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Abstract: In order to analyse the fault of avionics system effectively, the conditional places are added on
the bads of traditional fuzzy Petri nets. Firgly, by analysing the functiona sructure of the system and
combining with the maintenance data, the forward reasoning model is established by usng conditional
fuzzy Petri nets for fault propagation analyss. Based on the forward reasoning model, the probability
formulais combined to construct the backward reasoning model, and the certainty factor (CF ) of partial
reverse transitions is timely updated according to the state of the conditiona places for fault diagnosis.
Then, given the initial CF of the places, the forward and reverse reasoning model are quantitatively
calculated by using the iterative agorithm based on maximal algebra, and the calculated result of each
place in the next state is deduced to analyse the possibility of failure. Finally, an example is given to

verify the effectiveness of the method.
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1. INTRODUCTION

Avionics system mainly includes navigation, communication
and other functions. With the development of technology,
avionics system has gone through the stages of separation,
combination and integrated modularization (Yang., 2015).
The integration modularization of avionics sysem brings
convenience as well as high coupling between functions,
which brings challenges to fault diagnosis and analysis (Li et
al., 2005). For the fault of avionic system, due to the
interconnection among the various functional units that make
up the avionics system, the same fault symptom often
corresponds to several fault causes, and the same fault causes
can lead to multiple fault symptoms. When a fault occurs a a
certain level of avionic sysem, the date of its related
components will change, sometimes the uncertainty of
environmental factors and its own characteristics aways lead
to the uncertainty of the fault.

Many experts are using fuzzy Petri nets to carry out forward
reasoning (Wu et al., 2019), and establishing expert system
through fuzzy regularization (P. V. S. Reddy., 2016). For
system fault diagnosis (Li et al., 2007a), not only tends to
infer the possibility of failure phenomenon from the causes of
the failure through forward reasoning way, but also tends to
infer the possbility of failure causes from the failure
phenomenon in a backward reasoning way (Liu et al., 2013).

In order to analyse the fault of avionics system effectively, an
avionics multi-fault diagnosis method based on probabilistic
causal network is proposed by (Zhu et a., 2010), use the
probabilistic causa network and minimalistic coverage
theory to solve avionics system faults, and gives the multi-
fault diagnosis ICGS algorithm and relative likelihood
evduation algorithm. (Yuan et al., 2008) proposed a reverse

reasoning method based on fuzzy Petri nets (FPN), which
made full use of the structure and behaviour characteristics of
FPN, identified the middle position through vector
calculation, improved reasoning efficiency, and reduced the
complexity and scale of FPN. (Hu, et al., 2011) propose a
model construction method, use fuzzy Petri nets to congtruct
reverse reasoning model based on forward reasoning model,
and the certainty factor(CF ) of reverse transitions are set as
the reciprocal of CF for forward transitions, and the iterative
formula of maxima agebra method was used to calculate
backward reasoning. Fuzzy Petri net can well represent the
fuzziness, trangtivity and uncertainty of the fault of complex
system, for the fault of avionics system, fuzzy Petri net is
also applicable. Therefore, a conditional fuzzy Petri net is
proposed in this paper to effectively anayse and
quantitatively calculate the fault of avionics system.

The organization of this paper is as follow: Section 2
introduces basic definition of conditional fuzzy Petri nets and
presents aformal forward and backward reasoning algorithm.
An example analysisis carried out to construct the model of
forward and backward reasoning in Section 3. Section 4
introduces the calculation and verification of CFPN in
forward reasoning and backward reasoning. Conclusion
remarks are given in Sectionb.

2. CONDITIONAL FUZZY PETRI NETS

Petri nets was invented by C.A. Petri in the 1960s. It has both
a strict mathematical expression and an intuitive graphical
expression (Yuan et al., 2008), which can well describe the
concurrent and asynchronous dynamic behaviour of complex
systems (Chen et al., 2000; Hu et al., 2019), and has been
gradually expanded into random Petri nets, coloured Petri
nets, fuzzy Petri nets and so on (Sheng et a ., 2019).
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2.1 Fuzzy Production Rules and Representation of Fuzzy
Petri Nets

Fuzzy production rules describe the fuzzy relations of
multiple propositions (Liu et al., 2009; Li et al., 2007b), the
type of fuzzy production rules and corresponding
representation of fuzzy Petri nets are as follow (Liang et al.,
2010; Guo et a., 2012):

Type 1: fuzzy production rule: if d, then d, (CF =y)
l,-(u,-)
d, / ™\ /”"'\‘ ds
i \ J N/ Pk
Fig. 1. Fuzzy Petri netsrepresentation of type 1.
Mathematical expression: CF(d,) =g, *m

Type 2. fuzzy production rule: if d,and ... and d, then
d (CF=u)

di [

P \ .

dz“/'\‘ /i\\ dj.

P2 — \_/ Pr

d/
pn\/

Fig. 2. Fuzzy Petri nets representation of type 2.
Mathematical expression: CF (d, ) = min (0, 0y, L-Gg, ) * M

Type 3: fuzzy production rule: if d, or d,
d (CF=u)

...or d, then

t{ug)
d; 7\
pr\_J
= t5(u)
d, /7

P2 \_/

,,\“ d
Y

dn \/7\
Pn t(t)

Fig. 3. Fuzzy Petri nets representation of type 3.
Mathematical expression: CF (d,) = max(qq,,dq, L-0g,) * M

Where, d,L_d_ . d, are propositions containing some fuzzy

variables, corresponding to the places of fuzzy Petri nets,
d, L_d, represents the antecedent propositions or causes, d,

represents the consequence propositions or conclusions, and
u 1 [0,1] isthe CF of therules

2.2 Définition of CFPN
Conditional fuzzy Petri netsis defined as an 8-tuple:
CFPN =(P,P,T,D,1,0,q,f)

(1) P={p,p,Lp,} : represents a limited set of places,
including failure symptoms and causes;

(2) P.={py, P,PsL} : represents the conditiona places,

which does not participate in the forward and backward
reasoning process, but will affect the CF of corresponding
transitions in the backward reasoning;

(3) T={t,t,Lt}: represents the set of finite transtions,

represents the sate change of the places;

(4 D={d,,d,Ld.,} : represents a set of propostions,
corresponding to the places;

(®) 1 ={l;} : represents the input matrix, representing the
relationship between P and T (excluding P.), when the
directionof Pto T havearrows, |;is1, otherwiseisO;

(6) O={0O,}: represents the output matrix, representing the
relationship between T and P (excluding P, ), when the
directionof T to P havearrows, O, is1, otherwiseis0;

(7) g : Each place corresponds to a certainty factor (CF ),
expressed asq; , corresponding to the number of tokens,
CF(P)=q ={g,,q,Lq,}, a1 [0.1];

(8) f : Each transition corresponds to a certainty factor
( CF ), expressed as m , CF(T)=q={m,mLm} ,

mi [0,1].
2.3 Forward reasoning and backward reasoning of CFPN

Forward reasoning model and backward reasoning model of
CFPN are defined asfollows:

Definition1:Let CFPN1=(P,P,T,1,,0,,q,.f,) and
CFPN2=(R,P,T,1,,0,,0,,f,) be two conditional fuzzy
Petri nets respectively, if B =R, T, =T,,1,=0,,0,=1,, Then
we can conclude that, CFPN 2is the reverse fuzzy Petri nets
of CFPN1, represented as CFPN2 = CFPNI*.

The forward reasoning model of CFPN is shown in Fig 4,
and the backward reasoning model isshownin Fig 5.

/ \pc
t1(”1)/
pz(ez)\ /% - Pal&d)
[ )d
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Pz(ez)\ J
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ds N [ Ja
i \ J ds
p3(65) \\://»_’I/K;,,

Fig. 4. Forward reasoning model of . CFPN .
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Fig. 5. Backward reasoning model of CFPN .
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Where, u T [0,1] is the certainty factor(CF ) of the rules,
corresponding to the CF of forward transitions, b, T [0,1] is
the CF of reverse transitions, d,L.d, represents the
antecedent propositions or premise place, d, represents the
consequence propositions or conclusion places, P, is the
conditional places.

The forward reasoning of CFPN means that under the
condition that the CF of each premise place is not zero, the
transitions could be triggered to obtain the CF of the
conclusion places. At this point, the P, do not participate in

the forward reasoning process, nor do not affect the CF of
the corresponding forward transitions.

The backward reasoning of CFPN is to obtain the CF of
each premise place by means of transitions triggering under
the condition that the CF of the conclusion places is not
zero, S0 as to complete the process of backward reasoning.
Based on the traditional fuzzy Petri nets, the P, is added, and

the inhibitor arc and transitions of Petri nets are connected.
the inhibitor arc of traditional Petri nets is to inhibit the
transitions triggering, which means the CF of corresponding
transition is became 0, under the condition that the CF of the
connected place is not zero. the following improvements are
made on the original basis:

(1) the CF of P, isbetween 0and 1, indicating the degree of

constraint on the CF of reverse transitions;

(2) modify CF of the connected reverse transitions, but do
not completely makeit 0.

P. does not participate in backward reasoning process, while

when the state of P, is known, will update the CF of the
corresponding reverse transitions.
Probability formula: P(B|A) = P(B)P(A|B)/P(A)

After deformation: P(A|B)=P(A)P(B|A)/P(B)
P(A|B)=b,,P(B|A)=m(i =1,2,L), A isthe premise place
and B is the conclusion place.

Definition 2 f, =(m,mLm,) represents the CF of
forward transitions, and f, =(b,,b,L_b,) represents the
CF of reverse trandtions, then could conclude that :
b, = P(A)m/P(B).

Two symbols of maximal algebra are introduced to carry out
the quantitative calculation of CFPN reasoning (Gao et al.,
2004).

(1) A:AAB=C, where, A=(g;),B=(p;).C=(c,) . al
of them ae m'n dimensional
andc; :max(a,.j,t;j), i={1,2Lm}, j={1,2Ln}
(2 A:AAB=C, where, A:(a,.j),B:(bji),C:(qi) , al
of them ae m’'n -dimensond
C,=max(a, " by) ., i={L2Lm
k ={1,2L_n}

matrices,

matrices, and
j={12Ln} ,

The iterative formula of forward reasoning is formally
defined asfollow (Hu, €t a., 2011):

%qk*l =q“Ago U)Ar (kg

ineg@“g=1,-q" 1)

I z .

£ (k) = neg{I "neg &1 f
Do the iterative caculation untilg***=g* . where, m stands
for the number of places (P ) (excluding P, ), n stands for the
number of trangitions, 1 isthe m-dimensional vector with all
elements being 1, | is the m" n input matrix, O is the
n" m output matrix, and U, is the n” n matrix with the
certainty factor f, of forward transitions as the diagonal.

Therefore, the iterative calculation formula of backward
reasoning could be concluded that as follow:

19" =g“A g1 U,)Ar (kg

}negquadn-qk 2
i

§r (k) =neg{O"neg &1 i}

Where, 1. O aretheinput and output matrix of the forward
reasoning model, and U, is the n” n matrix with the

certainty factor f, of reverse transitions as the diagonal.

24 Realization of Reasoning Algorithm of Conditional
Fuzzy Petri Nets

The forward reasoning steps of CFPN are asfollows:

(1) Complete the construction of fuzzy Petri nets forward
reasoning model by analysing common fault information of
maintenance data and according to the functional structure of
the system;

(2) According to the model, input matrix | , output matrix
O and the matrix of forward transitions U, are obtained, and

under the situation of giving the initial stateq®, subgtituting
them into the iterative algorithm of forward reasoning;

(3) Calculate the next state after the transitions trigger until
the CF of each place no longer changes.

The backward reasoning steps of CFPN are asfollows:

(1) Based on the forward reasoning model, according to the
fault dtatistics of maintenance data, the backward reasoning
model is established according to definition 1, and the matrix
of reverse transitions U, of the backward reasoning model is
calculated according to definition 2;

(2) Input matrix 1 and Output matrix O belongs to the
forward reasoning model, and under the situation of giving
the initial state q° , substituting them into the iterative
algorithm of backward reasoning;

(3) Calculate the next state after the transitions trigger until
the CF of each place no longer changes.
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3. MODELING ANALY SIS OF CFPN ON AVIONICS
SYSTEM

3.1 VHF System

Antenna 1

Power 1

Cockpit
Audio
Message

PATPOSURIL, TAHA

RMP1

Antenna 2

Power 2

RMP2

Antenna3

Power 3

DAIOSURT, SAFA

T

RMP3

ATSU

Fig. 6. Function connection of VHF system.

The following is the Very High Frequency (VHF) system as
an example to introduce the use of CFPN in avionics
system. VHF is a kind of communication system between
aircraft and aircraft and between aircraft and ground Station at
close range. The communication system conssts of Radio
Management Panel (RMP), Transceiver, Antenna, etc., and is
connected with Audio Control Panel (ACP), Audio
Management Unit (AMU). Most aircrafts are equipped with
three independent VHF systemsthat can be exchanged. There
are three RMPs and three ACPs in the whole aircraft. Any
RMP can be tuned to the VHF1, VHF2, and VHF3 system.
Similarly, each ACP can control each transceiver selectively.
The VHF functional connection is shownin Fig 6.

3.2 Construction of Forward Reasoning and Backward
Reasoning Models

According to the maintenance data of the VHF system of
Airline A in the past three years and the experience of
consulting maintenance personnel, the common fault types of
VHF system are summarized, including data link fault, audio
message fault, transceiver tuning fault and other main fault
types. The causes of failure mainly include: Antenna failure,
Transceiver failure, ACP failure, RMP failure, ATSU failure,
AMU failure, etc. The statigtical results of maintenance data
of Airline A in the padt three years are shown in Table 1:

Tablel. Fault statistics of maintenance data of Airline A.

fault Times | fault Times
Transcelver Power 4 Environmental 10
failure interference

Transceiver 275 Transceiver tuning 7
hardware failure failure

Transceiver 81 Antennafault 8
coftware failure warning

RMP button failure 8 AMU failure 7

RMP software 1 Antenna crack 108
failure corrosion
Screw |oose on 2 Transceiver fault 310
Antenna base warning
ACEP failure 66 Audio message fault 330
PTT failure 4

O D)

() /
P
P1
2 (p P14
P2 . P -<.

>,

Q
112 (o)

13 (s )
o
P3
N Q t14 (py)
4 ()
—
P4 P12
5 (ps)
P5

% (ps)
P6< 113 (pus)

17 (py)
b7 P13
\
18 (pg)

—
P8
19 (pg)
P9
110 (pyp)

p
P10

11 (g

P11
N

Fig. 7. Forward reasoning model for fault propagation of
VHF system.

Pc3

t14 (81,0

13 (Bqg)
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Fig. 8. Backward reasoning model for fault diagnosis of VHF
system.

In the daily maintenance work, when the maintenance crew
check the fault of the VHF system, the functional structure of
the transceivers or RMPs always be configured or adjusted to
diagnose the position of fault in the field, which exactly
corresponds to the state of conditional places( P,) described

in this paper. According to the functional connection of VHF
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system and probability statistics of each fault, the forward
reasoning model for fault propagation of CFPN is
established based on the audio message fault of VHF3 system
as the fina fault symptom, as shown in Fg 7, and the
backward reasoning modd for fault diagnosis is established
based on the forward reasoning model, as shown in Fig 8.

Table 2 shows the meanings of each place, Table 3 showsthe
meanings of forward transitions, Table 4 shows the CF of
forward trangitions in the forward reasoning model, which is
scored according to expert experience and maintenance data,
and Table 5 shows meaning of reverse transitions in the

Table 5. Meaning of rever s transitions.

T Fuzzy regularized description

backward reasoning model.
Table2. Meanings of each place.

P meaning P meaning

P1  Transceiver power P10 AMU failure
failure

P2  Transceiver hardware | P11  Environmental
failure interference

P3  Transceiver software | P12  Transceiver tuning
failure fault

P4  RMPbuttonsarenot | P13 Antennafault
sensitive

P5 RMP software failure | P14 Transceiver fault

P6  PTT failure P15 Audio message fault

P7  Antennaiscorroded | Pcl statusof switching
and cracked other Transceivers

P8  Screw loose on Pc2  statusof switching
Antenna base other RMPs

P9  ACPfailure Pc3  satusof Datalink

communication

T1 If Transceiver fault, then Power is unstable

T2  If Transceiver fault, then Transceiver hardware fails
T3  If Transceiver fault, then Transceiver system fails
T4  If Transceiver tuning fault, then RMP button fail
T5  If Transceiver tuning fault, then RMP software fail<
T6  If Transceiver fault, thenthe PTT signal fails

T7  If Antennafault, then Antenna cracks and corrosion
T8  If Antennafault, then screws are not firmly fixed
T9  If Audio Message fault, then ACP fails

T10 If Audio Message fault, then AMU fails

T11 If Audio Message fault, then Environment interference
T12 |If Audio Message fault, then Transceiver tuning fails
T13 If Audio Message fault, then Antenna fails

T14 If Audio Message fault, then Transceiver fails

Table 3. Meaning of forward transitions.

T Fuzzy regularized description

T1  If the Power supply failure, then Transceiver fails

T2  If Transceiver hardware failure, then Transceiver fails
T3 If Transceiver software failure, then Transceiver fails
T4  If RMP button failure, then Transceiver tuning fails
T5 If RMP software failure, then Transceiver tuning fails
T6 If PTT dgna failure, then Transceiver fails

T7  If Antennacracks corrode, then Antennafails

T8 If Antenna screws are unstable, then Antennafails

T9 If ACPfailure, then Audio Message fails

T10 If AMU failure, then Audio Message fails

T11 If Environment interference, then Audio Message fails
T12 If Transceiver tuning fault, then Audio Message fail<s
T13 If Antennafault, then Audio Message fails

T14 |If Transceiver fault, then Audio Message fails

Table4. The CF of forward reasoning transitions.

m CF(m) | m CF(m) [ m CF (m)
m 0.9 m 0.8 m, 0.6

m 0.95 m 0.05 m, 0.9

m 0.95 m 0.4 m, 0.9

m 0.8 m 0.8 m, 0.95

m 0.8 m, 0.9

4. CALCULATION AND VERIFICATION OF CFPN IN
FORWARD AND BACKWARD REASONING

4.1 Forward Fault Propagation Reasoning

The forward reasoning model of fault propagation represents
the probability of fault symptoms caused by fault causes. The
reasoning of fault symptoms at the next level is carried out
according to the initial CF of the places of fault causes, and
the final CF of the places of fault symptom is calculated
according to the forward reasoning iterative formula(1)( P,

do not participate in forward reasoning process).
(1) 1. O input/output matrix

€ 00000000000 0 Of
0100000000000 O
€0 01000000000 0 OU
€0 001000000000 O
2000010000000003
@0 00001000000 0 Oy
2000000100000003
1=60 0 0 0000100000 0
€0 000000010000 O
€0 000000001000 OU
€9 000000000100 O
2000000000001003
€ 0000000000010
2000000000000013
@00 00000D0DO0O0O0OGOGOO Of
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€© 00000000O00O0O0 0 0y
goooooooooooooog
@0 0000000O0O0O0O0 O O
9000000000000 O
0 00000000O0O0GO0O0 OU
© 00000000000 0 0
2000000000000003
O=®0 000 00000O0O0O0 0 O
2000000000000003
@ 000000000000 0G
© 000000000000 0
€0 00110000000 0 00
000001100000 0
2111001000001003
000000011101 1§

(2) Theinitial CF of the placesis:
q°=[0.10.850.20.10.150.20.40.10.10.1020000] 7
(3) The matrix about the CF of the forward transitions:

€90 000000000000 Oy
g 0950000000000 0 0
8 0095000000000 0 0U
& 0008 00000000 0 0
gooooo.soooooooooog
@ 000008 000000 0 0
LJ=20000000.0500000008
"6 00000004 000 0 O 0G
& 000000008 0000 0
€ 0000000009 00 0 Ol
€ 000000000 0600 0 0
2000000000000.90008
@ 0000000O0GOOO0 09 O
© 00000000000 0 095

(4) By resubdtituting them into the iterative formula (1) of
forward reasoning, we can obtain:

q'=[0.10.850.2 0.1 0.15 0.2 0.4 0.1 0.1 0.1 0.2 0.12 0.04
0.80750.12] T

q2=1[0.10.850.2 0.1 0.15 0.2 0.4 0.1 0.1 0.1 0.2 0.12 0.04
0.80750.7671] T

q°=1[0.10.850.2 0.1 0.15 0.2 0.4 0.1 0.1 0.1 0.2 0.12 0.04
0.80750.7671] .

Until q® =q? , the iteration is done. The find iterative
calculation results show that the final CF(P15) = 0.7671, that
is, the probability of audio information fault is 0.7671 in the
case of the given initial CF of cause places.

4.2 Calculation of Reverse Fault Diagnosis with the
Conditional Places Unknown

The CF of reverse trandgitions caculated by combining
definition 2 with maintenance data of Airline A is shown in
Table6.

Table6. The CF of reversetranstions.

b, CF(b) | b, CF(b) | b, CF(b,)
b, 0.0116 | b, 0.01032 | b,, 0.0182
b, 0.8427 | b, 0.6750 | b, 0.0203
b, 0.2482 | b, 0.1000 | by, 0.0218
b, 09143 | b, 0.1600 | by, 0.8924
b, 01143 | b, 0.0191

The matrix about the CF of the reverse transitions

600116 0 0 0 0 0 0 0 00 0 0 0 0§
§0 08427 0 0 000000000 O
€0 0 024822 0 0 000000 0 0 0U
&0 0 0 09143 00 00 00 00 0 0y
€0 000 011430000000 0 0¥
& 0000 001032000000 0 0j
80000000670 0000000y
2760 0 0 000 001000 0 0 0 0 0 0
&0 00000 00016000000 0y
€00 000000 00091000 00
&0 000000000 008 00 0y
€0 0000000000 002030 0Y
60 000000000O0 0 00218 0
€0 000000000000 08924}

Assumetheinitia CF of the placesis:

q°=[000000000000000.8] T

By resubgtituting them into the iterative formula (2) of
backward reasoning, we can obtain:

g'=[000000 00 0.1280 0.0153 0.0146 0 0.0174 0.7139
0.8] T

g’ = [0.0083 0.6016 0.1772 0 0 0.0074 0.0117 0.0017
0.128 0.0153 0.0146 0.0145 0.0174 0.7139 0.8]

q°= [0.0083 0.6016 0.1772 0.0133 0.00165 0.0074 0.0117
0.0017 0.128 0.0153 0.0146 0.0145 0.0174 0.7139 0.8] T

q“=[0.0083 0.6016 0.1772 0.0133 0.00165 0.0074 0.0117
0.0017 0.128 0.0153 0.0146 0.0145 0.0174 0.7139 0.8] T

Untilg* =q°, the iteration is done. The iterative calculation
results show that the CF of P1 to P11l is as follows:
CF(P1)=0.0083 CF(P2) = 0.6016 CF(P3) = 0.1772 CF(P4)
=0.0133 CF(P5) = 0.00165 CF(P6) =0.0074 CF(P7) =0.0117
CF(P8) =0.0017 CF(P9) =0.128 CF(P10) =0.0153 CF(P11)
=0.0145. The higher the CF of P, the more likely the failure
causes will occur. The posibility sort is P2, P3, P9, P10, P11,
P4, P7, P1, P6, P8, P5 so as to guide the order of
maintenance activities, which can save a lot of
troubleshooting time to some extent.

4.3 Calculation of Reverse Fault Diagnosis with Conditional
Places Known

Assuming that P, , P, and P, have normal and fault Sate,

i.e."0" and"1", Table 7 shows the corresponding relationship
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between the conditional places( P, ) state and the CF of
corresponding reverse transitions.

Table 7. Relationship between P, state and the CF of
corresponding rever setransitions.

P, normal fault

P, b,=099,b,=08 b,=0.0,b,=0.01
P, b, =0.99 b,, =0.01

P. b, =0.99 b, =0.01

For example, when RMP3 and RMP1 are switched, the state
of audio communication returns to normal, which means P,

is in the normal state, it can be modified asb,, =0.99, and
then the matrix of reverse transitions can be updated as.

¢00116 0 0 0 0 0 0 0 0 0 0 0 0 0U
€0 08427 00000000000 OY
80 0 02482 0 0 0 0 0 0 00 0 0 00
80 0 0 09143 00 0000 00 0 0y
€0 000 011430000000 0 0Y
€@ 0000001032 000000 0 0g
Uzgooooooo.fﬂsoooooooog
60 000000 010000000 00
§0 00000000160 0000 0
€0 000000000019 000 00
80000000000 008 00 0
€0 0000000000 09000 0Y
6000000000000 0028 0g
€0 00000000000 0 08924}

Assumetheinitid CF of theplacesis

q°=[000000000000000.8]"

By resubgtituting them into the iterative formula (2) of
backward reasoning, we can obtain:

q'=[000000000.128 0.0153 0.0146 0 0.0174 0.7139
08 ;

g’ = [0.0083 0.6016 0.1772 0 0 0.0074 0.0117 0.0017 0.128
0.0153 0.0146 0.7068 0.0174 0.7139 0.8] T;

q® = [0.0083 0.6016 0.1772 0.6462 0.0808 0.0074 0.0117
0.0017 0.128 0.0153 0.0146 0.7068 0.0174 0.71390.8] ;

g = [0.0083 0.6016 0.1772 0.6462 0.0808 0.0074 0.0117
0.0017 0.128 0.0153 0.0146 0.7068 0.0174 0.7139 0.8] .

Untilg* =qg°, theiteration is done. The CF of P1to P11 isas
follows: CF(P1) = 0.0083 CF(P2) = 0.6016 CF(P3)=0.1772
CF(P4)=0.6462 CF(P5)=0.0808 CF(P6)=0.0074
CF(P7)=0.0117 CF(P8)=0.0017 CF(P9)=0.1280
CF(P10)=0.0153 CF(P11)=0.0146. At this time, the CF sort
of placesis updated as. P4, P2, P3, P9, P5, P10, P11, P7, P1,
P6, P8. Therefore, under the P,, is known, the CF of partial
reverse transitions is updated according to the state of theP,,

which will eventually affect the CF of places and enhance

the flexibility and accuracy of fault diagnosis, which has
certain practica sgnificance in the maintenance process.

4.4 Verification and Analysis of Results

In order to verify the effectiveness of the iterative results in
backward reasoning for fault diagnoss, this paper aso
obtained the maintenance data of smilar aircraft in the past
three years from Airline B for statistics, so as to make a
comparative anaysis of the results. The failure timesin Table
8 are andyzed with the audio message fault as the fina
failure symptom, the statistical results are as follows:

Table 8. Statistical results of Airline B.

Fault Times | Fault Times

Audio messagefault 74 RMP hardware 4
failure

Transce ver 27 RMP software 2

hardware failure failure

Transceiver software 17 Antennafailure 3

failure

ACP failure 6 PTT fdiure 3

Environmental 4 AMU failure 5

interference

Periphera Device 2 Transceiver power 1

(1) For the fuzzy Petri nets with the P, which are unknown,

the sort of the CF caculated quantitatively is P2, P3, P9,
P10, P11, P4, P7, P1, P6, P8 P5, indicating that the failure of
the transceiver hardware is the most likely to occur, followed
by the transceiver software failure. The calculated results are
basically congistent with the statistical resultsin Table 8.

(2) During the maintenance process of VHF system,
troubleshooting is usualy done through field configuration.
Generally, a fault of a component is positioned by means of
intermodulation transceivers or intermodulation RMPs, etc.
When switching RMP, if the VHF audio is back to normal,
the possibility of RMP fault will be greatly increased. Under
the condition that P, are known, the sort of the CF
calculated quantitatively is P4, P2, P3, P9, P5, P10, P11, P7,
P1, P6, P8. At this point, the CF of the RMP place is the
highes. The qudlitative analysis is consistent with the
quantitative calculation results to verify the validity of the
CFPN modd.

5. CONCLUSIONS

In this paper, CFPN isused to construct a forward reasoning
model for fault propagation about VHF system, and the
gualitative analysis and quantitative calculation of fault
propagation are realized. The backward reasoning model for
fault diagnosis is established on the basis of the forward
reasoning model, the CF of reverse transitions could be
calculated by combining with probability formula and
maintenance data, so as to redize qualitative description and
quantitative calculation from the fault symptoms to the fault
causes. According to the status of P, updates the CF of the
partial reverse transitions, results of iterative calculation,
which could be used to guide the maintenance crew
troubleshoot, make fault diagnosis more flexible. The results
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show that CFPN can well take into account the fuzziness
and trangitivity of avionics system fault, which has certain
guiding significance for avionics maintenance, and can save a
lot of manpower and resource allocation.

At the same time, there are still some deficiencies in this
paper, which are mainly manifested in the following aspects:
First, fault probability based on the three-year maintenance
data of an Airline, which is subjective to some extent. More
data will be used to make the results more objective;
secondly, there is a certain subjectivity in fault correlation,
and some correl ation degrees need to be scored by experts. In
the future, we will consider combining big data technology to
fully mine fault data information.
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