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Abstract The rapid development of intelligent vehicles not only improves electromagnetic compatibility(EMC) testing technolo-
gy,but also brings new challenges to vehicle EMC design, which is benefited from test data-oriented troubleshooting. With the in-
crease in electronic complexity,vehicle on-board system designers should confront with more and more EMC failure possibilities
and they are in need of effective EMC failure diagnosis approach. However, EMC fault diagnosis is difficult due to the distinguis-
hing features of EMC test dataset,such as small sample,nonlinear,high dimensions,etc. In view of this situation, this paper puts
forward a feature extraction algorithm for electromagnetic compatibility test data based on years of rectification experience of
EMC test engineers,and uses the valuable feature data extracted from the test data to set up a support vector machine(SVM) two
classification model. Corresponding application effect is displayed. In order to verify the effectiveness of the proposed method, this
paper adopts the naive Bayesian classification model for comparison. The experimental results show that the proposed method can
match the demand of EMC fault diagnosis for intelligent vehicles.
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8 end if
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11.  for Datagwe in Fouer do
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16.  else
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19. end for
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Table 2 Feature extraction threshold set

B {E 4 #F i

F by B & A B W AE Thl 8dB
GB14023 #7 ' T4 % & 9F 0y B & 2 MHz
GB/T18387 45 v T & % & 5f oy [ & 0.6 MHz

F 3 FRAESRERE
Table 3 Feature extraction result

WK A S A
GB 14023-2011 R V AV

GB/T18387-2008 R E

#B AT 4 B /MHz g % A #L AT B/ MHz HAE KA
30~33.45 4 % 15.598~17. 166 %
35.6~36.7 % 17.998~26.018 %
39.65~45. 6 % 27.402~30 %

55.15~70. 85 % 0.009~0.15 # %

77.15~80. 25 % — —
90.6~93.6 4% - -

100. 75~105. 95 % - -

111.2~115.8 4% — —

165 W% - -
627 % - -
924 W - -
990 i % — —

S A5 R R BT AR IRCAY R AE 5 I R 5 T % P R B
WAL B UE T BT R A EMC 03K 40000 5 fE 48 B S B A
Rk,

3 ET SVM H/MEREES X

TV P34 [ PR AR A A R A A I A R Ak T AP
BB, B8 T EMC i e 12 W 9 B3040 o L 420, B R et o
BT /MEARRAEE R M SRR, AT E SN
AT B S B RE IR A T SVM BRI 44 2
3.1 HiEmAE

RAE EMC Bt 22 g™, FeATT AT LA g 7 5 8 0 38 A il
R R 2 (A1 X B R 3R . BT — A R G T RB T I £ A
R o DAL Ik — b S 8 I G 1) R A 90 A 55 T AT R 1 R U

TE A 7 5 MRE 5 R YR =22 18] /Y 4 N 56 R AR 36
WEBERIER, TUETREAZL S BERZBH R,
U S5 H B G 0 S S e O R B R Y D RE AR B A e R
H ARG B WAR L N e 272, th AT DK B 42
) R, G S 25 30 3 288 T A 2 A Ay 7 BRI — 43 S ) R

AR BICHE T A 3 1% 6 R SR A R ARE AR 1 B HI A AR AR
555 AT LUK B A AR Bl 3 Sy 5 A 4B A 3R L 43 )
4 0~150kHz,150 kHz~1MHz,1 MHz~30 MHz,30 MHz~
200 MHz Pk &% 200 MHz~1 000 MHz,ig i — 2. — %% . =% .
WU H R, KGR BT A SRR IC SR HEAT 5 I 1 R AR v S B
TRARME DRSS 7Y B8 A A0 B 8 b R HIE 215 B R 7 Y R RE R

1 Ca) B, 03 i 4R A 38 3 Sy 60MHz Bt i
PR L XF R A HRAE R T AR R A F

R AR e : GB14023,

2) M2 . AV R IR

3) HFRBBE 55, 15~70. 85 MHz, J& T T # Bt U 4% ,

OB EESE A 2K

5) T HE M B P - DCDC.

oAb HLE 1 HE S A B 4 S I R AR R R AR L O TR
T2 2R 014 T A 4 A R P, — BB I 2/3~4/5 I REAS T T
R0 FEAR SO I SR R A R AR N AR AR R [ A
A LA AT 52 36 % LG S R, SEI AT LA AR AE SR 4
i,

3.2 SVM #5!

TAFI AR A T AT 2 it R Rk i —Fh B A K
SRIZ A0 RE T WML 25 2] O s AR R e ANRE A 3 26 1) U TR
R s SRS L R SR FE , S2RE ) LR HL SR 25 S Ak
Sy Ak 50 8 A 3R A 5 1 O Ak B8 R 77 1ok 4 ek B30 vk ok oK
il ™ AR )

ASCH YRR R IR N

Train=1{(x;,y,),i=1,2,,m}),y, €{—1,1} 2)
Hod,x, 2 RA 5 MEEEEM NG Cd;y, 2R, X E
B — 17X o T4 SCHY 2728 i 17X W T4 S <1726 5m J2
ISR Y Kkt

SVM BRI Ry L oo AR ik .

Stepl 4 Ji IR B4 45 % A6 2 LIBSVM 3¢ #5 1 £ #%
3 :[label ][ index1]: [ valuel | [index2 ]:[ value2]---, BJ [ 2 5l
PR 1] DHRRAE 1] (R AR(E ] [HRRAE 20 LR AE(E ], SRJE ¥
BG4 20 43 Ry U1 25 A R0 DA AR L 1 A0 2 DA A B 1 B R
APBENLERE . BT EIEEAE T ARG RTTRSH
FRART . S T ARIEYIZR 25 50 w] 8 & v, 3 L0 R AL A
Fl“expected-improvement-plus” A% 35 B p& %% .

Step2  PEFER R E K o x) FFE ST 240 C 3 M Ik
Rk 1R

AR 3 A v TR A R BUVE S SVML A R BT, A
KWTF

K(x;»xp)=exp(— || x;—x; [|?/(2%6*)) (3)
H,o BEWZRNNSE, H o>0, IREENHF CELHA
HE XY fitesom PREC B, O Z YRR )80 & k-

maxia,*ii ia,» a;y;y;K(x; x;)

e s Zime )

st Dey =0.05a<Coi=1.2.m
Hra= (o505 50, H0 A BT H RE, AT LA 3 5
i = (o 50050 50,0

Step3 AT H LN E 0 5B Db,

BT a= (o505 50,) .\ LITHE o f1 6. AKX .

/7=yj—.§]y, aK(x; ,x;) (5)

m:ﬁa,x, (6)

Stepd 4R TN T . I 2R 45 70 JE A9 T 5 R KL
B 27 SEBUEE S T AR 43 98 U5 AR 2 (8) 15 B A A

B4 20 0K AR
wx+b=0 7
F)=SayK (. x)+b (8
i=1

e Am A I i A A B 19 2 26 Bk SR e 50 N0 0 3 A 4
B4 .



194

FHEHLRIE Vol. 48, No. 6, June 2021

Com puter Science

4 KBWERSDH

N T BT B 07 R WA R AR SCR I T AR B
S 36 A0 S RV AL JBR P 9 2% 7 R BT A S B0 AR R DL i
R S X LR R AT S AU

_ Citrain
P(C,)—*Tmin 9

pexIco=11PexIc)
=P(x, [COPx, |C)+Px,[CD 1o
Hob, Train HRINGHEAR S HERENES X KR n i 4
fEERE, C KRR RN, AXEEAAERK P(XICOP
(CHRYZER C; Sy IR AE A B T2 531
4.1 BEBENYS
QR ISR A RN AR B R /N B R 2 X S g 5 R
S, AR SCH BT 40%0,30%,20% 3 Al AT EE B A
TR 53 B SVM AL TR 1A 22 DL it 37 43 28455 T8 647 17 AH B 5K
By, SCIRSERANPE A PR XN SRR 4 RISk 5 A,

06 =TSVM Moddl
Naive Bayes Model
05
g 04
o
L 03
-
g
4 02
01
0
02 03

04
Split ratio

B4 AS TR AR L 1] BT A8 8 3R Y b AR
Fig. 4 Comparison of model error rates with different test

proportions

4 AFEMIKLE RG] SVM 43288581 (1) S 4
Table 4 Parameters of SVM classification model with different
test set proportions

K & 4 E

B4 P=0.4 P=0.3 P=0.2
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) 0.01 0.11 2.12
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Table 5 Parameters of NB classification model with different
test set proportions
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Table 6 Specific values of performance evaluation parameters
(P=0.2)

WFhHHK  SVMAHEA Ab Z DL et i A A
Error rate 0.2174 0.2609
AUC 0.8571 0.8254
BEP 0.7778 0.5556
Precision 0.6786 0.7500
Recall 0.8636 0.6667
F1 0.7600 0.7059
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Fig. 5 Experimental result
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