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Application of fuzzy Q-learning for
electricity market modeling by considering
renewable power penetration
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2. Agent-based electricity market modeling
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Fig. 1. Diagram of the test system.
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2. Agent-based electricity market modeling
2.1. The players’ bidding problem(8 D F D)
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2. Agent-based electricity market modeling
2.2. Hourly congestion management model (ISOD{E =)
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2. Agent-based electricity market modeling
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3. Methodology

3.1. Introduction to fuzzy Q-learning
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3. Methodology

3.2. Assumption and definitions
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3. Methodology

5) Fuzzy £68L, -

lyyj *

y=llcd&WwtT
1

[[ =5
g 1
5]
©
£ 05} -
[
2
S
()]
s 0
10 20 30 40 50 60 70
1st wind farm's output power (1st state variable)
min max 3
PRy Ss_yt SPRy ,y= 1,...n O)_F—(
ly=1,...ky :Fuzzy®&&L, , DAVT VIR
6) Fuzzy JL—JL .
IF s¢¢ is Ll1 1j and Sot is L122j and Spt 1S Llnnj
THEN Oy y,.....jt = [thz---lr,jtl i Ljt2 il dyjtv - thz---lnith]

1 J
Y
1TEIDE
O1,1,-Lhjt [EFuzzy JL—)L OFRIEH R HE H(TENEE)




3. Methodology

Membership degree

Membership degree
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3. Methodology

3.3. The proposed step-by-step procedure
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4. Simulation and results

4.1. Data and assumptions
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Fig. 1. Diagram of the test system.

A 4

s REETIL

O |IEEE 30 bus

RAEIXR)
O 2@ Fr(bus7, 10)

RE(RADDHEESE
08 =[20 60|MW (bus7)
05, =[30 40]MW (bus10)

™

o 2/\Y—>(EH), ETF)
1TE)

o A; = {0, 10, 20}%,j €G.
02—y htEE

a=aqaje=¢€,VjeC.
0.2 0.057



4. Simulation and results

4.2. Implementing fuzzy Q-learning
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4. Simulation and results
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4. Simulation and results
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4. Simulation and results

4.3. Comparative study
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4. Simulation and results
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