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ABSTRACT 
The rapid transition in energy sector is encouraging competition across various segments of the industry by 
dismantling monopolies. To maximize profits of GENCOs in such a dynamic environment necessitates an advanced 
model of competitor behavior and market uncertainty. This paper introduces a bidding approach for GENCOs which 
consists of their bids structured into three price-quantity blocks. Stochastic probability functions are utilized to 
model the Market Clearing Price (MCP) under uniform market clearing price mechanism. Using this mathematical 
framework, an objective function is established for each GENCO, aiming to maximize profits in relation to its 
competitors. To solve this optimization problem, a highly efficient and robust Grey Wolf Optimizer (ERGWO) is 
applied. The findings are derived from 10,000 simulations. To highlight the computational efficiency of ERGWO, its 
outcomes are contrasted with those generated by other meta-heuristic optimization techniques, including the Genetic 
Algorithm (GA), Particle Swarm Optimization (PSO), Gravitational Search Algorithm (GSA) and Grey Wolf 
Optimization (GWO) algorithm. ERGWO algorithm exhibits superior performance as the profit calculated through the 
dispatch estimation is more than any other algorithm.  
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1. INTRODUCTION 
Over the last decade, the restructuring of the power system has led many electric utilities to change the 
way they conduct business. Previously, they operated as vertically integrated entities, but now they have 
transitioned to open market systems. In pool electricity markets, two primary entities exist: GENCOs and 
customers. GENCOs participate in the bidding process and determine their bids, while large customers 
can also be involved in the process. The primary objective of GENCOs is profit maximization when 
constructing their bidding curves. They base their bid decisions on the observed bidding behavior of 
competitors, often using historical data. This behavior can be predicted through probability distribution 
functions (PDFs). GENCOs submit their bids in sealed envelopes to the market operator, who then 
determines the winning bids. The goal of strategic bidding is to identify an optimal approach for GENCOs 
to construct their bidding curves, allowing them to maximize profits while considering social welfare. 
In recent years, various approaches have been employed to maximize GENCOs' profits through strategic 
bidding. Some of these include the Dynamic Programming Approach [2]-[3], Stochastic Optimization [4]-
[13], and Game Theory Approaches [14]-[16] and deep learning concepts [17-20]. Multi-agent systems 
are attracting significant attention these days due to their advanced methods of information exchange 
and collaborative decision-making [22]-[30]. Authors have also modeled bidding strategy under 
conditions of generation uncertainty [32-33]. 
In [1], a critical survey of various techniques used for strategic bidding in electricity market is presented. 
In [2], the dynamic programming approach was employed to maximize the profits of GENCOs. In [3], a 
precise model was developed by the author, which incorporated a nonlinear operating cost function along 
with the minimum up/down constraints of unit commitment. M. Kohansal et al. [4] evaluated the effect of 
convergence bidding on price gaps in nodal electricity markets. Tao jiang et al. [5] formulated a bi-level 
optimization problem in which upper level problem is to maximize the profit gas-fired unit and lower 
level problem is to model the market-clearing of electricity and natural gas markets.A selective learning 
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model was used in [6] to predict the market clearing price. Hussein mehdipourpicha et al. [7] simulated 
day ahead market clearing process and procured profit from both physical generations and virtual 
transactions. Mahdi Ghamkhari et al. [8] focused on solving strategic bidding problem with the help of 
schmudgen’spositivstellensalz theorem and mixed integer linear programming to produce results closer 
to optimum bidding solutions with less computational time. Jian sun et al. [9] proposed extented 
locational marginal price to model generator costs and used this function to assess market power in the 
whole system. Sijiechen et al. [10] proposed distributed strategy update algorithm to accommodate 
uncertainty in behavior of market participants and formed strategic bids based on the information 
available from distributed power dispatch algorithms. Hanning mi et al. [11] proposed feature extraction 
technique to predict locational marginal price which is crucial for forming optimal bidding strategies. In 
[12], authors discussed the challenges and opportunities of employing AC-optimal power flow (OPF) 
dispatch to manage electricity market settlement and produced more profit for generation company in 
contrast to DC-OPF model. A bidding strategy considering demand response is presented in [13]. 
The concept of Game Theory has been implemented constantly by researchers from 20th century. It has 
remained relevant in the field of electricity markets due to its ability to analyze market dynamics. Yan Du 
et al. [14] formulated strategic bidding problem as a markov game model and applied multi-agent deep 
deterministic policy gradient to counter uncertainty concerning imprecise knowledge regarding bidder’s 
behavior.  ImanTaheriEmami et al. [15] applied pareto-dominant nash equilibrium theory to form bidding 
strategy in an oligopoly and oligopsony market. In [16], authors discussed the effectiveness of virtual 
bidding to contain operational risks and also price volatility between uncertainty of strategic bidding by 
implementing nash equilibrium and joint-tax subsidy mechanism. 
Deep learning and neural network based approaches have recently garnered widespread acclaim for their 
resilience and dependability [17]-[20].Yujian et al. [17] applied deep reinforcement learning technique to 
produce higher profits for Gencos and exhibited better computational performance than other alternative 
benchmark methods.Feihu et al. [18] focused on determining bidding behaviors of market participants by 
combining K-mediods clustering with deep learning model. Mihalydolanyi et al. [19] developed a neural 
network optimization model to map market participants’ behavior with market outcomes. Yufeng et al. 
[20] formulated adversarial multi armed bandit model to estimate power generation companies’ bids by 
observing outcome of the market auction and updating fitness of bids for each interval. 
Multi-agent systems (MAS) are increasingly utilized in electricity markets to facilitate strategic bidding. 
These systems consist of autonomous agents representing market participants such as generators, 
retailers, and consumers. D. EsmaeiliAliabadi et al. [22] developed an agent based simulation model to 
study the behavior of market participants under different market clearing mechanism. Hybrid agent [23] 
and reinforcement learning model [24, 25] analyze market operations and ensures realistic bidding 
behavior over time. Bilateral negotiations are examined by adaptive agent tracking strategies [26]. Multi 
agent transfer learning technique assesses varying market conditions and promotes higher bidding 
efficiency in uncertain market conditions [27]. Multi agent deep learning are particularly effective in Risk 
management [28], VPP’s coordination [29] and modeling of double sided auction [30] in electricity 
markets. Generation uncertainties are major concern of renewable energy resources; however low 
carbon emission and depletion of conventional fuel resources necessitates proper utilization of the green 
energy. Strategic bidding under these conditions is addressed in [32]-[33]. 
This paper introduces a novel methodology for devising a bidding strategy for a specific GENCO in an 
electricity market with N competitors, utilizing ERGWO to enhance its profitability.  
 

2. Problem Description 
Consider a system with N+1 GENCOs in which GENCO A has N competitors. All GENCOs submit their bids 
in confidence. Inter-temporal operational limitations have been disregarded because the bidding is 
conducted for a single hour of trade time, and each GENCO has a single registered unit. Bidding process is 
complex and to ensure reliability of the process, block-wise bidding is promoted where GENCOs bids in 
three blocks with their corresponding block capacity 𝑃̃𝑖

𝑛 and block price𝐶̃𝑖
𝑛 (𝑖 = 3). This research has 

established an optimal bidding method to maximize GENCO A's profits. The objective function has been 
formulated as: 
Maximize 𝛶(ℛ, 𝑝) = ℛ ∗ 𝑝 ∗ 𝑡 − 𝐹(𝑝, 𝑡)    (1) 
Subject to: 
   0 ≤ 𝑝 ≤ 𝑃                 (2) 

 𝐶𝑚𝑖𝑛 ≤ 𝐶 ≤ 𝐶𝑚𝑎𝑥        (3) 
To determine block price C, the objective function given in (1) must be solved with the constraints 
specified in (2) and (3). Market Clearing Price (MCP) is denoted by 𝑅in the equation (1). p denotes 
dispatched quantity of GENCO A. There is upper limit constraint on dispatched quantity designated by P. 
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Market regulations such as constraints on price cap (110 $/MWh) and block bid (𝑃𝑖
𝑚𝑖𝑛 =

0 𝑀𝑊and𝑃𝑖
𝑚𝑎𝑥 = 200 𝑀𝑊) have been taken into account. Trading period is one hour which is denoted by 

t. Generation cost function is represented by 𝐹(𝑝, 𝑡).𝐶𝑚𝑖𝑛is lower limit price constraint and 𝐶𝑚𝑎𝑥  is upper 
limit price constraint.  
The generation cost function of GENCO is given as: 

𝐹(𝑝, 𝑡) =  𝛼 + 𝛽𝑝 + 𝛾𝑝2                                           (4) 
𝛼, 𝛽 and 𝛾 are generator cost coefficients. 
Historical data may be used to predict rival’s behavior. Normal probability function is used considering 
rival’s bidding prices 𝐶̃𝑖

𝑛. 

 𝑃𝐷𝐹 (𝐶̃𝑖
𝑛) =

1

√2𝜋𝜎𝑖
𝑛

exp (−
(𝐶𝑖

𝑛−𝜇𝑖
𝑛)2

2(𝜎𝑖
𝑛)2 )  (5) 

Price distribution of rival companies may be represented in PDF by two parameters namely mean 𝜇𝑖  and 
standard deviation 𝜎𝑖 .After predicting rival’s behavior, the objective function given in (1) may be solved 
by using Minitab and ERGWO. In this article, an optimal bidding strategy has been prepared to maximize 
profit of GENCO A 
 

3. Proposed Solution Algorithm 
The objective function given in (i) is multi objective. The block bid prices of GENCO A are estimated 
knowing behavior of rival companies from historical data with the help of Minitab software. Minitab is a 
statistical software package that can be used for a variety of purposes, including data analysis, 
visualization and predictive analytics. The optimal dispatch quantity is obtained by the application of 
ERGWO. The procedure is given in following steps: 

(i) First random samples of bid prices of rival generation companies are obtained by 
analyzing historical data. Thereafter, Mean and standard deviation of block bid prices of 
rival companies are calculated.  

(ii) On the basis of this knowledge, block bid prices of GENCO A are estimated. 
(iii) After estimating block bid prices of GENCO A, optimal dispatch quantity is secured using 

ERGWO. 
 

3.1 Efficient and Robust Grey Wolf Optimizer 
Mirjalili et.al. [21] proposed GWO, a nature inspired meta heuristic algorithm, based on the behavior of 
grey wolves. In their study, social behavior and leadership hierarchy of grey wolves were used to develop 
mathematical modeling to solve complex optimization problems. The most optimal solution to the 
problem was referred to as 𝛼 while 𝛽 and 𝛿were ranked second and third in the hierarchy, 
respectively.The remaining solutions were designated as 𝜔, representing the least optimal solutions.  
The mathematical equations describing the encirclement of prey are given in (6). 

  𝑋⃗(𝑡 + 1) = 𝑋𝑝
⃗⃗ ⃗⃗ ⃗(𝑡) − 𝐴(𝐶. 𝑋𝑝

⃗⃗ ⃗⃗ ⃗(𝑡) − 𝑋⃗(𝑡)   (6) 

Here, coefficient vectors are, 𝐴⃗⃗⃗⃗ = 2𝑎⃗. 𝑟1 − 𝑎⃗ and 𝐶 = 2. 𝑟2 in which 𝑟1 and 𝑟2 are random vectors and 𝑎⃗ 

decreases linearly from 2 to 0. 𝑋𝑝
⃗⃗ ⃗⃗ ⃗ and 𝑋⃗ indicate the position vector of the prey and grey wolf 

respectively. Positions of the search agents are improved by using the model equations given below: 

    𝑋⃗1 = 𝑋⃗𝛼 − 𝐴1(𝐶1. 𝑋⃗𝛼 − 𝑋⃗)         (7) 

                    𝑋⃗2 = 𝑋⃗𝛽 − 𝐴2(𝐶2. 𝑋⃗𝛽 − 𝑋⃗)            (8) 

                   𝑋⃗3 = 𝑋⃗𝛿 − 𝐴3(𝐶3. 𝑋⃗𝛿 − 𝑋⃗)               (9) 

    𝑋⃗(𝑡 + 1) =  
𝑋⃗⃗1+𝑋⃗⃗2+𝑋⃗⃗3

3
                                          (10) 

The problem with conventional GWO is that it can be trapped in local minima and accuracy of the results 
are compromised. Hence a modification was suggested by Wen Long et al. in [31] in which parameter𝑎⃗ is 
updating non-linearly to incorporate actual search process. In their research, an improved version of 
GWO, named ERGWO, with better exploration and exploitation was proposed. The value of adaptive 
parameter 𝑎⃗dynamically varies as shown in (11). 
  𝑎⃗ = 𝑎𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − (𝑎𝑖𝑛𝑖𝑡𝑖𝑎𝑙 − 𝑎𝑓𝑖𝑛𝑎𝑙) × 𝜌−𝑡                             (11) 

𝑎𝑖𝑛𝑖𝑡𝑖𝑎𝑙  and 𝑎𝑓𝑖𝑛𝑎𝑙  are initial and final values of adaptive parameter 𝑎⃗ and non-linear modulation index is 

given by 𝜌. 
In realistic problems such as strategic bidding in electricity markets, conventional GWO may give 
significant errors in results due to individuals in the solution space increasingly converge around the 
most optimal candidates, their ability to explore new regions diminishes, which can result in becoming 
stuck in local optima. To address this challenge, the enhanced global search mechanism in ERGWO 
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introduces a revised position-updating strategy that leverages proportional weights which are given as: 

𝜔1 =
|𝑋⃗⃗1|

|𝑋⃗⃗1|+|𝑋⃗⃗2|+|𝑋⃗⃗3|
                                                                 (12) 

𝜔2 =
|𝑋⃗⃗2|

|𝑋⃗⃗1|+|𝑋⃗⃗2|+|𝑋⃗⃗3|
                                                                 (13) 

𝜔3 =
|𝑋⃗⃗3|

|𝑋⃗⃗1|+|𝑋⃗⃗2|+|𝑋⃗⃗3|
                                                                 (14) 

𝜔1, 𝜔2 and 𝜔3 are learning rates of 𝜔 wolves from 𝛼, 𝛽 and 𝛿 wolves respectively. 
A modified position-updating equation is proposed as follows: 

𝑋⃗(𝑡 + 1) =
1

𝜔1+𝜔2+𝜔3
 ×

𝜔1𝑋⃗⃗1+𝜔2𝑋⃗⃗2+𝜔3𝑋⃗⃗3

3
                            (15) 

 

4. Simulation Results 
This section showcases the simulation outcomes of an optimal bidding strategy designed for GENCO A, 
which competes against N rivals. By analyzing the historical behavior of competitors through their 
probability density functions (PDFs), an efficient strategy has been formulated for GENCO A, leading to 
maximized profitability. The predictive analysis functionality of Minitab software is combined with the 
advanced exploration and exploitation strengths of ERGWO, offering a highly efficient solution to the 
bidding problem that significantly boosts GENCO's profitability. To extend the analysis towards more 
realistic power system, Deviation and mean of the energy price of GENCOs are taken different. The case is 
simulated with Demand (PD ) = 1500 MW. 
Table 1 shows the details of various parameters of energy price. Block capacity, standard deviation and 
mean of the energy price have been exhibited. Rival companies are denoted by R1, R2 and R3. 
Table 1 : Parameters of GENCO A and its Rivals 

Block 
(s) 

 GENCO A R1 R2 R3 

1 

Qin (MW) 200 200 200 150 

Mean 10 10 5 5 

Deviation 3 3 2 2 

2 

Qin (MW) 200 200 200 150 

Mean 30 30 15 15 

Deviation 3 3 2 2 

3 

Qin (MW) 200 200 200 150 

Mean 50 50 25 25 

Deviation 3 3 2 2 

 

GEN
COs 

Blo
ck 

Genetic 
Algorithm 

Particle Swam 
Optimization 

Gravitational 
Search 

Algorithm 

Grey Wolf 
Optimization 

(GWO) 

Efficient and 
Robust GWO 

  Quanti
ty 

Dispat
ched 

(MW) 

Profit 
($) 

Quanti
ty 

Dispat
ched 

(MW) 

Quanti
ty 

Dispat
ched 

(MW) 

Quanti
ty 

Dispat
ched 

(MW) 

Profit 
($) 

Quanti
ty 

Dispat
ched 

(MW) 

Profit 
($) 

Quanti
ty 
Dispat
ched 
(MW) 

Profit 
($) 

GEN
CO A 

1 
115.89

06 

1032
6.85 

94.005
5 

11889.
25 

71.747
01 

1163
9.62 

50.847
33 

1278
3.62 

36.831
05 

1312
7.18 

2 
134.64

78 
156.13

78 
158.37

9 
180.12

19 
195.18
48 

3 
155.66

69 
186.53

92 
177.01

04 
195.22

87 
196.54
72 

R1 
1 

114.37
01 1000

9.24 

93.967
51 11621.

1 

119.50
45 1153

7.35 

76.745
95 1021

9.85 

151.97
18 1205

9.72 
2 

133.04
38 

149.98
42 

140.86
14 

83.838
77 

171.34
48 

http://www.svedbergopen.com/


www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning 
 

Vol.6, No.12s, 2026                                                                                                                                                                     1398 

 
Table 2 : Results obtained from various algorithms for PD=1500 MW 
 
Parameters employed for competing algorithms are given in Table 3. For fair comparison, no. of iterations 
and population size are considered same.  
 
Table 3: Parameters employed for competing algorithms 
 

Algorithms Parameters Value 
GA Crossover, Mutation 

Probability 
8𝑒 − 1, 1𝑒 − 3 

PSO Inertia, 𝐶1, 𝐶2 0.4, 0.2, 0.2 
GSA 𝛼, 𝐺0 20, 100 

GWO a [0, 2] 
ERGWO 𝑎, 𝜇 [0, 2], [1.0001, 1005] 

Discussion 
Optimization performance is computed keeping no. of iteration and population size same. Tolerance of 
1e-3 is set for solution to be converged and considered as the stopping criterion of optimization process.  
Fig. 10 depicts the convergence behavior of profit values derived from the optimization techniques 
employed by GA, PSO, GSA and GWO for 1500 MW demand level. It is apparent from the results that profit 
obtained by GA, PSO, GSA and GWO are less than ERGWO. Convergence characteristics also exhibit the 
superior computational behavior of ERGWO. Profit obtained by ERGWO is more than GA, PSO, GSA and 
GWO by 21 %, 9.43 % , 11.33 % and 2.62 % respectively, when the demand level is 1500 MW. Moreover, 
due to high computational cost, GA and GSA exhibited the highest execution time. Optimization routine 
with PSO displayed faster convergence but got trapped in local minima, consistent with the fact that 
proposed methodology is optimally suited to strategic bidding problem in comparison to its counterparts. 

 
Fig. 10. Convergence curve for PD=1500 MW 
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4.2 Computational Complexity Analysis 
The proposed Efficient and Robust Grey Wolf Optimizer (ERGWO) improves upon the standard Grey Wolf 
Optimizer (GWO) while maintaining a competitive computational cost compared to other metaheuristic 
algorithms such as Genetic Algorithm (GA), Particle Swarm Optimization (PSO), and Gravitational Search 
Algorithm (GSA). 
4.2.1. Computational Trade-Offs and Practical Implications 
A. ERGWO has a similar computational complexity as GA, PSO and GWO, but it achieves better 

convergence efficiency by dynamically adjusting the exploration-exploitation process. 
B. Unlike GSA (𝑂(𝑇. 𝑁2)), which requires complex force-based calculations, ERGWO maintains a linear 

relationship with the number of search agents, making it computationally more scalable. 
C. The adaptive mechanisms in ERGWO slightly increase computational cost but the faster convergence 

compensates for this overhead by reducing the number of required iterations. 
 

5. Conclusion 
In this article, an effective bidding strategy has been prepared for GENCO which will lead to profit 
maximization in the competitive environment of electricity markets. Simulation results are obtained 
with the application of Minitab and ERGWO algorithm. Mean and standard deviation of price 
distribution have been adjusted to model variability more effectively, ensuring it accurately represents 
the dynamics of the real electricity market. Comparison with other classical stochastic algorithm (GA, 
PSO, GSA, GWO) has been made and following major findings are discovered. 
A. ERGWO performs fairly better than other algorithms (GA, PSO, GSA, GWO). The profit of GENCO A is 

also improved for all the considered cases. 
B. Convergence characteristics show that GA and PSO got trapped in local minima. The results 

obtained with the application of GSA are also good as compared to GA and PSO but less profit is 
obtained when compared with ERGWO.  

Despite its strong performance, this study has certain limitations. ERGWO’s scalability to large-scale 
power systems and its ability to handle market uncertainties such as price volatility and renewable 
energy fluctuations require further investigation. 
 
Acknowledgements 
The authors express their sincere gratitude to the Department of Electrical Engineering, SKIT, Jaipur for 
providing facilities and resources which enabled the successful completion of this research. 

 
References 
[1] Bhardwaj, A. & Nawaz, S. (2024). Bibliographical Survey of Extensive Uses of AI-Based Tools in Real-Time 
Intelligent Bidding in Electricity Markets.In P. Sharma, M. Jyotiyana, & A. Kumar (Eds.), Applications, Challenges, and 
the Future of ChatGPT (pp. 126-142).IGI Global Scientific Publishing. 
[2] B. Ansari and A. Rahimi-Kian, "A Dynamic Risk-Constrained Bidding Strategy for Generation Companies Based on 
Linear Supply Function Model," in IEEE Systems Journal, vol. 9, no. 4, pp. 1463-1474, Dec. 2015. 
[3] P. Bajpai and S. N. Singh, "Fuzzy Adaptive Particle Swarm Optimization for Bidding Strategy in Uniform Price Spot 
Market," in IEEE Transactions on Power Systems, vol. 22, no. 4, pp. 2152-2160, Nov. 2007. 
[4] M. Kohansal, A. Sadeghi-Mobarakeh, S. D. Manshadi and H. Mohsenian-Rad, "Strategic Convergence Bidding in 
Nodal Electricity Markets: Optimal Bid Selection and Market Implications," in IEEE Transactions on Power Systems, 
vol. 36, no. 2, pp. 891-901, March 2021. 
[5] T. Jiang, C. Yuan, L. Bai, B. Chowdhury, R. Zhang and X. Li, "Bi-Level Strategic Bidding Model of Gas-fired Units in 
Interdependent Electricity and Natural Gas Markets," in IEEE Transactions on Sustainable Energy, vol. 13, no. 1, pp. 
328-340, Jan. 2022. 
[6] Y. Yang, T. Ji and Z. Jing, "Selective learning for strategic bidding in uniform pricing electricity spot market," 
in CSEE Journal of Power and Energy Systems, vol. 7, no. 6, pp. 1334-1344, Nov. 2021. 
[7]H. Mehdipourpicha and R. Bo, "Optimal Bidding Strategy for Physical Market Participants With Virtual Bidding 
Capability in Day-Ahead Electricity Markets," in IEEE Access, vol. 9, pp. 85392-85402, 2021. 
[8] M. Ghamkhari, A. Sadeghi-Mobarakeh and H. Mohsenian-Rad, "Strategic Bidding for Producers in Nodal Electricity 
Markets: A Convex Relaxation Approach," in IEEE Transactions on Power Systems, vol. 32, no. 3, pp. 2324-2336, May 
2017 
[9] J. Sun, N. Gu and C. Wu, "Strategic Bidding in Extended Locational Marginal Price Scheme," in IEEE Control 
Systems Letters, vol. 5, no. 1, pp. 19-24, Jan. 2021. 
[10] S. Chen, C. Xu, Z. Yan, X. Guan and X. Le, "Accommodating Strategic Players in Distributed Algorithms for Power 
Dispatch Problems," in IEEE Transactions on Cybernetics, vol. 52, no. 11, pp. 12594-12603, Nov. 2022. 
[11] Mi, H., Chen, S., Li, Q., Shi, M., Hou, S., Zheng, L., Xu, C., Yan, Z., & Li, C. (2024). Strategic bidding by predicting 
locational marginal price with aggregated supply curve. Energy, 304, 132109.  
[12] Soofi, A. F., &Manshadi, S. D. (2022). Strategic bidding in electricity markets with convexified AC market-clearing 

http://www.svedbergopen.com/


www.svedbergopen.com International Journal of Artificial Intelligence and Machine Learning 
 

Vol.6, No.12s, 2026                                                                                                                                                                     1400 

process. International Journal of Electrical Power & Energy Systems, 141, 108096. 
[13] M. Kazemi, B. Mohammadi-Ivatloo and M. Ehsan, "Risk-Constrained Strategic Bidding of GenCos Considering 
Demand Response," in IEEE Transactions on Power Systems, vol. 30, no. 1, pp. 376-384, Jan. 2015. 
[14] Y. Du, F. Li, H. Zandi and Y. Xue, "Approximating Nash Equilibrium in Day-ahead Electricity Market Bidding with 
Multi-agent Deep Reinforcement Learning," in Journal of Modern Power Systems and Clean Energy, vol. 9, no. 3, pp. 
534-544, May 2021 
[15] I. T. Emami, E. Samani, H. A. Abyaneh, H. Mohsenian-Rad and A. Bakhshai, "A Conceptual Analysis of Equilibrium 
Bidding Strategy in a Combined Oligopoly and Oligopsony Wholesale Electricity Market," in IEEE Transactions on 
Power Systems, vol. 37, no. 6, pp. 4229-4243, Nov. 2022. 
[16] C. Lu, J. Liang, N. Gu, H. Wang and C. Wu, "Manipulation-Proof Virtual Bidding Mechanism Design," in IEEE 
Transactions on Energy Markets, Policy and Regulation, vol. 2, no. 1, pp. 119-131, March 2024. 
[17] Y. Ye, D. Qiu, M. Sun, D. Papadaskalopoulos and G. Strbac, "Deep Reinforcement Learning for Strategic Bidding in 
Electricity Markets," in IEEE Transactions on Smart Grid, vol. 11, no. 2, pp. 1343-1355, March 2020. 
[18] Hu, F., Zhao, Y., Yu, Y., Zhang, C., Lian, Y., Huang, C., & Li, Y. (2025). Strategic bidding with price-quantity pairs 
based on deep reinforcement learning considering competitors’ behaviors. Applied Energy, 391, 125874.  
[19] M. Dolányi, K. Bruninx, J. -F. Toubeau and E. Delarue, "Capturing Electricity Market Dynamics in Strategic Market 
Participation Using Neural Network Constrained Optimization," in IEEE Transactions on Power Systems, vol. 39, no. 
1, pp. 533-545, Jan. 2024. 
[20] Y. Wang, B. Zhang, J. Ma and Q. Jin, "Earning While Learning: An Adversarial Multi-Armed Bandit Based Real-
Time Bidding Scheme in Deregulated Electricity Market," in IEEE Transactions on Network Science and Engineering, 
vol. 9, no. 6, pp. 3991-4000, 1 Nov.-Dec. 2022. 
[21] SeyedaliMirjalili, Seyed Mohammad Mirjalili, Andrew Lewis, “Grey Wolf Optimizer”, in Advances in Engineering 
Software, Vol. 69, pp. 46-61, March 2014. 
[22] DanialEsmaeiliAliabadi, Murat Kaya, GüvençŞahin, “An agent-based simulation of power generation company 
behavior in electricity markets under different market-clearing mechanisms”, Energy Policy, Volume 100, 2017, 
Pages 191-205. 
[23] Jidong Wang, Jiahui Wu, YanboChe, “Agent and system dynamics-based hybrid modeling and simulation for 
multilateral bidding in electricity market”, Energy, Volume 180, 2019, Pages 444-456. 
[24] KiranPurushothaman&VijayaChandrakala, “Roth-Erev Reinforcement Learning Approach for Smart Generator 
Bidding towards Long Term Electricity Market Operation Using Agent Based Dynamic Modeling”, Electric Power 
Components and Systems, 48(3), 2020, 256-267. 
[25] Kiran P., K.R.M. VijayaChandrakala, “New interactive agent based reinforcement learning approach towards 
smart generator bidding in electricity market with micro grid integration”, Applied Soft Computing, Volume 97, Part 
A, 2020, 106762. 
[47] Kashif Imran, Jiangfeng Zhang, Anamitra Pal, AbraizKhattak, KafaitUllah, SherjeelMahmoodBaig, “Bilateral 
negotiations for electricity market by adaptive agent-tracking strategy”, Electric Power Systems Research, Volume 
186, 2020, 106390. 
[26] Jiahui Wu, Jidong Wang, Xiangyu Kong, “Strategic bidding in a competitive electricity market: An intelligent 
method using Multi-Agent Transfer Learning based on reinforcement learning”, Energy, Volume 256, 2022, 124657. 
[27] PegahRokhforoz, Mina Montazeri, Olga Fink, “Safe multi-agent deep reinforcement learning for joint bidding and 
maintenance scheduling of generation units”, Reliability Engineering & System Safety, Volume 232, 2023, 109081. 
[28] Shupeng Li, XianxuHuo, Xiyuan Zhang, Guodong Li, Xiangyu Kong, Siqiong Zhang, "A Multi-Agent Optimal Bidding 
Strategy in Multi-Operator VPPs Based on SGHSA", International Transactions on Electrical Energy Systems, vol. 
2022, Article ID 7584424, 13 pages, 2022. 
[29] B. Yin, H. Weng, Y. Hu, J. Xi, P. Ding and J. Liu, "Multi-Agent Deep Reinforcement Learning for Simulating 
Centralized Double-Sided Auction Electricity Market," in IEEE Transactions on Power Systems, vol. 40, no. 1, pp. 518-
529, Jan. 2025, doi: 10.1109/TPWRS.2024.3404472. 
[30] M. Dolányi, K. Bruninx, J. -F. Toubeau and E. Delarue, "Capturing Electricity Market Dynamics in Strategic Market 
Participation Using Neural Network Constrained Optimization," in IEEE Transactions on Power Systems, vol. 39, no. 
1, pp. 533-545, Jan. 2024, doi: 10.1109/TPWRS.2023.3242356. 
[31] Long, W., Cai, S., Jiao, J. et al. An efficient and robust grey wolf optimizer algorithm for large-scale numerical 
optimization. Soft Comput 24, 997–1026 (2020).. 
[32] Xu Gong, Xingmei Li, ZhimingZhong, “Strategic bidding of virtual power plants in integrated electricity-carbon-
green certificate market with renewable energy uncertainties,” in Sustainable Cities and Society, Volume 121, 2025, 
https://doi.org/10.1016/j.scs.2025.106176. 
[33] Lina Silva-Rodriguez, AnibalSanjab, Elena Fumagalli, Madeleine Gibescu, Strategic bidding of variable renewable 
energy sources in light-robust day-ahead electricity markets, in Applied Energy, Volume 381, 2025, 
https://doi.org/10.1016/j.apenergy.2024.125056. 

http://www.svedbergopen.com/
https://doi.org/10.1016/j.scs.2025.106176
https://doi.org/10.1016/j.apenergy.2024.125056

