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Fault Cause Identification Method for Aircraft Equipment Based on Maintenance Log

WANG Rui-Guang, WU Ji, LIU Chao, YANG Hai-Yan

(School of Computer Science and Engineering, BeiHang University, Beijing 100191, China)

Abstract: In the process of aircraft maintenance, the aviation maintenance company has accumulated a large number of empirical
maintenance log data. Machine learning methods can be used to help maintenance staff to make correct fault diagnosis decisions, using
this type of maintenance log reasonably. Firstly, according to the particularity of the maintenance log, an iterative fault diagnosis process
is proposed. Secondly, based on the traditional text feature extraction technology, the text feature extraction method based on convolution
neural network (CNN) with the information in the domain is proposed, which is used in the case of small sample size. The method uses
the target vector to train word vector to get more adequate text features. Finally, the random forest (RF) model is used in combination with
other fault characteristics to determine the cause of aircraft equipment failure. The convolutional neural network aims at the cause of the
failure, and pre-trains the word vector in the fault phenomenon to obtain a text feature that better reflects the field. Compared with other
text feature extraction methods, the method obtains better results in the case of small sample size. At the same time, the convolutional
neural network and random forest model are applied to the identification of aircraft equipment failure, and compared with other text
feature extraction methods and machine learning prediction models, which illustrates the rationality and necessity of the method of text
feature extraction and the method of fault cause identification.

Key words: fault diagnosis; maintenance log; convolutional neural network; random forest
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Fig.2 Fault diagnosis process based on maintenance log
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Table 1 Maintenance log of Boeing 737-300
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Fig.3 Convolutional neural network structure
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Fig.4 Fault diagnosis process based on random forest
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Table 2 Partial aircraft failure raw data
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Table 3 Number of samples for each failure reason
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Table 4 Convolutional neural network parameter search domain
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LA AN it 5 R IR A SO R S50 2 f AR ne G2 m (04 0.1 IEFEAN A/ n fEE 4R 1k
AT N 2R, VS ng 1R IO WL 552 B AL AR AR 12 85000 A2 110 FLABAR Ak 3 B FL AR I8 KN 1) ng (4R S A ST S50 ) LA
Kl 6 JEas T BIHLARM S AN ng {2 18R ¢ 3 BUEVE L n=[20,50,100,150,200,300,500,750,1000]. i1 4 6 w4,
4 ng 2 500 IR B4

F1 F1
08 0.8 —
07 "\______/f_._.‘_________ﬁ 0.7 —_ — —
0.6
06 ,ﬁ) ‘-_90 Qb %0 QQ Qb QQ (,"QJ QCJ
0.1020304050607 0809 1 NN A T 9T AT O
Fig.5 F1 value corresponding to different m values Fig.6 F1 value corresponding to different n; values
5 AN m B R FL AR K6 AR n AEX M FLAE

5.4 SKIGLEROHR

SCAHYSE 5y A 3 B4y 1 A R i 1 1 2 ons W I R AR BEAT B AR T 27 ) R A
A A A DAy 0 K B, 38 4 8 0t o R A, UL ¢ it L AR A 2 A D e B O TR E 0 5 2 R BE AL AR AR b
OB 27 > SVEAE R BR AR LA XS e WL BEHLARARAR LT SLAR SR RO DB 55 3 30520 % AN [] ) SCA
FAEAR T A 7] — A50SS5

G, L B AL AR MRS LA K A M 27 30 P RAT 10 B8 T B2 i s e 3 4 33 1 st e A\ B 2 M e e
{1 B AL AR VA S o 0k B 9 A (¥ B LE A 2010 41 ~2012 4 R B /F b VIR, ) 2013 4 11 g b AR i
PE R MR WG S UER A L P2 4 [l 32 RS- 38) PO AH 0 A8 A do 246 (1 S B 45 R L6 5.

Table 5 Iterative training classification result
F5 KRN Hai R
BB A LE ki kS ARCREIEES T FLAH

2010~2011 0.66 0.60 0.63
2010~2012 0.69 0.67 0.68
2010~2013 0.73 0.68 0.70
2010~2014 0.76 0.74 0.75
2010~2015 0.83 0.82 0.82

M1 5 FRATT AT LAWY R WL 21, it Wb e AR AU S 22,3 NI PR 458 o A1 il 2 19 I A R o 43 4
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2010 4:~2015 4,3 AL VP B 45 b 140 B 5, 40 T 82975 47, b 4 T WLE 0, B0 BB R B
WU B S T S R

B 2010 4F~2015 45 [ W 4 b0 A B0 250 T IR B BLAR AR S5, L 2016 451 B RS e
B R L5 4 R R 250 049 Sl B 4 10 50 245 L2 6.

Table 6 Random forest classification result

R 6 BUHLARAMI LS

W g R RS ks F1{f
Al R W 0.87 0.87 0.87
FR 7 A W 0.86 0.89 0.87

B Py 0 g e 0.78 0.85 0.81

FLK e i 0.84 0.76 0.80
KT 2L A 0.75 0.72 0.73

FEL P g i 0.68 0.72 0.70

G 0.81 0.84 0.82

B P g e 0.85 0.92 0.88
vE B L 0.91 0.88 0.89

W A% el 0.90 0.97 0.93

P e 0.88 0.62 0.72

TI{E 0.83 0.82 0.82

FE2E 6 P TRAT UL 52 2], 6 A < 77 T, P, 0 g i 1, At e ) 000 M 4 08 4 7096 LA L, S o, o S L it s
RBE A I8 e o 14 23 S ME R 2 g e OB 17 900, 7% 4 1] 2 77 1, e 46 & A B AR, B A BRI 70, 1 A BHL e s A
VLA ST I (14 41 [P S8R T 900 F L A 78 FEJEE b St T2 > S A R < 00 4[] 5 b BUA5 X0 s 11 B 451
FLL IR AR KT 2L P BN B 5 S AR () P 5 AR, BEAT R I 80%, FL {E S5 K1 0 BE A& e ikl s 38 1) 17 93%.
A UL B, A0 A 7 B (4 23 S P00 1) 2L BE AL AR AR B 1 20 RABOR.

FEAN R PR 0] EE S8 75 T, AT TR R AR IR0 L AR DU T SRR SCRF AR K T 4B 5T S B AL
ARSI BEAT X LE I o JZ AR R R A P 027 T 00 A, b 3 DL S8 46k ] 22 IO 0, e SR 6 1] CART R HEM, SCFF
1) LA B 50 o 0 A o k3040 1 P e T e 3 O T L 28 o 5 R 2 DU 25 R G o S T
IR T.

Table 7 Comparative experimental results of different algorithms
T ARIEVERI e 5 R

SRR REEHiRES RS EES S FLAE
AR H 0.69 0.67 0.68
Fh 2 ULt 0.68 0.59 0.63
S 0.76 0.74 0.75
k 48 0.53 0.49 0.51
SCRF I AL 0.73 0.70 0.71
BE ML AR K 0.83 0.82 0.82

HIFE 7 W0, LAl S b I 0 TN 1k B 4 AT B AL AR AR, L rp K AT IR RO e 22 A O B 1 AR AIE FT
RE LA AT LU 10 B DA AR, A Re i AN AT I 8 PR R R M, O LA o o s T SR R 2 T I A B
AR £ P OR . i JZ AR [P JE RS 38 DL 4 R R AR AR T 70%, 78128 b ) 200R LU A2 . e SRR 110 2800 R
I — 28 T g IRk pe SR B 5 e b S AT WA A2 WIS T A 4 11 A R ) L A DL, P AR 3 T B
B IR 28O T SRS 1) B AL TS /N R AR B IO i O 3 3 R T2 A 1k B (R i B BLAR R &5 15 17 R SO A R 11

I i BUBSAN [R] SCACRFAL S X 75 OSB89 52 W0, 2 1) SR P B S A B 1 1) S8 BETEE . TF-IDF S T4

B P REE RN ZR K 20 A 200 1) &L T OB B B /RS HE R I R F) A 3] 1 B M AR SRR H PR 7 ) B
FFAL R IF) 2 B B LA R AT 00000, 050 R S 4 2R LA 8. A5 S b vl DA 31, B4 A P ) AR A TR
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FR G5 7 2 i T O B B SCARRAE I b SCRFAE AN AR AR, RO B 225 TF-1DF, Word2Vec+2f 5 7 BHE K}
PR MRS S L BLERAT T Word2Vec-+ig B 3L 5 18 ) 0 HE Aff 52t R 22 3 TR W e I R T8 R 2D HLR A BT
K ZR TR ] v St 1) O 80 SR 2 T R FH A AR A 8 I 48 48 IDURE T 7 495 1 5 T et ARe AAE 1 O 9 bl H A 92 7 A
WPEfe B A P % IR AR L Word2Vec+4E 3 5 BHE R E 5 0.03, i nJ LA i3 B R B 45 BR A 28 199 45 11 SCACR
FAEAR Iy 2O SCARG AE S0 I 78 43, S 3 e e B g s TR g K &R
Table 8 Comparative experimental results of different text features
F 8 AR SCAFFAE R b S50 45

RIS T ¥ THHET R RESRETES T¥FLAE
e Xt 0.75 0.73 0.74
TF-IDF 0.79 0.77 0.78
Word2Vec+4E 4 75 &} 0.80 0.78 0.79
Word2Vec-+H & B % 0.78 0.75 0.76
s 0.83 0.82 0.82

6 4% it

6 H BT HEAG 1) A5 s 03 78 20 A IR 1803, A ST 564 oS AREC 1 s B2 W S A R AR A 3 —
b e 2 B Ao 228 90 296 0 {1 5 K A SOAASE S % 1) S 4 HROSC AR AL () 77 95 3 (0 T BE LR MR SR 0 KA R R
KR AL ] A8 K0 e 7 s i R 7 S48, O A e S8 90 E T SO AL S B AT BT AR AR ST AR A7 21k
I FL o S5 AT 5 2 1R W 1] 35 B0 A D SE4, R A P A S e s (1 2 W el e 3 3o 34X 19 75 AN BT 3
B v R 2 WA TR ) LIRS FEE, 35 B A N BRI PR 7 I o DR, 48 R A8 N 52 K I ) J AR AL B 42 T A
AT G 2 YEAE A5 TE Rt AE AN WG 22 A7 06 4R 4 BSOS I SCARFAE SR U U 3 T B R SOR AR
(K9 SCARF AL S BCTT IR 25 ) I A7 e B A B A/ ELRE A AN S 88 1) o, I R AT 28 R 55 1.
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