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Blockchain-enabled Robust-game Electricity
Transaction Model for a Multi-microgrid System

Considering Wind Power Uncertainty
Jiayu Wu, Member, CSEE, Yang Liu, Qiming Yang, and Wenfeng Li

Abstract—Considering the uncertainty of wind power gener-
ation (WPG) and the specific operation behaviors of trading
microgrids, this paper presents a blockchain-enabled robust-
game electricity transaction model in a multi-microgrid system
(MMS) to obtain optimal bidding-dispatching strategies, and
achieve a transparent and decentralized electricity transaction.
Combining blockchain technology and a non-cooperative game
model, the established MMS electricity transaction architecture
provides a complete information game environment for all game
microgrids and facilitates the transparent, efficient, orderly, spon-
taneous management of MMS electricity transactions without
the intervention of a third trusted party. Based on the dis-
tributed transaction architecture, an MMS robust-game model is
presented to achieve the optimal day-ahead bidding-dispatching
(DA-BD) strategies, in which the individual microgrid two-stage
adjustable robust-game bidding-dispatching (ARG-BD) model
characterizes the WPG uncertainty by employing uncertain
interval and adjustable robust parameters. The binary expansion
method, duality theory, big M method, and column-and-constrain
generation algorithm (C&CG) are employed to solve the in-
dividual microgrid two-stage ARG-BD model. An alternating
robust-game procedure integrating the C&CG algorithm and
non-cooperative game model is developed to solve the MMS
robust-game model. Case studies demonstrate the transparent
and decentralized transaction, economic mutual benefits, and
solution robustness of the presented method.

Index Terms—Alternating robust-game procedure, bidding-
dispatching model, blockchain technology, individual microgrid
robust-game, MMS robust-game model, WPG uncertainty.

I. INTRODUCTION

RENEWABLE energy sources (RES), especially wind
power, have been wildly employed in modern power

systems to solve the increasingly severe environmental con-
tamination and energy crisis problems [1], [2]. Meanwhile,
the microgrid has been well regarded as a remarkable way
of accommodating RESs with uncertain output due to the
flexible operation and high degree of autonomy features [3].
With the escalation of microgrid numbers and the increasing
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penetration of wind power generation (WPG), the frequent
energy interaction between microgrids and the connected
distribution network (DN) aggravates the operation pressure of
DN [4]. Interconnected microgrids in the same DN can form
a multi-microgrid system (MMS) [4], [5]. Initiating electricity
transaction among MMS enables to improve the overall econ-
omy [6], promote the consumption of a RES [7] and reduce
unnecessary energy interaction with the DN [8]. However, the
various trading status of microgrids determined by different
energy profiles make electricity transactions more flexible,
which complicates the market competition. The complicated
competition and interest coupling relationship of microgrids
brings huge challenges to achieving the optimal trading strate-
gies [9], [10]. In addition, the uncertainty of WPG significantly
impacts the economy and reliability of MMS transactions
due to their deterioration in the operation and regulation
behaviors of trading microgrids [11], [12]. Therefore, it is
necessary to establish an effective electricity transaction model
to coordinate the complicated interest coupling relationship of
microgrids and cope with the uncertainty of WPG.

Currently, many scholars have launched numerous research
focusing on the MMS trading mechanism. Considering the
uncertainty of WPG, research [13] constructs a regional
MMS-DN trading model to minimize the operation cost of
MMS. This model regards MMS as a whole and ignores
the complicated competition-cooperation relationship between
individual microgrids [14]–[16]. Game theory, which has
demonstrated great effectiveness in analyzing the complicated
interest interaction relationship, has been gradually introduced
into MMS electricity transaction problems [17]–[21]. Under
the guidance of DN, the microgrids in research [17] can
participate in MMS electricity transactions through the game
of electricity bidding prices and bidding amounts to obtain
reasonable profits. The non-cooperative leader-followers game
model of DN and MMS proposed in research [18] encourages
microgrids to participate in distribution market transactions
to reduce DN operation costs. However, the microgrids in
research [17], [18] are regarded as dispatched units to respond
to upper-level incentives or constraints when participating in
electricity transactions. For MMS with a high penetration of
RES, research [19] proposes an MMS transaction framework
by integrating the game-theoretic and hierarchical optimization
approach to reduce the dependency on DN and minimize
the operation costs, while the impact of RES uncertainty on
transaction strategy formulation is ignored. Research [20] pro-
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poses a Stackelberg equilibria-based game model to peruse the
interest interaction relationship among MMS and determine
the optimal trading strategy of each game microgrid in order
to maximize the economic mutual benefits. In research [19],
[20], the microgrid independently participates in electricity
transactions based on its own interests, which is able to
formulate the trading strategy according to different energy
profiles. The effectiveness of the above studies is verified, but
none of them take into full consideration the uncertainty of
RES and the detailed operation and regulation behaviors of
MMS with electricity interaction.

The uncertainty of WPG deteriorates the operation and
regulation behaviors of the trading microgrids, and further
impacts the economy and reliability of MMS transactions [11],
[12]. Therefore, the uncertainty of RES can be tackled by
a bunch of optimization methods, such as stochastic opti-
mization (SO), deterministic optimization (DO), and robust
optimization (RO). Research [22] employs DO to deal with
the uncertainty of RES. However, DO has proved that it makes
little contributions for dealing with uncertainty [23]. Research
[24] applies SO to achieve the optimal pricing strategies of
the interconnected microgrids in MMS transactions. Never-
theless, research [25] points out that SO is computationally
intensive and highly uncertain probability distribution function
dependent. Considering the uncertainty of WPG, research
[26] presents a two-stage adaptive RO model for the optimal
scheduling of MMS. RO adopts the uncertainty sets to capture
the RES uncertainty rather than the precise probability dis-
tributions, which greatly reduces the computation complexity
and strictly immunizes the RO solution against RES worst-
case scenarios. However, research [27], [28] claims that the
overly conservative results are likely to be obtained with RO.
Compared with the traditional RO method, by introducing
an adjustable robust parameter, adjustable robust optimization
(ARO) can reach a better balance between the robustness and
economy. The key of ARO is to adjust the occurrence of
worst-case scenarios. The uncertainty tackling ability of ARO
is demonstrated in the two-stage ARO short-term operation
framework of microgrids presented in [29].

More complex and diverse microgrid data needs to be
processed in MMS transactions due to the uncertainty of RES
and increasing scale of MMS [30], [31]. In this case, the
traditional centralized transaction mode with the problems of
low anti-risk ability, information opacity and low efficiency of
information circulation is developing towards a decentralized
manner to achieve secure and efficient MMS transactions
[32]. As a distributed shared ledger and chained database,
blockchain technology with the characteristics of data trans-
parency, decentralization, and high security is an ideal under-
lying technology for distributed energy trading. Research [33],
[34] investigate the adaptability of blockchain technology in
the application of distributed energy trading. Based on multi-
agent consortium blockchain, research [35] proposes a trading
system in DN to achieve distributed and equal transactions
between prosumers. Research [36] proposes the blockchain-
based operation mechanism, real-time dispatching transaction
process and supervision model for a electricity spot market.
The above studies indicate that the application of blockchain

technology can avoid possible transaction disputes and ensure
the security of the trading system. Blockchain technology
has gradually been applied in MMS electricity transactions.
Research [37] constructs a blockchain-enabled competition
game model of MMS transactions. The proposed real-time
hybrid game pricing model indicates that the integration of
blockchain technology contributes to achieve the economic
mutual benefits of supply and demand side, improve the
efficiency of the electricity transaction and promote the devel-
opment of the electricity market [38]. Combining blockchain
technology and game-theoretics, research [39] proposes an
MMS trading game model to obtain the optimal trading
strategies and achieve a transparent transaction. Research [37]–
[39] indicates that the application of blockchain technology
facilitates the transparent, efficient, orderly and spontaneous
management of MMS electricity transactions.

In the above literature, it can be found that the transparent
and decentralized MMS electricity transaction frameworks
considering WPG uncertainty and complicated interest cou-
pling relationship of microgrids is limited. This paper estab-
lishes a blockchain-enabled robust-game electricity transaction
model to achieve the transparent and decentralized electricity
transaction and acquire the optimal bidding-dispatching strat-
egy. The main results of this paper are as follows:

1) The MMS electricity transaction architecture is estab-
lished by combining blockchain technology and the non-
cooperative game model, providing a complete information
game environment for all game microgrids in the trading
strategy formulation stage. The smart contracts describing
the MMS electricity transaction rules are embedded into
the blockchain-enabled transaction platform to achieve the
decentralized and trusted transaction in an efficient way.

2) Based on the distributed transaction architecture, an
MMS robust-game model is presented which integrates the
two-stage ARO model and non-cooperative game model or-
ganically to achieve the optimal bidding and dispatching
strategies. The first stage of the individual microgrid two-
stage adjustable robust-game bidding-dispatching (ARG-BD)
model seeks the optimal bidding and dispatching strategy. In
the second stage, the worst-case scenario of WPG is regarded
as the primary priority and the optimal strategy of bidding and
dispatching can be obtained.

3) The binary expansion method and column-and-constraint
generation algorithm are introduced as significant tools to deal
with the individual microgrid two-stage ARG-BD problem, as
well as the duality theory and big M method. The alternating
robust-game procedure integrating the C&CG algorithm and
non-cooperative game model is developed to solve the MMS
robust-game model.

The presented approach is tested on a decentralized elec-
tricity trading platform, which is constructed by combining
the ethereum client Ganache, Metamask wallet and Remix
online compiler. Case studies demonstrate the transparent
and decentralized transaction, economic mutual benefits, and
solution robustness of the blockchain-enabled robust-game
electricity transaction model.
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II. MMS ELECTRICITY TRANSACTION ARCHITECTURE
BASED ON BLOCKCHAIN TECHNOLOGY

The prosumer characteristic of microgrid makes the MMS
electricity transaction more flexible, which complicates the
market competition. The complicated competition and interest
coupling relationship of microgrids brings huge challenges
to achieve the optimal trading strategies. Therefore, a non-
cooperative game model is employed to handle the conflict
of interest and competition relationship between different
trading microgrids. The game process of the MMS transaction
non-cooperative game model under the traditional centralized
transaction management mechanism is shown in Fig. 1. Selling
microgrids upload the real-time transaction information to the
transaction center, which integrates and publishes the orga-
nized transaction information. Each microgrid reformulates the
optimal transaction strategy according to the newly published
transaction information and its own operation condition, and
then uploads the updated transaction information. The optimal
Nash equilibrium can be acquired by a repeatedly iterative
process [38]. In the traditional centralized transaction man-
agement mechanism, the transaction information required to
develop the optimal trading strategy can only be searched
from the data processed by the transaction center, which leads
to poor information transparency [39] and low information
circulation efficiency [40]. The transaction center, as the infor-
mation hub of a MMS transaction, is susceptible to malicious
attacks and data manipulation [41]. While blockchain tech-
nology facilitates the transparent, efficient, orderly and spon-
taneous management of MMS electricity transactions without
intervention of a third trusted party due to the characteristics

Start

Set the game number h = 0

Selling microgrids upload the newly achieved transaction
information to the transaction center

Transaction center integrates and publishes the
organized transaction information

Each microgrid reformulates the optimal
transaction strategy

h = h+ 1

Achieve the Nash
equilibrium

Output result

End

Y

N

Fig. 1. MMS Game process under the centralized transaction mode.

of data transparency, decentralization, and high security. It is
an ideal underlying technology to support the non-cooperative
game model of MMS transaction.

A. The Combination Between Blockchain Technology and
MMS Transaction Procedure

1) Blockchain technology and smart contract
As a distributed shared ledger and chained database,

blockchain technology is able to achieve the distributed inter-
action and collective maintenance of transaction information in
a decentralized and trusted manner. All transaction information
of MMS is updated synchronously in each microgrid node,
which greatly improves the transparency of transaction infor-
mation. Instead of collecting transaction information through
a third trusted party, each microgrid node on the blockchain
trading platform can directly obtain the related transaction
information, providing a complete information game envi-
ronment for all game players. The transaction information
stored on the blockchain is open to every microgrid node.
The account identity information and the operation data of
each trading microgrid are highly encrypted, which can only
be accessed with the authorization of the data owner, so
as to ensure the data security and personal privacy. The
adopted consensus algorithm in the blockchain platform can
ensure the security and authenticity of the updated transaction
information. Blockchain is a chain composed of data blocks,
which are arranged in chronological order. These chained-
blocks consist of a block header and block data. The specific
transaction information including the trading microgrid iden-
tity, the electricity trading price, amount and the transaction
time are stored in the block data. The block header includes
the version number, the uniquely generated hash value and
the Merkle tree, which are employed to link the next data
block and identify each block. If any of the chained-blocks
is removed or manipulated, the uniquely generated hash value
will change and the manipulated block cannot be linked to
the next block. Blockchain technology is able to provide a
decentralized and transparent transaction environment, and
ensure the security of transaction information.

The smart contract is an event-driven computerized transac-
tion protocol that contains the predefined transaction rules and
terms, and it can be automatically executed in a prescribed
manner when the preset response condition is triggered. By
embedding the smart contract into the blockchain platform,
the decentralized and trusted transaction can be achieved in
an efficient way.

2) Classification of blockchain
Blockchain can be divided into the public blockchain and

the private blockchain according to the node record authority.
Consortium blockchain is a cluster composed of private

blockchains. The blockchain is managed by multiple institu-
tions, and each institution controls one or more nodes. The data
can only be read, written and sent by different institutions in
the system. The consortium blockchain is essentially a private
blockchain.

In a public blockchain, each node has the authority to read
and write the data on the chain, and complete decentralization
can be achieved. However, the following problems make the
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public blockchain difficult to adapt to the market environment:
(1) The transaction information needs to be transmitted to
most of the nodes in the network to achieve transaction
consensus. Too many nodes in the public blockchain lead to
long communication times and low transaction efficiency. (2)
Since the information on the public blockchain is open to
every node, the users’ privacy cannot be guaranteed. (3) Every
node needs to keep all transaction records, which requires huge
storage capacity for each node.

In a private blockchain, only a few nodes have the complete
authority to read and write blockchain data, and the authority
of other nodes is limited. The decrease of the recode nodes
leads to the reduction of transaction consensus time and the
improvement of transaction efficiency. Since most of the nodes
have limited access to the blockchain data, the users’ privacy
can be guaranteed. The disadvantage is that the status of each
node is not equal, which is contrary to the original intention
of decentralization. However, comprehensively considering
the communication efficiency and storage capacity, private
blockchain is more suitable for the market environment than
public blockchain.

3) The MMS transaction procedure based on blockchain
technology

As shown in Fig. 2., the specific MMS transaction procedure
consists of the trading strategy formulation stage and the
transaction stage. In the trading strategy formulation stage,
selling microgrids employs a non-cooperative game model to
obtain the optimal trading strategies. Each game microgrid is
connected to a smart meter, through which the transparent
information interaction can be achieved on the constructed
blockchain platform. The game environment of the MMS
transaction non-cooperative game model at this time is a
complete information game. In the transaction stage, the Nash
equilibrium obtained in the trading strategy formulation stage
triggers the preset response condition of the embedded smart
contracts, and then the smart contracts describing the predeter-
mined electricity transaction rules are automatically executed.
The transaction results are returned to each trading microgrid.
The transaction information is synchronously written into the
blockchain to ensure the security and transparency of the
transaction.

MMMS Transaction Procedure

Trading strategy formulation stage Transaction stage

Microgrid 1

non-cooperative

game

Microgrid 2 Microgrid 3

Blockchain layer

Ethereum Client: Ganache

Smart contract layer

Publish
trading
strategies

Determine
the trading
MG

Calculate
trading
results

Facilitating the transparent, efcient, orderly and

spontaneous management of MMS electricity transaction
Providing a complete information game

environment for all game microgrids

Fig. 2. The MMS transaction procedure based on blockchain technology.

B. Blockchain Based MMS Electricity Transaction Architec-
ture

The specific structure of the MMS electricity transaction
architecture combining the blockchain technology and non-
cooperative game model is shown in Fig. 3.
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Fig. 3. Architecture of MMS electricity transaction.

Connected with DN, each microgrid consists of a wind
turbine, energy storage system (ESS), electricity users and
controllable generators. Each microgrid determines the elec-
tricity trading price σt and amount κt at time t according to
its own operation conditions and the transaction information
of other microgrids. The microgrids that haven’t achieved the
demand-generation balance after MMS electricity transactions
can still trade with DN.

The MMS transaction non-cooperative game model can be
described using (1):

Z = (G1, G2, · · · , Gn;F1, F2, · · · , Fn) (1)

where game players are the microgrids with surplus power;
game strategy Gi is the bidding strategy of game player i, con-
taining the electricity bidding price σt and amount κt; utility
function Fi is the total operation cost of game player i; n is the
number of game players. The Nash equilibrium of the MMS
transaction non-cooperative game model (G∗

1, G
∗
2, · · · , G∗

n)
should satisfy Fi(G

∗
i , G

∗
oi) ≤ Fi(Gi, G

∗
oi), in which “oi”

denotes the game players other than the ith game player.
According to the historical bidding strategies of other game

players {σoit, κoit},∀t ∈ T , game microgrid i formulates
the corresponding bidding strategy {σit, κit},∀t ∈ T and
continuously broadcasts it through the smart meter. Other
game players receive the broadcast information and reformu-
late the optimal bidding strategies {σoit, κoit},∀t ∈ T . The
bidding strategies of all game microgrids are reformulated and
updated after one round of the game. Game microgrids conduct
the next round of games according to the updated bidding
strategies. The iterative process is repeated until the optimal
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Nash equilibrium {σ∗
1t, κ

∗
1t;σ

∗
2t, κ

∗
2t; · · · ;σ∗

nt, κ
∗
nt},∀t ∈ T is

obtained.
The MMS electricity transaction rules are described in

Table I. According to the transaction rules, MMS writes the
smart contracts and deploys them to the blockchain-based
transaction platform. When the preset response condition is
triggered, MMS executes the smart contracts automatically
to publish trading strategies, determine trading microgrids
and calculate trading results. The transaction information is
synchronously written into the blockchain platform.

TABLE I
THE MMS ELECTRICITY TRANSACTION RULES

The MMS transaction rules
1) The electricity bidding prices of different game players obtained

from the MMS transaction non-cooperative game model are
higher than the selling price of DN and lower than the purchase
price of DN.

2) In order to minimize the electricity purchasing cost, the microgrid
with a power deficit successively trades with microgrids with
surplus power according to the bidding prices from low to high
until the demand-generation balance is achieved.

3) After MMS transactions, the microgrid with power deficit or
microgrid with surplus power can still trade with DN to achieve
the demand-generation balance.

III. CONSTRUCTION OF THE MMS ROBUST-GAME MODEL

The presented MMS robust-game model can be described
using (2):

Z =



G1 = (σ1t, κ1t),∀t ∈ T
F1 = min

x1,σ1,κ1

{Cda + maxu1 min
y1

Crt}

G2 = (σ2t, κ2t),∀t ∈ T
F2 = min

x2,σ2,κ2

{Cda + maxu2 min
y2

Crt}

· · ·
Gn = (σnt, κnt),∀t ∈ T
Fn = min

xn,σn,κn
{Cda + maxun min

yn
Crt}

(2)

where Z is the MMS robust-game model; Fi = min
xi,σi,κi

{Cda(xi, σi, κi)+max
ui

min
yi

Crt(ui, yi)} is the two-stage ARG-

BD model of individual microgrid i, which achieves the
optimal DA-BD strategy (xi, σi, κi) in each round of the
game. σt and κt are the electricity bidding price and amount;
x is the day-ahead economic dispatch strategy; u is the
WPG worst-case scenario; y is the corresponding real-time
adjustment strategy; Cda and Crt are the day-ahead and real-
time operation costs.

According to its own operation condition and the historical
bidding strategies of other game players {σoit, κoit},∀t ∈ T ,
game microgrid i employs the two-stage ARG-BD model to
formulate the optimal DA-BD strategy {xit, σit, κit},∀t ∈ T ,
and continuously broadcasts the bidding strategy {σit, κit},
∀t ∈ T through the smart meter. Other game players receive
the broadcast information and reformulate the optimal bidding
strategies {σoit, κoit},∀t ∈ T through the two-stage ARG-
BD model. The iterative process is repeated until the optimal
Nash equilibrium {σ∗

1t, κ
∗
1t;σ

∗
2t, κ

∗
2t; · · · ;σ∗

nt, κ
∗
nt},∀t ∈ T is

obtained.

The existence of the worst-case scenario is not so frequent
during the whole time period. Therefore, to avoid the over-
conservative issue, the uncertainty sets and adjustable robust
parameters are adopted to illustrate the uncertainty of WPG
in the individual microgrid two-stage ARG-BD model, which
can be described as follows:∑

t

[
P (t)− P pre(t)

p+t
ρ+t +

P pre(t)− P (t)

p−t
ρ−t

]
≤ Γ (3)

where Γ is the adjustable robust parameter which is able
to coordinate the robustness and economy of the obtained
strategies by changing the number of times that the worst-
case scenario occurs; P pre is the prediction value; p+t and p−t
are the fluctuation ranges; ρ+t and ρ−t are the 0–1 variables. If
the actual value P (t) is larger than the prediction value, ρ+t =
1, ρ−t = 0. Otherwise, ρ+t = 0, ρ−t = 1.

A. Day-ahead Stage of the Two-stage ARG-BD Model

The day-ahead stage of the presented individual microgrid
two-stage ARG-BD model can be represented by (4):

min
x,σ,κ

Cda(x, σ, κ)

s.t. Hda(x, σ, κ) = 0

Gda(x, σ, κ) ≤ 0

(4)

Based on the known worst-case scenarios of WPG, Micro-
grid i seeks the optimal bidding strategy (σ, κ) and the day-
ahead economic dispatch strategy x to minimize the day-ahead
operation costs.

min
x,σ,κ

Cda = CMT + CFC + CGrid + Cbuy
MGs − C

sell
MGs

CMT =
∑
t

[aMT · PMT(t) + bMT] ·∆t

CFC =
∑
t

[aFC · PFC(t) + bFC] ·∆t

CGrid =
∑
t

[λbuyGrid(t)P buy
Grid(t)− λsellGrid(t)P sell

Grid(t)] ·∆t

Cbuy
MGs =

∑
t

Sbuy
oi (t) · [cbuyoi (t) · P buy

oi (t)] ·∆t

Csell
MGs =

∑
t

Ssell
MGs(t) · (σtκt) ·∆t

=

M∑
n=1

∑
t

Ssell
MGs(t) · (σntκnt) ·∆t (5)

where aMT, bMT, aFC, and bFC are the constant coefficients
of MT and FC; PMT(t) and PFC(t) are the generation outputs
of MT and FC; λbuyGrid(t) and λsellGrid(t) are the purchasing
and selling prices from DN in day-ahead market; P buy

Grid(t)
and P sell

Grid(t) are the purchased and sold electricity of the
microgrid; Sbuy

oi (t), cbuyoi (t) and P buy
oi (t) are the electricity

purchasing state, price and amount of microgrid i from other
microgrids at time t; Ssell

MGs, σt and κt are the electricity selling
state, price and amount of microgrid i at time t; M is the
number of game players; σnt, κnt are the auxiliary variables.
Hda(x, σ, κ) = 0 and Gda(x, σ, κ) ≤ 0 are the day-

ahead equality and inequality constraints, which consist of the
bidding constraints, the CGs operation constraints, the energy
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storage system operation constraints, the day-ahead energy
balance constraints, the DN interaction constraints and the
interaction constraints with other microgrids.

1) Bidding constraints
The microgrid with power deficit successively trades with

microgrids with surplus power according to the bidding prices
from low to high until the demand-generation balance is
achieved. Therefore, the bidding amount is related with the
bidding price. Game microgrid i formulates the bidding strat-
egy according to its own operation condition and the broadcast
bidding strategies of other game players. At time t, microgrid
i arranges the electricity bidding prices of other game mi-
crogrids in ascending order and the price set can be denoted
as {σ1t, σ2t, · · · , σnt}. The electricity bidding amounts of
other game microgrids are arranged corresponding to the above
bidding price set {σ1t, σ2t, · · · , σnt}, and the amount set can
be described as {κ1t, κ2t, · · · , κnt}. The bidding price and the
bidding amount of microgrid i at time t has n possible states.
Therefore, the bidding price set {σi,1t, σi,2t, · · · , σi,nt}, the
bidding amount set {κi,1t, κi,2t, · · · , κi,nt} and the state set
{S1t, S2t, · · · , Snt} of microgrid i at time t are presented for
the bidding strategy formulation. S1t + S2t + · · ·Snt ≤ 1.
If S2t = 1, the bidding price σi,t of microgrid i at time
t is at the interval [σ1t, σ2t], where σ1t and σ2t are the
lowest and the second lowest bidding prices of the other game
microgrids. The bidding amount κi,t of microgrid i at time t is
at the interval [0, κallt −κ1t], where κallt is the total amount of
electricity purchased from MMS at time t, κ1t is the electricity
bidding amount of other game microgrids with the lowest
bidding price.

0 ≤ σi,1t ≤ σ1tS1t

σ1t ≤ σi,2t ≤ σ2tS2t

· · ·
σ(n−1)t ≤ σi,nt ≤ σntSnt
0 ≤ κi,1t ≤ κallt S1t

0 ≤ κi,2t ≤ (κallt − κ1t)S2t

· · ·
0 ≤ κi,nt ≤ (κallt − κ1t − · · · − κ(n−1)t)S2t

S1t + S2t + · · ·Snt ≤ 1

(6)

2) CGs operation constraints{
0 ≤ P(CG,i)(t) ≤ S(CG,i)(t) · Pmax

(CG,i)

−Rdown
(CG,i) ≤ P(CG,i)(t)− P(CG,i)(t− 1) ≤ Rup

(CG,i)

(7)

where S(CG,i)(t) and P(CG,i)(t) are the operation status and
output of CG in the day-ahead stage; Rup

(CG,i) and Rdown
(CG,i) are

the maximum up and down ramping capacities.
3) Energy storage system operation constraints

0 ≤ P ch
(SS,i,DA)(t) ≤ S

ch
(SS,i,DA)(t) · P

(ch,max)
SS,i

0 ≤ P dis
(SS,i,DA)(t) ≤ S

dis
(SS,i,DA)(t) · P

(dis,max)
SS,i

E(SS,i,DA)(t) = (1− δ(SS,i)) · E(SS,i,DA)(t− 1)

+

[
ηch(SS,i) · P

ch
(SS,i,DA)(t− 1)−

P dis
(SS,i,DA)(t− 1)

ηdis(SS,i)

]
·∆t

Emin
(SS,i) ≤ E(SS,i,DA)(t) ≤ Emax

(SS,i)

E(SS,i,DA)(T ) = E(SS,i,DA)(0) (8)

where Sch
(SS,i,DA)(t) and Sdis

(SS,i,DA)(t) are the 0–1 variables
which represent the charging and discharging states in the day-
ahead stage; P ch

(SS,i,DA)(t) and P dis
(SS,i,DA)(t) are the charging

and discharging power at time t; E(SS,i,DA)(t) is the stored
energy at time t; δ(SS,i), ηch(SS,i) and ηdis(SS,i) are the attrition
rate, and charging and discharging efficiency respectively.

4) DN interaction constraints{
0 ≤ P buy

Grid,i(t) ≤ S
buy
Grid,i(t) · P

(buy,max)
Grid,i

0 ≤ P sell
Grid,i(t) ≤ Ssell

Grid,i(t) · P
(sell,max)
Grid,i

(9)

where Sbuy
Grid,i(t) and Ssell

Grid,i(t) are the purchasing and selling
states of microgrid i with DN; P (buy,max)

Grid,i and P (sell,max)
Grid,i are

the maximum purchasing and selling power.
5) Interaction constraints with other microgrids{

0 ≤ P buy
MGs,i(t) ≤ S

buy
MGs,i(t) · P

(buy,max)
MGs,i

0 ≤ P sell
MGs,i(t) ≤ Ssell

MGs,i(t) · P
(sell,max)
MGs,i

(10)

where Sbuy
MGs,i(t) and Ssell

MGs,i(t) are the purchasing and selling
states of microgrid i with other microgrids; P buy

MGs,i(t) and
P sell
MGs,i(t) are the purchasing and selling power.
6) Day-ahead energy balance constraints

PMT(t) + PFC(t) + P dis
(SS,i,DA)(t) + P pre

wind(t) + P buy
Grid,i(t)

+P buy
MGs,i(t) = PLoad(t) + P ch

(SS,i,DA)(t) + P sell
Grid,i(t) + κt

(11)

B. Real-time Stage of the Two-stage ARG-BD Model

The real-time stage of the individual microgrid two-stage
ARG-BD model can be represented by (12):

min
x,σ,κ
{max

u
min
y
Crt(u, y)}

s.t. Hrt(x, σ, κ, u, y,Γ) = 0

Grt(x, σ, κ, u, y,Γ) ≤ 0

(12)

The real-time stage model is formulated in the “max-min”
form, in which the “max” layer searches for the worst-case
scenario of WPG based on the optimal bidding strategy (σ, κ)
and the day-ahead economic dispatch strategy x achieved in
the day-ahead stage, the “min” layer seeks the corresponding
adjustment strategy y.

The real-time adjustment cost Crt(u, y) consists of the
regulation costs and of CGs, the real-time grid interaction cost
and the wind curtailment cost, of which the details are shown
as follows:

Crt(u, y) = Cup
CG + Cdown

CG + CBalance + C loss
Wind

Cup
CG =

∑
i

∑
t

[λup(CG,i) · P
up
(CG,i)(t)] ·∆t

Cdown
CG =

∑
i

∑
t

[λdown
(CG,i) · P

down
(CG,i)(t)] ·∆t

CBalance =
∑
t

[λbuyBalance(t)P
buy
Balance(t)

− λsellBalance(t)P
sell
Balance(t)] ·∆t
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C loss
Wind =

∑
t

λlossWind · [PWind(t)− P get
Wind(t)] ·∆t (13)

where λup(CG,i) and λdown
(CG,i) are the up and down regulation

prices of CG; P up
(CG,i)(t) and P down

(CG,i)(t) are the up and
down regulation power; λbuyBalance(t) and λsellBalance(t) are the
purchasing and selling prices from DN in the real-time market;
P buy
Balance(t) and P sell

Balance(t) are the purchased and sold power
of microgrid i; λlossWind is the wind penalty prices; PWind(t)
is the actual output of WPG; P get

Wind(t) is the actual injected
WPG.
Hrt(x, σ, κ, u, y,Γ) = 0 and Grt(x, σ, κ, u, y,Γ) ≤ 0

are the real-time equality and inequality constraints, which
consist of the WPG constraints, the CGs real-time regulation
constraints, the real-time DN interaction constraints and the
real-time energy balance constraints.

1) WPG constraints

0 ≤ P get
Wind(t) ≤ PWind(t) (14)

2) CGs real-time regulation constraints

0 ≤ P up
(CG,i)(t) ≤ P

(up.max)
(CG,i)

0 ≤ P down
(CG,i)(t) ≤ P

(down.max)
(CG,i)

−Rdown
(CG,i) ≤ P(CG,i)(t) + P up

(CG,i)(t)− P
down
(CG,i)(t)

− [P(CG,i)(t− 1) + P up
(CG,i)(t− 1)− P down

(CG,i)(t− 1)]

≤ Rup
(CG,i) (15)

3) Real-time DN interaction constraints
0 ≤ P buy

Balance(t) ≤ P
(buy,max)
Balance

0 ≤ P sell
Balance(t) ≤ P

(sell,max)
Balance

0 ≤ P buy
Grid(t) + P buy

Balance(t) ≤ P
(buy,max)
Grid

0 ≤ P sell
Grid(t) + P sell

Balance(t) ≤ P
(sell,max)
Grid

(16)

4) Real-time energy balance constraints

P buy
MGs,i(t) + PMT(t) + P up

MT(t)− P down
MT (t) + PFC(t)

+ P up
FC(t)− P down

FC (t) + P dis
(SS,i,RT)(t) + P get

wind(t)

+ P buy
Grid,i(t) + P buy

Balance(t)

= PLoad(t) + P ch
(SS,i,RT)(t) + P sell

Grid,i(t) + P sell
Balance(t) + κt

(17)

IV. MODEL SOLUTION

A. Detailed Solution of the Individual Microgrid Two-stage
ARG-BD Model

The model is able to be rewritten in the following matrix
form:

min
x,σ,κ

{cT(x,σ,κ) + max
u

min
y

(dTy + eTu)}

s.t. Ax = g,Bx ≤ h
Cx+Dy = i,Ex+ Fy ≤ j
Gy ≤ u

(18)

where c, d, e are the coefficient matrices in the objectives; A,
C,D are the coefficient matrices of the equality constraints; g,

i are the constant column vectors of the equality constraints;
B, E, F , G are the coefficient matrices of thr inequality
constraints; h, j are the constant column vectors of the
inequality constraints.

The decomposed master problem searches for the optimal
bidding strategy (σ, κ) and the day-ahead economic dispatch
strategy x, which is able to be explained by (19):

min
x,σ,κ

{cT(x,σ,κ) + θ}

s.t. θ ≥ dTy + eTu

Ax = g,Bx ≤ h
Cx+Dy = i

Ex+ Fy ≤ j
Gy ≤ u

(19)

The master problem cannot be solved directly due to the
bilinear item σtκt in the objective function. Therefore, the
binary expansion method is utilized to linearize the bilinear
term: 

σtκt = σmin
tb κt + ∆σ

Bσ∑
b=0

2bvtb

σmin
tb κt + ∆σ

Bσ∑
b=0

2bxtb ≤ σmax
tb

vtb = xtbκt

∆σ = (σmax
tb − σmin

tb )/M1

M1 = 2Bσ

0 ≤ κt − vtb ≤Mσ(1− xtb)

(20)

where σmin
tb and σmax

tb are the minimum and maximum elec-
tricity bidding prices; vtb is the auxiliary variable; xtb is
the introduced binary variable; Bσ is the number of binary
variables; Mσ is a sufficiently large constant.

The decomposed “max-min” sub-problem seeks the WPG
worst-case scenario u and the corresponding real-time adjust-
ment strategy y, which can be represented by (21):

min
x,σ,κ

{max
u

min
y

(dTy + eTu)}

s.t. Cx+Dy = i

Ex+ Fy ≤ j
Gy ≤ u

(21)

Duality theory and the Big M method are applied to dual
and linearize the decomposed “max-min” sub-problem. The
transformed model can be depicted by (22). The detailed
transformation process can be referred to in [44].

max
u,α,β,γ

uupξ+ + udownξ− + upre(1− ξ+ − ξ−)

+ iTα− xTCTα+ jTβ − xTETβ

s.t. DTα+ FTβ +GTγ = d, ξ = e+ γ,β ≤ 0,γ ≤ 0

−M(1− µ+
i ) + ξi ≤ ξ+i ≤ −M(1− µ+

i ) + ξi

−M(1− µ−
i ) + ξi ≤ ξ−i ≤ −M(1− µ−

i ) + ξi

−Mµ+
i ≤ ξ

+
i ≤Mµ+

i

−Mµ−
i ≤ ξ

−
i ≤Mµ−

i
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µ+
i + µ−

i ≤ 1,
∑
i

(µ+
i + µ−

i ) ≤ Γ (22)

The major steps of the iteration process between the master
problem and the sub-problem are listed in Table II.

TABLE II
THE MAJOR STEPS OF THE ITERATION PROCESS

The major steps of the iteration process
Step 1 Initialize the upper and lower bounds U0 = +∞, L0 = −∞.

Set the initial scenario u1, the value of the convergence gap λ,
and the iteration number k = 1.

Step 2 Solve the master problem considering the known worst-case
scenario set ul. Get the optimal solution (xk,σk,κk) and set
the master problem objective as the new lower bound Lk .

Step 3 Solve the sub-problem based on (xk,σk,κk) achieved in Step
2. Get the optimal solution (uo

k,y
o
k) and update the worst-case

scenario set uk+1 = uo
k . Set the sum of sub-problem objective

and main problem cT(x,σ,κ) as the new upper bound Uk .
Step 4 If Uk − Lk ≤ λ, get the optimal solution (xk,σk,κk).

Otherwise, update k = k+1 and go back to Stepthe2.

B. Alternating Robust-game Procedure

The presented MMS robust-game model includes the intra-
microgrid operation and inter-microgrid game. During every

round of the game, each microgrid employs the individual
two-stage ARG-BD model to achieve the optimal DA-BD
strategy. When obtaining the Nash equilibrium solution, the
alternating robust-game procedure stops. The detailed steps of
the alternating robust-game procedure are shown in Fig. 4. The
blue part of the flow chart describes the whole game process
of the presented MMS robust-game model, which is run on-
chain to achieve the complete information game environment.
The grey part of the flow chart illustrates the specific DA-BD
strategy formulation process, which is accomplished by the
individual microgrid system and run off-chain.

V. CASE STUDY

The presented blockchain-enabled robust-game electricity
transaction model is tested on a decentralized electricity trad-
ing platform, which is built based on the ethereum client
Ganache, Remix online compiler and Metamask wallet. A pri-
vate chain is first created in Ganache, and the smart contracts
describing MMS transaction rules are compiled and deployed
in the private chain by using the Remix online complier. A
Metamask wallet is adopted to record the transaction process.
All individual microgrids in MMS jointly negotiate and decide

Start

Set the game number h = 0

Enter the bidding strategy set {σ̄i,tκ̄i,t},
∀t ∈ T, ∀i ∈ n, of each game player

Set the game player number i = 0

i = i+ 1

Obtain the optimal bidding strategy
{σi,tκi,t}, ∀t ∈ T , of game player i

Update the bidding strategy
set of each game player

i < n

h = h+ 1

Achieve the Nash
equilibrium

Output result

End

N

Y

Y

N

Solving process of individual microgrid two-stage ARG-DB model

Start

Set the initial scenario u1

Initialize the upper and lower bounds U0 = +∞, L0 = −∞

Set iteration number k = 1, the convergence gap λ

Solve the linearized master problem based on the known worst-case
scenario set u1 and obtain the optimal solution (xk, σk, κk)

Set the master problem objective
as the new lower bound Lk

Solve the converted sub-problem based on
(xk, σk, κk) and get the optimal solution (uok, y

o
k)

Update the worst-case scenario set uk+1 = uok

Set the sum of sub-problem objective and main
problem cT(x, σ, κ) as the new upper bound Uk

Uk − Lk ≤ λ

Achieve the optimal solution

End

Y

N

Fig. 4. Alternating robust-game procedure.
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the conversion rate between the electricity trading platform
token and the dollar. 1 ether is equivalent to $1 as the primary
setting. The MMS includes one microgrid with a power
deficit and three microgrids with surplus power. The electricity
purchase demand, load demand and predicted WPG of the
microgrid with power deficit in each time period are shown
in Fig. 5. The predicted WPG and load demand of microgrids
with surplus power are respectively shown in Figs. 6, and 7.
The parameters of CGs and the energy storage system in each
microgrid are respectively shown in Tables III and IV.
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Fig. 5. Purchase demand, load demand and predicted WPG of the purchasing
MG.
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Fig. 6. Load demand and predicted WPG of the selling MG 1.
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Fig. 7. Load demand and predicted WPG of the selling MG 2.

TABLE III
THE PARAMETERS OF CGS

Description
Rated
capacity
(kW h)

Ramp
rate (kW
min−1)

Generation
cost
($/kW)

Regulation
cost
($/kW)

Selling MG 1-MT 600 6 0.67 1.005
Selling MG 1-FC 600 2 0.60 0.900
Selling MG 2-MT 800 6 0.67 1.005
Selling MG 2-FC 400 2 0.60 0.900
Selling MG 3-MT 400 6 0.67 1.005
Selling MG 3-FC 800 2 0.60 0.900
Purchasing MG-MT 600 6 0.67 1.005
Purchasing MG-FC 600 2 0.60 0.900

TABLE IV
THE PARAMETERS OF ENERGY STORAGE SYSTEM

Description Selling
MG 1

Selling
MG 2

Selling
MG 3

Purchasing
MG

Rated Capacity (kWh) 800 600 400 800
Maximum Charging
and Discharging
Power (kW)

250 200 150 250

Self-Loss Coefficient 0.999 0.999 0.999 0.999
Charging Coefficient 0.900 0.900 0.900 0.900
Discharge Coefficient 0.900 0.900 0.900 0.900

TABLE V
THE PARAMETERS OF WIND POWER GENERATORS

Description Selling
MG 1

Selling
MG 2

Selling
MG 3

Purchasing
MG

Rated capacity (kW h) 1000 1200 1200 1000
Penalty price ($/kW h) 0.536 0.536 0.536 0.536

A. Trading Result Analysis

In the blockchain-enabled complete information game en-
vironment, the three microgrids with surplus power set the
adjustable robust parameters of the WPG uncertain interval to
10, and the prediction errors to 10 %. Based on the electricity
purchase demand released by the microgrid with power deficit,
the three game players achieve the Nash equilibrium solution
of the MMS robust-game model after nine rounds of games.

1) Economy and WPG consumption analysis
The comparison of the overall economy and WPG consump-

tion is illustrated in Table VI. The obtained bidding prices of
the three game players are shown in Fig. 8.

TABLE VI
COMPARISON OF ECONOMY AND WIND POWER CONSUMPTION

Description

With MMS electricity
transaction

Without MMS electricity
transaction

Day-ahead
operation
cost ($)

Wind
curtailment
(kWh)

Day-ahead
operation
cost ($)

Wind
curtailment
(kWh)

MMS 35512.4 60.2 40126.7 133.2
Selling MG 1 9714.6 0 10045.5 0
Selling MG 2 4766.6 43.3 6154.4 81.4
Selling MG 3 4314.1 16.9 5808.4 51.8
Purchasing
MG 4 16717.1 0 18118.7 0

Figure 8 demonstrates that the maximum and minimum
electricity bidding prices are both lower than the selling price
of DN and higher than the purchase price of DN in each
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Fig. 8. Obtained bidding prices of game players.

time period. Combined with Table VI, it can be seen that
when the bidding price is within the range of the selling and
purchase prices of DN, the microgrids with surplus power can
increase the electricity selling profit, the microgrid with power
deficit is able to reduce the electricity purchase cost, and the
overall economy improvement can be achieved. Table VI also
indicates that the MMS electricity transaction is able to reduce
the wind curtailment and promote WPG consumption.

2) Optimization result analysis
The optimization results of the microgrids with surplus

power are shown in Table VII, and the electricity bidding
amounts of each game players are illustrated in Fig. 9.

Table VII indicates that the power supply of selling micro-
grid 1 is insufficient at some time period, so it is necessary
to purchase electricity from DN to ensure the supply-demand
balance. After selling power to MMS, selling microgrid 1
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Fig. 9. Electricity bidding amount of each game player.

TABLE VII
OPTIMIZATION RESULT OF MICROGRIDS WITH SURPLUS POWER

Description Selling
MG 1

Selling
MG 2

Selling
MG 3

Day-ahead
operation
cost ($)

MT 5077.8 7472.4 2991.4
FC 5834.7 3560.3 7392.5
DN 117.4 −2140.0 −1335.9
Bidding profit 1315.3 4126.1 4733.9

Real-time adjustment cost ($) 612.1 710.1 715.2
Total operation cost ($) 10326.7 5476.7 5029.3

and microgrid 2 still have surplus power that can be sold to
DN for additional profit. In the complete information game
environment, the bidding profits of selling microgrid 1 and
microgrid 2 account for the vast majority of the total bidding
income of MMS. Combining with Fig. 9, it can be seen that
the electricity bidding amount of selling microgrid 1 is the
least, and it is concentrated in the time period 1:00–7:00 and
15:00–16:00 with the relatively low bidding prices, that is,
less electricity is sold at lower prices. Selling microgrid 2
and microgrid 3 achieve a dominant position in the game
competition, selling more electricity at 8:00–11:00 and 17:00–
23:00 when the bidding prices are relatively high. As can
be seen from Table VII and Fig. 9, the microgrids with
more surplus power occupy more dominant positions in the
game. This is due to the fact that the surplus power can
be transferred and stored through the flexible operation and
regulation behaviors of the microgrid, and it can be sold at
the time period when the purchase demand is large or the
price is high to achieve satisfactory bidding profit.

3) DA-BD strategy analysis
Figures 10, 11 and 12 show the DA-BD strategies of each

selling microgrid. The DA-BD strategy includes the day-ahead
output of CGs, the transaction strategy with DN, the electricity
bidding price and amount. The results of the MMS robust-
game model can be analyzed from the perspective of the
specific operation behaviors of MMS. Each selling microgrid
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Fig. 10. Unit outputs of selling MG 1.
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has the same installed capacity of CGs. CGs include the MT
with higher generation cost and the FC with lower generation
cost.

In selling microgrid 3, the installed capacity of FC is the
largest, and the WPG output is relatively sufficient. Selling
microgrid 3 is capable to be a storage for the surplus electricity
when high WPG output or valley load demand comes, so
it achieves a dominant position in the game competition.
Load demand in selling microgrid 1 is larger than that of
Selling microgrid 2 and microgrid 3. Although the capacity
of the energy storage system in selling microgrid 1 is the
largest, there is no surplus power to store and use at the
appropriate time, so selling microgrid 1 is at a disadvantage
in the game. Although the installed capacity of FC with lower
generation cost is the smallest, selling microgrid 2 has the
largest WPG output and its load demand is relatively small, so
the satisfactory result has been achieved in the game process.

B. Transaction Procedure Based on Blockchain Technology

According to the electricity purchase demand released by
the purchasing microgrid, the selling microgrids compete with
each other to obtain the Nash equilibrium, which includes the
optimal bidding strategy and the day-ahead economic dispatch
strategy of each selling microgrid. The obtained Nash equilib-
rium triggers the preset response condition of energy trading
smart contracts, and MMS conducts electricity transactions
according to the pre-described energy trading rules. Taking the
time period 16:00 as an example, the transaction process of
MMS based on blockchain technology is shown in Tables VIII
and IX.

Tables VIII and IX indicate that the electricity purchase
demand of the purchasing microgrid at 16:00 cannot be fully
satisfied through the transaction with the selling microgrids. To
achieve the supply-demand balance, the purchasing microgrid
still needs to buy electricity from DN after the MMS trans-
action. Based on the electricity trading rules, the purchasing
microgrid conducts transactions with the selling microgrids
according to the bidding prices from low to high, until the
electricity purchase demand is satisfied. The purchasing mi-
crogrid first trades with the selling microgrid 1 at the price of
0.7494 (ether/kWh), and then trades with the selling microgrid

TABLE VIII
TRANSACTION INFORMATION OF MULTI-MICROGRID SYSTEM

Parties to transaction Trading priceether
(kWh)

Trading amount
(kWh)

Purchasing
MG-Selling MG1 0.7494 300.0

Purchasing
MG-Selling MG2 0.7745 150.5

Purchasing
MG-Selling MG3 0.7745 300.0

Purchasing MG-DN 0.9000 248.9

TABLE IX
TRANSACTION RESULT OF MULTI-MICROGRID SYSTEM

Trader Trading
address

Account balance
before transaction
(ether)

Account balance
after transaction
(ether)

Purchasing MG 0x9297. . . 10000.0 9202.2
Selling MG1 0xdB1f. . . 10000.0 10224.8
Selling MG1 0x5aE4. . . 10000.0 10116.6
Selling MG1 0x4a7e. . . 10000.0 10232.4
DN 0xe7Cc· · · 10000.0 10224.0

2 and microgrid 3 at the price of 0.7745 (ether/kWh). After
the MMS transaction, the purchasing microgrid still has part of
the unsatisfied electricity purchase demand, while the selling
microgrids are constrained by their own operation conditions,
and there is no extra electricity for sale. Therefore, the
purchasing microgrid finally purchases electricity from DN at
the price of 0.9000 (ether/kWh). The above results show that
the smart contracts deployed on the blockchain platform can
achieve the decentralized MMS transaction according to the
pre-described energy trading rules.

C. Efficiency Comparison of Different Operation Modes

This paper simulates the MMS robust-game model under the
centralized trading mechanism and the presented blockchain-
enabled distributed trading mechanism in the MATLAB en-
vironment in order to compare their operation efficiency.
Table X indicates that the MMS trading strategy formulation
efficiency under the centralized trading mechanism is similar
to that of the presented distributed trading mechanism. The
reason is that the trading strategy formulation stage includes
the individual microgrid trading strategy formulation process
and the game information integration process. The calculation
work is primarily concentrated in the individual microgrid
trading strategy formulation process, which takes a lot of
time to process the two-stage ARG-BD model. Under the
presented blockchain-enabled distributed trading mechanism,
game microgrids achieve a complete information game without
intervention of a third trusted party. While under the cen-
tralized trading mechanism, each game microgrid uploads the
obtained bidding strategy to the transaction center. The trans-
action center integrates and publishes the organized bidding
information, providing references for the next round of games.
The transaction center can quickly integrate and publish the
bidding information since the structure of the interacted bid-
ding strategy in the presented MMS robust-game model is
simple. The trading time is from the moment of obtaining
the Nash equilibrium of MMS robust-game model to the
moment when the transaction block is generated. The trading
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TABLE X
COMPARISON OF OPERATION TIME

Description
Trading strategy formulation stage Transaction stage

Trading strategy
formulation time

Single-round
game time

Game information
integration time

Total trading strategy
formulation time

Single period
trading time Total trading time

Centralized
transaction mode 23.80 s 89.82 s 0.756 ms 809.38 s 5.22 s 127.89 s

Decentralized
transaction mode 23.80 s 89.82 s – 809.38 s 1.47 ms 36.75 ms

TABLE XI
INFLUENCES OF WPG UNCERTAINTY ON OPERATION RESULT

Description

Considering WPG uncertainty Ignoring WPG uncertainty

Bidding
profit ($)

Day-ahead
operation
cost ($)

Expected real-time
adjustment
cost ($)

Expected
total operation
cost ($)

Bidding
profit ($)

Day-ahead
operation
cost ($)

Expected real-time
adjustment
cost ($)

Expected
total operation
cost ($)

Selling MG 1 1315.3 9714.6 264.2 9978.8 1383.1 9686.8 432.8 10129.6
Selling MG 2 4126.10 4766.6 307.5 5074.1 4111.8 4664.6 480.2 5144.8
Selling MG 3 4733.9 4314.1 323.9 4638.0 4705.9 4286.0 508.4 4794.4

efficiency under the presented distributed trading mechanism is
far superior to that of the centralized trading mechanism. This
is due to the fact that the MMS electricity transaction smart
contract embedded in the blockchain platform is automatically
executed, and the decentralized and trusted transaction is
achieved in an efficient way. In the trading strategy formulation
stage, the blockchain-enable transaction platform provides a
complete information game environment for all game micro-
grids without intervention of a third authority. In the trans-
action stage, the smart contract facilitates the decentralized,
transparent and efficient MMS electricity transaction.

D. Influences of the WPG Uncertainty on the Transaction
Model Results

Table XI indicates that the bidding profit of selling mi-
crogrid 1 increases when the WPG uncertainty is not taken
into account. This is because the reserve capacity of CGs in
selling microgrid 1 needs to be retained to deal with the WPG
uncertainty. Therefore, the surplus power of selling microgrid
1 participating in the trading game decreases when consid-
ering WPG uncertainty. The ignorance of WPG uncertainty
increases the surplus power and improves the bidding profit
of selling microgrid 1. As the total electricity purchase demand
is the same, the bidding profits of selling microgrid 2 and 3
decrease correspondingly when the WPG uncertainty is not
taken into account. While the overall positions of the three
selling microgrids in the game process remain unchanged.
It also can be seen from Table XI that the ignorance of
WPG uncertainty results in the lower day-ahead operation cost,
higher real-time adjustment cost and total operation cost. The
reason is that the deviation between the actual and predicted
WPG in the real-time stage requires selling microgrids to
adjust the obtained day-ahead bidding-dispatching strategies
to achieve the real-time demand-generation balance. The DA-
BD strategies, ignoring WPG uncertainty, costs more in the
real-time stage.

E. Robustness Discussion of Individual Microgrid Two-stage
ARG-BD Model

This section investigates the robustness and economy of

the individual microgrid two-stage ARG-BD model in the
presented MMS robust-game model. 1,000 random scenarios
are generated to evaluate the performances of the DA-BD
strategies obtained by using the presented two-stage ARG-
BD model, deterministic-game bidding-dispatching (DG-BD)
model and traditional robust-game bidding-dispatching (RG-
BD) model. The adjustable robust parameter, representing the
number of times that the worst-case scenario occurs, is set to
10. The prediction errors are set to 10 %. The total operation
costs of the DA-BD strategies under 1,000 random scenarios
are illustrated in Fig. 13. The comparison of specific operation
costs are shown in Table XII.

Figure 13. indicates that the total operation costs of the
ARG-BD strategy are less than the DG-BD strategy and RG-
BD strategy in most scenarios. Combined with Table XII,
it can be seen that the DG-BD strategy achieves the lowest
day-ahead operation cost, and the RG-BD strategy obtains
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Fig. 13. Scatter of total operation costs.

TABLE XII
COMPARISON OF OPERATION COST AND EFFICIENCY

Optimization strategy DG-BD
strategy

ARG-BD
strategy

RG-BD
strategy

Day-ahead operation cost ($) 16696.3 16717.1 16790.7
Real-time adjustment cost ($) 411.2 280.9 243.0
Average total operation cost ($) 17107.5 16998.0 17033.7
Operation time (s) 11.3 22.5 11.5
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the highest cost, while the expected real-time adjustment cost
is exactly the opposite. The RG-BD strategy achieves the
most densely distributed total operation costs and the lowest
expected real-time adjustment cost, indicating that under the
same WPG scenario, it takes the lowest real-time adjustment
cost to deal with the deviation between the actual WPG output
and the predicted output, that is, the ability to deal with the
uncertainty of WPG is the best. It also can be observed that
the ARG-BD strategy is able to effectively deal with the WPG
uncertainty and achieves the best economy. This is due to the
fact that in the day-ahead stage, the DG-BD model ignores the
uncertainties and the RG-BD model puts worst-case scenarios
as the highest priority. While the presented ARG-BD model
reasonably characterizes the WPG uncertainty by employing
the uncertain interval and adjustable robust parameter, which
enables the obtained day-ahead ARG-BD strategy to achieve
good economy and effectively deal with the WPG uncertainty.
Table XII demonstrates that the presented two-stage ARG-BD
model takes the longest time to achieve the DA-BD strategy.
The solving times of the DG-BD model and the RG-BD model
are quite comparable. The reason is that the DG-BD model and
the RG-BG model consider the prediction scenario and the
worst-case scenario of WPG respectively, and both of them
are a single stage model. The presented two-stage ARG-BD
model includes the day-ahead stage and real-time stage. The
two stages interact with each other. Therefore, the solving
efficiency of the presented two-stage ARG-BD model is lower
than that of the DG-BD model and the RG-BG model.

VI. CONCLUSION

This paper presents a blockchain-enabled robust-game elec-
tricity transaction model for MMS considering the WPG
uncertainty and the specific operation and regulation behaviors
of individual microgrids. In this method, game theory is em-
ployed to analyze the complicated interest interaction between
the individual trading microgrids, and blockchain technology
is applied to achieve the effective data management and infor-
mation interaction in MMS transactions. The distributed MMS
transaction architecture constructed by combining blockchain
technology and non-cooperative game theory can achieve the
decentralized and transparent MMS transaction according to
the pre-described energy trading rules. The MMS robust-game
model is presented to obtain the optimal DA-BD strategies of
MMS, in which the individual microgrid two-stage ARG-BD
model characterizes the WPG uncertainty by employing the
uncertain interval and adjustable robust parameter. The binary
expansion method, duality theory, big M method, and C&CG
algorithm are employed to solve the individual microgrid
two-stage ARG-BD model. The optimal DA-BD strategies of
MMS can be achieved by integrating the C&CG algorithm
and non-cooperative game theory, which are able to balance
the interests of the microgrid individuals and effectively cope
with the WPG uncertainty. The case study indicates that the
presented blockchain-enabled robust-game electricity transac-
tion model is able to achieve the transparent and decentralized
electricity transaction without intervention of a third trusted
party, improves the overall economy of MMS, promotes the

WPG consumption, handles the conflict of interest between
different trading microgrids and effectively copes with the
WPG uncertainty.
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