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Multi-agent Based Bidding Strategy Model Considering Wind Power
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Abstract Under the background of new power system, the pricing problem of new energy generators has been a research hotspot
in the electricity spot market. Compared with traditional energy.wind power output is subject to more uncertain factors, which
poses a challenge to wind power generators in finding the optimal bid. To address this issue, this paper proposes a pricing strategy
model for generators that takes into account of wind power based on the multi-agent reinforcement learning algorithm named
WoLF-PHC. In the model, the spot market includes wind power,thermal power,and hydropower,and each generator is abstracted
as an intelligent agent,and a stochastic constrained planning algorithm is used to model the profit function of the wind power
agent. For the pricing strategy model of the agents,the D3QN algorithm is combined with the WolLF-PHC algorithm, which ena-
bles the model to handle complex state spaces when bidding. In addition,to model the interactive environment,a DDPM diffusion
model is proposed to generate wind power output data and optimize the simulation of wind power clearing scenarios. In this pa-
per.simulation experiments are carried out based on a 3-node power simulation system. Experimental results show that the pro-
posed wind power profit function modeling, WoLLF-PHC improvement, wind power output generation, and other techniques are
feasible, which can effectively solve the bidding pricing problem of wind power in the spot market,and learn better strategy after
fewer iterations.

Keywords WoLF-PHC.Multi-agent reinforcement learning, Electricity spot market,Bidding strategy. Diffusion model
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Fig. 3 Power system diagram
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Table 1  Generator set parameters
J& Gl G2 G3 Gd
&N /MW 5 5 5 0
kA /MW 75 75 73 70
AE/MW « h 2000 2000 1500 1300
JBE R AR T TG 80 72 68 10
A ZH a2/((/(MW « h)2)  0.000068 0.000096 0.000018 —
RS M al/(t/ (MW « h)) 0.16 0.22 0.26 —
WA S H a0/ (t/h) 58 25 16 ¢
JEH ik A1 /(MW /h) 50 40 40 40
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Table 2 Performance comparison of generative model

% it AR A SP GAN AVB A S A

Berier — 598.32  441.42  450.34 283.05
& A1/ MW 55.0 54. 4 52.2 50. 2 55.0
85 & 4G 1E /MW 50.5 52.7 34.2 44. 4 18.6
4 4L 3/ MW 38.0 48.0 29.4 23.5 35.2
15 8 4 fr {E /MW 15.4 31.6 7.2 8.3 13.3
& /ME /MW 7.3 5.0 5.0 5.0 5.5
415/ MW 35.1 43.9 27.4 25.9 32.9
ARk £/ MW 13.7 11.7 12.4 15.0 14.7
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Fig. 4 Validity verification of uncertainty modeling
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Table 3 Comparison of strategy models
# % ACT ATR/TC ARF
Q-learning 167(440.41) 88103. 81 1.05
SARSA =200 86745.62 1.03
DQN 76(+31.10) 87676.25 1.11
Double-DQN 78(+41.3D) 86712.98 1.08
WoLF-PHC 160(+22.91) 88451.78 1.02
K XA A 38(+14.14) 88881.63 0. 96
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