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Trading in Distribution Grids with MGs 

Tao Xu, Rujing Wang, He Meng,Mengchao Li, Hongru Wang, Yu Ji, Ying Zhang, Qingrong Zheng, 

Ping Song, and Jiani Xiang 

Abstract—Renewable energy dominated future power 

grids require enhanced system flexibility, in particular, 

activating the participation from various distributed en-

ergy resources (DERs). A coordinated two-stage flexibility 

trading framework for distribution system with mi-

crogrids (MGs) is proposed in this paper. At day-ahead 

stage, a peer to peer (P2P) trading mechanism and the 

associate leasing strategy of shared energy storage system 

are performed to solve the power variations caused by the 

wide spread integration of renewable resources, where 

asymmetric Nash bargaining is used to realize the fair 

revenue allocation according to the contribution of each 

MG in P2P trading. At intra-day stage, given the power 

imbalances from unexpected uncertainties, MGs exploit 

the adjustability of the DERs in responding to rapid 

flexibility requirements issued by distribution system 

operator. In particular, the average consensus based de-

centralized Newton method with super linear convergence 

is utilized to meet the requirements of flexibility while 

maintaining the information security. The feasibility, 

effectiveness and equity of the proposed trading strategies 

are verified through various simulation studies. 

Index Terms—Microgrids, decentralized Newton, flexi-

bility trading, asymmetric Nash bargaining, peer-to-peer. 
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Ⅰ.   INTRODUCTION 

n order to mitigate the energy crisis and greenhouse 

gas (GHG) emission effect caused by the excessive 

consumption of fossil fuels for the past decades, con-

sensus has been incentivized worldwide on developing 

renewable energy (RE) in a sustainable approach. 

Global activities have been made in accelerating the 

energy transitions in recent years. In 2019, the U.K. 

government released the ‘Energy White Paper’ to 

specify the goal towards net zero by 2050 [1]. At the 

same year, the ‘European Green Deal’ has been issued 

to ensure efficient portfolio in reaching net zero in the 

EU by 2050 [2]. In 2021, the U.S. government released 

the ‘Executive Order 14008’ on tackling the climate 

crisis to achieve a carbon pollution-free electricity be-

fore 2035 [3]. As the world’s largest energy consumer 

and carbon emitter, China pledged the energy transition 

plan in 2020 with a target of achieving country-wide 

carbon neutrality by 2060 [4].  
According to the announced pledges, the Interna-

tional Energy Agency has estimated that the proportion 
of RE generation in China is expected to reach 60% [4] 
while the EU and U.S. plan to reach 100% [5] and 80% 
[6] by 2050, respectively. The RE dominated electric 
power grid, and in particular the distribution system, 
poses significant challenges to the system’s operation 
and control [7]. To address the challenges, instead of 
network infrastructure reinforcement, sufficient and 
active system regulation capabilities, namely system 
flexibility, in multiple time scales is urgently required 
[8]. 

The concept of grid flexibility is still emerging, and 
can be illustrated as the flexible margin to accommodate 
REs [9], or the system efficiency in responding chang-
ing scenarios [10]. At power distribution grids, opera-
tors aim to maintain a diversified portfolio of flexible 
schemes at various time scales without additional in-
vestment, making full utilizations of distributed energy 
resources (DERs) including controllable distributed 
generation (DG), energy storage systems (ESSs), flexi-
ble loads, or in an integrated form as microgrids (MGs). 
In this paper, the grid flexibility is defined as the capa-
bility to cope with the system fluctuations at various 
time scales with multiple flexible resources (FRs) while 
pursuing cost minimization. 

I 



XU et al.: A COORDINATED TWO-STAGE DECENTRALIZED FLEXIBILITY TRADING IN DISTRIBUTION… 55 

The flexibility market has attracted substantial atten-
tions globally. There are two major trends on market 
mechanisms. One aspect is the design of commercial 
products to bring rapid flexibility services to the grid 
[11], [12]. The U.K. National Grid developed optional 
downward flexibility management [11], whereas the 
flexible ramping product introduced by the independent 
system operator (ISO) in the U.S., can reach MW-level 
output within 10 minutes [12]. It can be seen that the 
current flexibility products are mainly on transmission 
level with certain entry thresholds. 

The other aspect is the local flexibility markets that 
provide options for flexibility trading among partici-
pants in active distribution networks (ADNs) [13]. The 
introduction of flexibility services on ADNs can incen-
tivize broader participation through flexibility bidding 
[14], flexibility tokens [15], and flexibility contracts 
[16], etc. Meanwhile, the efficient integration and uti-
lization of FRs can achieve better system performances, 
i.e., preventing overloading issues [17] and relieving 
system congestion [18]. Therefore, the local flexibility 
market not only maximizes the flexibility potential and 
lowers the access threshold for DER participation, but 
also relieves the regulation pressure of the higher volt-
age grid. However, the proposed local flexibility mar-
kets mechanisms need to be further developed to better 
cope with the actual energy market framework, in par-
ticular, the coordination and aggregation among re-
sources with different source-load characteristics need 
to be further explored to enhance the overall system 
operational flexibility and economy. 

Among different types of participants in local flexi-
bility markets, MG is one of the integrated approaches 
for DERs. MGs with different source-load characteris-
tics can promote consumption of REs and achieve 
win-win benefits through information exchange and 
peer-to-peer (P2P) trading [19], coordination among 
multi-microgrids (MMGs) can also be considered as an 
extension of flexibility trading [20]. 

Existing research on P2P trading can be divided into 
three categories: centralized, decentralized, and dis-
tributed. In centralized approach, a coordinator who 

communicates with all participants is used to make 

decisions on transaction prices and to allocate revenues 

based on pre-determined rules [21], [22]. In [21], the 
coordinator can assign fixed prices for P2P transactions 

between houses that are equipped with roof photovol-
taic (PV) and battery packs. Reference [22] proposes a 
centralized P2P transactions scheme named smart elec-

tricity exchange platform (STEP), where the trading 
prices are specified in advance as a constraint. 

In decentralized trading, the information privacy of 

participants is well protected without third-party in-
volvement. There are various forms of approaches, 

including bilateral contract networks, consensus ap-
proaches, blockchain mechanisms and multi-agent 
systems. In [23], a decentralized P2P energy trading 

strategy is proposed in blockchain environment based 
on consensus algorithm. The scheme proposed in [24] 
respects market players’ preferences by allowing bilat-

eral energy trading with product differentiation. 
Combined with centralized and decentralized ap-

proaches, the distributed trading operates in a decen-
tralized manner although the communication among 
prosumers is in a centralized fashion [25], [26]. Coor-

dinators tend to indirectly influence users through ap-
propriate price signals. In [25], the P2P-based flexibility 
service is implemented between MGs under the system-level 

regulation of distribution system operator (DSO), where the 
chance-constrained uncertainty distribution locational mar-
ginal price (CC-UDLMP) is used to settle the transactions. 

Reference [26] proposes a P2P energy trading mecha-
nism based on divided transaction zones, to guide the 

trading of prosumers in the same zone to avoid the 
network congestions. Despite the fact that energy 
sharing among participants has been investigated in a 

variety of practices, few have discovered the potential 
of DERs to support flexibility on the distribution grid. 

In order to identify the gaps between existing re-

search and this study, a comparison on the existing 
research related to the flexibility markets is shown in 

Table I. 

TABLE I  
A SUMMARY AND COMPARISON AMONG EXISTING LITERATURE ON FLEXIBILITY TRADING 

Ref. 
System 

flexibility 

Local flexibility 

market  
P2P 

Decentralized optimization 

methods 

Pricing based on  

game theory 
SESS MG 

[9], [10] √ × × × × × × 
[11] √ × × × × × × 
[12] √ × × × × × × 
[14] √ √ × × × × × 
[15] √ √ √ √ × × × 
[16] √ √ × √ × × × 

[17], [18] √ √ × × × × × 
[19] × × √ √ √ × √ 
[20] × × × √ × × √ 

[21], [22] × × √ × × × × 

[23] × × √ √ √ × × 
[24] × × √ √ × × × 
[25] √ √ √ √ √ × √ 

[26] × × √ × √ × × 

This paper √ √ √ √ √ √ √ 
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The literature has discussed various motivations and 

strategies to encourage participants to actively involve 

the local flexibility market. However, the following 

aspects need further investigation to ensure practical 

implementation: 1) the power fluctuations in light of 

volatile REs need to be resolved hieratically to better 

compensate the unexpected uncertainties; 2) the vitality 

and responsivity of FRs need to be further stimulated in 

the context of information security; 3) the fair allocation 

strategies among participants need to be practical and 

executable; and 4) the high efficiency computation is 

required to ensure rapid responses and practical im-

plementations for local flexibility services. 

Therefore, the main purpose of this paper is to pro-
pose a practical two-stage flexibility trading framework 
among MGs to enhance the system flexibility. At 

day-ahead stage, a P2P trading mechanism of MMGs 
and associate leasing strategy of a shared energy storage 
system (SESS) are introduced to solve the power varia-

tions caused by the integration of REs. At intra-day 
stage, considering the short-term power fluctuations 

that are not solved at day-ahead stage, a fully decen-
tralized optimization algorithm is developed to address 
the rapid response requirements on flexibility. The case 

studies verify the feasibility of the proposed method-
ology and algorithm. The main contributions of this 
paper can thus be summarized as follows: 

1) A coordinated two-stage decentralized trading 

framework is established to enhance the system flexi-
bility by coping with the medium-term power variations 

at day-ahead stage, and short-term power unbalance at 
intra-day stage. 

2) A decentralized alternating direction method of 

multipliers (ADMM) and a decentralized Newton al-
gorithm are developed with the consideration of the 
information security. 

3) An asymmetric Nash bargaining method is pro-
posed to realize the fair revenue allocation according to 

the contribution of each MG in P2P trading process. 
4) An average consensus based decentralized Newton 

method combining privacy protection and computing 
performance is proposed to solve the flexible resource 
allocation effectively among MGs at intra-day stage. 

Ⅱ.   FRAMEWORK OF THE COORDINATED TWO-STAGE 

FLEXIBILITY TRADING 

A. Overview of the Framework 

As shown in Fig. 1, M MGs  1, ,( )M  are 

integrated to the distribution grid, where energy and 
information are exchanged with each other through a 
common busbar and a communication network. Each 
MGi ( i ) contains various types of DERs, includ-
ing local RE generation, battery energy storage system 
(BESS), microturbine (MT) and elastic loads. 

 

Fig. 1.  Framework of the proposed two-stage flexibility trading. 

Three stakeholders can be identified, namely, MG 
operators (MGOs), shared energy storage operator 
(SESO) and DSO. Basically, the MGO manages the 

energy trading and power scheduling by utilizing local 

FRs; the SESO governs the charging/discharging activ-
ities and associate leasing fees; and the DSO is respon-
sible for the overall system operation while maintaining 

the system flexibility. 
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B. The Mechanism of Two-stage Flexibility Trading 

The mechanism of the proposed flexibility trading 
can be divided into day-ahead stage and intra-day stage, 

as shown in Fig. 2(a) and Fig. 2(b), respectively. 

 

 

Fig. 2.  The mechanism of two-stage flexibility trading. (a) The 

day-ahead stage flexibility trading. (b) The intra-day stage flexi-

bility trading. 

At day-ahead stage, the daily operation horizon can 

be divided into 24 time slots, denoted as 𝒯={1,…,T}. 

As the leader, DSO formulates time of use (TOU) 

pricing according to net load profiles to encourage par-
ticipation in peak-valley regulation. MGOs implement a 

two-layer scheduling strategy to promote the local 
consumption of REs. On the upper layer, each MGO 
develops and submits the charging and discharging 

requirements to SESS to smooth out the power fluctua-
tions, while the SESO aggregates the information and 
determines the leasing services according to the speci-

fied tariff. On the lower layer, MGOs implement the 
P2P energy trading and scheduling to activate the flex-
ibility potential of DERs, as well as the revenue alloca-

tion via decentralized strategy based on asymmetry 
Nash bargaining. The optimal energy trading strategy 

can be determined with energy trading quantity negoti-
ation and energy trading price negotiation, sequentially. 

At intra-day stage, the DSO broadcasts the flexibility 

demand caused by unexpected power imbalance, which 
can be adjusted via energy interaction between ADN 
and MGs at every 15 min. The MG alliance achieves 

optimal allocation of FRs at minimal cost through a 

decentralized strategy. It is worth noting that the state of 
charge (SOC) of SESS is already managed in an ap-

propriate state at day-ahead stage, so SESS is ignored 
for flexible trading at intra-day stage. 

Ⅲ.   MATHEMATICAL FORMULATION 

A. Day-ahead Scheduling 

1) The Optimization Model of DSO 
The ADN’s net load can be described as:  

ADN,net ADN,L ADN,e

t t tP P P                          (1) 

where 
ADN,e

tP  and
ADN,L

tP  are the total REs power output 

and the load of ADN, respectively. 
The decision variable of DSO is TOU sale price with 

the optimization objective of operational revenue 
maximization, i.e.: 

ADN MMG SESS grid maxU I I C                  (2) 

where IMMG and ISESS are the power trading revenues of 
DSO with MGOs and SESO, respectively; Cgrid is the 

procurement cost from the upper grid. MMGI is shown as 

(3)(5). 

MMG s MMG,b b MMG,s

1

MMG,s MG ,s

1

MMG,b MG ,b

1

( )
T

t t t t

t

t t

i

i

t t

i

M

i

M

I P P

P P

P P

 







 

















       (3) 

where s

t  and b

t  are the TOU sale and purchase prices 

of AND; while 
MG ,s

t

iP  and 
MG ,b

t

iP  are the power interac-

tion between MGi and ADN. 

SESS s SESS,b b SESS,s

1

( )
T

t t t t

t

I P P 


                 (4) 

where 
SESS,s

tP  and 
SESS,b

tP  are the charging/discharging 

power of SESO to DSO. 

grid s ADN,b

1

T
t t

t

C Pg


                            (5) 

where s

tg  is the electricity price of the main grid; and 

ADN,b

tP  is the power purchase ADN. 

The operation constraints are: 

bs

t t ＞                                        (6) 

s s max

1

T
t

t

T  



 ≤                                (7) 

where s max   is the upper limit of the average TOU sale 

price. Equation (7) is established to avoid monopoly 
pricing of DSO. 

2) The Optimization Model of Upper Layer 
For each MGO, in order to balance the effect in 

smoothing the power fluctuations and the leasing cost of 
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SESS, a multi-objective optimization model is con-

structed. 
MG objective 1: Net load mean square deviation 

minimization. 

2

1 MG ,L MG ,e MG ,c MG ,d MG ,ave

1

min ( )
T

t t t t

i i i i i

t

f P P P P P


      

(8) 

MG ,ave MG ,L MG ,e MG ,c MG ,d

1

( ) /
T

t t t t

i i i i i

t

P P P P P T


       (9) 

where 
MG ,L

t

iP , 
MG ,e

t

iP  , MG ,aveiP  , 
MG ,c

t

iP  and 
MG ,d

t

iP  repre-

sent the load, total REs generation, equivalent average 

load, charging and discharging power demand of MGi  

to SESS, respectively. 
MG objective 2: SESS leasing cost minimization. 

Lea Le

2 MG MG MG ,c M

1

a

G ,dmin ( )
T

t t

i i i i

t

uE vP w P Pf


     (10) 

where u, v, and w are the unit energy capacity leasing 
cost, unit rated power leasing cost and unit power 

charging/ discharging cost of SESS, respectively; a

MG

Le

iP  

is the rated power demand for MGi to lease SESS, i.e., 

 MG ,c MG ,dmax ,t t

i iP P ; a

MG

Le

iE  is the power capacity de-

mand calculated as: 

MG Lea MG ,max MG n

L

,mi

ea ( )t t

i i iE E E            (11) 

where Lea  denotes the capacity margin factor; while 

MG ,max

t

iE  and 
MG ,min

t

iE  are the maximum and minimum 

energy storage capacities for MGi to lease SESS in the 
dispatching cycle, respectively. 

The operation constraints are: 

c MG ,c MG ,d d

1

( / ) 0
T

t t

i i

t

P P 


            (12) 

where c  and d  are the charging and discharging 

efficiency of SESS. SESO aggregates power demands 

from MGs as 
MG

tP 
, whereas 

MG

tP ＞0  indicates 

charging demand to SESS. 

MG MG ,c MG ,d

1

( )t t t

i

M

i iP P P



              (14) 

The objective function of SESO is to maximize the 
operational revenue as shown in (15). 

SESO objective: 

SESS D SESSA NmaxU I C                 (15) 

ADN b SESS,s s SESS,b

1

( )
T

t t t t

t

I P P 


             (16) 

SESSE S,S c SESS dS s ,

1

( )
T

t t

t

C P P


             (17) 

where ADNI  is the arbitrage revenue of SESO; SESSC  is 

the operation cost of SESS; SESS,c

tP  and SESS,d

tP  are the 

charging and discharging power of SESS; and s  is the 

unit operation cost of SESS. The operation constraints 
are as follows. 

1) Power constraints of SESS: 

SESS,c SESS MG

SESS,d SESS MG

SESS,

max

max

c SESS,d

0 , 0

0 , 0

0

t t

t t

t t

P P P

P P P

P P













≤ ≤ ≥

≤ ≤ ＜            (18) 

where 
x

SESS

maP  is the maximum charging or discharging 

power of SESS. 
2) Stored energy constraints of SESS: 

s SESS SESS SESS

max maxtE E E≤ ≤                     (19) 

1

SESS SESS c SESS,c SESS,d d( / )t t t tE E t P P        (20) 

where s  is the proportion of spare capacity of SESS; 

SESS

tE  is the energy capacity of SESS; and x

SESS

maE  is the 

maximum
 
energy capacity of SESS. 

3) Power balance constraint: 

MG s,buy SESS,b s,sell SESS,s SESS,c SESS,d

t t t t t t tP P P P P      (21) 

where 
MG

tP 
 is the total charging and discharging power 

demands from MGs;
SESS,b

tP  and 
SESS,s

tP  are the sale and 

purchase power of SESS to ADN, respectively;
 
 s,buy

t  

and 
s,sell

t  are 01 representing the interaction status of 

SESS and ADN. 
3) The Optimization Model of Lower Layer 
a) P2P Trading Among MGs 

Each MG regenerates the equivalent power profile 
after smoothing the fluctuations via leasing SESS: 

MG ,equ MG ,L MG ,c MG ,d

t t t

i i i iP P P P             (22) 

The objective function of MGi in energy trading with 
other MGs can be written as: 

C net P2P Nmin i i i iC C C C                (23) 

where 
net 

iC  is the transmission fees between MGi and 

MGj ;
P2P 

iC  is the payment that MGi bargains with other 

MGs ; 
N

iC  is the social cost of MGi without considering 

the P2P trading among MGs, which is composed of the 

interaction revenue with ADN ( ,ADNiI ), the operating 

cost of BESS ( ,BESSiC ), the compensation cost of elastic 

load ( ,LiC ), and the generation cost of MT ( ,MTiC ). 

N

b

,MT ,

,BESS ,L ,MT ,ADN

,ADN b MG ,s s MG ,b

1

,BESS ,Bch ,Bdis

1

tran  

,L e ,tran

1

2

,MT M M MMT

1
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( )

( )( )

i i i i i

T
t t t t

i i i

t

T

i i i

t

T
t

i i

t

T

i i i i

t

t t

t t

i i

C C C C I

I P P

C P P

C P

C a b cP P

 













  


 







 

 



  

















 (24) 
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where b  denotes the unit degradation cost of BESS; 

,Bch

t

iP  and 
,Bdis

t

iP  are the charging and discharging power 

of BESS; tran 

e  is the unit compensation cost of elastic 

load; and  

,tran

t

iP  is the responsive load; Mia , Mib , and 

Mic  are the generation cost factor of MT; while 
,MT

t

iP  is 

the power output of MT. 
It’s worth noting that the network loss is ignored by 

assuming MGs are located close to each other. Trans-
mission fees between MGi and MGj can be calculated 
as: 

net e 2 e

1 2

1 /

( )
1

2

T
t t

i ij ij

t j i

C P P 
 

          (25) 

where t

ijP  is the power exchange between MGi and MGj, 

t

ijP ＞0  when MGi sells energy to MGj and t

ijP ＜0  

when MGi purchases energy from MGj; 
e

1  and e

2  are 

the transmission cost factors. 
The payment that MGi bargains with other MGs is: 

P2P 

1 /

i ij ij

i

t

t

t

j

T

C P
 

                     (26) 

where t

ij  denotes the trading price between MGi and MGj. 

The operation constraints are as follows. 
1) Power balance constraint: 

MG ,e ,MT ,Bch ,Bdis MG ,b MG ,s

 

MG ,equ ,tran

/

t t t t

i i i i i i

t t

i i ij

j i

t t

t

P P P P

P P P

P P



   

 




(27) 

2) Network congestion constraint: 

MG ,s

max

MG ,b grid

0 t

i

t

i

P

P P





≤

≤
                (28) 

where max

gridP  is the upper limit for the power interaction 

between MGi and ADN. 
3) Operation constraints of MT: 

min max

MT ,MT MT

t

iP P P≤ ≤                      (29) 

where min

MTP  and max

MTP  are the minimum and maximum 

power output of MT, respectively. 
4) Responsive load constraint: 

 

,tran

1

0
T

t

i

t

P


                              (30) 

 

,tran MG ,L ,tran ,tran MG ,L

t t t

i i i i iP P P  ≤ ≤             (31) 

where ,trani  is the ratio of responsive load. 

5) BESS constraints: 
1

,c ,Bch ,Bdis ,d

max max

,Bch ,Bch ,Bdis ,Bdis
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mam
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i xn
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0 0
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P P P P

P P

S S S

S S

    




















≤ ≤ ≤ ≤

≤ ≤

(32) 

where t

iS  is the energy capacity of BESS; i  is the 

self-loss factor of BESS; while ,ci  and ,di  are the 

charging and discharging efficiencies of BESS. 
6) The trading price constraint: 

sb

t t t

ij  ≤ ≤                                (33) 

b) Asymmetric Nash Bargaining Model 

In Nash bargaining, all players improve their payoffs 
compared with the situation without cooperation 
(namely, disagreement points), while players with same 

objective functions and disagreement points have the 
same payoffs [27]. 

Standard Nash bargaining problem (NBP): 

C

1

N n C

Non

o

max

s.t. 0,  (27) (33)

M

i i

i

i i

C C

C C




   


  



≥

       (34) 

where Non

iC  denotes the cost at the disagreement point 

without considering P2P trading; C

iC is the objective 

function of MGi in energy trading with other MGs. The 
Nash bargaining model can be decomposed into two 

subproblems: the social cost minimization problem (P1) 
and the payment bargaining problem (P2), which can be 

solved in turn. The proof procedure for the equivalent 
transformation is provided in Appendix A. 

C netNLet : i i iU C C                         (35) 

P1: Social cost minimization subproblem is shown by 

C

1

min  

s.t. (27) (32)

M

i

i

U





 


                          (36) 

In asymmetric Nash bargaining, an exponential 
function defined as energy mapping function is ex-

ploited to quantify the bargaining capability of MGs 
based on their contributions during P2P trading. As-
suming the contribution of providing energy is larger 

than receiving energy, the larger the contribution MGi 
has, the larger bargaining value Di gains. 

 receive receive supply supply
max

 
max

//
e e

ii
E EE E

iD


              (37) 

receive

1

min(0, )
T

i ij

t

tE P


                     (38) 

supply 

1

max(0, )
T

i ij

t

tPE


                     (39) 

where 
receive

iE  and 
supply 

iE  are the power MGi receives 

and provides during P2P trading, respectively. 

According to (37)(39), the optimal trading power 
obtained in P1 is substituted into NBP, thus the asym-

metric payment bargaining model can be rewritten as: 
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The variable labeled with ‘∗’ is the optimal solution 
of P1. Taking the logarithm of (40), the max can be 
converted into a min problem. 

P2: Payment bargaining subproblem 

C P2P 

1

C P2P 

Non * *

Non * *

min  ln

s.t. 0,  and (33
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B. Intra-day Scheduling 

In this section, each MGO optimizes the interactive 
power to ADN according to the flexibility demand is-
sued by DSO with the objective of total operation cost 

minimization. 

MMG MG MG

1

min ( )t

i i

i

M

F PF


                (42) 
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P P


                             (43) 

where MGiF  is the operating cost of MGi; MG

t

iP  is the 

interactive power with ADN which is positive when 

power flows to AND; and D

tP  is the flexibility demand 

from DSO. 

As stated in [28], MGiF  can usually be expressed in a 

quadratic form similar to that of a conventional genera-

tion unit. The simplification is adopted to satisfy the fast 
response to the DSO flexibility demand. 

Ⅳ.   THE SOLUTION AND ALGORITHM 

A. Fuzzy Multi-objective Optimization 

The multi-objective optimization model of MGs in 

day-ahead scheduling can be transformed as a sin-
gle-objective optimization by constructing fuzzy 
membership function: 
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min max
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where s  is the fuzzy affiliation function; sf is the sth 

objective function; min

sf  and max

sf are the minimum and 

maximum value of sf  
respectively. 

Weighting factors can be assigned based on the fol-
lowing: 

1

1

1
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s
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                         (45) 

where S is the number of objective functions sf ; and 

s  is the satisfaction weighting factor of sf . 

B. Decentralized ADMM Solution for Nash Bargaining 

1) Solving P1 (Social Cost Minimization) 
Since P1 contains coupling variables for energy 

trading, auxiliary variables are introduced to decouple 
them, as: 

( , )t t

ij jiP P i j i j   ,                 (46) 

Based on ADMM, the augmented Lagrange function 

of MGi with respect to P1 can be expressed as: 
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where 1  and ,P1

t

ij  are the penalty parameter and La-

grange multiplier of P1, respectively. MGi repeats the 
steps in (48) until the iterative convergence is met in 
(49). 
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where k is the number of iterations; while r,1  and d,1  

are the convergence thresholds of primal and dual re-
siduals, respectively. 

2) Solving P2 (Payment Bargaining) 
Similarly, auxiliary variables are introduced since P2 

contains coupling variables for the trading price, as: 

( ),j

t

i

t

ji i j i j   ，                (50) 

The augmented Lagrange function of MGi with re-
spect to P2 can be expressed as: 
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(51) 

where 2  and ,P2

t

ij  are the penalty parameter and La-

grange multiplier of P2. MGi repeats the steps in (52) 

until the iterative convergence is met in (53). 
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where 
r,2  and 

d,2  are the convergence thresholds of 

primal and dual residuals, respectively. 

The coefficient   is introduced to adjust the penalty 

parameter to reconcile the primal residuals ar  with the 

dual residuals ad . 
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where r  represents the multiple of the difference be-

tween the primal and dual residuals. 
The flowchart of the ADMM-based Nash bargaining 

model is shown in Fig. 3. 

 

Fig. 3. Flowchart of the proposed ADMM-based Nash bargaining 

model. 

C. Average Consensus Based Decentralized Newton 
Method 

1) Outer Level: Decentralized Newton Algorithm 

According to [29], equation (42) is feasible with a 

convex objective function MMGF and a finite optimal 

value. Given an initial feasible vector 
0

MGP which is 

strictly positive, the algorithm generates the iteration 

by: 
1

MG MG MG

k k k kd   P P P                    (55) 

where kd  is the iteration step size at step k; MG

k
P  is the 

interactive power vector as well as Newton primal 

vector; and MG

kP  is the Newton direction given as the 

solution of the following linear equations: 
2

MG m MG MG

T

m

( ) ( )

0 0

k k k

k

       
      

    

F P e P F P

e w
      (56) 

where me  is the 1 vector of size M; k
w  is the Newton 

dual vector; and 2

MG( )k

k H F P  denotes the Hessian 

matrix of MG

k
P  for notational convenience. Equation (56) 

can be rewritten as: 
1

MG MG m( ( ) )k k k

k

    P H F P e w          (57) 

T 1 T 1

m m Mm G( ) ( )k k

k k

   e H e w e H F P          (58) 

Since the operating cost of each MG depends only on 

the interaction power with DSO, kH and MG( )kF P  have 

a special form which enables the inverse process of 

kH and MG( )kF P  calculated in a decentralized manner. 

 ,11 ,22 ,diag , , ,k k ik k iH H HH           (59) 
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The ith element of MG( )kF P  is: 
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Equations (55)(58) can be rewritten as： 
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As shown in (60) and (61), ,k iiH  and 
MG( )k

iF P  can 

be acquired totally by local information of MGi. MGi 

needs to exchange 1

,k iiH   and 1

, MG( )k

k ii iH  F P  between 

neighbors to obtain common variables k
w  according to 

the average consensus algorithm. 
1 1

, ave ,( )k ii k iiH Mf H                       (65) 

1 1

, MG ave , MG( ) ( ( ))k k

k ii i k ii iH Mf H    F P F P    (66) 

2) Inner Level: Average Consensus Algorithm 
Let 𝒢 = (E, V) denote an undirected graph with vertex 

set  = 1,2, ,V M and edge set   , ,E i j i j V  . 

Let 𝒩i={j∈V|{i, j}∈E} denotes the neighbor set of 
node i. Each edge on the graph represents the commu-
nication connection relationship between MG nodes. 

At each iteration step h, each node updates its state ( )ix h : 

( 1) ( ) ( ), 1, ,
i

i ii i ij j

j

x h W x h W x h i M


        (67) 
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where 
ijW  is the linear weighting on ( )jx h  at node i. 

Set 0ijW   for ij , the weighting matrix M MR W  

can be determined by metropolis algorithm in [30]. 

All nodes reach consensus if and only if 
i jx x for all 

 , 1,2, ,i j M . A consensus algorithm establishes a 

mapping : MR R  converging all elements of vector 

x to a value x : 

ave

1

1
( )

M

i

i

x f x
M





 x                      (68) 

The flowchart of the proposed average consensus-based 
decentralized Newton method is shown in Fig. 4. 

 
Fig. 4.  Flowchart of the average consensus-based decentralized 

Newton method. 

Ⅴ.   CASE STUDY 

A. Parameters 

Figure 5 shows the schematic network structure of a 
regional ADN with MMGs. 

 
Fig. 5.  Schematic network structure of a regional ADN with 
MGs. 

MG1 is located in the area with rich PV installation. 

MG2 and MG3 represent the areas with high penetration 

of wind power, while MG2 is also installed with 

small-scale PV. It is assumed that they have the same 

equipment parameters. The tariff of the main grid is 

0.093 $/kWh, purchase price set by ADN is assumed to 

remain unchanged as 0.043 $/kWh, and
s max 

 is 0.11 $/kWh. 

The typical daily REs and load profiles of the case study 

network and the parameters of MGs are shown in Ap-

pendix B. The RE generation at intra-day stage with 

boundaries of uncertainties are shown in Appendix C. 

B. Scheduling Results at Day-ahead Stage 

1) Charging and Discharging Strategies of SESS 

Figure 6 shows the daily charging/discharging strat-
egies and the associate SOC variations of the SESS. It 

can be seen that SESO implements the power interac-
tion with ADN for profit after meeting leasing demands 
of MGs. 

 

Fig. 6.  Charging/discharging strategies and SOC variations of 

SESS. 

The operation cost of SESS is $73.56 in response to 

the TOU price, while it is $169.73 when only meets the 

leasing demands. Therefore, the introduction of TOU 

price is economically feasible for SESS. 

2) Leasing Strategies of MGOs 

Let the satisfaction weighting 1 0.4w   and 2 0.6w  , 

Table Ⅱ shows the comparison of the net load mean 

squared deviation and leasing cost of MGs. Figure 7 

shows the leasing demands of MGOs and the compar-

ison of the net load profiles before and after smoothing 

the fluctuations. It can be seen that all MGs have 

smoothed the net load fluctuations to some extent by 

leasing SESS. 

TABLE Ⅱ 

MULTI-OBJECTIVE OPTIMIZATION RESULTS FOR MGS 

MGs 
Leasing cost 

($) 

Net load mean 

squared deviation 

before leasing (kW2) 

Net load mean 

squared deviation 

after leasing (kW2) 

MG1 181.92 9.42×106 4.99×106 

MG2 165.33 3.44×106 7.62×105 

MG3 158.65 6.83×106 4.41×106 
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Fig. 7.  SESS leasing demands from MGs. (a) SESS leasing 

demand from MG1. (b) SESS leasing demand from MG2. (c) 

SESS leasing demand from MG3. 

3) Nash Bargaining Results Among MGs 
a) P2P Trading Strategies 

The energy trading results of MGs under cooperative 
operation are shown in Fig. 8 and Fig. 9. Taking MG1 as 
an example, in order to smooth the fluctuations, MG1 
leases SESS to compensate the power shortage at 

1:006:00 and a small amount of electricity is pur-

chased from DSO during this time. During 8:0018:00, 
with excessive PV access, MG1 leases SESS to support 
part of the load while also sells energy to MG2 and MG3 

to achieve revenue. In particular, during 11:0018:00, 
MG1 increases the energy production from MT to pro-

vide energy support to other MGs. From 19:0021:00, 
MG1 has insufficient power supply due to the increase 
of demand so prioritizes energy purchase from other 

MGs to reduce the operation cost using local FRs. The 
BESS within MG1 is mainly charged at flat and off-peak 
hours and discharged at peak hours to reduce operation 
cost. Demand response allows the load in peak hours to 
be shifted to off-peak hours to a certain extent, relieving 
the supply pressure on the MGO. 

 

 

 

Fig. 8.  Scheduling results of MGs under cooperative operation. 

(a) Scheduling result of MG1. (b) Scheduling result of MG2. (c) 

Scheduling result of MG3. 

It can be seen from Fig. 9 that at day-ahead stage, the 
amount of energy trading among MGs is in balanced 
condition. The trading price is lower than the TOU sale 
price and higher than the purchase price of DSO at all 
time periods, which means power-selling MGs can 
obtain more profit while the power-purchasing MGs can 
reduce the cost through P2P trading. 
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Fig. 9.  Trading results among MGs. (a) Energy trading quantity. 

(b) Energy trading price.

b) Revenue and Cost Analysis 

Table Ⅲ and Table Ⅳ summary the revenues and 

costs of MGs in asymmetric and symmetric Nash bar-

gaining, respectively. In Table Ⅳ, the total cost of each 

MG decreases by $97.55, $97.56, and $97.56, which are 

almost identical. However, the allocations are clearly 

unfair due to different power contributions of MGs. In 

asymmetric Nash bargaining, MG1 is mainly selling 

energy, the higher asset utilization leads to a slight in-

crease in operation cost during the bargaining transac-

tion, while the revenue is positive. MG2 and MG3 are 

mainly purchasing energy to reduce the operation costs 

while the revenues of the trading are negative. Com-

paring to MG2 and MG3, MG1 has a larger energy 

contribution value, namely, a larger asymmetric bar-

gaining factor of 2.1595, tending to receive more co-

operative benefits. 

The total cost of each MG decreases by $168.08, 

$54.57 and $69.30, with the cost reduction ratio of 

57.69%, 18.64% and 23.67%, respectively. The benefits 

of all participants are effectively and fairly improved. 

TABLE Ⅲ 

REVENUE AND COSTS IN ASYMMETRIC NASH BARGAINING 

MGs 
Asymmetric 

bargaining factor 

Operation cost with 

P2P trading ($) 

Revenue in Nash 

bargaining ($) 

Total cost with 

P2P trading ($) 

Total cost without 

P2P trading ($) 

Revenue improve-

ment value ($) 

Daily power 

contribution (kW) 

MG1 2.1595 537.06 238.89 298.97 467.05 168.08 2807.07 

MG2 0.6974 514.88 -175.58 690.46 745.03 54.57 -1650.76 

MG3 0.8860 321.79 -63.20 384.99 454.29 69.30 -1156.49 

TABLE Ⅳ 

REVENUE AND COST IN SYMMETRIC NASH BARGAINING 

MGs 
Revenue in Nash 

bargaining ($) 

Total cost with 

P2P trading ($) 

Revenue improve-

ment ($) 

MG1 167.56 369.50 97.55 

MG2 -132.59 647.47 97.56 

MG3 -34.94 356.73 97.56 

c) Flexibility Analysis 
To analyze the impact of MGs and SESS participa-

tion in providing flexibility, three scenarios are de-

signed for comparison: 

Scenario 1: MGs only trade with ADN. 

Scenario 2: Flexibility is only provided by SESS 

without considering the P2P trading among MGs. 

Scenario 3: Flexibility is provided by both SESS and 

MGs. 

Figure 10 shows the energy transactions between 

MGs and ADN under the three scenarios. It can be seen 

that each MG reduces the dependence with ADN. The 

consumption level of REs in each MG is increased from 

89%, 99.85%, 97.80%, respectively to 100% by P2P 

flexibility trading and SESS leasing strategies. 
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Fig. 10.  Energy interaction between MGs and ADN. (a) Energy 
interaction between MG1 and ADN. (b) Energy interaction be-

tween MG2 and ADN. (c) Energy interaction between MG3 and 

ADN. 

4) Convergence Analysis 
The iterative convergence process of subproblem 1 

and subproblem 2 in P2P trading is shown in Appendix C. 

The ADMM algorithm has demonstrated good con-

vergence performance and computation efficiency. The 

total cost of each MG is $298.97, $690.46, $384.99 

when the algorithm converges. A typical heuristic al-

gorithm, namely, differential evolution algorithm [31], 

is utilized in Stackelberg game of DSO and other par-

ticipants. The optimization iterative process of DSO is 

also shown in Appendix D. 

C. Scheduling Results at Intra-day Stage 

The operation cost of each MG is assumed to be a 

quadratic function with respect to the interactive power, 

and the cost coefficients Mia , Mib , Mic of MT are used 

to represent the coefficients of the quadratic, linear, and 

constant terms of the cost function, respectively. 

Figure 11 shows the flexibility supply results of MGs 

during the day in response to the rapid flexibility de-

mand of DSO. The flexibility services are provided 

jointly by all MGs with their power adjustability. MG1 

provides the maximum percentage of flexibility output 

since it has the lowest operation cost. 

Figure 12 shows the cost increment rate of MGs at 

each time when the algorithm reaches convergence. The 

proposed algorithm achieves the minimum regulation 

cost based on the equal cost increment rate criteria, 

which means the total generation cost achieves a min-

imum value when the generation cost increments for all 

generators are equal. The computation time for 96 slots 

and the power output variations of MGs at time slot 

t=37 is shown in Fig. 13. This result illustrates that the 

consensus-based decentralized Newton method is 

computationally effective due to the second order gra-

dient information of Hessian matrix. 

 
Fig. 11.  Results of MGs in response to the flexibility demand 

(every 15 minutes of 1 day). 

 
Fig. 12.  The cost increment rate of MGs (every 15 minutes of 1 

day). 

 
Fig. 13.  The computation time and associate convergence under 

worst computation case of decentralized Newton method (every 

15 minutes of 1 day). 

In order to verify the effectiveness of the sec-
ond-order distributed Newton method proposed in this 
paper, a representative sub-gradient algorithm of the 
first-order distributed algorithms is chosen as a 
benchmark. Figure 14 shows the iteration number when 
the two algorithms reach convergence for the three MGs. 
Both algorithms yield essentially the same optimal 
value but with different convergence times. As seen, it 
only needs about 20 iterations utilizing the decentral-
ized Newton method, compared to more than 40 itera-
tions with the sub-gradient algorithm. This result illus-
trates that the decentralized Newton method proposed in 
this paper significantly improves the convergence speed 
compared to the traditional first-order one due to the 
utilization of the second-order gradient information. It 
satisfies the requirements of algorithmic flexibility and 
efficiency, and such effect can be more significant in 
larger scale systems. 
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Fig. 14.  The comparison of iterations for two algorithms. 

For a larger system, i.e., M6, the iteration numbers 
for the two algorithms to reach convergence are shown 
in Fig. 15. It can be seen that in a larger scale system, 
there is a significant increase in the iteration number for 
the sub-gradient algorithm compared to the smaller 
system. The average iteration number is around 95, 
while the average iteration number of the decentralized 
Newton method does not increase significantly. In ad-
dition, the iteration number of the decentralized Newton 
algorithm is largely unchanged under different com-
munication densities between MGs, which reflects the 
advantage in computational stability.  

 
Fig. 15.  The comparison of iterations of two algorithms for larger 

scale system. 

To summarize, in a larger scale system, the decen-
tralized Newton method is less susceptible to the in-
fluence of the number and the communication density 
of the participants, so can better meet the requirements 
for algorithmic efficiency and stability in practical ap-
plications. 

Ⅵ.   CONCLUSION 

A two-stage coordinated flexibility trading mecha-
nism is developed in this paper to further release the 
flexibility from distribution system and explore the 
potential flexibility of DERs. The hierarchical frame-
work of flexibility trading with multiple types of FRs at 
various time scales can smooth the power fluctuations 
brought by the high proliferation of REs, and enhance 
the overall system flexibility. The proposed asymmetric 
Nash bargaining approach can provide executable so-
lutions in maximizing social benefit while guaranteeing 
fair revenue allocation simultaneously. The proposed 
decentralized algorithms can provide super-linear con-

vergence while ensuring the privacy of each participant 
and addressing the rapid response requirements on 
flexibility. 

APPENDIX A 
It is clear that the following equation needs to be 

satisfied when (34) obtains its maximum value: 
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       (A1) 

Since the benefit received by the power-selling MG is 
equal to the cost of the power-purchasing MG when 
operators trade energy with each other, then: 
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Since Non

iC  is a constant without cooperative energy 

trading, the objective function is transformed as: 
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Therefore, equation (34) is transformed into a social 
cost minimization problem P1. 

P1: Social cost minimization subproblem: 

C
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s.t. (27) (32)
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APPENDIX B 

 
Fig. B1.  REs and load profiles of ADN. 
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Fig. B2.  REs and load profile of MGs. (a) REs and load profile of MG1. 

(b) REs and load profile of MG2. (c) REs and load profile of MG3. 

TABLE BⅠ 

THE PARAMETERS OF MGS 

Parameter Value Parameter Value 

b  ($/kW) 0.0021 ,trani  0.1 

tran 

e  ($/kW) 0.0286 ,c ,d,i i   95% 

Mia  ($/kW2) 0.000 21 max

,BchiP  (kW) 90 

Mib  ($/kW) 0.0473 max

,BdisiP  (kW) 90 

Mic  ($) 0.75 min

iS  (kWh) 80 

max

gridP  (kW) 650 
max

iS  (kWh) 360 

min

MTP  (kW) 0 e

1  ($/kW2) 0.000 03 

max

MTP  (kW) 245 e

2  ($/kW) 0.0014 

i  0.01   

TABLE BⅡ 

THE PARAMETERS OF SESS 

Parameter Value Parameter Value 

u ($/kWh) 0.058 s  ($/kW) 0.022 

v ($/kWh) 0.204 s  0.1 

w ($/kWh) 0.022 
x

SESS

maE  (kWh) 2000 

Lea  1.2 
x

SESS

maP  (kW)
 

1000 

c (%) 95 d (%) 95 

TABLE BⅢ 

THE PARAMETERS OF ALGORITHMS 
Algorithm Parameter Value 

ADMM 

Convergence threshold 

of P1,P2 
103，103 

Penalty factor of P1,P2 103，1 

Differential evolution 

Number of iterations 150 

Number of populations 30 

Crossover factor 0.9 

Decentralized Newton Iteration step size 0.5 

APPENDIX C 

 

 
Fig. C1.  Predictions at day-ahead stage. (a) Available daily wind 
power of AND. (b) Available daily PV power of AND. 

 
Fig. C2.  Practical output at intra-day stage. 

APPENDIX D 

 

 
Fig. D1.  Convergence results of MGs. (a) Convergence of P1. (b) 
Convergence of P2. 
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Fig. D2.  The optimization iterative process of DSO. 
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