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Yifei Wang"™, Student Member, IEEE, Xiuli Wang, Senior Member, IEEE, Yi Kuang, Qiao Peng, Hongyang Zhao,
and Zhidong Wang

Abstract—The electricity distribution network is experiencing
a profound transformation with the concept of the smart grid,
providing possibilities for selfish consumers to interact with
the distribution system operator (DSO) and to maximize their
individual energy consumption utilities. However, this profit-
seeking behavior among consumers may violate the network
constraints, such as line flows, transformer capacity and bus
voltage magnitude limits. Therefore, a network-constrained en-
ergy consumption (NCEC) game among active load aggregators
(ALAs) is proposed to guarantee the safety of the distribution
network. The temporal and spatial constraints of an ALA
are both considered, which leads the formulated model to a
generalized Nash equilibrium problem (GNEP). By resorting to
a well-developed variational inequality (VI) theory, we study
the existence of solutions to the NCEC game problem. Subse-
quently, a two-level distributed algorithm is proposed to find the
variational equilibrium (VE), a fair and stable solution to the
formulated game model. Finally, the effectiveness of the proposed
game model and the efficiency of the distributed algorithm are
tested on an IEEE-33 bus system.

Index Terms—Electricity distribution network, generalized
Nash equilibrium problem, network-constrained energy
consumption game, two-level distributed algorithm, variational
equilibrium.

NOMENCLATURE
A. Indices and Sets

b/B Index/set of buses.

l/c Index/set of distribution lines.

h/H Index/set of time slots.

m/M  Index/set of PLAs.

n/N  Index/set of ALAs.

B1(b) Set of all downstream buses of bus b.

B2(b)  Unique set of buses from the station bus to bus b.
Kn Set of deferrable cycles of ALA n.

Hn, Set of time slots in deferrable cycle k of ALA n.

k
s()/r(l)

Indices of sending/receiving-end buses of distri-
bution line /.
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B. Parameters

R/ X Resistance/reactance of distribution line .

U1 Voltage magnitude at station bus.

x,y /@, " Minimum/maximum energy consumption level
of ALA n in time slot h.

Vit /ymax  Minimum/maximum allowed voltage magni-

tude.
Wh/Yn.h Utility parameter of ALA n in time slot h.
pimin Minimum retail price in time slot » made for
ALAs by DSO.
nh Price sensitivity coefficient in time slot ~ made
for ALAs by DSO.
pfr’l‘~ h Energy consumption of PLA m in time slot A.
s}nax Maximum complex power of line .

C. Variables

Vb, h Voltage magnitude at bus b in time slot h.

Tn,h Active energy consumption of ALA n in time
slot h.

P /a  Active/reactive line power of line [ in time slot
h.

p}ﬁ‘;‘f / qé‘f‘}f Active/reactive load at bus b in time slot A.

In this list, only the main symbols used throughout the
paper are given. Other symbols are abstract combinations of
these symbols that are explained in the text. Bold lowercase
symbols represent vectors and bold uppercase symbols rep-
resent matrices. 1 denotes the N x 1 vector for all one’s
entries. I is the identity matrix of size N. (-)T denotes
the transpose of a vector or a matrix. Given N scalars z,,
where n =1,2,..., N, [£1,%2,...,2N] and [21;X2;...;ZN]
represent the concatenation of all scalars by row and by
column, respectively. For notation brevity, [r1;x2;...;2N]
can be written as [z,,])_;. The vectors and matrices can also
be concatenated by this notation if they have proper size. For a
matrix X, [X], ;) extracts the entry in the » row and / column
of X. diag(x) is a diagonal matrix with x as its diagonal.
A ® B denotes the Kronecker product. X x ) denotes the
Cartesian product of two sets.

I. INTRODUCTION

NERGY consumption around the world is rapidly on the
rise due to the proliferation of intelligent applications,
such as electric vehicles (EVs) [1] and data centers [2]. With-
out effective management, these new loads can easily cause
peak loads and further threaten the safety of the distribution
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system [3]. In the past, the distribution system operator (DSO)
usually addresses this problem by increasing the generation
level and upgrading the network [4], which are both capital
intensive. Nowadays, advances in smart grid technologies
provide more choices for the DSO. An effective alternative
is to implement demand management to alleviate the network
congestion.

There are a lot of studies considering the network con-
straints in demand side management. These studies can be
divided into two main categories. The first category in liter-
ature is concerned with power flow modeling and distributed
optimization. A residential demand response with second-
cone relaxation power flow model [S] was proposed in [6]
to maximize the total utility of consumers, and a predictor
correct proximal multiplier algorithm was used to safeguard
the consumers’ information. [7] extended the model presented
in [6] to an unbalanced distribution network. In [8], a de-
centralized optimal dispatch of photovoltaic inverters with a
semidefinite relaxation power flow model [9] was proposed. To
accelerate the computing speed, a linearized power flow model
was presented in [10]. The authors in [8] and [10] leveraged
the alternating direction method of multipliers (ADMM) to
obtain a distributed solution. [11] presented a penalty based
ADMM approach for DC microgrids. These studies, however,
assumed that that all the flexible resources belonged to the
DSO and did not mention to how to calculate the billing for
each consumer or aggregator.

The second category in literature is concerned with using
the distribution locational marginal price (DLMP) [12]-[18]
to consider the impact of network constraints. [12] presented
a DLMP framework: (i) the DSO calculated the DLMP and
released this price signal to the aggregators; (ii) the aggre-
gators scheduled their energy consumption according to the
DLMP. [13] proposed a quadratic programming model to solve
the problem of multiple solutions. [14], [15] used DLMP to
dispatch the flexible buildings in congested distribution net-
works. However, [12]-[15] adopted a DC power flow model,
in which only the line capacity was considered. Then, [16]-
[18] attempted to investigate more accurate power flow models
to derive DLMP. Although the DLMP is a dynamic pricing
method for consumers, it only reflects the impact of network
congestion on price. The consumers are still assumed to be
the price-takers during the process of calculating the DLMP.
In other words, the energy consumption of consumers will not
change the retail price of the DSO.

With more consumers participating in demand response
programs, the impact on the retail electric price of consumers’
energy consumption must be considered. In addition, the
consumers’ selfish behaviors should also be included. [19]
proposed a marginal pricing method for consumers. [20] addi-
tionally considered the power flow constraints and distributed
generations based on the model proposed in [19]. Although
this pricing method can achieve the individual interest max-
imization and social welfare interest maximization simulta-
neously, the consumers were charged more than the actual
payment. [21] and [22] proposed a total energy consumption
billing method, which is unfair for the consumers who used
less electricity in peak times. [23]-[27] presented an instanta-

neous load billing method to charge the consumers. The linear
energy price [23]-[25] and nonlinear energy price [26], [27]
are both considered. These studies, however, assumed that the
desired energy consumption of the consumers can always be
met by the supply side.

There are also some studies trying to investigate the impact
of the supply side. [28] and [29] considered the coupled
capacity constraints for EV charging and the capital budget
for energy trading, respectively. [30] considered the maximum
supply ability of a provider and made sure that the total energy
consumption of all consumers was lower than the maximum
supply limit. [31] considered the lower and upper bounds
on the aggregate load. [32] modeled the EV aggregator’s
capacity and renewable energy availability in an EV charging
game. [33] studied the impact of limited capacities imposed
by the electrical feeder and the gas pipelines. These studies
assumed all agents were in the same location and only
considered the capacity constraints.

Compared to previous studies, this paper adopts a clear,
balanced, and fair billing method for consumers considering
the network constraints imposed by the topology and oper-
ation of the distribution system. The formulated model is a
network-constrained energy consumption (NCEC) game. In
the proposed game model, active load aggregators (ALAs)
act on behalf of flexible consumers competing to maximize
their individual energy consumption utilities, and the DSO
is responsible for ensuring the final energy consumption is
safe and fair. A distributed algorithm based on the variation
inequality (VI) theory [34] is used to find one of the equilibria
for the ALAs.

The main contributions of this paper are as follows:

The network constraints are considered in the framework
of instantaneous load billing [23]-[33]. To model the network
constraints in this game, we derive a closed form of line power
and voltage magnitude with respect to the energy consumption
of the ALAs. A special generalized Nash equilibrium (GNE),
denoted by variational equilibrium (VE), is used to fairly
allocate the network resources.

A two-level distributed algorithm is designed to find the
VE of the formulated game model, so the privacies of ALAs
can be protected. The DSO first updates his control strategies
at the upper level, and the ALAs successively update their
energy consumption strategies at the lower level. The DSO is
only assigned to evaluate an inexpensive linear algebraic term
and is in charge of data collections and distributions.

The proposed model and algorithms are tested on an IEEE
33 bus system with seven ALAs. The proposed model can
effectively alleviate the network congestion and the proposed
algorithm can find a high precision solution within one minute.
Therefore, this model can be ready for real-time applications.

II. SYSTEM MODEL

Consider a distribution system with a set of B := {1,2,...,
B} buses and a set of £ := {1,2,..., L} distribution lines.
The bus 1 is the station bus where the DSO is located and
the others are load buses. The consumers meet their energy
consumption needs by procuring the energy from the DSO.
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Such purchases can be done through a load aggregator (LA)
on behalf of some consumers. According to the consumers’
willingness to alter their energy consumption, the LAs can
be divided into active load aggregators (ALAs) and passive
load aggregators (PLAs). The energy consumption of a PLA is
fixed while energy consumption of an ALA can be shifted and
reduced. Let NV := {1,2,...,N} and M := {1,2,..., M}
denote the set of ALAs and PLAs. Without loss of generality,
we assume that each bus has exactly one LA, therefore we
can obtain B = M + N — 1. The DSO and LAs use a two-
way communication infrastructure to exchange the necessary
information, as shown in Fig. 1. In addition, we assume that
the cycle of day is divided into a set of H := {1,2,...,H}
time slots.

ﬁ\“* & //r\\\
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— Electricity line
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Fig. 1. A distribution network consisting of a DSO, several ALAs, and
several PLAs.

PLA

A. Power Network Model

A distribution network is normally operated as a radial-like
topology. Figure 2 shows a one-line diagram of a radial distri-
bution power network. As customary, the voltage magnitude
of the station bus v; is assumed to be given and fixed. The
power flow can be described as a set of Linearized DistFlow
Branch Equations [35], [36], as shown in (1)-(3).

pllme — Z pload loac; (1)
beBi(r(l))
li l d load
qlme — Z oad qro(al) (2)
beBi(r(l))
i li
w=v1— > (Rp™+ Xig/™)/v 3)
r(l)eBa(b)
Vr(-1) . Ve o Vr
1 R+ X, i R tiXpwm
l - — |
line . line line line
1 pr tq Pr+1 Jr](11+1 -l
load + 7 load load+ load 4 load
Pra-1 "Iy -1y Pry J4r pr(l+l) J4r (1+1)

Fig. 2. One-line diagram of a radial power network.

For notation brevity, we define the four matrices A €
RIXB B* ¢ REXE BT ¢ REXL and C € RB*L, as shown

in (4)—(7).
)1 beBi(r(l)) orb=r(l)
[Alaw = { 0 otherwise @
B* = diag([X/]{~,) (5)
B = diag([R/]{,) (©)
)1 r(l) € Ba(b)
[C](b’l) B { 0 otherwise @

Using the matrices defined above, (1)—(3) can be rewritten
as follows:

line load
p™| _[A O] |p
|:qline:| - |:0 A:| |:q10ad:| (8)
1 . .
v = UllB _ ;C<Brplme + qulme> (9)
1
where p'¢ = [p*)i7,, p'™® = [p)™],, and v = [vp]iL;.

Substituting (8) into (9), we can obtain:

v=r" 4 Eppload + quload (10)

where k¥ = v11p, EP = —-CB"A/vy, and E9 = —-CB*A/
V1.
Without loss of generality, it is assumed that ratio ¢y

between the reactive load ¢/°* and active load p}°*! maintains
a constant [37], so (10) becomes:
v =K'+ Ep°™ (11

where E = EP 4+ E9diag([pp]2_,) € RP*B,

B. Load Aggregator Model

The energy consumption of ALA n at time slot h is
restricted by (12).

X} = (2|t S zpp <zDPVREH)  (12)

where x,, = [z,,,]fL, is the energy consumption vector of
ALA n at time slot h.

Since some works must be fulfilled within a certain time
range [24], [38], the total energy consumption during these
periods should be larger than a given value. For example, an
EV is connected to the grid at hour 14 and ready to leave
at hour 18, so the total charging demand should be satisfied
between the hours 14 and 18. Although we adopt an aggregate
load model rather than a specific appliance model in this paper,
this constraint may still exist in actual operations. This special
energy consumption requirement is called as a deferrable
cycle. Let IC,, = {1,2,..., K, } denote the set of deferrable
cycles of ALA n and H,, , C H denote the involved time slots.
(13) describes this typical energy consumption requirement of
ALA n.

e vk € IC,,

ol D wnn>

heHn K

13)

The utility function is used to measure the energy consump-
tion satisfaction level. It is generally a non-decreasing and
concave function with respect to the energy consumption. In
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this paper, we choose the quadratic utility function [33], as
shown in (14).

Tn,h 2
9 zn,h

Un,h(xn,h) = WhTn h — (14)

where wy, is a predetermined positive time-relative parameter,
and -, is a preference parameter for characterizing the
consumption type with different ALAs and time slots.

C. Distribution Market

The DSO makes an appropriate pricing scheme for all LAs
to obtain their profit. To distinguish the two types of LAs,
different pricing schemes are designed. For the PLAs, a fixed
pricing is typically adopted where the retail price is fixed at
every time slot. A dynamic pricing is made for the ALAs
where the retail price is related to the total energy consumption
of the ALAs. A pricing scheme where the fixed price for the
PLAs at a time slot is higher than the maximum dynamic price
for the ALAs can motivate more consumers to participate in
load management. However, how to make an efficient and fair
pricing scheme for different types of LAs is beyond the scope
of this paper. We adopt the linear dynamic pricing applied
in [23]-[25] for ALAs.

Ph=pPp "+ nn Z Tn,h
neN
When LAs purchase electricity from the distribution market,
a secure operation should be guaranteed, including the voltage
magnitude regulation and power flow limit constraints, as
given in (16) and (17).

5)

mln < < ,Umax Vh c 7_[ (16)
P)? + (a)* < (s max)2 VieL,heH  (17)
where ,vmln — [Ulr;nm]bB 1 pmax  — [Ulr)nax]bB 1> and vy =

[vp,1]B_,. Note that the main transformer capacity can be
implicitly included in constraint (17).

The voltage magnitude and line flow are related to the
location of the ALs. For ease of presentation, the ALA
connecting matrix D* € RZXN and the PLA connecting
matrix DP € RBXM are introduced. The D? can be defined
with its (b, n)'" element as 1 if ALA n is located at bus b and
0 otherwise. The DP can also be defined in the same way. Let
plowd = [pL"‘;‘f]{? , denote the bus load column vector at time

slot h. The p'* can be calculated by the following equation:

pi*! = D*z), + DPp}* (18)
where @), = [, 1]5_y. and pi* = [Py 51
Combining (11), (16), and (18), we can obtain:
mp™ < Max, <mp™ VheH (19)
where M = ED? mP® = o™it — gV — EDPplX, and
mrﬁlax — pMmax _ v EDppgx

Although (17) is a convex set, it is nonlinear which can
be unfavorable to the optimization. A regular S-sided poly-
gon [39] is applied to linearize it.

line

pI}'L"e cos(sa) + g, sin(sa) < diag([ﬁl}le)sma"

YVheH,seS (20)

where o = 2/S, pi" = [pRliL,, 8™ =[], S =

{1,2,...,S}. B € [cos(a/2),1] is a conservative parameter,

B = cos(a /2) denotes the whole regular polygon falling into

the circle. 3; = 1 denotes that the whole circle lies within the

regular polygon.
Define 2P =

be rewritten as:

line __

[cos(sa)]?_; and 29 = [sin(sa)]5_;, (20) can

Zp L 2™ Yh e H (21)

where 2™ = diag([3/]L,)s"* ® 1g € RS, and Z =
(I ®2P)A + (I ® 29) A diag([pp]2_,) € REHXE,
Substituting (18) into (21), we can obtain:

Nzp <npy*™* VheH (22)

max __

where N = ZD*» € RESXN
ZDrpi* € RS,

Remark 1: Since there is no distributed generation or storage
system in this paper, the direction of line power is fixed. The
effective feasible region of (17) is in the first quadrant. Thus,
a = 7/(2S) can be used. Consequently, the invalid constraints
can be removed.

We define a matrix R = [-M; M; N]® Iy and a vector
r=> pcul-m MmN MmN nhaxX] @ ey to put (19) and (22)
together, where eh € R¥ is defined that its h" element is 1
and others are 0.

and np'™ = z

={z|Rx <7} (23)

where = = [z,])_;.

III. NETWORK-CONSTRAINED ENERGY
CONSUMPTION GAME

In this section, we formulate the NCEC game among ALAs.
By resorting to VI theory, we then investigate the existence of
the GNE for the formulated game.

A. Game Formulation

Under the dynamic pricing scheme, the purchasing cost
Cp"), of the ALA n at time slot 7 is given as follows:

+ ThOn,h (m—n h))xn,h
(24)

CPU;L = PhTn,h = nhxn h + (

where 0y p(T_pp) =15 1T p.

The aim of an ALA is to maximize his net utility, i.e.
utility minus the purchasing cost. To facilitate the derivation,
the negative net utility is used as the objective function. This
objective function can be regarded as a loss cost. The loss cost
of the ALA n is given in (25).

Cn (T, 00 (1))

= Z Cn,h(xn,h; O-n,h(m—mh))
heH

= (@nny Onp (@ p)) —
heH

Un,h(mn,h) (25)

where 0 (Z—n) = [0, (—nn)]iL-
For clarity, the constraints are classified into two types of
constraint sets.
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1) Individual Constraint Set
The constraints only involve the individual ALA’s decision
variables x,,, denoted by X,,.

X, =X na? (26)

2) Coupling Constraint Set

The constraints are coupled by all the ALAs’ decision
variables, i.e., Y C RYH shown in (23).

The energy consumption strategy «,, of ALA n should
meet both its individual constraint set X,, and the coupling
constraint set ). The feasible strategy of x,, is denoted as
Q. (x_,), which means that this set depends on the energy
consumption strategies of other ALAs.

Qn(x_p) ={xn|xy € Xy, (T, x_p) € V}

B. Game Model and GNE

From (25)—(27), it indicates that the desired energy con-
sumption of an ALA depends on how he and other ALAs
schedule their energy consumption. Therefore, it naturally
belongs to a game framework. The game elements are given
as follows.

e Players: ALAs in set .

o Strategies: Each ALA n selects its energy consumption
strategy x,, from its strategy set 9, (x_,,) to minimize
his loss cost.

o Cost functions: The loss cost is defined in (25).

In sum, this NCEC game model G is formulated as follows:

Il’mlin Cn(wn, O'n(m—TL))
st @, € Qn(x_p)

27)

Vne N (28)

Obviously, the interactions among ALAs take place both
at the level of objective functions and the level of constraint
conditions. Therefore, this noncooperative game is indeed a
GNEP, denoted by GNEP (G).

Definition 1. A tuple of strategies =* € RN is called a
GNE, if and only if it satisfies the following inequalities [40]

Cn(zh, on(2”,)) < Cpl@n, op(x,))

Va, € Q,(x*,), VneN 29)

The above definition means that no single ALA can benefit
from a unilateral deviation from x, if all other ALAs act
according to it. The set of generalized Nash equilibria (GNEs)
of the game G is denoted as GNE(G).

In our formulation, every player shares the same coupling
constraint set, and the constraints can be explicitly expressed
by a series of inequalities, so it belongs to a GNEP with convex

shared constraints [41].

C. Existence of the GNE(G)

Definition 2 ([34, Definition 1.1.1]). Given C C RV¥ and
a mapping G(-) : C — RY"H | the variational inequality (VI)
problem, denoted VI(C, G), is to find a vector * C C such
that:

(x —2")TG(z*) >0 Vz el (30)

The set of solutions to this problem is denoted SOL(C, G).

The gradient of the objective function of each ALA with
respect to its own strategy is stacked for defining function
G(-). In addition, we define X; x ... x X, = X C RV and
C=XnNY. Here, a VI(C, G) is defined as:

G(z) = [awncn(wmo'n(wfn))]nN:l =Fx+ f (€29
where F' = diag(vy) + Iy ® diag(n) + 1y ® (1} ® diag(n)),
and f — lN ® (leln _ w)

Proposition 1. 1) Cost function Cy, (@, o, (z_,)) of ALAn

is twice continuously differentiable and convex in x,, for every
fixed _,,; 2) the set C is non-empty, compact, and convex.

The proof of Proposition 1 is given in Appendix A.
Theorem 1. There exists at least a GNE for the NCEC game.

The proof is primarily based on the relationship between the
GNEP(G) and VI(C, G). By proving that SOL(C, G) is non-
empty, we indirectly prove that there exists at least a GNE.
The detailed proof of Theorem 1 is given in Appendix B.

Remark 2: For a Nash equilibrium problem (NEP), the
uniqueness of the Nash equilibrium can be proved by the
strictly convex objective function for each player [42]. How-
ever, a GNEP usually has multiple GNEs due to the coupling
of strategy space.

IV. DISTRIBUTED ALGORITHMS FOR THE GAME

In fact, the equilibrium solution can be derived in a cen-
tral manner by concatenating all ALAs’ Karush-Kuhn-Tucker
(KKT) conditions, given in (32).

Vo Ln(Tn, on(T_n), An)+
Nz, X,) €0
O0< N\, LRx—r <0

Vn e N (32)

where A, denotes the multipliers of the coupling constraints
associated with ALA n. N9(z,,, X,){d|d" (y—=z,) < 0,Vy €
X, } is the normal cone to X, at x,,.

Different values of A,, can lead to different equilibrium
solutions. In this paper, we are interested in finding a special
solution of the NCEC game, where Ay = Ao = ... = Ay =
A. This solution is also called a VE. Because a VE has the
same Lagrange multiplier for all ALAs, it is a fairer solution
without players’ discrimination. The solutions of VI(C, G) are
exactly VE(G). Hereinafter, we use SOL(C, G) and VE(G)
interchangeably.

Although the equilibrium solution can be centrally solved
by the DSO, two issues must now be carefully addressed.
The ALAs should submit their all information to the DSO
which invades their privacies, and the DSO will suffer a huge
computational burden when the ALAs increase. A distributed
control algorithm is urgently needed to tackle these two
problems.

However, the global constraint set ) prevents a direct
application of the distributed algorithm because C does not
have a Cartesian structure. To this end, a new problem is
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considered, which is presented in (33) and (34).

min Cy,(xy,, on(x_p)) + AT(Rx — 7
nin O (x—n)) ( ) WneN (3
s.t. @, € X,
and furthermore:
0<ALRzx—7r<0 (34)

where A € Z,Z is a nonnegative orthant defined as
R2B-H+L-S-H The Lagrange multiplier A can be interpreted as
prices paid by the ALAs for violating the network constraints.

Lemma 1. If C satisfies slater’s constraint qualification, then
& is a VE(G) if and only if (&, ) is a solution of (33) and
(34).

Proof. 1t is proved by [41, Lemma 4.4]. Since the constraints
in C are linear, the slater’s constraint qualification holds [43,
Section 5.2].

When the multiplier A is given, the (33) is a NEP prob-
lem, denoted by G,. The game G, is associated with a
new VI(X,G), with G(z) = G(z) + ATR. For ease of
presentation, we define a mapping: ®(-) : Z — RN The
solution of the game G, denoted x*(\), can be represented by
the mapping x*(A) = ®(A). The «*(\) is unique due to the
fact that G is strongly monotone on X', and can be calculated
with Algorithml.

Algorithm 1 Jacobi Best response algorithm

Initialization: Set 71 = 0. Each ALA n sets the initial energy
consumption strategy ') and acceptable residual ALA. The
parameter A is given.

Step 1: The DSO collects the energy consumption strategies
of all ALAs, and sends information o, (:E(Tl+1)) to each ALA.

Step 2: Each ALA n updates the 7' by (35) and

calculates the residual eptA = [T — 2.
27 = min C(wn,00(@7)) + X Rl (y@n

where [R]. ) is a submatrix related to the ALA n.
Step 3: If Al < e84 Vn € N, terminate; Otherwise,

proceed to Step 1.

Lemma 2. The problem (33)—(34) is equivalent to a nonlinear
complementarity problem (35) with respect to A

0<ALr— RB(A) >0 (35)

The proof of Proposition 1 is given in Appendix B.

Lemma 3. The problem (35) is equivalent to a VI problem VI
(Z,7 — RD(N)).

Proof. Since the set Z is a cone, the two problems are
equivalent according to [34, Proposition 1.1.3].

Combining the Lemma 2 and Lemma 3, we can obtain a
meaningful framework. VI(Z,r — R®(\)) can be solved first
to obtain an optimal solution A*, and then the Algorithm 1
is used to calculate the final energy consumption strategies.
Because the VI problem is usually solved in an iterative

manner, this will lead to a two-level algorithm: the DSO
first updates the Lagrange multiplier A at the upper level,
then the ALAs successively update their energy consumption
strategies until the best optimal solution is reached. The
detailed algorithm framework is shown in Algorithm 2.

Algorithm 2 Two-level algorithm for the NCEC game

Initialization: Set 79 = 0. The DSO also sets the initial
strategy A(°) and acceptable error £°5°.

Step 1: DSO sends information A(™2) to each ALA n € N.
Step 2: Run Algorithm 1, the DSO obtains the adjusted energy
consumption ®(A(72)),

Step 3: The DSO updates the A("2*1) by (47), and calculates
the error e250 = [[A(2+D) — X(72)||

AT = A7) o(REAT) — 1)t (36)

where o > 0 is a sufficiently small positive step-size, and [-]™
denotes the projection onto the nonnegative orthant.

Step 4: If 613250 < P8O, terminate; Otherwise, set 75 = 75 + 1
and proceed to Step 1.

V. CASE STUDY

The case study is performed on an IEEE 33-bus distribution
system with 12.66 KV nominal voltage, and the network
parameters can be found in [35]. There are 7 ALAs located
at buses 2, 8, 16, 21, 24, 27, and 32, and 25 PLAs located
at the other buses, as shown in Fig. 3. The ratio between the
reactive energy consumption and active energy consumption
for all ALAs are set to 0.6. Other simulation data related
to PLAs, such as the specific location and the percentage of
active energy consumption, can be found in [44]. The voltage
magnitude at station bus is set to 1.05 p.u., and the upper
and lower bounds of voltage magnitude at all buses are set to
1.05 p.u. and 0.95 p.u., respectively.

23 24 25 26 27 28 29 30 31 32 33

1 2 34 56/ 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22
Fig. 3. 1EEE 33-bus distribution system.

The normalized daily load profile is extracted from the UK
national grid on June 15, 2020 [45]. The total energy con-
sumption of all PALs at peak hour is 5.4 MW. The minimum
and maximum energy consumption level of all ALAs at peak
hour are set as 0.7 MW and 1.2 MW, respectively. The pi"i",
7n, and wy, are set to 200$/MWh, 10$/MWh, and 400$/MWh
at peak hour. The utility preference parameters -, j, are chosen
randomly from intervals [100$/(MWh)?, 140$/(MWh)?] at
peak hour. To investigate the effect of the location, we set
the same preference parameters for ALA 2 and ALA 6, ALA
4 and ALA 5. Without loss of generality, these peak hour
parameters are scaled to a multiperiod parameters by the
normalized daily load profile. The deferrable characteristics
of energy consumption for ALAs are shown in Table I.
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TABLE I
DEFERRABLE CHARACTERISTICS OF ENERGY CONSUMPTION FOR ALAS

Index of  Index of Time Predetermined energy
ALA deferrable cycle  interval consumption (MWh)
1 1 [8, 12] 4.8

2 [16, 20] 4.5
7 1 [1, 4] 2.0

2 [12, 13] 2.0

The infinite norm is adopted for the convergence metric.
We set £SO = 0.0005, A4 = 0.1 kW, and a = 0.0005 to
test the algorithm. The proposed model is coded in MATLAB
with YALMIP [46] and solved with a Gurobi solver 9.0.3 [47].
All the tests are performed on a computer with a 3.41 GHz
i7-6700 CPU and 8 GB memory.

The capacity of supply-side considered in [28]-[33] is
actually the main transformer capacity. To make a detailed
comparison, the main transformer capacity is only considered
in this paper. Notably, the proposed model is universal for
all capacity limits, including the main transformer capacity
and distribution lines. The main transformer capacity is set to
13.5 MVA.

Four different scenarios are designed to examine the impact
that the main transformer capacity and voltage magnitude limit
have on ALA’s decisions.

Scenario 1. The main transformer capacity and voltage
magnitude limits are both not considered.

Scenario 1I: Only the main transformer capacity is consid-
ered.

Scenario III: Only the voltage magnitude limit is considered.

Scenario 1V: The main transformer capacity and voltage
magnitude limits are both considered.

The system is under the most pressure at peak hour, and the
system security deserves special attention. Therefore, we first
focus our analysis on the operation at the peak hour without
considering the deferrable characteristics.

A. The Operation At Peak Hour

Figure 4 and Table II give the voltage magnitude profiles
of the distribution system and the total energy consumption
of ALs in four different scenarios. As can be seen in Fig. 4,
voltage magnitudes at some buses are below the lower bounds
in both Scenario I and Scenario II, while the voltage mag-
nitudes are all within the allowable range at all buses in
Scenario IV and Scenario IV. The lowest voltage magnitude
in Scenario I and Scenario II are 0.938 p.u. and 0.945 p.u.,
respectively. Although the voltage security is guaranteed in
Scenario III, the total energy consumption exceeds the main
transformer capacity, which is also in an unsecure state. Thus,
it is necessary to consider both the main transformer capacity
and voltage magnitude limits for ensuring secure operations.

TABLE II
TOTAL ENERGY CONSUMPTION IN FOUR DIFFERENT SCENARIOS

Scenario 1 1I 11 v
Total energy consumption (MVA) 1444  13.50 1394 13.50

Figure 5 shows the energy consumption of seven ALAs at
peak hour. In Scenario I, the preference parameters are the
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Fig. 4. Voltage magnitudes in four different scenarios.
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g. 5. Energy consumptions of seven ALAs at peak hour.

main factors to decide the energy consumption. A smaller
Yn,h prefers to consume more energy to obtain the larger
utility. When the main transformer capacity is considered
(Scenario II), the energy consumption of all ALAs suffers
different degrees of reductions. The energy consumption of
ALA 1 is reduced from 0.89 MWh to 0.79 MWh. The energy
consumption of ALA 2 and ALA 6 have the same reductions,
about 0.12 MWh. This is due to the fact the ALA 2 and ALA
6 have the same preference parameter and contributions to
the main transformer capacity. The similar phenomenon also
happens to ALA 4 and ALA 5.

On the other hand, when the voltage magnitude limit is
considered (Scenario III), not all ALAs tend to reduce energy
consumption to guarantee secure operations. For example,
ALA 1 is increased from 0.89 MWh to 0.92 MWh. The
relative locations to the bus station and preference parameters
can account for this interesting finding. Intuitively, since ALA
3 is far away from the bus station which has a significant
effect on the voltage magnitude, ALA 3 has the largest
reductions, about 0.33 MWh. Conversely, ALA 1 with a larger
preference parameter is close to the substation, and the energy
consumption is increased rather than reduced. The energy
consumption of each ALA in Scenario IV is between the one
in Scenario II and the one in Scenario III. This is primarily
because Scenario II and Scenario III are two extreme scenarios
compared with Scenario IV.
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Table III lists the profit of each ALA in four different
scenarios. A straightforward finding is that the profits of seven
ALAs are not in line with the energy consumption of those in
all scenarios. For Scenario I and II, more energy consumption
will lead to a larger profit. However, this monotonous perfor-
mance does not exist in Scenario III and IV. An interesting
observation is that the total profit is increased when more
constraints are considered. The reason is that the proposed
game model is not designed to optimize total welfare as most
of the demand response literatures do. Our model is to consider
competing effects among ALAs, thus it is not an efficient
solution to the maximization of all the ALAs’ welfare.

TABLE III
PROFITS IN FOUR DIFFERENT SCENARIOS

Profit (§)  Scenario I ~ Scenario I Scenario Il Scenario IV
ALA1 61.27 66.35 65.28 67.47
ALA2 75.03 80.94 77.97 80.67
ALA3 79.30 85.45 73.46 80.47
ALA4 68.85 74.40 73.35 75.67
ALAS 68.85 74.40 73.17 75.47
ALA6 75.03 80.94 78.78 81.26
ALA7 66.12 71.51 69.50 71.79

Total 494.45 511.52 534.01 532.80

The optimal objective function values on all ALAs’ welfare
maximization in four scenarios are all $544.87. Therefore, a
more rigorous operational condition in our game model may
lead to a more efficient solution in terms of social welfare.

B. The Operation Considering Temporally Coupled Con-
straint

The energy consumption of ALA 1 and ALA 7 with
and without the temporally coupled constraint are shown in
Figs. 6 and 7, respectively. The green light area highlights
the time period of coupling. Figure 8 shows the total energy
consumption of the seven ALAs from hour 8 to hour 20 in
two conditions.
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Fig. 6. Energy consumption of ALA 1 with and without temporally coupled
constraint.

When the temporally coupled constraint is considered, the
energy consumption of each individual ALA is very different
from the one without temporally coupled constraint. Although
each individual ALA has different energy consumption, the
total energy consumption is almost the same under the two
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Fig. 7. Energy consumption of ALA 7 with and without temporally coupled
constraint.
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Fig. 8. Total energy consumption of seven ALAs with and without temporally
coupled constraint.

conditions. This interesting observation is very meaningful. If
the DSO only cares about his profit, he can implement the
demand response programs without considering each ALA’s
temporally coupled constraint. This can be done in one slot by
one slot and can greatly reduce the computing and communica-
tion burden. In other words, the temporally coupled constraint
only changes the energy consumption of each individual ALA,
but does not change the profit of the DSO.

C. Distributed Algorithm

Figure 9 plots the convergence of the two-level distributed
algorithm. The DSO residual and ALA residual at iteration
7 are defined as [|A(D — A0V and max,cn |z —
wgil) |loos respectively.

As can be seen, 37 DSO iterations and 178 ALA iterations
are required to reach a converged solution. The reason why
the residual of ALA is not monotonically decreasing is that a
new NEP is conducted when the DSO changes its strategies.
Hence, the number of peak points of the residual curve of
ALA is equal to the number of DSO iterations.

An exact centralized solution can be obtained by solving
(32). To check the exactness, the absolute error for all time
periods of seven ALAs are calculated, as shown in Fig. 10. It
can be shown that most of the absolute errors are lower than
0.001 MW. The maximum absolute error is 0.0024 MW, thus
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our proposed distributed algorithm is very exact.

To test the robustness of the algorithm, the step size « is
set to different values. The results are listed in Table IV. To
avoid over iterations, the maximum iteration of DSO is set
to 200, and the maximum iteration of ALA for a given A is
set to 300. “Not Converged” means that the algorithm does
not converge to a satisfactory solution within the maximum
iterations. It can be concluded that a smaller « requires more
iterations. But when the « is increased, the algorithm may
not be converged. All converged cases can be finished within
one minute. Therefore, the proposed distributed algorithm can
be used for a real-time dispatch. In actual application, [0.001,
0.005] can be a better choice.

TABLE IV
COMPUTATIONAL PERFORMANCE FOR DIFFERENT STEP SIZES

a DSO iterations  ALA iterations = Computation time (s)
0.00005 86 1446 8.24

0.0001 68 286 6.58

0.0005 37 178 4.83

0.001 Not converged  Not converged /

VI. CONCLUSION

In this paper, an energy consumption game model con-
sidering the network constraints under dynamic pricing mar-
kets is proposed. Compared with the previous studies, the
proposed model can guarantee the safety of the distribution
network and fairly allocate the limited network resources. The
ALA far away from the feeder tends to reduce more energy
consumption, because it has the bigger impact on voltage
violation. The DSO can obtain his profit one time slot by
one time slot without considering the individual temporally
coupled constraint of each ALA. In addition, the proposed
two-level distributed algorithm can efficiently find the optimal
solutions. In the future, this study can be extended in several
directions. First, a lossless power flow model is used in this
paper, and this physical grid model can be extended to consider
network losses by using a more accurate set of power flow
equations. Second, the distributed generation and storage can
be incorporated to the proposed model for a bidirectional
trading with the DSO.

APPENDIX
A. Proof of Proposition 1

1) Since the cost function is a quadratic function, the
continuity and differentiability hold. The convexity can be
proved by the second partials with respect to x,,.

va:icn(mna on(T_p)) = diag(y, +2p) >0 (A1)

Thus, the cost function is convex in x,, for every fixed x_,,.

2) The set C is expressed as sets of linear inequalities with
finite upper and lower bounds, and thus convex and compact.
The non-empty can be ensured by a practical problem. If the
set C is empty, the current distribution network cannot satisfy
the energy consumption requirement and should be upgraded.

B. Proof of Theorem 1

Because proposition 1 satisfies the assumption in [41,
Lemma 4.2], every solution of VI(C,G) is also a solution
of GNEP(G). Furthermore, the C C R™# is convex and
compact and mapping G(-) : C — RMH is continuous,
SOL(C, G) is nonempty and compact ([34 Corollary 2.2.5]).

C. Proof of Lemma 2

If the pair (&, 5\) is a solution of the problem (33)—(34),
then & = ®(X) holds. The 0 < ALr — R®(X) > 0 can be
obtained by using (34). Thus, X is also a solution of (35). If
X is a solution of the problem (36), the & can be obtained by
the mapping ®(X), the pair (&, A) is obviously a solution of
the problem (33)-(34).

REFERENCES

[1] L. Dong, C. F. Wang, M. T. Li, K. Sun, T. Y. Chen and Y. Y. Sun, “User
decision-based analysis of urban electric vehicle loads,” CSEE Journal
of Power and Energy Systems, vol. 7, no. 1, pp. 190-200, Jan. 2021.

[2] P. Wang, Y. J. Cao, Z. H. Ding, H. H. Tang, X. Y. Wang and M.
Cheng, “Stochastic programming on cost optimization in geographically
distributed Internet data centers,” CSEE Journal of Power and Energy
Systems, doi: 10.17775/CSEEJPES.2020.02930.



WANG et al.: NETWORK-CONSTRAINED ENERGY CONSUMPTION GAME FOR DYNAMIC PRICING MARKETS

[3]

[4]

[5]

[6]

[7]

[9]

[10]

(1]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

R. A. Verzijlbergh, L. J. De Vries, and Z. Lukszo, “Renewable energy
sources and responsive demand. Do we need congestion management in
the distribution grid?,” IEEE Transactions on Power Systems, vol. 29,
no. 5, pp. 2119-2128, Sep. 2014.

S. Heidari and M. Fotuhi-Firuzabad, “Integrated planning for distribution
automation and network capacity expansion,” IEEE Transactions on
Smart Grid, vol. 10, no. 4, pp. 4279-4288, Jul. 2019.

M. Farivar and S. H. Low, “Branch flow model: relaxations and
convexification—Part 1,” IEEE Transactions on Power Systems, vol. 28,
no. 3, pp. 2554-2564, Aug. 2013.

W. Shi, N. Li, X. Xie, C. C. Chu, and R. Gadh, “Optimal residential
demand response in distribution networks,” IEEE Journal on Selected
Areas in Communications, vol. 32, no. 7, pp. 1441-1450, Jul. 2014.
W. Y. Zheng, W. C. Wu, B. M. Zhang, and C. H. Lin, “Distributed
optimal residential demand response considering operational constraints
of unbalanced distribution networks,” IET Generation, Transmission &
Distribution, vol. 12, no. 9, pp. 1970-1979, May. 2018.

E. Dall’Anese, S. V. Dhople, B. B. Johnson, and G. B. Giannakis,
“Decentralized optimal dispatch of photovoltaic inverters in residential
distribution systems,” IEEE Transactions on Energy Conversion, vol. 29,
no. 4, pp. 957-967, Dec. 2014.

J. Lavaei and S. H. Low, “Zero duality gap in optimal power flow
problem,” IEEE Transactions on Power Systems, vol. 27, no. 1, pp.
92-107, Feb. 2012.

S. S. Guggilam, E. Dall’Anese, Y. C. Chen, S. V. Dhople, and G.
B. Giannakis, “Scalable optimization methods for distribution networks
with high PV integration,” IEEE Transactions on Smart Grid, vol. 7,
no. 4, pp. 2061-2070, Jul. 2016.

M. S. Wang, Y. F. Su, L. J. Chen, Z. M. Li and S. W. Mei, “Dis-
tributed optimal power flow of DC microgrids: a penalty based ADMM
approach,” CSEE Journal of Power and Energy Systems, vol. 7, no. 2,
pp. 339-347, Mar. 2021.

R. Y. Li, Q. W. Wu, and S. S. Oren, “Distribution locational marginal
pricing for optimal electric vehicle charging management,” IEEE Trans-
actions on Power Systems, vol. 29, no. 1, pp. 203-211, Jan. 2014.

S. J. Huang, Q. W. Wu, S. S. Oren, R. Y. Li, and Z. X. Liu, “Distri-
bution locational marginal pricing through quadratic programming for
congestion management in distribution networks,” IEEE Transactions on
Power Systems, vol. 30, no. 4, pp. 2170-2178, Jul. 2015.

S. Hanif, T. Massier, H. B. Gooi, T. Hamacher, and T. Reindl, “Cost
optimal integration of flexible buildings in congested distribution grids,”
IEEE Transactions on Power Systems, vol. 32, no. 3, pp. 2254-2266,
May. 2017.

S. Hanif, H. B. Gooi, T. Massier, T. Hamacher, and T. Reindl,
“Distributed congestion management of distribution grids under robust
flexible buildings operations,” IEEE Transactions on Power Systems, vol.
32, no. 6, pp. 4600-4613, Nov. 2017.

H. Y. Yuan, F. X. Li, Y. L. Wei, and J. X. Zhu, “Novel linearized power
flow and linearized OPF models for active distribution networks with
application in distribution LMP,” IEEE Transactions on Smart Grid, vol.
9, no. 1, pp. 438—448, Jan. 2018.

A. Papavasiliou, “Analysis of distribution locational marginal prices,”
IEEE Transactions on Smart Grid, vol. 9, no. 5, pp. 4872-4882, Sep.
2018.

S. Hanif, K. Zhang, C. M. Hackl, M. Barati, H. B. Gooi, and T.
Hamacher, “Decomposition and equilibrium achieving distribution lo-
cational marginal prices using trust-region method,” IEEE Transactions
on Smart Grid, vol. 10, no. 3, pp. 3269-3281, May 2019.

N. Li, L. J. Chen, and S. H. Low, “Optimal demand response based on
utility maximization in power networks,” in Proceedings of 2011 IEEE
Power and Energy Society General Meeting, 2011, pp. 1-8.

S. Bahrami, M. H. Amini, M. Shafie-Khah, and J. P. S. Cataldo, “A
decentralized renewable generation management and demand response
in power distribution networks,” IEEE Transactions on Sustainable
Energy, vol. 9, no. 4, pp. 1783-1797, Oct. 2018.

A. H. Mohsenian-Rad, V. W. S. Wong, J. Jatskevich, R. Schober, and A.
Leon-Garcia, “Autonomous demand-side management based on game-
theoretic energy consumption scheduling for the future smart grid,” IEEE
Transactions on Smart Grid, vol. 1, no. 3, pp. 320-331, Dec. 2010.

H. K. Nguyen, J. B. Song, and Z. Han, “Distributed demand side
management with energy storage in smart grid,” IEEE Transactions on
Parallel and Distributed Systems, vol. 26, no. 12, pp. 3346-3357, Dec.
2015.

I. Atzeni, L. G. Ordéiez, G. Scutari, D. P. Palomar, and J. R. Fonol-
losa, “Demand-side management via distributed energy generation and
storage optimization,” IEEE Transactions on Smart Grid, vol. 4, no. 2,
pp. 866-876, Jun. 2013.

[24]

[25]

[26]

[27]

[28]

[29]

(30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

(38]

(39]

[40]

[41]

[42]
[43]

[44]

[45]

[46]

[47]

557

R. L. Deng, Z. Y. Yang, J. M. Chen, N. R. Asr, and M. Y. Chow,
“Residential energy consumption scheduling: a coupled-constraint game
approach,” IEEE Transactions on Smart Grid, vol. 5, no. 3, pp. 1340-
1350, May 2014.

C. J. Li, X. H. Yu, W. W. Yu, G. Chen, and J. H. Wang, “Efficient
computation for sparse load shifting in demand side management,” [EEE
Transactions on Smart Grid, vol. 8, no. 1, pp. 250-261, Jan. 2017.

H. Chen, Y. H. Li, R. H. Y. Louie, and B. Vucetic, “Autonomous
demand side management based on energy consumption scheduling
and instantaneous load billing: an aggregative game approach,” IEEE
Transactions on Smart Grid, vol. 5, no. 4, pp. 1744-1754, Jul. 2014.
I. Atzeni, L. G. Ordéiez, G. Scutari, D. P. Palomar, and J. R. Fonollosa,
“Noncooperative and cooperative optimization of distributed energy
generation and storage in the demand-side of the smart grid,” IEEE
Transactions on Signal Processing, vol. 61, no. 10, pp. 2454-2472, May.
2013.

'W. Tushar, W. Saad, H. V. Poor, and D. B. Smith, “Economics of electric
vehicle charging: a game theoretic approach,” IEEE Transactions on
Smart Grid, vol. 3, no. 4, pp. 1767-1778, Dec. 2012.

W. Tushar, C. Yuen, D. B. Smith, and H. V. Poor, “Price discrimination
for energy trading in smart grid: a game theoretic approach,” IEEE
Transactions on Smart Grid, vol. 8, no. 4, pp. 1790-1801, Jul. 2017.
L. Tao and Y. Gao, “Real-time pricing for smart grid with distributed
energy and storage: a noncooperative game method considering spatially
and temporally coupled constraints,” International Journal of Electrical
Power & Energy Systems, vol. 115, pp. 105487, Feb. 2020.

I. Atzeni, L. G. Ordéiiez, G. Scutari, D. P. Palomar, and J. R. Fonollosa,
“Noncooperative day-ahead bidding strategies for demand-side expected
cost minimization with real-time adjustments: a GNEP approach,” IEEE
Transactions on Signal Processing, vol. 62, no. 9, pp. 2397-2412, May
2014.

W. Wei, F. Liu, and S. W. Mei, “Charging strategies of EV aggregator
under renewable generation and congestion: a normalized Nash equilib-
rium approach,” IEEE Transactions on Smart Grid, vol. 7, no. 3, pp.
1630-1641, May 2016.

Y. L. Liang, W. Wei, and C. Wang, “A generalized Nash equilibrium
approach for autonomous energy management of residential energy
hubs,” IEEE Transactions on Industrial Informatics, vol. 15, no. 11,
pp. 5892-5905, Nov. 2019.

F. Facchinei and J. S. Pang, Finite-Dimensional Variational Inequalities
and Complementarity Problems. New York, NY, USA: Springer, 2007.
M. E. Baran and F. F. Wu, “Network reconfiguration in distribution
systems for loss reduction and load balancing,” IEEE Transactions on
Power Delivery, vol. 4, no. 2, pp. 1401-1407, Apr. 1989.

H. G. Yeh, D. F. Gayme, and S. H. Low, “Adaptive VAR control for
distribution circuits with photovoltaic generators,” IEEE Transactions on
Power Systems, vol. 27, no. 3, pp. 1656-1663, Aug. 2012.

M. N. Faqiry and S. Das, “Distributed bilevel energy allocation mech-
anism with grid constraints and hidden user information,” IEEE Trans-
actions on Smart Grid, vol. 10, no. 2, pp. 1869-1879, Mar. 2019.

A. Ghosh, V. Aggarwal, and H. Wan, “Strategic prosumers: how to
set the prices in a tiered market?,” IEEE Transactions on Industrial
Informatics, vol. 15, no. 8, pp. 4469-4480, Aug. 2019.

H. Ahmadi and J. R. Marti”, “Linear current flow equations with
application to distribution systems reconfiguration,” IEEE Transactions
on Power Systems, vol. 30, no. 4, pp. 2073-2080, Jul. 2015.

G. Scutari, D. P. Palomar, F. Facchinei, and J. S. Pang, “Convex
optimization, game theory, and variational inequality theory,” [EEE
Signal Processing Magazine, vol. 27, no. 3, pp. 35-49, May 2010.

G. Scutari, D. P. Palomar, F. Facchinei, and J. S. Pang, “Monotone
games for cognitive radio systems,” in Distributed Decision Making and
Control, London, U. K. : Spring-Verlag, 2012, pp. 83-112.

J. B. Rosen, “Existence and uniqueness of equilibrium points for concave
n-person games,” Econometrica, vol. 33, no. 3, pp. 520-534, Jul. 1965.
S. Boyd and L. Vandenberghe, Convex Optimization. New York, USA:
Cambridge University Press, 2004.

Data for network-constrained energy consumption game. [Online].
Available: https://pan.baidu.com/s/10PeBvjQrv0ey6DmyfZHIGQ. Ac-
cessed on: Jun. 2020.

U. K. National Grid, Warwick, U. K. . (2020). “. B. National Grid
status.”Online]. Available: http://www.gridwatch.templar.co.uk/.

J. Lofberg, “YALMIP: a toolbox for modeling and optimization in MAT-
LAB,” in Proceedings of the 2004 IEEE International Conference on
Robotics and Automation (IEEE Cat. No.04CH37508), Taipei, Taiwan,
China, 2004, pp. 284-289.

Gurobi Optimization. The fastest solver. [Online]. Available: https:
/Iwww.gurobi.com.



CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 8, NO. 2, MARCH 2022

Yifei Wang received the B.S. degree in Electrical
Engineering from North China Electric Power Uni-
versity, Baoding, China, in 2015. He is currently
pursuing the Ph.D. degree with Xi’an Jiaotong Uni-
versity, Xi’an, China. His research interests include
power system operation, game theory and distributed
optimization.

Xiuli Wang received the B.S., M.S., and Ph.D. de-
grees in Electrical Engineering from Xi’an Jiaotong
University, Xi’an, China, in 1982, 1985, and 1997,
respectively.

She has been with Xi’an Jiaotong University since
1985, where she is currently a Professor with the
School of Electrical Engineering. Her research in-
terests include the power market, reliability assess-
ment of power system, and integration of renewable
power.

Yi Kuang received the B.S. degree in the depart-
ment of Electrical Engineering Tsinghua University,
Beijing, China, in 2018. Afterward, he is currently
pursuing the Master degree in Xi’an Jiaotong Uni-
versity, Xi’an, China. His current research interests
include the power market, reinforcement learning
and distributed energy sharing.

Hongyang Zhao received the B.S. degree in Elec-
trical Engineering in 2018 from Xi’an Jiaotong Uni-
versity, Xi’an, China, where he is currently pursu-
ing the M.S. degree. His research interests include
renewable energy and microgrids.

Qiao Peng received the B.S. degree in Electrical
Engineering in 2019 from Dalian University of Tech-
nology, Dalian, China. She is currently pursuing the
M.S. degree with Xi’an Jiaotong University, Xi’an,
China. Her research interests include game theory
and integrated energy system.

Zhidong Wang received the Ph.D. degree in Elec-
trical Engineering from North China Electric Power
University, Beijing, China, in 2014.

He is currently a Senior Engineer with the State
Grid Economic and Technological Research Institute
Co. Ltd, Beijing, China.



