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ABSTRACT : The electricity market is changing  with creation of new entities with large penetration of renewable energy 

sources.  An obvious competition emerge among different entities to gain profit. The new technologies facilitate the implementation 

of competitive scheme. In this paper, battery energy storage systems (BESSs) are considered as prosumers to bid the energy in an 

electricity market of smart power distribution system.. A game theoretic distributed model predictive control scheme is proposed for 

bidding on energy by different BESSs.   In this proposed game theoretic distributed model predictive approach all owners of BESS 

try to bid the generation at Nash Equilibrium at the future time horizon.   
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1. INTRODUCTION 

Primarily, the research on game theory in the electricity market considers bidding strategy of power 

generators [1]. A game theoretic approach based on the Stackelberg game is suggested for demand response 

at both electricity market and consumer level [2]. In a cooperating game theory approach, the different micro 

grids are considered as autonomous entities to form a group in order to achieve higher energy efficiency and 

operation economy [3]. In a power system, different flexibility services such as fast ramping of hydro power, 

gas turbine, and demand side management   are considered. By using the Shapley value from cooperative 

game theory, the different flexibility providers are ranked by considering their contribution to reduced CO2 

emissions, aggregate cost savings, and increased utilization of renewable sources. [4]. The ultra-short term 

load forecasting approaches are weighted by cooperative game as per error distribution [5]. A hierarchical 

noncooperative game is suggested for decisions on competition among electric vehicle charging stations [6]. 

A non-cooperative game using Nikaido-Isoda Relaxation Algorithm is suggested for an optimal operation of 

a market consisting of any number of retailers and prosumers [7]. A data-based Stackelberg market strategy 

consisting of a one-leader multiple-follower is proposed for the distribution market operator to achieve 

power dispatch coordination among different demand response aggregators known as virtual power plants 

[8].   

 The discrete time dynamic game for scheduling of energy storage system considered as prosumers has been 

introduced in the smart grid. This is an iterative approach which is based on dynamic programming 

converges quickly to Nash equilibrium. Under a worst case scenario, this approach is robust in terms of 

forecast error [9]. In a non cooperative game, fuel cell and battery act as interactional players to decide the 

power supply in order to maximize their own optimization function based on the decisions of others [10]. 

The energy storage users try to maximize their own profit in two different operating modes.   The different 

fitness functions are used while the user selects the energy market strategy and user adopts the ancillary 

service market strategy. An evolutionary game theory is applied for analysis of a selection of different 

operating modes. This evolution considers the payoff matrix which is based on storage technology cost, 

market cost and the degree of market competition [11].  In competitive energy trading  market, some micro 

grids may have surplus stored energy for sale and on the other side some other micro grids may require 

additional energy to meet the demand and/or for storage purpose. A hierarchical decision making multi-

leader multi-follower stackelberg game approach maximizes the payoff of all the micro grids while utility 

function converges to a unique solution [12].    A cooperative game model is proposed for load shifting in 

distribution network with hybrid energy storage system in which lead acid battery, lithium ion battery and 

vanadium redox flow battery are the participants. This cooperative game model estimates the most economic 

efficient capacity configuration selection in three game strategies as using single type of batteries, two types 

of batteries and three type of batteries [13]. Game theory based approach is applied in a practical scheduling 

scheme of energy consumption of appliances and storage devices. The distributed algorithms minimize the 

energy payment to the energy providers and reduce the peak load of the system [14]. Non- cooperative 

power control game is suggested to decide the level of the energy produced by the renewable energy sources 

and the energy stored in battery bank in the optimal energy management and control of micro grid problem 
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[15].  The single leader and multiple follower Stackelberg game approach is suggested to decide the price of 

power that has to be charged from users and optimal energy storage capacity of the storage [16].    

The idea behind distributed approaches is simple: the centralized problem is divided in several different parts 

whose action is assigned to a certain number of local agents/players. Therefore, each agent/player does not 

have a global vision of the problem. Depending on the degree of interaction that exists between the local 

agents, the agents may need to communicate so that they can coordinate themselves. Distributed approaches 

have important advantages that justify their use. The first advantage is that in general these schemes are 

easier to implement. Their computational requirements are lower because a difficult problem is substituted 

by several smaller problems. In addition, these schemes are scalable. Their inherent modularity simplifies the 

system maintenance and the possible expansions of the system. Moreover, the modularity provides 

robustness in comparison with a centralized problem. A possible failure does not have to affect the overall 

system. For this reason, distributed systems have a greater tolerance to failures. Nevertheless, these 

distributed approaches have also several drawbacks that have to be taken into account, being the main one 

the loss of performance in comparison with centralized decisions. This loss depends on the degree of 

interaction between the local agents and the coordination mechanisms between the agents [2]. 

During the last years many distributed approaches using MPC have been proposed. MPC is a popular 

strategy for the design of high performance model-based process control systems because of its ability to 

handle multi-variable interactions, constraints on control (manipulated) inputs and system states, and 

optimization requirements in a systematic manner. These features are essential in this context because they 

allow the control engineer to handle explicit the interactions between the different subsystems [3]. 

Distributed control optimizes only the local objectives and has no information about the actions of the other 

agents/players. In many large-scale problems, it becomes convenient to break the large whole problem into a 

set of smaller and simpler sub problems in which the local actions are used to regulate the local outputs. The 

whole problem is then solved by the composite behavior of the interacting, local actions of agents/players. 

There are many ways to design the local actions, some of which produce guaranteed solutions of the overall 

problems. Though, the centralized solution scheme is simple to implement, but this scheme is inflexible and 

not local in nature. Also, in any large and networked system, substantial data are collected, and adequate 

efforts are needed to handle this huge data. Thus, the distributed schemes are gaining attention to be 

implemented. The distributed model predictive control scheme caters the predictive behaviour of different 

interacting agents while feasibility and optimality are established.  For the operators, the distributed MPC 

requires the local process data for decision on actions model maintenance. Furthermore, in distributed MPC, 

it is possible to transmit the predicted behaviour of all agents to improve solution of the whole problem. 

 

2. GAME THEORY – AN INTRODUCTION  

  

Basically, the game theory is the mathematical framework for intractions of different individuals with 

strategy. The ‘best strategy’ is to be obtained while facing well defined situation within framework of game 

with assumptions that individuals optimize their ‘payoff’ when faced with strategic decisions.[25]. The 

players try to play with no regrets such that noplayer has incentive to deviate from Nash equilibrium. Let the 

N be the number of players and each player controls the decision variables/strategies  𝑠𝑖 ∈ 𝑅𝑛𝑖 . So, 𝑠𝑖  is the 

action taken by the ith player. Let the vector 𝑠 = (𝑠1, … … … , 𝑠𝑛)𝑇 ∈ 𝑅𝑛  denotes the all decision variables 

and shows that all the players act simultaneously. This vector is rewritten as 𝑠 = (𝑠𝑖, 𝑠−𝑖)𝑇 to highlight the 

ith player’s decision variables where  𝑠−𝑖 be the all other player’s variables.  

 

A. Nash Equilibrium 

A strategy profile   𝑠 = (𝑠1, ⋯ ⋯ , 𝑠𝑛) is a Nash equilibrium if, for all players (or agents) i,  𝑠𝑖 is the best 

response to 𝑠−𝑖 

Let 𝑈𝑖  ∈ 𝑅𝑛 → 𝑅 describes the ith player’s payoff (or loss) function. It is assumed that these functions are 

continuous and convex. In the standard Nash Equilibrium Problem (NEP), the decision variable 𝑠𝑖 belongs to 

a nonempty, closed and convex set 𝑆𝑖 ∈ 𝑅𝑛𝑖 , 𝑖 = 1, … … . , 𝑁 . The Cartesian product of the strategy sets of 

each player is ≔ 𝑆1 × 𝑆2 × ⋯ × 𝑆𝑁 . A vector  𝑠∗ ∈ 𝑆  is called a Nash equilibrium or solution of NEP if the 

component  𝑠𝑖
∗ satisfies following condition, 
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𝑈𝑖(𝑠𝑖
∗, 𝑠−1

∗ ) ≥ 𝑈𝑖(𝑠𝑖, 𝑠−1
∗ ), 𝑖 = 1, ⋯ , 𝑁  (1) 

 

At Nash equilibrium condition is the player’s payoff  is maximized.  

a. Structure of the game 

Definition:   

A game in normal form is   three- tuple 

 {𝒩, (𝑋𝑖)𝑖∈𝑁, (φ𝑖)𝑖∈𝑁} where N is the set of players, 𝒩 = {1,2, … , 𝑛}, 𝑋𝑖 , is the action space of player i and 

𝜑𝑖is the payoff function of player  . These payoff fuction are assumed to be continuous in 𝑥 ∈ 𝑋 ⊂ 𝐼𝑅𝑚 and 

concave in  𝑥𝑖 ∈ 𝐼𝑅𝑚 where X is the collective station  active space . A game of this kind is called concave.  

Consider the solution to this game represented by the collective action  𝑥∗. This is a Nash equilibrium and 

can be Notated as 

1)    𝑥∗ = areequil𝑥𝑥∈𝑋{𝜑𝑖, … …  𝜑𝑗 }    

Or alnernatively written  

(2)   𝜑𝑖( 𝑥∗) = max {𝜑𝑖(𝑦𝑖|𝑥∗) 

where 𝑦𝑖|𝑥 denotes a collection of actions where the ith agent tries yi while the remaiing agents continue to 

play xj, j = 1,2….i-1, i+1, ……..,n.  At   𝑥∗ no player can improve his own payoff through a unilateral change 

in his strategy hence a Nash equilibrium exits [27].   

In different literatures, the  payoff function are considred named as (a) bi linear two players games (b) 

quadratic games with convex and non convex payoffs (c) linear GAN using a dirac delta generator   and  (d) 

Dirac delta generator (e) a more general linear Generative Adversarial Networks (GAN) with linear 

generator and discriminator. The different desecent algorithms are used as (i) gradient descent (ii) gradient 

descent Adam style (iii) a more general linear GAN with linear generator and discriminator [24].  

 

3. PROPOSED GAME THEORETIC DISTRIBUTED MODEL PREDICTIVE 

CONTROL SCHEME 

  
In the proposed game theoretic distributed model predictive control scheme, two BESSs, independently,  

decide their own local strategies while considering the best strategies of other BESSs for  future time 

interval. Thus, the model for each BESS is simple as given below: 

Let  𝑠𝑖(𝑡) be strategy of BESS i, at time interval t and  𝑠𝑖
∗(𝑡) be equilibrium strategy. Similarly, 𝑠−𝑖

∗ (𝑡) be 

equilibrium strategy of other BESSs. The model predictive scheme for BESS i is as follows : 

 

min ∑(

𝑇

𝑡=1

𝑈𝑖(𝑠𝑖
∗(𝑡), 𝑠−1

∗ (𝑡)) − 𝑈𝑖(𝑠𝑖(𝑡), 𝑠−1
∗ (𝑡)) (2) 

 

𝑠. 𝑡.    𝐸𝑖(𝑡 + 1) = 𝐸𝑖(𝑡)  𝑃−(𝑡)∆𝑡𝜂𝐶 − 𝑃+(𝑡)∆𝑡/𝜂𝐷  (3) 

 

         𝐸𝑚𝑖𝑛(𝑡) ≤ 𝐸(𝑡) ≤ 𝐸𝑚𝑎𝑥(𝑡)                         (4) 

 

𝑈𝑖(𝑠𝑖
∗(𝑡), 𝑠−1

∗ (𝑡)) ≥ 𝑈𝑖(𝑠𝑖(𝑡), 𝑠−1
∗ (𝑡))         (5) 

 

where 𝑈𝑖(. ) is the profit of BESS i,  𝑈𝑖(𝑠𝑖
∗(𝑡), 𝑠−1

∗ (𝑡)) is the profit of BESS i at equilibrium. 
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4. RESULTS 
In this section results are discussed. Let two BESSs are considered in the system and both are of same size 

01MW/4MWH. Both BESSs are working as prosumers. In the non-cooperative game between BESSs, the 

BESSs try to maximize their profits by supplying power to the system.  In the game, the possible actions of 

each BESS must be identified in the day-ahead/intraday scheduling game. 

The non-cooperative battery bidding game is defined as  

 The set of BESSs N, 

  𝑆 = 𝑆1 × 𝑆2 × ⋯ ⋯ × 𝑆𝑁, where 𝑆𝑖 is the set of strategy of player i 

 The utility functions of all BESSs   

 The decisions on possible quantity of power supply by BESSs  

Cournet Game with two BESSs has been given as follows: 

Each BESS chooses only between two levels of production 

 High production : 0.75MW 

 Low production :  0.20MW 

Bidding scheme of BESSs is given as follows.  

 BESS 1 :   Cost= 10€/MWh, High=0.75MW and Low:0.20MW 

 BESS 2 :   Cost= 10€/MWh, High=0.75MW and Low:0.20MW 

Let, at a time interval t,  𝑃𝑏𝑡 is the total power supplied by BESSs to the total demand as decided by system 

operator. The market price is set by the market operator as per following rules  

 If 𝑃𝑏𝑡 <0.50 MW then the price will be set at 150€/MWh 

 If   0.5MW < 𝑃𝑏𝑡< 1MW then the price will be set at 50€/MWh 

 If   1MW<  𝑃𝑏𝑡 < 1.5MW then the price will be set at 40€/MWh  

 

The objectives of the BESSs are to choose the power production level either high or low to maximize their 

profits. The low production can be treated as to withhold the capacity to increase the prices. The BESS can 

make the higher profit on low production on sufficiently increase of prices and improve the life of battery. 

The BESSs, independently and simultaneously, decide their production with non-cooperative strategy. With 

rational behavior, the BESS decides the quantity of electricity production in order to maximize its profit.  

Electricity price will be determined by price-production curve as shown in fig. 1.    

 

TABLE I.   POWER PRODUCTION MATRIX(PP) 

Production   BESS1 

BESS1 High Low 

High 0.75, 0.75 0.75,0.20 

Low 0.20, 0.75 0.20, 0.20 

 

 

Comments  

For (HIGH, HIGH) = (0.75,0.75) : The total production is 0.75+0.75=1.50. As per the price-production 

curve, the price is   40€/MWh    

For (HIGH, LOW) = (0.75,0.20) : The total production is 0.75+0.20=0.95. As per the price-production 

curve, the price is   45€/MWh    

For (LOW, HIGH) = (0.20,0.75) : The total production is 0.20+0.75=0.95. As per the price-production 

curve, the price is   45€/MWh    

For (LOW, LOW) = (0.20,0.20) : The total production is 0.20+0.20=0.40. As per the price-production curve, 

the price is   150€/MWh  

 

A. Formulation of Payoff Function 
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Based on the given cost of bidding and rules,  the payoff function is formulated as given below, 

 

𝑈𝑖(𝑠𝑖(𝑡), 𝑠−1(𝑡))

= (𝑃𝑝,𝑖(𝑡) (𝑀𝐶𝑃(𝑡) − 𝐶𝑏,𝑖(𝑡)) ,  𝑃𝑝,−𝑖(𝑡) (𝑀𝐶𝑃(𝑡)

− 𝐶𝑏,−𝑖(𝑡))) 

(6) 

 

 

 

where 𝑃𝑝,𝑖(𝑡) is the power production and 𝐶𝑏,𝑖(𝑡) is the cost of bidding  by BESS, i at time interval t, MCP(t)  

is the market clear price.  The power production , market clear price and payoff function are tabulated and 

shown in tables I, II and III, respectively.  

 

 
Price (€/MWh)

MW

0.5 1.0 1.5

Production by BESS

40
50

150

 
Fig. 1.  Relationship between price and production 

 

B. Finding Nash Equilibrium 

  

If both BESSs select low levels of production to maximize their profits then no BESS has incentive to 

change strategy given choice of other BESS. Thus Nash equilibrium condition is obtained. Thus 

𝑈𝑖(𝑠𝑖
∗(𝑡), 𝑠−1

∗ (𝑡)) = (28,28)€/MWh. 

TABLE II.  MAREKET CLEAR PRICE (MCP)  MATRIX 

Price   BESS1 

BESS1 High Low 

High 40 45 

Low 45 150 

 

TABLE III.  PROFIT  MATRIX  ( 𝑈𝑖(𝑠𝑖(𝑡), 𝑠−1(𝑡)) ) 

Profit  BESS1 

BESS1 High Low 

High 
22.50, 

22.50 
26.25, 7 

Low 7, 26.25 
28, 28  

Nash 

Equilibrium 
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C. Game theoretic distributed model predictive control 

 

Let 𝜂𝐷 = 0.8 ,  ∆𝑡 = 1 hour and prediction time horizon 𝑇 = 5. Same bidding and market strategies are 

considered at time  𝑡 = 1, ⋯ ⋯ ,5. Each BESS takes decision to follow Nash Equilibrium strategies at future 

time horizon according to (2) – (5). For simplicity, to demonstrate the results, same strategies, as given in 

previous section,  are considered at 𝑡 = 1, ⋯ ⋯ ,5 and results are shown in fig. (2). It is assumed that the 

initial energies stored  at BESS1 and BESS2 are 3MWh and 2.5 MWh. Under game theoretic distributed 

model predictive control scheme both BESS owners maximize their profits at Nash equilibrium 

𝑈𝑖(𝑠𝑖
∗(𝑡), 𝑠−1

∗ (𝑡)) = (28,28)€/MWh and supply power equal to (0.2,0.2) MW at each time 𝑡 = 1, ⋯ ⋯ ,5, 

shown in fig.2. 

 
 

 
      Fig. 2.  Optimal bidding by two  BESSs using proposed control scheme 

                            

5. CONCLUSION 

In this paper, the game theory approach has been discussed for bidding of energy by BESSs  in an  energy 

market. The game theoeritic  distributed model predictive control scheme is used for optimizing the 

considered payoff of BESS. The conditions of  Nash equilibrium are obtained at different time inervals and it 

is observed that the both BESS share equal amount of power  at different time interval. The simulation 

results have been obtained using the MATLAB software.  
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