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Abstract

The fusion of fuzzy set theory and neural networks technologies have concentrated on applying

neural networks to obtain the optimal rule bases of fuzzy logic systems. Unfortunately, this is very
hard to achieve due to limited learning capabilities of neural networks. To overcome this difficulty,
we propose a new approach in which rough set theory and neuro-fuzzy fusion are combined to
obtain the optimal rule base from input/output data.

Compared with conventional FNN, the proposed algorithm is considerably more realistic because
it reduces overlapped data when construction a rule base. This results are applied to the constrction

of inference rules for controlling the temperature at specified points in a refrigerator.
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Table 1. An example of values of measurement

in refrigeration system.

Wa | A1 | A2 AL A2
SELE D e gy |
pl| 2459 | 2553 | -0017 004 11
p2| 2551 2645 | -0.009 0.05 25
p 3| 2449 2789 | -0.006 0.017 13
p9| 2471 2512 | -0.029 0.05 02
pl0 1 2551 2699 0001 | 003 57
pll| 2480 | 2779 0020 | -0.044 05
L
k23 2. Observation Hjel¥
Table 2. Observation table.
HE C1 C2 dC1 dcz2 dl
pl 0 2 1
D2 2 1 2
p3 0 1 1
p9 1 0 0 2 0
pl0 2 1 4
pll 2 0 0
E: S 3. 7=k HlolE
Table 3. Reduced table.
W3 Cl1 2 dC1 dC2 1 dl ‘
ul 0 2 1 2 1
u2 0 1 2 0 1
u3 1 0 0 0 0
wd 2 1 2 2 2
ub 1 0 1 1 3
ub 1 0 0 2 0
u7 2 1 2 0 4
ud 1 2 2 0 0
A9 gHoliedA ohgst 22 73 HeE 4L 4
et
IF QVis Tand C21is Jand dC1 is K
(11

anddC2is Lthendlis M
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(14)e} -2~ v o 3k}
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L = A . | Yy . | A(CIVACIVC2A(CIVC2VACA
il yIIlbO ] yII]bO
A4 1 c1 ZRC & (CIVACIVEDN(CIVACIV C2VACD) (14)
A A 18i8Hg dct ZFR d6 A(CIVACIVAC2)
A 2 dac2 3BL d7 = CIV(dCIACZV(dCIAC2)V (CINGC2)
A TH S dc2 3BC dg
ul -
8L dl SIBR @ REDS™ (U~ fw). B) (15)
FBC d2 3HFL d10 ={{Cly},{dCly, C2,}.{dC1,,dC23},{C2y, dC2}}
ZBR d3 3IFC di1
ZFL @ SR a2 REDS™ (U —{u}, B) = {{Cl}} 16)
£l 5. 8 1t F 7. 7% ¥4 MU, B)
Table 5. Output interval value. Table 7. Discernibility matrix M(U, B)
Ay d1~d12¢) 543t ul u2 u3 wd ub ub u7 | u8
0 d(x) <06 ul
o €L
1 06=<d(x) <22 o
2 2.2<d(x)<38 3 C1,4C1,|CLdCl,
3 3.8<d(x) <54 Cadcz |2
ClLdCLCL  [CldCl,
4 54<d(x) ud o 2 lceac
_lcLjonden) de fctda,
® |c2d02 |c2ac2| dc2 (a2
23 6. A ol Fahgt 6 et ferer, Cldcl| dcL
Table 6. Sensor input interval value. 2 |Cde2| d2 |2 ac2
:TLZ}%k C1el ’/—;1:}‘6‘%1' 29 _/_:1;/\6]%1_ a7 CLdCL,|C1 CLdCl, CLdC1,|CLdCL,
C2dC2 o) aC2 |[cadce {c2dee
0 Cl(x)<2.460 C2(x) <2547 . CLACLICL, CLlcL &Ll L iCL
1 2460 <Cl(x) <2540 | 2547<C2Ax) <2634 Flie o o |ceolcdc|cdc|o
2 2540<Cl1(x) 2634<C2(x)
2Rk dcle] £Azk dcze] £X7} (Step 6] 23} Zo] x o Wigk 2lHESS 4 (15),
H o e
0 dC1(x) < -0.017 dC2(x) < -0.033 16)27¢ 72 5 g)rk
1 -0.017<dC1{x) <0.017]-0.033 <dC2(x) <0.033 REDS* (U, B) ={ {({Cl}}, {(Cly). {dCl,. C2}).
2 0.017<dC1(x) 0.033<dC2(x)
| - ((CL)(dC,, dC2), an

[Step 4] % 3% Rough Set& o|&3le| % 73 e
T2 88 MU, B) & FAEt

B={Cl, dCl, C2, dC2}, (12)

U= {(ul, u2, u3, ud, u5, u6, u7, u8} (13)

{{C1},{C2,, dC2:}} }
A E e
RULES* (U, B) = {{Cl,}) (18)

s} e,
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0 ., Ootherwise (92)
(i=1,2,3,4, 7=1,2,3)
N ]i[ A(Gi(x)
M= m‘ n (23)
21 HAI;(GI(Xz))

A (22004 xe AME, k= HAXE] A«
2 A53ERY Agolnt 3 6(-)E dHEe
A gzre s AAsl7) 13 vElal K scaling factor)o |t

HEA 0 F v} A 2ol o8 F2gs T3kt

m
2 4 n

y= e P = ;0 H;-a; (24)
i;(‘)#" ]

§.'ﬂ % 6—/] TR J:]X] }\]}\‘5}‘4/] ‘I‘ _\lﬂ, 7}%‘ilcﬂ
2, 5 A8 98 L e 23 s A
BE)

(1) = %(yd(t)fy‘(t))z 2)

N @9 94 95 2
1 918 A2 (tp dcente] o145, 1 2
3} 4 ke A @O, 218 AT,

oK
da; = — 19 - 2=
da; 2)
=7 (g~ y¥)u,;
ai(t+1)=a;(t)+ da(t) on
V. AFH Algalold
1. B3R A 2El
38 78 12449 gk £ 3l FBL Al
?BLU 3500)

E
|
|
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43 282

o
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Fig. 7. Real temperature values of the middle BL(d)).
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1 ot 1001 1501 200t 01 300 350
Hole} A5

(a)

1 §01 1001 1501 2001
delet A%

250 300 3501

o))
a3 8. F BL Ade] &% 32 A% (a) olx-vix)
TS AR FEHRMS 24 = 0.2211) (b)
Back Propagation 3RMS 24+ = (.1926)
. Temperature inference result at the point
middie BL (a) Inference values using Rough-
Fuzzy rule(RMS error = 02211) (b) After
back-propagation learning(RMS error= 0.1926).
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Table 8. Temperature inference rules at the point 1 o)Ake] Tt BEal Hlo) ME nlLgAe o F
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T T —r A
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i
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493t 42 45
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Fig. 9. Comparison of inference error values of
Rough-Fuzzy rules and Fuzzy rules.
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Table 9. The numbers of rule and inference result flo] Ad AAzRe x| el gt A
at each pomts in refrigeration. 28 3L Qe | Rk dukdel 3 AR
| El 4111 %7‘ gl 2] A A | S o2 Al Wil F1ls g o 5 Uk
— R — N
L BB 02211 0.1926
EBC) 8 %5 13152 06617 v. A=
ZBR 76 3H 033131 0.2611
I — -
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