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 OE: WBRLINBREFIOET FEHREEINGE, RSARLAITLE 2 AFETAR G LR
IS ey A AR, Ak, SOPRE T —Fr dy 4 AE$R UM 4 (Features Extraction Network, FEN) 5 %
% % 3] M % (Relationship Learning Network, RLN) F47 4 5%, 84 7 22 &-F) JA i85 5+ 51 oy 3R 45 AR B AF A 7]
% BB AR RS AR . L FEN & T % R E Ik £4R (Multi-scale Dilated CNN, MDCNN) %%
EEMBE, TERE N GEARATRTUE L EREZE, 5T BT R E R 0= 18 4 42
RLN & T # A KA BT 12 W 4 69 72 & /1 L4 (Long Short-Term Memory hybridized with Attention,
LSTMwALt) & #5312 , il i3 45 4] 3B 59013 B AR i ok 5 5] AR & Tl 5 4 Be AR E, 248 R B 12 B 45 4
BegAE KM, KRIR B, TR AE B B 2 RAIR T 7 MR SRR LS ik Ak TR &
#1445 FCN.MFCN,LSTM #= LSTM-FCN, # [ i £ % & 5 5138 2] 91.15% F= 96.27%, T 5 ILAt v, %

PRI 0 3 R T

KEIE: INRE T wRMELW; S REMIKER; KEMITILME; &
b E LS TN2I NEttrEE: A DOI: 10.3788/IRLA20220492

0 35l

[l

fat B ML+ R 402 ORIE AL 2 AT 1Y 56
S, PR R R BT AL T R G 2 OC
B LG RIS K T2 SR R R N 51 455 v i J
SRR AT W S 4G o YA L B R
Gi ST R L B RO AR A, XL g
2 fi 22 Wt 5 L T W A2 W PRV L ) MEAIR FERT G
RIS T

BET 2L AP Y A B Ak =X B 12 W BRI T 20 40 1%
RS H Fi, B DG SR T A e I B A B, R IR B A 85
AL T B2 T, X O SE I R G B 12
W 2 43t 7 B /9 5 [ Pl Norhisham™ 45 2& F Galerkin
S ST A R AR A LURIF 5 N 7] 78 4 5 8 A0 PRI
P, 35 0 114 9L JE P IR 5 Varghese!™ 25 3 1o F A 2T A1 44
L 4] 9 06 {1 a8 B i B2 i KT B S B 1 %o i, Al
M TARRSHRAE . PTLUEI, R0 oe i d S 44

ks HH#A:2022-07-14; 1817 H#A:2022-08-19
EEWH: HEAREAIL4S (U173319)

HOE TR IAT Sy, B2 Xt T R ) 56 R AR AT
Wang!® 8535 0] 41 L5 i 37 F AR AR ) oo Y G
A3 B L TR 5k e A TR 5 Al S X i) A S BB A 2
B 5 Al-Obaidy™ % F I 3 520 43 Hr ik Ah B B2 15 B,
T MLP. SVM & ANFIS X i, B A il b 14 47 43 2%,
THEN A RE TR/ B U TR 2 M RRAE (5 8 . AR AR
A R R Y T I B R PR AR W R ROIR S T Y
L 66 BT 7 A ] SR A 8 e A, (L o R 45 e
FEAS RIS RS T 77 AT T3 23 T40 4K
PR B A 02 T A I 5, 30 3 T DA s e A 2T A
PG R AL B S 3, i 19932 P BA R A5 B 9 3R
85 R R B AR Tk =2 ] A O R L B T
SVM FIE ik SVM&D-S F S (1) B 12 Wi A 1l 7%,
(EJ2: LR AR5 i = R B e BRI ) R A 114 %
5P RE B9 7 AR He, TR A ) BOR AR X T
GUECE N TR A5 AL A TS R ARSI, B S5O R T4y
AT 45 AR AR IR Y R 2 ) I I 3 4 2

TEBTE AR, 5, PRI, 001, M IRMRAL BRIl B2 W 506 A R 7 T R

20220492-1



ISk A2

% 4 www.irla.cn % 52 %
ARG B 4 ] 2% (Convolutional Neural Network, h, = tanh(Wh,_, + Ix) (1)
CNN). 4% 2% [ 4% (Residual Network, ResNet)!'® K J& 1] 0. = g(Vh,) )

i 12 M 4 (Long Short-Term Memory, LSTM), LA & i
HiiA ) Z BRI GBI, I8 T CNN 425
FL 25 Ue)(Full Convolution Network, FCN) [A H {4 1
75 MV RRAE AR B ) R IR 75 10 4 280k RE, OF A T
S R W 2% 45K . MECNUT T 46 3% 22 R34 41F Ok
P CNN PERE, fiftth T HRRE X 2% 7] 5 Res-FCNI'™ P
J G0 ] S KRR AE Y ResNet AT B HFAIE ) FCN,
M as T BARVE R R # . S5 S20E W], CNN A4
B T A R BUT SR AE, {HL DR A AR T 45 B 5t
TR, f5f 2 X 1 51 5030 A2 23 A DG S S 5 T SR
TG F 5 IR, Ry oy AT 55 AR (5 8 A A —
SEJRBRYE ., Rtk 32 T S EAT S5 B ARA DGR LSTM
Fl GRU TR i 2 2 ), Horp, STM-FCN'™ 5 GRU-
FCNPO JRAT R 2 25 > BRAG HeT 1 Bsf I 25 (] AR 5
ARFEAE; F— LA H E(% ALSTM-FCN, 1 H 22 >
IO R, 20 AR X o0 A EE S TRR Y R AE
M F 4R T R R AR, R T
S 170) 5 51 P BRUE 4 FH T DX AR A A4 A ) R LA R e
IZ I NTESC R, P AVARIEAT SR BRI AN BEIIE

S5 AT NI IR, B F H 6 R A 2 )
SCH R T — B0k FEN 5 RLN JR47 (9 5B 12 Wi B
R, HEF MFCN #5719 FEN AT LUTE A SNl 2 2 50
(8 T 2 T 3 o A e 22 2 YRR 2 Y 2 2 TR I S AN R
T0 B A 23 [ AE ; 26T LSTMhAtt #5579 RLN 1] D) 2%
2 R T B O ST SR AS [0 A REAE ) A OG5
JEAT I 45 (1 i 14 55 17 5053 2 2 B AR 7 BV AT o el
FEMT I SRR Ay SR A . 5 R TR T 1
SR EBETEARE LG, SCH SR AE 1A A P AR A I T 3
Bl e BRI T 1 RS Wk e

1 &EE[FEE

1.1 fRIRHE M %

PEIAPRZE M2 (Recurrent Neural Network, RNN) ]
A2 b — B 205 BT T S A 20 A, R
)7 T UM B . R x, e RM 5 h, e RPSTHIFRIR
£ 2 19X 245ty AR BR 2 AR, T ¢ B 220 IO 8% 1) B 113 2
P (D). 2) Fis:

i g()h softmax F % BREW N AR FE % 10
0 N B REASK T R B VoA i PR A AS B R
1.2 KEHIZIZ M

LSTM 25 A T T LI RNN, H Hochreiter
1 Schmidhube # i F T fi# Tk RNN I [i] 4 iR 5 ¥
BEVE R A IR] 8, LSTM £ &4 B K 5] ABT Y
MR & e, e RPHEAT AR B A% 38, JF i th 15 B 45 Baiid
SR AR R, € R, ¢ B ZIR 45 0T B A2 (3). (4)
fliik:

¢.=fi0¢_+i,0¢, 3)

h, = 0,0tanh(c,) 4

A fin by o R T] L BT T S5 T]; oo 1h]
TRICER AN & i AR L M pR K0 B A0 bR
A5 e MICT T BRI Z) 0 e E R
13 EEAE

TETE AL 5 A8 5 B I e IR A R v ik
X AL S5 H im0 R B2, 80 2 B T
JE 27 o] G ARBE D 4 K, € RP,n e [1,NJRIR
— 4 AF R WK, V) = [k, v, ey, v) IR R
NARARE, CRARE g, F 2 R 2R N

a(K.V),q)=> v, =

n=1
”emmmw)v

o Zj exp(s(k;,q)) ' (5)

Hr, o, ME B I 70 s(k,, @0 FE T 48 HOS BUFT
S eREL, WA (6) FrR:
k.q

s(k. q) = (6)

S

2 XHEFE
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AR AR SRR ] A A B DG 2R, SO T — o
FEAF R IR 45 FEN FIERE 56 2 24 2] M 4% RLN JEATHY
W2 W LR, AR 1 BEs . Ho, FEN H T2
BB Y 51 AN TR RUBE R 09 SR AR AE AR L RLN T
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Relationship learning network

LSTMwALt
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Fig.1 Structure of circuit board fault diagnosis model

2.1 $HHERIUM % FEN

FEN 5t T ID-CNN D) 5% 22 45 ¥ 4 e, 46 =4~
1D # FA KL P (ConviD Block, CB). Wi/ i fik % R 4
Ht (Dilated Conv1D Block, DCB) Fll—-> H 7 & f1 B
(Self-Attention Block, SAB),

AL = A~ CB 450 — 24, i A 5 it OC R T 3R
RN

Outcy = frearen(fon(fenn(X))) (7

X Out Ml 510 CB IR A S5 frearen()-
Fan() fonn ()3 LeakRelu 38076 pR% ., HLFRE L AL
AN 1D B REL

N TR R 22 2 RS2 B DL 2 2T IR T )
AN TR B 25 [ REAE HOR B I BE B 2R 280, &%
MFCN!' ¥y 7t = 21 DCB, W& 2 firs . Hibi Ak
RKEMARK (12)~(14) Fix:

VFL = frearen(fan(Fpiatea I F 1, S, d;))) (8)
IF 1 = feontear(IVF L, VF 5, VF3]) 9
Out pigied = freakren(fen(fonn(IF3))) (10)
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s dN I KGR BIE IR T S NS L2 KA
A RS IF RS (L - D24 . A A 1% FEN
45#4, FEN e 24 th il 278

Out ey = foiona(OUl pigiiea— ® OUtcp 3) (11)
K Outcp s 5 =4 CB BRI i i Out pieas M
5% /> DCB B 005 5 foropa() N 42 J B AL PR
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Fig.2 Structure diagram of dilated Conv1D block
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O HFR 2T W, X TR A g, € 0, IKTEAK (5).

22 BHANKEHICIZMEREREAE

RLN i 7~ B A A [ 45 14 1) LSTMwAtt #He
o % —A LSTMwAtt 2 61 57 32 BUR B T 51 503
Z A AR IE R, 55 A LSTMwAtt W38 i 3 ' Je i
ARATIY 5 FR 409 K — 2P 4 B R 7E B T i S A
ZIIEMEOC R . 5 B I HLHIFI LSTM %
FER R 28 AN [, SCHUEE LSTM 2843 A A T8 2 1 BL I
e, WAL 3 TR o K AR 5 X o il A = R
LSTM, {K ¥ 1.2 5 LSTM Ay 115 7 X 43 51 45 3 =4~
LSTM % th, 38 iz nT I 25 0 2 ZHUEREW, . W AW, 1%
Rt 43 S S B =SS [ 9 253 [ A5 80 A A ) g
Quary ., # 7] 5 Key FI{E[7 i Value, 11245 (12)~(14)
TR :

0 =W, fisru-o(X) (12)
K= kaLSTM—K(X) (13)
V= vaLSTM—V(X) (14)

itl:':‘: fLSTM—Q\ fLSTM—K*quSTM—V%%IJj\:’%EtH LSTM IX—XJ
% Q. KMV 3k Quary., Key A K Value ¥4 5% 1) 7]

& 3 LSTMwALt 25§45 £

Fig.3 Structure of LSTMwALt

(6), L1155 LSTMwAtt (9%, iA=L (15) Prk:
K Q)V) 15
VD, (>

Y5 Out ppy 5 Out 772, 15 3047 P 45 19 B 2
a2 (16) Fr, iz Rk AR S2 R 1] 503
e LA S8 U R 00 70 26

Out = feoncar([Out py,OQutgy]) (16)

Outg vy = H = softmax ((

3 ZRERSHM

3.1 BERRSHELZE

i FH 78 InfraTec-R5300 2T &b 5 1% 1 35 BN ~F
320% 256, MIEHRE 1%, WEDPER/NTET 0.015K
P T H 2R 0 R TR R 2L A G, AT 4 BT

P 4 ALIREORZIAME (S

Fig.4 Infrared image of power module

N KB UL, UM U3 8 R ke, g 17
Ro Hif, FIOMIER B, Fo~F18 Jhyith i 8o | B 6
S HE AN R 51 R 1 DB B B, F19~F27 D #H 4K 5 |
P L 1 TR o A R R S 30 v AR BN 1) T
P, SCH T T — R g R AR W20 R G, (L YR AR R

&1 ERHR

Tab.1 Failure mode description

Mode Description Mode Description Mode Description Mode Description
Fl1 Normal F8 pin2 of U2-open F15 pin3 of U3-open F22 pin2 and 3 of U2 chip-short
F2 pin2 of Ul-open F9 pin3 of U2-open F16 pin4 of U3-open F23 pin3 and 4 of U2 chip-short
F3 pin3 of Ul-open F10 pin4 of U2-open F17 pin6 of U3-open F24 pin6 and 7 of U2 chip-short
F4 pin4 of Ul-open F11 pinS of U2-open F18 pin7 of U3-open F25 pin2 and 3 of U3 chip-short

F5 pin6 of Ul-open F12 pin6 of U2-open F19
F6 pin7 of Ul-open F13

F7 pinl of Ul-open F14

pin7 of U2-open F20
pinl of U3-open F21

pin2 and 3 of Ul chip-short F26
pin3 and 4 of U1 chip-short F27

pin3 and 4 of U3 chip-short
pin6 and 7 of U3 chip-short

pin6 and 7 of U1 chip-short
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LR S LD M ASR AR AR B R R0, AR B
TRBHTT 1 38 f B R TARRAS R LA RIR . 5
I AEE RIS T AT, AR AE R R G4 R AR A
KA 10 A A A 20 A G, 13 A R I A R
FERFIA] A 300 s, SREEAH | Hzo 27 il T 3
RIS A L AN EMZ T 1 81000 5K . 2 2% SCiHk [1],
KL AMEMR P FI R B UL, U2RIU3 = AN XU e
S RUST k20 x 200 T B2 AR B, I DAt 430 4 A =Nt
F TR P A B 4
32 HMEHESE

& 5 ) ULHL B U1, U2 U3 1 51 %5040 i
2, SCPOKG E A 1% il 2 HE— 25 U B S A AR
Wi o o FHOBEIE T U1, P U TR 2 A A TR A X

U1 falut-the temperature of Ul

38 | @
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2
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Fig.5 Temperature change curves of each chip when Ul fails

R AR HR, JCHRE N U2 U3 B i 26
WA U B IR EE 22 . BT BiRELA, Sorh
BRI BRI H U1, U2FU 300 35 Fds R 1E FL %
B TAE (k) Bt

PO 2 I S (T ) S R 7 7 QN
Fr R AR AG AR, JF 5 A TR R A R A AR A IR Y
B, LA i gl AT (ifeRae) Ay 3 — e 7 2.

WRAEIE 6 T (B s 2t 4y, S 3o v AL gt g 7 by A
FAF AL B AR T AR 20 T B T 90 B 4, dn 3k 2 By
INo SEKH, 23R Datasets 1 5 Datasets 2 11 80% H
TN, 20% FH T 56 UE A R A4 ME 3 % 5 Datasets 3
5j Datasets_4 WIAE k2 37 (195508 B D058 0 g e e
SWHER

Sample

Sequence

6 ARSI EE AL

Fig.6 Structure of self-made temperature series datasets

®2 BHRERIBREESH

Tab.2 Parameters of self-made temperature series

datasets
Samples  Sequence  Features Purpose
Datasets_1 19548 120 3 Train & Verify
Datasets_2 19548 120 6 Train & Verify
Datasets 3 4887 120 3 Test
Datasets_4 4887 120 6 Test

33 KWHERRSH

FEN 3l 18 i 2 5l 1 32 B0 LA R B )

(1) AHi{45 FCN, MFCN } LSTM-FCN 4 f %
EL 1R 28 -1, 225 SCk [16] K DCB 4% 2 i 3 3 £k 43
BIBEE A 128, 256 F1 128, 14 8. 5. 3; %E%] FEN
TR E, E S CB#EiE S DCB £ —)2
i AR — 2

(2) Jyfili P 4 A6 AN B I 2R S 50048 T 2 )2
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IR RS2 B, AR AIE 6 7 B 45 48 Y 2 DCB 1 Layer 1
5 Layer 2 J2 i B K6 R B R [R] 9 B Bk 8 -, 8k
25 R T R T H A8 DA R Bt S 8K

(3) CB3 B ¥ 55k 2= 1 i AHi%E, B ARG BT
AL T AT, I RSB E R 1

(4) LA SCHk [25] 1F R BRSO3, Mk T RE N 4
BHs CB1 F1 CB2 B AT 43 il i o 11~9, 9~7, 7~5,
5~3, 3T 3CHR [17] 78 H #5008 48 50k ke R
TR AR . SIS BN, YRS 9~7 B,
Iy UERR R v, 15 F) 89.73%, i TEE 4 (RSN
7~5) 0.17%; {H )2, Hit 5 H B R 164.26 s, = T 55 —

#19.02 s, ZiA AR 5 0 R e R AT 5T
PRI FE 2 1) Y 56 £, T B CB1 A1 CB2 A% R 143 i1
H 7.5, BAKFEN S48 03K 3 iR,

RLN 38 i 9 59 44 LSTMwAtt BB £, 55 9 4>
B2, 5B LSTM A2 0 128 A4~ Bausk 8ot ) fifi
H Tensorflow HEZ2 it RMSprop 14k #5127 A i& b 11k
PR RIS R, shE IS HE N 0.9, PIhRF 2] RN
0.01, FEJR I F A 0.9, — H 2% 3] /N F 0.001, fRFFIF
5% 1 0 U LA A A o e g S 1 [ R R 68 PR
SRS VR U i A% i L2 1E U4 F1 Dropout
2B 1kt #UA Y, Dropout *RIEHE M 0.5,

%3 FEN BS#1g 8
Tab.3 Hyperparameters settings of FEN

DCB: Layer 1 DCB: Layer 2 DCB: Layer 3 CB
Parameters
Dilated 1 Dilated 2 Dilated 3  Dilated 1 Dilated 2  Dilated 3 ConvlD Blockl Block2 Block3
Filters 128 256 128 128
Dilation rate 1 2 4 1 2 4 1
Activation LeakRelu
Filter size 8 5 3 7 5 1
Receptive field 1x8 2x8 4x8 1x5 2x%5 4x5 1x3 7 5 1
1 1 2 1 1 2
Scales proportion 1 2 1 1 2 1

FEAUFE Datasets 1 Al Datasets 2 B 1T 20 Ik
Epochs Gl 2k 5% IE, X4 DCB &k i 4% 1% ik 45 F1
AP AL RO Z oL 2 1, R AR B TR R B v
R e, SR 4 FoR, R T IEE R, e 1730
Ji S 2B (i ) B A S5 R T

*® 4 FEZHEERLL TRE R

Tab.4 Performance of different kernel quantity

1:1:2 1:2:1 2:1:1

92.39%
98.19%

95.15%
98.98%

92.18%
97.07%

Datasets 1
Datasets 2

& 7 HiZ2 Wi B E Datasets 1 Fll Datasets 2 [ [
UK 25 HERR R 2 X EE I 7(a) F(c), P EL
PR LI 2k 5 Sk 2k 19 Rk 30— 3, Al
WA B PIE; BT Datasets 2 B8 T L AR L R
FRAE &, 7EAH [R5 4540 5 2 BB0E IR 0L T, BAY

T Datasets 2 % {5 A9 i 8 5 7€ Datasets 1 50 iE4E
FH AT B 48 o, di i ET RIS B T 98.98%, WI Tl 7(b)
() . FiR SR A SRR, SCrh B A R 4
RO Py 5 B R AN [a] ROBE B ARAE, JF B I T
FRAEIRIAY N TE G FR, PR7E SR AR B IS 1 i A ik
BEISWT AR, S 235 SR ] It 58 B 184 Uk 2 722 A g
A A 0 IR B AR I T L B A RAE 45 B K PR R A
A TR E R AT .

N T 2 T B S R AL M R 4301
{# Ji§ FCN. MFCN, LSTM, LSTM-FCN 7E Datasets_|
1 Datasets_2 #0454 #EA7 Y ZR MR AIE, K )I Zh 19 2%
LAY A E T Datasets 3 Fll Datasets 4 #E17l:, 4%
BEAY B2 Wi PERE 4 3% 5 T o i T 7E Datasets_1
Fl Datasets 2 B Il 2545 5 30 0E 48 th T [A] — > s 48
W, IIZRAE 5 50 iE 4 A i BE AR R AE 1S 2, PRI
JT A W SR e 2R rh 22 B 1 A R 23 SR AE, 72
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Training and validation loss-Datasets_1

10k (a) -0 Training loss
’ e Validation loss
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2 0.8 F 1
<) u
| 5
04 F ‘b\
‘°‘°~o o pmo/g e 00 *"Ac_o\‘."ﬁ
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Training and validation loss-Datasets_2
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Fig.7 Results of training and validation in Datasets_1 and Datasets_2

RS FEIDEEEEREREXTLE
Tab.5 Performance comparison of different classi-
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FCN  MFCN LSTM LSTM-FCN Proposed
Datasets 1 93.21% 94.71% 91.78% 94.83% 95.15%
Datasets 2 97.12% 96.69% 96.35% 98.44% 98.98%
Datasets 3 80.71% 83.30% 80.09% 85.80% 91.15%
Datasets_ 4  88.8% 89.56% 85.58% 91.71% 96.27%
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Tab.6 Performance comparison of ablation experiment

Relu No_Dilate No_SelfAtt AtLSTM 1 LSTM 3 LSTM
Datasets 3 89.73% 90.23% 90.21% 89.37% 88.54% 83.38%
Datasets_4 95.75% 95.67% 95.07% 95.97% 93.82% 90.80%
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Research on circuit board fault diagnosis based on

infrared temperature series

Hao Jianxin', Wang Li®

(1. Engineering Techniques Training Center, Civil Aviation University of China, Tianjin 300300, China;
2. Vocational and Technical College, Civil Aviation University of China, Tianjin 300300, China)

Abstract:

Objective A rapid and accurate detection of the fault occurring to the airborne electronic system plays a crucial
role in ensuring the safety of civil aircraft. However, due to the increase of circuit board size and component
density in airborne electronic system, the traditional contact fault diagnosis method encounters various problems
such as low accuracy, huge time cost and the demanding requirements on personnel competency. Therefore, this
study aims to explore the solution to circuit board fault diagnosis based on non-contact infrared technology, which
is essential for improving the accuracy of fault diagnosis for the airborne electronic system.

Methods After the sequential thermal image of the circuit board is captured by using the infrared camera, the
region of interest in the thermal image is processed as the infrared temperature series. Since the infrared
temperature series of the circuit board contains various fault-related information, the accuracy of fault diagnosis
can be improved by making full use of its local and global features. In this study, a fault diagnosis algorithm is
proposed to achieve this purpose. Composed of the features extraction network (FEN) and the relationship
learning network (RLN), it utilizes the local features of temperature series and the relationship between the
features. Built on a residual structure with multi-scale dilated CNN, FEN plays the role of a local-feature
extraction network to construct a multi-scale receptive field without increasing the number of training parameters
and to learn the spatial features of temperature series of different ranges. Based on the embedded structure of two
identical layers, attention mechanism and LSTM network, RLN is a network that can apply control on the
transmission of temperature series to learn the importance of features and assign attention weights for mining the
correlations between the features extracted from different positions. To develop a complete circuit board fault
diagnosis algorithm, the parallel FEN and RLN networks are connected to the "Softmax" classifier.

Results and Discussions The temperature series datasets representing 27 different fault categories are constructed
based on the infrared thermal image of airborne power board (Tab.1, Tab.5). (1) By analyzing the temperature
series datasets, it can be found that there are significant differences between the temperature curves of the chip
under different fault conditions, and the temperature curves of non-faulty chips are also affected by faulty chips
(Fig.5). (2) The experimental results show that the proposed algorithm achieves a better diagnostic performance
than FCN, MFCN, LSTM and LSTM-FCN on the datasets of the temperature series testing on two self-built
circuit boards. To be specific, its diagnostic accuracy reaches 91.15% and 96.27%, respectively (Fig.8) (Tab.5).
(3) Given the identical hyperparameter setting, the increase in dimension of temperature sequence feature vector
contributes to improving the diagnostic performance. That is to say, appropriate sample is one of the key
influencing factors in improving the accuracy of fault diagnosis (Tab.5). (4) Ablation studies reveal that the
performance of FEN in feature extraction capability can be improved by the proper setting of hyperparameters,
which is conducive to enhancing the diagnostic accuracy of the algorithm (Tab.6). (5) The long Short-term

Memory hybridized with Attention (LSTMwALt) plays a role in improving the performance of the proposed
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algorithm in terms of relation extraction. By fully utilizing the intrinsic relationship between the characteristics of
different locations of temperature series, the proposed algorithm is more likely to capture the differentiated data
carried by similar faults (Tab.6).

Conclusions In this study, a fault diagnosis algorithm intended for the airborne circuit board is proposed by using
infrared temperature series. In this algorithm, the features extraction network is responsible for extracting local
features and learning the spatial features of temperature series of different ranges, while the relationship learning
network is proposed to discover the intrinsic relationships among the representations learned from infrared
temperature series. According to the experimental results, the proposed diagnosis algorithm performs well on self-
built testing datasets. However, it is worth noting that the small size of the self-built datasets reduces the accuracy
of the algorithm when the proposed algorithm is applied to the new datasets. As the size of self-built datasets
increases, it performs better in fault diagnosis. Hopefully, it would be applicable in circuit board fault systems to

deal with the fault that occurs to the airborne electronic systems.

Key words: infrared temperature series;  circuit fault diagnosis;  multi-scale dilated CNN;  LSTM;

attention mechanism
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