints yield feasible net-demand intervals ¢, € [gie‘“,ﬁzeas], with
—feas

q”“s = max{q d,}and g, :=min{g,,p,—d,}. The social welfare,

as defined in (35), is expressed as:

w=Y (A=71)G + Y id,. (38)
geG vev

In the joint bidding model (36), the lower-level problem depends
on {p, —d,} solely through ¢,. By eliminating (p,,d,), the lower-level
problem reduces to a parametric linear program in (G, ¢):

ming,, C(Q) = Y k.4,

vev
=) G, =D+Yq (39)
S.t. g€eG veV

—feas

G <G <G qea§<q <q,
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where, C(Q) = min { ¥, 74Gy | Tyeq Gy = Q. G, <G, <G | is the
piecewise-linear convex generatlon cost functlon. The KKT conditions,
with the power-balance multiplier 4, yield the one-price law:

gles if 4> x,.
1€aC(Q), q,=4e [qlffaS,qu“] if A=x,, (40)
gl if 1< x,.

Building on the one-price law derived from the lower-level KKT
system, the mapping from coordinated bids to the clearing price and to
welfare is stated in a stepwise framework. Generators are aggregated
into price steps {7z, } ;‘i . with step capacities Cy = E<g> G(L) Define
cumulative capacities S, := ZI;:l C(,) and the base output G, :=
Ve G, The supply ladder is the right-continuous nondecreasing func-
tion Q(4) = Gy + Sy for A € [xy), 74 1)) Let the current clearing point
satisfy Q = D+, q, and define L := Q-G ;, € (S,,_;, S,,], which fixes
the current step index m := min{k : S, > L} and the current locational
marginal price 1 = x,,. The downward distance to the lower step is
8y = L—S8,_, €(0,C,l, which is the net-load reduction required for
feasibility at the (m — 1)-th step under a fixed supply ladder.

Consider any subset S C V that rebids from «, to «, all other
bids unchanged. A reduction of the target price from z,, to i
induces a passive increase of net demand among non-S operators whose
bids lie in the interval (z,_1), 7(y))- Define AF_g := ¥ o (4, (Fpn_1)) =
4,(7(yy)) > 0. At the target price r,,_;), the realizable net-load reduction
that subset S can mobilize is AF;"® := ¥, ¢ (,(T(_1))— 4'**),, subject
to k) < 7,1 so that the members of S remain on the low-net-demand

v =

side imposed by the one-price law.

Proposition 1. Let 4 = 7, There exist bids {k]},cs With K/, < 7(,,_,
such that the post-rebid clearing price satisfies A’ < r,_,, if and only if
AFJ™® > 5, + AF_g.

Proof. By the infimum characterization of the price, define A[F] :=
inf{A : Q1) > F(A)}, thus A = A[F"™] < Zm-1) is equivalent to
F'(# 1)) < Q1)) = Grin + Spp1- At 7y, all v € S with «] <
Ty are dispatched at g, = QL”S, hence F™V(z,_,)) = FO(z, ;) -
AF"®. Decompose the baseline gap: FO(z,_;))—Q(#(,_1)) = (FO(r,)—
O 1)) + (FO(zp_1y) — FO(x)), where the first term equals ,, and
the second equals AF_g+AFg with AFS := Y ¢ (4,(Tne1)) — 4o (7)) =

0. Since AFJ"® > AF), the 1nequa11ty F' () < Om,_p) is
equivalent to AFJ"® > 6 + AF_g. Necessity and sufficiency follow. []

A bid-adjusted one-step leverage index consistent with the threshold
is

targ
=1, -min < 1 —AFS 41)
S {Kkyp<m(u_1y YVES} > am + AF,S .

where, The index E(SI) € [0, 1] quantifies the ratio between the subset’s
realizable adjustable net-load and the net-load threshold required to
move the price down by one step. It equals one precisely when the
subset can reduce the price to at most 7,,_;,. Multi-step reductions to
T K) are obtained by summing per-step requirements. The condition
is k! < 7,k forall v € S and AFS"™® > Zle(ﬁm,jﬂ +AF£’§7"+H"’71‘)),

( j+1—m—j)
AF:;J "= Zues(qu(”(mfj)) qu(”(m7j+1)))'

Proposition 2. Let (Q’, /',p',d’,¢") and (QC, A€, p€, d®, ) be feasible
solutions of the joint bidding model and of the centralized dispatching model
under identical physical limits. Define Qp,, :=min{¥, G,. D+ %, 7).
Let 1 denote a known price cap. Then |y’ —yC| < 0,4 = A€ +
2Y(@y— ev)+(ﬁff“s - gieas)), and, in the special case where 3, d> = ¥, dS,
lw! —wCl < Qpaxld — A€

Proof. Social welfare satisfies y = 10 — C(Q) + 1),d, = C*(A) +
Ay, d,, where C* is the Fenchel conjugate of C and 4 € dC(Q) implies

v
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[C*(A) = C*UO) + N Y, & — A€ 3, dS). Since 9C*(4) C [0, O], the
function C* is Q,,,,-Lipschitz, hence |C*(4’) — C*(AC)| < Qpax |4 — AC].

Write d, = p, — q,. Then [P Y, d° - i€ Y, dS| < 13,18 -S|+
iy, Iql{ - qbc,l. Each absolute difference is bounded by the correspond-
ing feasible interval, that is |p’ — p$| < p, - p, and lg! — 4] < af)Cas _
qieas. Summation over v gives the residual term and yields the general
bound. If Y, d> = ¥,dS, the second term is zero and the price-gap
specialization follows. []

C*(A) = A0 — C(Q). For any two feasible solutions, |y’ —yC| <

The term |4’ — AC| can be controlled by the bid vector «’ as fol-
lows. Let AC := {v < € (gieas,ﬁlff“)} be the set of CSOs
that are interior in the centralized solution. Assume the active-set
pattern remains stable when comparing to the joint-bidding outcome,
so that every v € AC is also interior in the joint-bidding solu-
tion. By the one-price condition, for any v € AC, ' = «!. Hence,
|4 = A%| < max,e 4c |x] — A€|. Substitution into the above bound yields
' —wC| < O\nax MAX e 4C |Ki - + 2 >, (@, - ev) + (51;625 _ gieas».

Remark: Propositions 1 and 2 provide the mathematical description
of Fig. 3. Proposition 1 demonstrates that, when CSOs possess sufficient
regulation capacity, they can influence the market clearing price by
adjusting their bid/offer prices. This highlights the market power of
CSOs as price-makers, allowing them to strategically shift the equilib-
rium price through coordinated bidding under the TPO’s guidance. In
essence, if the aggregate adjustable net demand from a subset of CSOs
meets or exceeds the required threshold for price reduction (consider-
ing passive adjustments from other operators), the clearing price can
be lowered by one or more steps, as quantified by the leverage index
£g). This intuitive insight underscores how CSOs with large flexible
capacities, such as those aggregated from EVs, can act as pivotal players
in imperfect markets, potentially mitigating disordered competition.
Proposition 2 establishes that the upper bound on social welfare loss
is directly tied to the CSOs’ bid/offer prices. Specifically, the loss is
minimized and potentially approaches zero when all CSOs’ bids align
with the clearing price from the centralized dispatching model, which
represents the theoretical social optimum. This bound is derived from
the Lipschitz continuity of the generation cost function and the feasible
intervals of charging/discharging powers, providing a practical metric
for evaluating bidding deviations. Intuitively, any mismatch between
joint bidding outcomes and centralized solutions leads to inefficiencies,
such as suboptimal resource allocation or unnecessary congestion costs.
By coordinating CSOs’ bid/offer prices, such as adjusting their price
boundaries, the proposed mode effectively controls this loss within
a small range. Proposition 1 empowers CSOs with strategic leverage,
while Proposition 2 bounds the downside risks, ensuring the joint
bidding mode is both feasible and welfare-enhancing in real-world
applications.

5. Case study

This paper initially conducts simulations in the IEEE-9 bus transmis-
sion system and the IEEE-33 bus distribution system, which represent
a small-scale transmission and distribution system, with data and net-
work topology detailed in Appendix B. Four CSOs, exhibiting varied
energy usage behaviors, are located at buses 12, 19, 23, and 29 within
the distribution system, while ten identical distribution systems are
connected at buses 5, 7, and 9 in the transmission system. Thereafter,
to evaluate the effectiveness and scalability of the proposed algorithm
in large-scale transmission and distribution systems, simulations are
performed in the IEEE-118 bus transmission system and the IEEE-33
bus distribution system, as illustrated in Fig. 12. By modifying the
basic load data of the transmission system, the proportion of charging
capacity to the total electricity load during the peak charging period
is more than 20%, which reflects the large scale and market share of
the CSOs. The whole cycle consists of 96 time periods, starting at 8
a.m. and ending at 8 a.m. the next day. The bid/offer price range is
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[10,130] $/MW. The models are coded in MATLAB environment with
YALMIP interface and solved by GUROBI 12.0 toolbox in Windows
10 operating system under the hardware environment that Intel(R)
Core(TM) i7-4710HQ CPU@2.50 GHz, 8 GB RAM.

5.1. Comparison with independent bidding mode

In this section, the competitive independent bidding mode where
each CSO goes on its own is compared. The competitive bidding bilevel
optimization model under the unified clearing price mode in Appendix
C is used to analyze the independent bidding strategies of CSOs and
their impact on the market clearing price. Because of the many CSOs
participating in wholesale market bidding, CSOs forecast the bid/offer
price and energy schedule of each CSO with difficulty when formulating
bidding strategies. Therefore, in the simulation, CSOs only forecast the
data of competitors in the local distribution system, and other CSOs are
considered in the basic load. The local verification function of DSOs re-
mains, and the wholesale market clearing model is shown in Appendix
C. Taking CSO3 in any distribution system as an example, the results
of the independent bidding mode and joint bidding mode are shown
in Figs. 4(a)-4(b) and Figs. 4(c)-4(d), respectively. DAc/DAd/Rc/Rd
represent the amount of electricity purchased/sold in the day-ahead
bidding strategies and actual clearing results. DAP/CP represents the
bid/offer price of the CSO and actual clearing price.

Comparing the results of the two modes shows that the CSOs cannot
forecast the market clearing price accurately under the independent
bidding mode, which leads to the bid/offer price being higher or lower
than the market clearing price in some periods. According to (32c)
and (32d), when the bid/offer price is higher/lower than the market
clearing price, the MO will clear according to the maximum amount of
electricity purchased/sold reported by a CSO. Only when a CSO fore-
casts the market clearing price accurately can the deviation between the
actual clearing results and the day-ahead bidding strategies be small.
However, the degree of deviation will still be affected by the bid/offer
prices from other CSOs. After the intervention of the TPO, which can
more accurately grasp the market information, the CSOs can optimize
their bidding strategies according to the reference energy schedules
from the TPO and reach a consensus on the bid/offer price, as shown
in Fig. 5. In period [1,20], since CSO1 and CSO4 do not purchase or
sell electricity and the maximum amount of electricity purchased/sold
reported by them in this period is zero, they only bid/offer at the lowest
price. CSO2 and CSO3 need to purchase electricity, so they reach a
consensus on the bid price and report it at the price given by the
TPO. It can be seen that the guiding role of the TPO has realized price
consensus among local CSOs. Furthermore, the accurate estimation of
the market clearing price makes the actual clearing results basically
consistent with the expectation of CSOs, which avoids the social welfare
loss caused by disorderly competition.

5.2. Comparison with centralized dispatching mode

In this section, (33) is used to calculate the electricity purchased/sold
amount of CSOs and clearing price under centralized dispatching mode.
The results are compared with those of the joint bidding mode. Take
four CSOs in any distribution system as an example, as shown in Figs.
6 and 7. TPOc/TPOd and SMc/SMd represent the amount of electricity
purchased/sold under the joint bidding mode and centralized dispatch-
ing mode, respectively. TPO-CP/SM-CP represents the market clearing
price under the joint bidding mode and centralized scheduling mode.
In Fig. 6, the results of the two modes are consistent in most periods.
However, since the centralized dispatching model only considers the
optimal total amount of electricity purchased/sold in each period,
there are multiple solutions to the electricity purchase/sale allocation
of CSOs. Therefore, the results of the same CSO deviate during a
few periods under the two modes in Fig. 6, but the total amount of
electricity purchased/sold in each period is basically the same under



G. Li et al.

Energy (MW)

£ 20 40 60 80 100
(b)

=2 , , : :

= S : ——= DAc —= DAd — Rc ——= Rd

2 il b

%ﬁa o [l lssaaas ﬁTMT ’ TTT*H* ; m“?ITTﬂf** B TT‘I‘,ITTTJ e

S 9 20 40 60 80 100

=50 © ,

z = s i DAbid ———— CP

P e e || G e M i i

9L Em

£ 20, 20 40 60 80 100
(d)

Time (At=15min)

Fig. 4. Results of CSO3 in independent bidding mode and joint bidding mode.

=50 . ; ‘

27 |- P S s o

= |J L -U—‘LJ

& :

g, €SOl - - - - CS02 €SO3 mommmeme €S04

= 7 20 40 60 80 100

Time (At=15min)

Fig. 5. Bid/offer prices of CSOs in the same distribution system under joint
bidding mode.

International Journal of Electrical Power and Energy Systems 172 (2025) 111171

S
o

T L.

20 40 60 80 100
Time (At=15min)

8
c—
s

Price ($/MW)

o

Fig. 7. Comparison of market clearing prices.

20 . . ‘

P

< ol

g o —— sTPOc —— sTPOd ——e sSMc —— sSMd

g i ) s ‘

A0 20 40 60 80 100

Time (At=15min)

Fig. 8. Total amount of electricity purchased/sold under the two modes.

=45
S 40

L35
8

= 30 L I 1 I i
A 220 225 230 235 240 245 250 255 260 265
Load demand (MW)

Fig. 9. Supply curve in wholesale market.

[ 1 k=10 [ After adjusting x
T T

T

2007 1 1

whole market CSO cluster CSO1 CS0O2 CSO3 CSO4
Deviation type

Social welfare deviation(%)

-1

1Bl

=T

+ {mlE-

F[H1

={T+

+ (-

iy

Fig. 10. Distribution of social welfare deviation between joint bidding mode
and centralized dispatching mode (The calculation methods of deviation is

——— TPOc —* TPOd ——o SMc = SMd
2FCS01 :
0
2 i i i i (A-B)x100%
0 20 40 60 80 100

, where A, B are the results of joint bidding mode and centralized

dispatching mode, respectively).

Time(At=15min)

Fig. 6. Comparison of the electricity purchased/sold amount.

the two modes in Fig. 8. The difference in clearing price between
the two modes in Fig. 7 is mainly reflected in the period when CSOs
sell electricity centrally. The clearing price is affected by the bid/offer
price of CSOs during period [30,40] and the allocation of electricity
purchased during period [60,90].

Table 1 shows that the joint bidding mode has caused social welfare
loss. Fig. 9 shows that when the load during period [30, 40] is greater
than 251 MW, the CSOs can seize part of the electricity sale directly
from the generator whose offer price is $40/MW as long as they report
an offer price of any value between [35, 40)$/MW. If the sum of the
electricity sold by the CSOs and the generators that have obtained the

10

Table 1
Social welfare and bidding cost comparison of two modes.
Bidding mode Centralized dispatching  Joint bidding  Difference
Social welfare ($) 89006.8 80471.1 859.6
Total generator cost ($) 130832.0 130931.3 -99.3
Bidding cost of CSOs($)
CSO1 952.8 962.5 -9.7
CS0O2 1561.2 1477.5 83.7
CSO3 1218.4 1111.7 106.7
CSO4 731.6 770.0 -38.4
Table 2
Social welfare loss under different lower bounds during period
[30, 40].
Lower bound ($/MW) k=10 k=37 k=40
Social welfare ($) 8047.2 8285.2 8288.8
Social welfare loss ($) 859.6 621.6 618.0
Table 3

Consuming time of each iteration.

Iteration number 1 2 3 4 5 6 7

Consuming time (s) 509 531 569 579 449 427 348

sale right can meet the load demand during this period, the market
clearing price will be reduced from $40/MW to the offer price reported
by the CSOs. Social welfare losses result from this. However, Table 2
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shows that when the TPO increases the lower bound of the bid/offer
price, the social welfare loss decreases as the lower bound increases
from $10/MW to $40/MW (equal to the clearing price of the central-
ized dispatching mode). The minimum value of $618.0 is reached when
the lower bound is $40/MW. Therefore, the amount of social welfare
loss can be controlled by changing the lower bound of the bid/offer
price. When the lower bound of the bid/offer price is set according to
the clearing price curve of the centralized dispatching mode, the social
welfare loss is the smallest. In addition, in Fig. 9, when the number of
generators and their generation blocks increases, the number of blocks
in the load interval [245, 251] MW increases, which can reduce the
impact of CSOs on social welfare loss after they obtain the electricity
sale right.

Further, the load data of the UK power grid [42] from January 1,
2019 to March 31, 2019 are selected to be converted into standard
unitary values for calculation. As shown in Fig. 10, when the lower
bounds x = $10/MW, the minimum and maximum social welfare
deviations of the whole market between the two modes are —3.0%
and —22.1%, respectively. The deviation values are concentrated in the
interval [-10.8%, —18.7%]. After the lower bounds x during period
[30, 40] are adjusted upward, the minimum and maximum deviations
are reduced to —2.1% and —21.5%, respectively. The deviation values
are concentrated in the interval [—6.2%, —13.5%]. This shows that the
joint bidding mode can approach the maximum social welfare, and the
deviation can be further reduced by adjusting the lower bound of the
bid/offer price with reference to the clearing price of the centralized
scheduling model. More importantly, for the CSO cluster, it can be seen
that the deviation of the cluster total benefit between the two modes
is concentrated in the interval [-2.4%, —7.2%], and the minimum
deviation is only —0.2%. In some days, the benefits of CSO1, 2 and 4
under the joint bidding mode are better than that under the centralized
dispatching mode.

5.3. Convergence and advantages of the algorithm

The iteration step « = 1 x 10~* and penalty coefficient p = 1 are
set in the simulation. The time complexity of the ADMM algorithm is
O(n?), which depends on the number n of CSOs participating in the
joint bidding [40]. For the subgradient method, the algorithm will
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converge as long as an appropriate step size a is chosen. Since the
convergence process is not monotonic, the time complexity can be
approximately considered as O(e), which depends on the convergence
accuracy € [39]. Then, the time complexity of the proposed algorithm
depends on the one with higher time complexity. Fig. 11 shows that
the objective functions of the wholesale market subproblem and distri-
bution system subproblem stabilize after four iterations and converge
after six iterations. The consuming time of the first seven iterations
is shown in Table 3. Although a large number of binary variables in
the decision-making model of the TSO greatly increases the consuming
time, the consuming time of single iteration decreases as the value of
the objective function tends to converge. In terms of iteration number
and time, it can be considered that the proposed algorithm can be
used in day-ahead bidding and has good convergence. In addition,
the algorithm can obtain the global optimal solution through a small
amount of information communication and multiple iterations among
CSOs, DSOs and the TPO.

In Tables 1 and 2, there is a difference between social welfare under
the optimal solution of the joint bidding mode and the centralized
dispatching mode. However, the difference is small and controllable.
Moreover, because of the distributed characteristics of the joint bidding
mode, CSOs can complete the interaction in the actual market as
long as they have information receiving and transmitting devices. The
distributed algorithm can give the CSO initiative and avoid many prob-
lems, such as user information leakage and high computing pressure in
the centralized dispatching mode.

5.4. Simulation analysis in large-scale power systems

To assess the effectiveness of the proposed algorithm in large-scale
power systems, this section replaces the previously used IEEE 9-bus
system with the IEEE 118-bus system, as illustrated in Fig. 12. The
IEEE 118-bus system consists of 54 generators, with each load bus
connected to 10 distribution systems. Each distribution system includes
four distinct types of megawatt-scale CSs, as shown in Fig. B1, resulting
in a total of 396 CSs. The base load data of the IEEE 118-bus system is
modified to achieve an EV penetration of approximately 20%.

Fig. 13 presents the convergence curve of the wholesale market
subproblem. The algorithm converges by the seventh iteration, demon-
strating that it maintains a fast convergence rate even as the system
scale increases. In Fig. 14, simulations are conducted using historical
load data from the UK power grid, as described in Section 5.2. The
simulation results indicate that, while the maximum social welfare
deviation in the wholesale market reaches 30.43%, it is primarily
concentrated within the range [0.00%, 19.43%]. Through TPO, the
joint bidding mode achieves social welfare equivalent to the centralized
dispatching mode on certain days. The social welfare deviation of
the CSO cluster reaches a maximum of 13.61%, with most values
distributed in the range [0.00%, 5.49%]. Notably, the social welfare
deviation of the four types of CSOs is positive on some days, indicating
that the joint bidding mode allows CSOs to gain profits through market
power while closely approximating optimal social welfare. To minimize
social welfare losses, these profits are kept within a small range.
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Furthermore, Fig. 15 illustrates the relationship between social
welfare deviation and EV penetration. As the EV penetration increases,
the social welfare deviation gradually rises. At an EV penetration of
19.39%, the social welfare deviation reaches 15.24%. This is attributed
to the increased market power of the CSO cluster as EV penetration
grows. With stronger market power, it becomes challenging for the TPO
to significantly reduce social welfare losses by adjusting the bid price
boundaries of CSOs, although the losses remain within an acceptable
range.

5.5. Impact of CSOs’ individual profit motives on social welfare

In the proposed joint bidding model, it is assumed that all CSOs
formulate their energy schedules based on a standardized optimization
objective. However, some CSOs may include additional terms related to
charging/discharging profits or costs in their optimization objectives to
maximize profits, resulting in the submission of non-truthful expected
energy schedules to the TPO. To analyze the impact of this behavior
on social welfare losses, in this section, 25% of CSOs are selected, and
quadratic terms for charging utility and discharging cost are added to
their optimization objectives [43], as described below:

2 2
@l = <lx PCSd + ﬁu,w(PU(:;i‘j) ) - <au,wPlf;if; - bvw<PUC:j:) >

v,w= p,t,w

where, @' represents the additional term incorporated into the opti-
mization objective of CSO v (28a), with the first term corresponding
to the discharging cost and the second term to the charging utility, as
detailed in [43]. The coefficients «, ,, and g, ,, denote the discharging
cost coefficients, while a,, and b,, represent the charging utility
coefficients.

Fig. 16 compares the social welfare losses before and after the
inclusion of additional terms in the optimization objectives of selected
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CSOs. In Case 1, all CSOs adhere to the standardized objective function,
serving as the baseline scenario. In Case 2, 25% of CSOs incorporate the
modified objective @', simulating non-truthful bidding behavior. The
results show that when these CSOs privately modify their optimiza-
tion objectives and misreport their true energy schedules, the whole
market’s social welfare loss increases from 10.75% to 12.60%, the CSO
cluster’s social welfare loss rises from 6.73% to 12.03%, and the social
welfare loss for individual CSOs also increases. This occurs because the
altered optimization objectives cause the energy schedules submitted to
the TPO to deviate from actual demand, shifting the optimal solution
of the joint bidding model and consequently impacting market clearing
outcomes and social welfare maximization. However, the incremental
increase in social welfare loss remains relatively limited, demonstrating
the robustness of the proposed joint bidding model. The TPO, through
coordinated bidding strategies for multi-region charging stations, ef-
fectively controls social welfare losses within a small range, ensuring
market efficiency and stability.

6. Discussion

Through multi-region coordination by the TPO for CSOs with local
coordination by DSOs, the proposed joint bidding mode presents a
promising strategy for enhancing social welfare in electricity markets
characterized by imperfect competition and asymmetric information.
This section provides an in-depth exploration of three critical aspects:
the legal and operational authority of the TPO, the advantages for
adopting the distributed algorithm, and the framework’s adaptability
to diverse market designs and regulatory environments.

6.1. Legal and operational authority of the TPO

The TPO’s legal authority can be anchored in existing regulatory
frameworks that support aggregation and coordination in electric-
ity markets. In the United States, FERC Order No. 2222 [8], issued
in September 2020, permits distributed energy resources, including
CSOs, to participate in electricity markets through aggregation. This
order implicitly supports entities like the TPO by encouraging non-
discriminatory access and coordination, potentially classifying it as a
regulated aggregator under MO oversight. In China, provincial regu-
lations (e.g., Hunan’s non-profit dispatching organization [24]) allow
for centralized disclosure of market data to mitigate disorderly bidding.
The TPO could operate under similar mandates. The TPO is designed as
a nonprofit entity, distinct from profit-driven CSOs, and operates under
the supervision of the MO. The MO, which aligns with Independent
System Operators (ISOs) such as PJM or CAISO in deregulated markets,
oversees the process. The TPO plays a central role in the joint bidding
framework, acting as a coordinator for CSOs under the supervision
of the MO to facilitate coordinated bidding while minimizing the
social welfare losses caused by information asymmetry, as outlined
in Section 2. Its operational framework involves iterative sharing of
optimized reference schedules P10, PTFO with CSOs, derived from
the wholesale market subproblem SP2 (29), which incorporates gener-
ator offers ng and network constraints (29i)—(291). To enable effective
coordination, the MO discloses aggregated but sensitive market data,
such as generator offers Irlfg and complete network parameters B,,,,
F,,» to the TPO under strict confidentiality, ensuring this information
is not shared with CSOs to safeguard individual privacy of generators
and maintain market fairness.

A robust governance structure is essential to enhance the TPO’s
realism. A multi-stakeholder governance board, comprising MO repre-
sentatives, DSOs, CSO associations, regulatory authorities (e.g., FERC
or China’s National Energy Administration), and independent auditors,
is proposed to oversee the TPO’s operations. This board would manage
decision-making, conduct annual audits, and ensure compliance with
antitrust laws (e.g., U.S. Sherman Antitrust Act [44] or China’s Anti-
Monopoly Law [45]) to prevent market manipulation. Decisions on
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coordination strategies could require a two-thirds majority vote, with
regulators holding veto power in cases of suspected collusion. For in-
stance, if a CSO consistently fails to reach consensus during the iterative
process despite multiple rounds of reference schedule adjustments, the
board could investigate potential strategic non-compliance or technical
issues Alternatively, if a CSO agrees to a consensus bid/offer price

K, , " but subsequently submits a significantly different bid in the day-
ahead market, the board could review the case to assess whether market
rules were violated, though enforcement would rely on market-driven
consequences, such as suboptimal clearing prices, financial losses from
missed opportunities, or congestion-related penalties, rather than direct
penalties.

The TPO’s data access is strictly limited to non-confidential, aggre-
gated inputs to ensure fairness. It does not handle sensitive CSO data
such as individual EV states s,,, X,, in (1)-(7) or proprietary forecast-
ing models, complying with privacy regulations like the EU’s General
Data Protection Regulation (GDPR) [46], California’s Consumer Pri-
vacy Act [47], and China’s Personal Information Protection Law [48].
Data exchange occurs via secure, encrypted protocols, with only en-
ergy schedules and dual variables z,, z,; in (30) shared iteratively, as
validated by the distributed algorithm’s convergence.

Unlike centralized coordinators, the TPO does not enforce bidding
strategies. Its influence stems from iterative consensus-building, where
GSOs adjust their expected energy schedules P$SS, PSS in (28) based
on TPO reference schedules Pgtf’u?‘, PZ&W in (29), achieving a schedule
consensus that reduces social welfare deviation to within an acceptable
range. If a CSO opts out post-consensus, it faces market-driven out-
comes (e.g., suboptimal clearing due to congestion), not TPO penalties.
This voluntary approach aligns with FERC’s emphasis on market-driven
participation.

6.2. Advantages for adopting the distributed algorithm

The distributed algorithm decomposes the global optimization into
subproblems, SP1 for distribution-level coordination (28) and SP2 for
wholesale-level optimization (29), exchanging only anonymized energy
schedules and dual variables. This contrasts with centralized models,
which require aggregating all CSO data, including charging/discharg-
ing power boundaries Py, PL{”, and capacity-related parameters S, ,,

S, 48, from (12), into a single optimization managed by the MO.
While the MO typically safeguards this data, the centralized approach
increases the risk of privacy breaches due to the concentration of
sensitive information, particularly if third-party coordinators or in-
adequate security measures are involved. For example, in a network
with a large number of CSOs across multiple regions, a data breach
or lack of anonymization could expose regional load patterns, poten-
tially violating GDPR Article 25 on data minimization. The distributed
method mitigates this by using penalty terms and Lagrange multipli-
ers to enforce consensus without revealing underlying data, ensuring
compliance with privacy laws through decentralized processing.

The parallel structure of the algorithm enables efficient scaling
to large networks. In the case study, convergence occurs in 7 itera-
tions for the IEEE-118 bus system. Centralized models, however, solve
monolithic problems (e.g., (28) for all CSOs), leading to computational
intractability with hundreds of CSOs. The ADMM decomposition dis-
tributes the workload across CSOs and TPO, as shown in Section 4.2,
supporting scalability without exponential growth. Moreover, the al-
gorithm aligns with single-round bidding rules in markets like PJM
and CAISO, avoiding the iterative revisions required by game-theoretic
models such as GNE [28]-[30]. GNE relies on long-term games with
full information sharing (e.g., via KKT conditions or diagonalization),
necessitating repeated bid adjustments that disrupt operational time-
lines. For instance, adding a new CSO could reset the equilibrium,
requiring months to stabilize. The ADMM approach, however, achieves
consensus pre-market through short iterations, submitting final bids in
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one round. This reduces collusion risks, as players cannot repeatedly
manipulate prices, and complies with FERC Order No. 719 [6], which
limits iterative market clearing.

Centralized coordination assumes a single entity optimizes all sched-
ules with the objective of maximizing system-wide welfare, achieving
optimal social welfare under ideal conditions. However, it requires
CSOs to report extensive private information, and its computational
complexity escalates exponentially with the number of participants,
rendering it intractable for large-scale systems with numerous CSOs.
GNE models target optimal utility through equilibrium but demand
unrealistic data sharing [33], with deviations from maximum welfare
remaining unanalyzed. In contrast, the distributed algorithm is capable
of approaching the optimal social welfare while avoiding issues such as
privacy breaches, computational intractability in large networks, and
regulatory non-compliance due to excessive information demands.

6.3. Adaptability to diverse market environments

The joint bidding framework is fundamentally designed for a day-
ahead (DA) market with locational marginal pricing (LMP), as reflected
in the unified clearing model (29e)—(291), where the TPO coordinates
CSOs to submit single-round bids/offer prices KDA based on reference
schedules PTPO¢, PTP Od This LMP structure, embedded in the whole-
sale market subproblem SP2 (29), calculates LMP /1DA for each bus j,
incorporating transmission constraints such as branch flows (29f) and
capacities (29i). In contrast, PJM’s DA market, managed by its ISO,
determines LMPs as an outcome of the market clearing process based
on aggregated CSO bids/offers, without preemptive schedule guid-
ance. The proposed framework’s TPO, by providing reference schedules
derived from aggregated market data (e.g., generator offers and trans-
mission parameters), offers a proactive coordination mechanism that
could enhance PJM’s approach. This could be integrated by expanding
the ISO’s role to include TPO-like functions, using the distributed
algorithm to inform CSO bidding strategies and align with localized
grid conditions. The ADMM penalties facilitate convergence on energy
schedules between the TPO and CSOs, enforcing consistency in the
coordinated schedules, thereby maintaining the distributed algorithm’s
focus on schedule coordination.

Beyond PJM, the framework’s adaptability extends to other DA
markets employing LMP and diverse regulatory contexts, leveraging its
distributed architecture. In markets like ERCOT [49], which utilize LMP
in their DA operations, the TPO can support large-scale coordination by
accommodating the region’s extensive network and variable renewable
generation, leveraging the distributed algorithm’s scalability to manage
numerous CSOs effectively. For example, ERCOT’s DA market could
benefit from the TPO’s coordination to streamline bidding across its
decentralized grid, reducing social welfare deviations. In zonal DA
markets, such as those under EU directives [7], the framework can
aggregate CSOs by zone, adjusting the wholesale market subprob-
lem SP2 (29) to optimize zonal LMP averages. The TPO would use
zone-specific aggregated data to generate reference schedules, with
ADMM penalties ensuring convergence across zones. This aligns with
EU policies promoting consumer participation, as the minimal data ex-
change complies with GDPR. For instance, in Germany’s DA market, the
TPO could coordinate CSOs to balance renewable integration, reducing
social welfare deviations similar to the UK results in Section 5.2.

In the U.S., under FERC Order No. 2222, the TPO could operate
as a regulated aggregator within the ISO framework, enhancing DA
market participation of distributed resources like CSOs. The governance
structure would include ISO and regulatory representatives to enforce
anti-manipulation rules, ensuring fair coordination and compliance
with market standards. In China’s emerging DA market, the TPO could
be state-affiliated, mirroring Hunan’s non-profit dispatching model,
providing reference schedules based on aggregated operational data to
CSOs while minimizing private data exchange. In Australia’s National
Electricity Market (NEM) DA market [50], the TPO could collaborate
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with the Australian Energy Market Operator (AEMO), integrating re-
newable uncertainty into generation PbG”Z via scenario-based forecasts,
enhancing welfare under AEMO’s rules.

Despite its versatility, the framework faces limitations in DA mar-
kets with high variability. The iteration convergence criterion may slow
with large CSO cohorts, necessitating optimization of the step size a
in (26) or penalty coefficient p in (30). Additionally, integrating risk-
aware bidding into the wholesale market subproblem SP2 (29) [32],
e.g., accounting for random generation from renewables, could enhance
DA performance, though it increases computational demands.

7. Conclusions

In this paper, the day-ahead joint bidding model of CSOs under
the coordination of the TPO and local DSOs is established based on
the LDD method and ADMM decomposition mechanism, and the dis-
tributed algorithm based on the subgradient method and ADMM is
designed to solve the model. By comparing the simulation results of
the independent bidding mode, centralized dispatching mode and joint
bidding mode, the following conclusions are obtained:

(1) In the independent bidding mode, since CSOs have difficulty
grasping market information and cannot forecast the market clearing
price accurately in the short term, they cannot report the bid/offer price
as close to the clearing price as possible in the bidding. As a result,
the actual clearing result is far from the estimated result. In the joint
bidding mode, the TPO analyzes the impact of the joint bidding on the
clearing price on the basis of grasping the market information and then
coordinates the bidding strategies of CSOs. Through coordination, the
CSOs at the same transmission system bus can reach a price consensus
on the bid/offer price. This avoids severe deviation of actual clearing
results from estimates due to blind bidding;

(2) In the joint bidding mode, the lower offer price of CSOs will
reduce the generator surplus, resulting in social welfare loss. However,
the loss can be controlled within the acceptable range by adjusting the
lower bound of the bid/offer price and introducing more power gen-
erators into the market, thus approaching social welfare maximization.
The joint bidding mode realizes the Kaldor-Hicks improvement on the
CSO cluster benefits, which can attract more CSOs to join;

(3) The distributed algorithm based on the subgradient method and
ADMM has good convergence. By separating the constraints of the
distribution system and wholesale market clearing from the CSO model,
the CSOs can use market power through the TPO while maintaining
their initiatives without affecting the obtainment of global optimal
solutions. The joint bidding mode based on a distributed algorithm is
easy to implement in the actual market. Only one round of bids/offers
is needed, which will help to improve market efficiency.

Future research will extend this work in the following directions:
(1) investigating the joint bidding problem in dynamic markets with
the entry and exit of new participants, such as energy storage and
wind power; (2) incorporating uncertainties in the bidding process by
extending the model to intra-day and real-time markets to evaluate its
performance in multi-timeframe environments, enhancing applicability
and robustness against dynamic uncertainties like renewable energy
fluctuations through integrating forecast uncertainties into intra-day
adjustments and real-time balancing mechanisms; (3) developing a
multi-agent game model based on the proposed method to analyze
optimal bidding strategies under varying market boundary conditions;
(4) examining the impact of communication delays and infrequent
information updates on coordination efficiency, incorporating commu-
nication network constraints or adaptive update mechanisms; and (5)
analyzing the environmental impact of the joint bidding model, such
as carbon emission reductions through optimized charging patterns, to
enhance its value in sustainable electricity markets.
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Appendix A

Compare two charging modes of EVs.
Mode 1: charging with P and discharging with Pld at the same time.
Mode 2: charging with P} only.
Then, when the scheduling period ends, there is
Pa At

Pindt — L

= Pynt (A1)

In this case, assume the electricity price is ¢, the Mode 1 cost is
¢ (Pf - P?) At, and the Mode 2 cost is cP{Ar. Since the charge and
discharge efficiency 7 < 1, there is

1
c(Pf—Pf’)At:c[P2‘+Pld (ﬁ—lﬂ At > c Py At (A.2)

Therefore, Mode 2 is more economical. The EVs choose to charge
only rather than charge and discharge at the same time. It can also be
proven that EVs choose to discharge only.

Appendix B

See Figs. B.1-B.3 and Table B.1.
Appendix C

Independent bidding mode:

: DA DLMP d
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Table B.1

Price offer and capacity of generation unit blocks.
Generators G1 G2 G3
Block 1 (0,40]/15% (0,401/15 (0,401/20
Block 2 (40,601/24.4 (40,601/20 (40,601/26.7
Block 3 (60,801/33.9 (60,801/25 (60,801/33.3
Block 4 (80,85]/43.3 (80,85]1/30 (80,85]/40
Block 5 (85,90]1/52.8 (85,901/35 (85,901/46.7
Block 6 (90,951/62.2 (90,951/40 (90,95]1/53.3
Block 7 (95,1001/71.7 (95,100]/45 (95,100]/60

2 (X,Y1/Z: (X,Y] is block intervals (MW). Z is the offer price ($/MW).
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Fig. B.3. Generalized energy storage parameters for four CSOs.

In the existing clearing mechanism of day-ahead wholesale mar-
ket [13], the market operator clears the day-ahead charge and dis-
charge power according to the bid/offer price of each CSO. On the
one hand, only based on the price signal, the energy demands of the
CSOs cannot be accurately reflected. Due to the multiplicity of solutions
for linear programming (29e)—(291), there are infinite combinations
of final market clearing results. On the other hand, it can be seen
from (32¢)—(C.2) and (32d)-(C.5) that the bidding strategy of the
CSO will be accepted only when its bid/offer price is exactly equal
to the locational marginal price. Otherwise, when the reported price
is higher/lower than the locational marginal price, it will be cleared
according to the maximum charging/discharging power reported by the
CSO. This will make the market clearing results greatly deviate from
CSO’s expectation, which is caused by the limitations of the existing
market clearing model.

0<P5tw<Mthw’O<Hvrw—M<1_Xl€;.w> (C.Z)
O<Pbctw—PUtw_MZUIW,O<MZ*"W<M(1—;(§::W) (C.3)
O<Pudtw—M/thw’0<”vtw<M<1_1:11,Zw) (C4)
d d d d
O<Putw Pvtw—M}(ujw’0<”ujwsM(1_xvzw) (C5)
0< By (0 —0,) + Flty < My 6)
0<ﬂ”;<M( x,mn) '
F.
0< FY =By (0,0 —0,,) < Mylt, <7
O<”Ir:rlsM(1_Zt,mn) )
G G G-
0< P8 < MyGm.0<ufs sM(l—;(bJ,g> (C.8)
G + G+ G+
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T=0,;, <My ;0= p; < 41 (C1D
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where M is an arbitrarily large (not infinite) positive number. y is a
binary variable.

Therefore, in this paper, it is assumed that the market operator
tracks the expected charge and discharge power reported by the CSO
as much as possible while clearing according to the bid/offer price.
The method is to minimize the power deviation based on the KKT
system (C.12e) of the market clearing problem, that is, on the basis
of meeting the market clearing conditions, market operator will ensure
that the clearing results are as close to the expected value of each CSO
as possible. Furthermore, the clearing model based on stationary point
method is established, which is a mixed integer linear programming
problem shown in (C.12).

min 3 ¥ ¥ (P

uw' :.ru. teT veVW weW

v,t,w

2 2
exp d d.exp
Peed) 4 (P, = PIT) (C12a)

s1.0< P, <o, PL 0<PL <ol P (C.12b)
O+ O < 1,65, 00 00, € 10,1}, (C.12¢)
Koo = Kot (C.12d)
CKKT = {(291),(291),(32a)-(32€),(C.2)-(C.11)} (C.12¢)

where P77 and Pff:)p are the expected charging and discharging

power reported by CSO v in period ¢, respectively. Kl?tA; is the bid/offer
price reported by the CSO after coordination.

By substituting the bid/offer price and energy schedules of the CSOs
coordinated by the TPO into the above clearing model, the clearing
results approaching the maximum social welfare can be obtained.

Data availability

Data will be made available on request.
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