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Abstract:

This paper addresses on engineering application using fuzzy abduction and Petri
net technique. The problems are introduced informally about the fault finding technique of
electronic networks with different illustrations, so that anyone without any background in
the specific domain easily understands them. and easily find out the fault of the
complicated electronic circuit. The problems require either a mathematical formulation or
a computer simulation for their solutions. The detail outline of the solution of the

engineering problemisillustrated here.
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1. Introduction.

Consider the problem of diagnosis of a 2-diode full wave rectifier circuit.
The expected rectifier output voltage is 12 volts, when the system operates
properly. Under defective condition, the output could be closeto O volts or 10 volts
depending on the number of defective diodes. The knowledge base of the diagnosis
problem is extended into a FPN (vide fig. 1). The task here is to identify the
possible defects. defective (transformer) or defective (rectifier). Given the belief
distribution of the predicate close-to (rectifier-out, 0 v) and more-or-less (rectifier-
out, 10 v) (vide fig. 9 and 10), one has to estimate the belief distribution of the

predicate: defective (transformer) and defective (rectifier). However, for this
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estimation, one should have knowledge of the relational matrices corresponding to
input-output place pairs of each transition and the thresholds. Let us assume for the
sake of simplicity that the thresholds are zero and the relational matrices for each
input-output pair of transition try through tr; are equal. So, for 1 <i <7 let R; =

03 05 06

04 06 09].

08 07 02

d4

ds : :I
p tra ’,trv

d,= defective (transformer), d, =close-to (primary, 230), ds=defective (rectifier),
ds= Close-to (trans-out, 0V), ds = Open (one half-of-secondary-coil), ds =
Defective (one-diode), d; = Defective (two-diodes), dg =Close-tp (rectifier-out,
0V), dg =More-or-less (rectifier-out, OV).

Fig. 1 A FPN representing diagnostic knowledge of a 2- diode full wave rectifier.
0.

belief of Close-to
(rectifier-out, OV

\
0 8 10 12

rectifier out(V) —»
Fig. 2: Belief distribution of Close-to (rectifier-out, OV).
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Fig. 3: Belief distribution of More-or-Less (rectifier-out, 10V).

2. Outlines Based Approach:
Step 1: Given, the relational matrices for each input-output pair of transition try

03 05 06
through tr; areequal. Andtheseare, Ri =04 06 09| forl1<i<7.
08 0.7 02
0.2 02 08
TheR; *=Pre-invrrseof (R) = |02 02 0.7/, isdetermined by the Algorithm is given below.
04 09 04

Ati=1
Evaluate_c}) (i)
With ¢y1=r1=0.3; b (1) = qy1-{(q1A12)+ (1A H3)}/2=0.0
With oy =r51=0.4; h (o) = tho-{(hoATop)H (o AT23)}/2=0.0
With gy3=r31=0.8; h (ty3) = th3-{(g31r3p)+(h3zArz3)}/2=35
Max{ hy (1), hy (o). M (h3)}=h (ch3) ; Retun gy3=rg1=0.8 and k=3.
Evaluate ¢ i for al | except k =3.
th1=Min(rgq,r3p,r33) =0.2; thp=Min(rgq,rzo,r33) =0.2.

Ati=2

Evaluate_cf (i)
With gy1=r19=0.5; h(dpq) = do1-{(dp1A 1)+ (dx1A3)}/2=01
With dpp =195 =0.6; hy (dpp) =dop -{(dpp ATp1)+(dpp ATo3)}/2=0.1
With dp3=r35,=0.7; h (do3) =do3-{(dp3zr31)+(dx3A133)}/2=0.25

Since, Max{ h, (dy1), M(ap), M (0x3) 1= M(ax3);

Return gpg3= ryg = 0.7 and k=3.

Evaluate Gij for al j except k = 3.
Oo1=Min(rg1,r35,r33) =02, gyp=Min(rgy,r3y,ragz) =02

1370



J.Mech.Cont.& Math. Sci., Val.-9, No.-2, January (2015) Pages 1368-1376

Ati =3

Evaluate_qj (i)
With dzq=113=0.6; h (dgq) = dgq-{(dzqArq)*(d3qAM2)}/2=0.2
With gg5=r93=0.9; h (dgp) =dgy -{( 0tz ATp1)+(0Ugp ATo0)}/2= 0.4
With gg3=r33=0.2; h; (033) = da3-{(dg3Ar31)*+(dz3Ar3y)}/2=0.0
Since, Maxi 1, (03q), M (dgo ), M{033)i=m (030 )
Return ggp = ryg=0.9 and k=2.

Evaduate Gij for al | exceptk = 2.

Q31= Mln( r21, r22 , r23) =0.4; Q33= Mln( r21, I’22 s r23) =0.4.

Step 2: The R; for 8<i <9 will be the identity matrix. Thus R; r, in the present
context will be a (27 x 27) matrix, whose diagonal blocks will be occupied by R;.
Further, since all the non-diagonal block matrices are null matrix, the R; ™ can be
constructed by substituting R; in Rim by R; ™.

TheP 'ty and Q' inthe present context are also (27 x 27) matrices.

O D P DD DD DD
O D P DD DD DD
O D D DD DD DD
I O & & & & O D
Pim=|1 ® ® ® & & & & @],
O I & O O DO DD D
® P I DO DD DD
® P P I ©® &I I @
® d ® d 1 I & O |
I 1 & & & & & O O]
O DI O DO DD DD
® P I DO DD DD
O D P I ©® DD DD
Q'im=|® ® ® & I ® & & O
O D P DO DI DD D
® P P DD DI DD
O D P DO DD DI D
D DD DD DD |

TheP 't and Q 't m * are now estimated using the Algorithm I.
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O O &I & & O D D

O O & O &I & & P

O O & O & &I D D

O O & O O & b I @
Pim=|® ® ®&® & ® & & O T,

O O & O O O O D I

O O & O D & Db I @

O O & O D & Db I @

D D DD DD DD T

(1 ®@ @ & & & & O D]

I O & & O & O P

O I O D DD DD

O Od P I OO D DD
Qin™=® & ® & I & & & @

O DD DO DI D DD

O D DP DD DI DD

O DD DO DD DI D

© © > d O DD D |

Nini isa (27 x 1) vector, given by

Nini = [000 000 000 OO0 000 00O 000 0.20100 04
0.50.6] o
Using the equation of Petri-net’s dynamic, we write
N({t+1) =P tm0Rm 0 (Q "m0 N°(t))°
P'tm ™ 0N(t+1) = Rim 0 (Q ' rm 0 N°(1))°
R o (P'rm ™ ON(t+1)) = (Q " rm O N(t))°
(RiPo(P'sm ™ oN(t+1)) )°= Q"' tm 0 N°(t)
Nt =[Q'tm ™ 0o(Ri™ 0 (P'tm™ 0N(t+1)) )]
Now, the algorithm for backward reasoning is then invoked using above formula
andthevalueof Q'tm™t, Ri™, P'tm tand N(t+1) = Ni;
Sample run
1¥step: N(t)=[000 000 000 222 665 .6.6.5
222 020100 040506]"
2" step: N (t) =[0.20.20.2 0.20.20.2 050506 02020.2
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060605 0.60605 020202 020100 04050.6] "

39step: N(t) =[020.202 020202 050506 020202
060605 060605 020202 020100 040506]"

The steady-state belief distribution obtained after 3 iterationsis given by
Nss=[020202 020202 050506 020202 060605
060605 020202 020100 040506]"

The output of rectifier is near to 9 volts because in Njn; only ng was set as higher
value. Nijn; is input of FPN for backward reasoning. After performing abductive
reasoning in FPN we got: n3 ns and ng has been triggered. n3 indicates diode has
been damaged. ns indicates only one diode has been damaged. And ng indicates
transformer’s secondary coil which is connected to damaged-diode may aso be
damaged. Thisinferenceislogicaly true and valid.

Forward junction voltage of
diode D,

Output voltage
lR
@ 2

Forward junction voltage of
diode D,

Fig. 4: 'R, and 'R, are relational matrices
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Step 3: Abductive Reasoning:

Now, we assume the primary membership distribution of “output voltage as
MEDIUM” is. Source 1: (0.2 0.9 0.1), source 2: (0.1 1.0 0.2) and source 3:
(0.1 1.0 0.1). Furthermore, the secondary membership distribution of “output
voltage as MEDIUM” is: Q'=[1.0 0.7 0.7 0.6 09 0.8 0.9 0.5 0.8]. Thus,
the primary membership distribution for “output voltage as MEDIUM™ is obtained
using the above primary membership distributions from all sources correspond to

the best secondary membership value as, * My var wepiow ()= " mg (x,) = [0.2

1.0 0.1]. Now, we have the primary distribution for diode D, as "™'m,(x) =

02 02 0.1

bt (x) 0 (*R)T=[02 1.0 01] 0|09 03 01| =[0.9 0.3 0.1]. Similarly,
01 01 0.1

we obtain the primary distribution for diode D, as ™m, (x,) = **my (x) 0 (‘Ry)" =

01 0.2 0.2
[02 1.0 0.1]o|ol 02 09|=[0.1 0.2 09].
01 01 01

Thus, when the output voltage is MEDIUM, then we have the primary distribution
for diode D; as[0.9 0.3 0.1], i.e, diode D; is not defective and the primary
distribution for diode D, as[0.1 0.2 0.9], i.e, diode D, is defective.
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