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PEFRB: Probabilistic Fuzzy Rule Base
a9 4 718 g 72

st Rk Ho]lE Alo] WEEn A&HA F
8ol g8  AeE w©y

(STM;Short-term Memory) 2 #7]
(LTM;Long-term Memory)e] 2% Fx
Fol 19 5 ¢ 7L Fx22 FFL T

ot.

The long-term
Knowledge
Accumutation

Capability

Training Example for a MISO system (for #n PFRB)
= {54, G By (2,4 )

The short-term
Knowledge
Extraction

STM: Short-term Memory, LTM: Long term Memory
Capability IFCS: erative Fuzzy Clustering with Supervision
LI, 4 PFR8: Probabilistic Fuzzy Rule Base

DM : Decision Maker to accumuiate PFRB

:Batch Learning Method
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IFCS: iterative Fuzzy Clustering with Supervision
PFRB: Probabllistic Fuzzy Rule Bage
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