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Abstract Aimed at the problem of multi-class fault diagnosis
in practical analog circuits, a new diagnostic method based on
multi-kernel learning multiclass relevance vector machine (MKL-
mRVM) is proposed. The proposed method can build multi-
kernels in the feature space where fault data are originally rep-
resented, which can realize the reduction of fault features during
the modeling of classifier. In addition, the classifier based on
Bayesian framework is able to output the posterior probability
of diagnostic results. The fault diagnostic results of two circuits
demonstrate the advantage and practicability of the proposed
method.
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TCH IS BRI A ZE R R, 25285, Wl REEIF L
T B 5T AL P R P R S 2 O BRI, TR AIE T A2
TSP 2) BB AR — B X R TR 2, R
Mo 7 5 SO SR S AR R ) X R, HL AL iR A TE R
LRI, (AF-52 F B F FP AIR  i S7 PL I M [ A R A
R A=50 3y ply T4 K PR 2 B, AL P R T Y
LIRS EEXAEPRE TS, Nz oty I g%
F2E . MARIR2E4E, [T e R e i 46

Ry RO b3 O B )R, T A Ok [ N AN 2 25 B AL
FEL 6 1) 502 W Y T R T RO, AR R A T
UL PR (6 14 50 AR I 2 BRI i AR 2 4 283 R AN K B BR YT
b AE IR BB R AR SR I B 5 A, R B
FEAEAE F 3G 1) fF#M % (Circuit under test, CUT)
£ PR 0 0 A e R A R AR A e e 4 0
2) B B IR AR A HT A CUT () Bsf 55 ) 17 Fp 42 B e
AT, 4 U (R 38 25 B 0 7 B AR 3 FAR %) L B O i o o
JEF 3dB #H kAR 40 3) 5 5 240 PRAS B 1N A
E 2T A AP R At A G R AR (e
LB i) B e e KR g R, &
THLAR 2 ) MR 43 28 YA 2 M IR 9T e 2 19 J 1), T 3
MR EA: KGR &EM % (Backward propagation
neural network, BPNN)[4’9’ 1A 42 ) L R 4% (Radial basis
function network, RBFN)[15]‘ SZFEmjE AL (Support vec-
tor machine, SVM)[4’ 16171 SRR 2E ST (Extreme learning
machine, ELM)1'8) 4. W ShAAT 5 T HOREH TS i
a0 DR O SRR A s BRI, bR
FERAEZ N 1) SVM., 2 0 25 4543 J8 305 1 v A
AR A AT B (RS B 28 AR 25, oy i th Fe Az Wi (5 8,
AR A JE T A B 2R AR 2) R AR AR AR 43
KA, MORRHAE A 4R L 1] 5 43 S AR R 43 B kAT
B, XAERAETE L] ) 5 A B 2 AR AL 5 1% 50 2545 Pl fig
AL AETC IR AP0 3) 15T S i SR T e i 2 A e
70, MEDAFR 2 SR FT HHREALL R R i bR v 1

2001 4F Tippingm] P HE K e &L (Relevance vec-
tor machine, RVM) J&— Ffi 5T D374 48 ¥y AL 25 2% > 35
¥, M SVM BA S B B A R, Mgl E m . MU
. BREURSZ Mercer 45 RS0, EHEAIM RVM Al
SVM —Hf2 R 4 KRBT, TE2 40 B F 2 d T
ZA~ RVM 4382588, 2010 4E2R K41 Psorakis 4622 75 4%
48 RVM Bl B3R T B3 2 40 JSR K &L (Multiclass
relevance vector machine, mRVM), i # >R H| Multinomial
probit KA L S RVM d111y Logistic sigmoid B %L M
T RF BN BERY ) 3 ST B 240 25, IF BREe 4y i o 28
R JFARER. LAk, F RVM HA B MR H s,
FR120- 287240 4R T RVM BETARE 2018, 855 kg i
SETE R UG FRAE 2 [B) 0 RRAE A 34T R AR ) Jie, (2 e X HF
AEZS (R BEAT R R, ATTAS 3 Beid 1% RVM 432585 B AFAE 1)
i RMTRAS Y AR RIIE T 40 JS P AE, B3I T A AL 1)I]
FHEIRE.

SRS R 1 T r ) O S A, BB T — A
HT 2B L5 2M K H &ML (Multi-kernel learning multi-
class relevance vector machine, MKL-mRVM) [1#% 4] H
TR Wi vk, BB I T SCER (4] B ERS W skt
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P4 S HL BRI SRS, AR I B iR IR T2 i B
VBRI EE R AE (Minimum ambiguity features, MAF); )5,
KA MKL-mRVM 8% #E47 il AL X 428, MKL-mRVM
REREXT BT 4RI MAF ()8 —4E e AR PR, TR RA
43 ERE ST IR, S 2 SRAR AR S I I 4 R i 2 TR] 1) A
1k, 158 —H 8 A% B B IE ) &, [FRE T I
HTHEZE ) MKL-mRVM IR REAS 25 115 Wil R 1 5 T .
Sallen-Key 7y i i I FLE A Biquad 3 28 ¢ L2 1 B |
T T AN IR IR S Wiy YA 1 BE Y S v LI, AR SC DA A
HLEEAE AT 4, TR T4 5 i S T 4.
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Fig.1 Combination of multi-kernels

WS H LA K € RYVY, K 4 —5 k, =
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TWAE 2, 5 HADREA B X BEMERD. mRVM 5] A T 4
WAEY € RON SRSt EELSE, Y MRS 4
545 RVM [ ENAREAH A, B yen ~ N(wekn, 1), Hrp
W e ROV g MKL-mRVM #HAITE. Y 1R/ AH
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FRYE DL AE L, AR B R AR B, AL EE W iR G
B4 wen ~ N(0, az, ), A RE AT IESEL aen TR
MWBSECH v v BINS AT, B RkE . v BUE/NWAE,
WHIEHRE W g A RTES R, (HAARIE R k41
W R4 5% 13 (Relevance vectors, RV) 4 i i #ibi
AL DB aen BTHIEA € RN, MR TZZ
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(Expectation maximization, EM) 5.y2%.
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Fig.2 Schematic diagram of MKL-mRVM

1.2 MKL-mRVM #8931k

MKL-mRVM il g2 — "B KRR SRR, UIgRad
FEEREH AR SHN . ER— PR ARE A B
E)5, RA EM FAMIHTS R W, B. Y WEHE, Hh M
LWL B, E Bk Y.
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SR A FREBEL PR PR R R Inp(Y | A) W E

+oo
L(A) =In / (Y | W)p(W | A)dW =

C

> [NIn2w +In | C | +y.C'y.] (3)
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X (10). & (11) Y SEFAERMHGE b W ka5
SLARIE R O(M®), FEERUE B it B VTS 2 B e T
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2.1 HFERRRER

AL VR B 178 W30 6 308 5 T 0 S R e AN B e, R
(AN H s S %) 238 i F R TN A A W el AR, (il P T BB &
HEARKRASAL,; BSE SR T S5O0 SE PR M T A 2230 F,
TS Bl FL % T ARV RE TR

TE R LR 2R Y B, FRATT I AT AR SRR 2 B
AR CUT o, 53] —RIARIEER R CUT 248 &
R, WA BT R A AR SRR LR 1. o, PCH %Kik R
A7 SR A, FRATI U B ) S N T AS I R (Minimum de-
tectable fault size, MDFS) & 2t (¢t NIoHRIZAEZE), RH
Y54 U(0.1X,, X, — 2t) F1U(X, + 2t,2X,) (Xn KT
FEFRFRIE) K4 BIRR T S5 w2 (PCH L) M2
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Fig.3 Implementation framework of the diagnosis

2.2 WHEHIEHE

B — B B AR B CUT AR S5 {4 F1 40 4G 11 T e s
CUT #i AFIET Pspice WM ES T, AEIES1EN
Bih, 5514 CUT RAsRmp Y fi 2 A0 BAd. 102
B — A 2, TAURRS OSBRI E AR AR E
X, FRUEZE N 0 = t X0 /3 W10, BEJEHEAT n Ik Monte
Carlo {FEASEI4-2: CUT By EEE n 4.

2.3 BFEFFIEREEY

BB AR B L 1) 2R —ss b A 2) FEARH
B ) AR R M. AR SC A CUT fly 55 137 1 28 P B0 T /s
BRI EEAFE (Minimum ambiguity features, MAF) 1 A &
FHAE.

2.3.1 1EMIERE

W s H—WERHEE, BT s R/ EE TTHAFLER
BIMAE—EWENZD), BERM o(s) RFRERET s
HIAEE 76, CUT Frib RS E, TR ATE ¢(s) A
. XTHaE i CUT #be fi 1 f;, & L ETE RN
OISR

wy = [ minei(s), i (s)lds

Hir, s7 = max[s;,s; ], sT = min[s],s]]. W& 4 PR,
ai,j BIIR/IN R T 2 AR 5 PR 113 HE 225 AR Bl P o T AR
HIKR/D, ai; € [0,1] BUETEE by, ST AL T W2k
RERHARERE, @i, UIN, B T W e DX S

TESL BRI S, FATRI A AT (Kernel density
estimation, KDE) 75y 5K SRAG 5 b5 A (B A AR 70 117 b 4K

(16)

iR {51y —ALLMENRGRHERL, WIR M KDE #5101
AN

@@)::3%;§:l<(5 - ) (17)
1=1
Hr, KBRS h B THESEL

Fl 4 BOEREE
Fig.4 Schematic diagram of ambiguity

2.3.2  H&/MEMIEFFIE

M CUT 1y TAEM v RG] m A B Hny 40
KHAENMEE S = {s1,52,- ,8m}, &R EH AT
R —ANETIZSMEERN m x n 5P E Guxn =
{G(1),G(s2), -, G(5m)}, 1 HHLBERGr TR Monte
Carlo i EIREX.

XTWREHEE fi. fi BRI s e io4E Gi. Gy, |
JeETT S T E WAL T RIBORIEE, SR J5 38 ) S/ VSR 4
fiEAT it (18) f55)1:

(18)

Sk
s @ig

M;; € S, HXF W A5/ MEIEEICAE af ;. M Al b
B 2 (B2 G, RIS 302 WIAT 55 BT s 1) S/ MSOR] B i e e
HESE S™.

WAk, # ai; RUEKR, VLI fi B f5 WOSIRERE T4
o, XEAREI /3 FF. R EBHIZI TR A € [0,1], #F af; > A,
N £ A AL E— ORI, R 2 R A
H—2K.
2.4 HEEEA A

HE 4 e /NABTR BE 4 4E 4 S 2B I 5 BOHE 4 ok V)] 45
MKL-mRVM 432528, X #H k4, MKL- mRVM 432
TROENS I AR FE A A EE SR . 12 W BT B DA R e A AR AL
WIERER M T OCHR (1] $REMPAT 5 MRk M £ Jr T it
TP

M; ; = argmin

#1 AR

Table 1  Mutation operators
et K ik
PCH ZH (Parameter change) FEITHF T8 E S B B AR 2
ROP HiPHIF B (Resistive open) TETCFRAS 13 A — AN PR B PR FHL AR R T i
LRB RN (Local resistive bridging) A [F)—TCF R A3 1 Wl A — S BEAE R/ HBE
GRB 2R AHLANT% (Global resistive bridging) AEA R TTAF AT PAST R Rl A — AN B AR/ N L FEL
NSP Wrisr# (Node splitting) FF— AT NI, HAES T LA TR Y HLFH
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S HRER W T RO A4
BT RO e
o TR SRR
2) R = e TR R FE A
A R R
W Wy R R
T AT S BB A
WA BB R
B J AR AK
BB HOPE AR

1) AR =

3) AR AR

4)  WFERER =

5 DRUERHE =
3 DTS

AW LI A WA ZH 1 K Sallen-Key
R R S I, YA R D, FEH TR AT
MKL-mRVM FE S Witk GE; 2261 2 4 Biquad fGE IS
MR W, ARSI Z, FEH T ik MKL-mRVM
SRR 12 W T 47k

R HCBGS W g AR, R [RIRE SR A% R B SVML Rl
H PR X Ml (Kernel extreme learning machine, kELM) .
P Tl Ay 28 b, =Rl ¥R 60 e i iR A, SR A
5 P13 IR R B Rk iR 25 e/ DB S 4. Ho,
SVM 3R] —%t— (One-against-one, OAQ) VL4722,
— IR B c(c — 1)/2 4~ SVM 732K

{5 ELSE 5 PA Matlab 2015a {5 R S255T- &, i SE5e s
1£ CPU J 3.3GHz. N1Fh 16 GB 1) PC _LisfT.

3.1 Sallen-Key il B 212 B
3.1.1 it

Sallen-Key i JIE % 3% 14 AL B A5 A9 U 5 B, o
LoAREEN 25 kHz. fFELSEHVEA 14 AN, Sk i3
2, Horp, ToiERAS T & oo S50 AR S B A 221
10% ZIN.

R2
M
kQ

5.18kQ

Vin @

K 5 Sallen-Key 77 gk H 2514
Fig.5 Sallen-Key band-pass filter circuit diagram

FFM [0Hz, 100 kHz] B4 X [0] <6 0] B 2 HH A5 21 /Y
1001 AN 7 A2 5 Fodi H, B Monte Carlo fij H
UHL n = 200, 133452 200 NECEEREAR (JE 3000 4N). Kk
BEAEATE R A -390 0 2 AL, 5 — AR gRpE AL, 5
U A IEALE.

# 2 Sallen-Key i HH K Ffiiik
Table 2 Faults in Sallen-Key band-pass filter

G [ Frfi TR

O TeH - -

£1 C1t 5nF [6 ~10] nF
£2 C1 1 5nF [0.5~ 4] nF
3 C2 1 5nF [6 ~10] nF
f4 c2 1 5nF (0.5~ 4] nF
5 Rl t 5.18 kQ [6.22 ~ 10.36] kQ2
6 R1 | 5.18kQ [0.52 ~ 4.14] kQ
f7 R2 1 1kQ [1.2 ~ 2] kQ
f8 R2 | 1kQ [0.1~ 0.8] k2
f9 R3 1 2kQ [2.4 ~ 4] kQ
f10 R3 ! 2kQ [0.2 ~ 1.6] k2
f11 R4 1 4kQ [4.8 ~ 8] kQ
f12 R4 | 4kQ [0.4~ 3.2 kQ
13 R5 1 4kQ [4.8 ~ 8 kQ
f14 R5 | 4KkQ [0.4 ~3.2] kQ

3.1.2  SREEME N 54

B 6 40T fl, f4, 5, f7 4 B 5 o ks
£O AR 7 il 60 b, T DA AR 4 AR, 5 5
fO AT R0 B AF P a2, R IR i AP TE
£, A5 15 B2 Wik xR, & =2l 10 WER
[] A3 % DX i) B 4

T A EREA B B A1, $RBUH 1% CUT ki %
/BRI R S*= 0, 3.9, 9.0, 10.6, 11.2, 12.5, 16.0, 16.8,
17.0, 19.5, 20.8, 23.9, 25.7, 26.1, 33.4, 34.8, 48.5, 78.2, 91.7,
97.6, 100.0 (kHz), Jt 21 i 5.

3.1.3 ZETMERELLER

F 3 T H R TR R AT R A SR YR WM R
B R B bR, 3 P AR AR R T I RE PR A P B A A
5, HoA a2 1500 AP AR (1 P39 U ). 38
B3 3 AIPAF H: 1) FESWIRE R L, MKL-mRVM J5 ARk
P, A EUET I REAE A E 96.40 %, SVM k2, W& T
KELM; 2) FEillZkisE]_I-, KELM 34 bl gk, SVM
w2, i MKL-mRVM {1 20 8] 5 ik 381.4s, X2 T
MKL-mRVM 822 {35 1045 Bt Kb 7 s A 1 2kt ],

3 =MONERGWIEREXS

Table 3  Diagnostic performance comparison of 3 methods
Tk IR ES ESAES LRIIES P g 5 FTIES YNl /s P ] /s
MKL-mRVM 0.0107 0.0200 0.9986 0.9893 0.9640 381.43 3.007TE—04
OAO-SVM 0.0071 0.0600 0.9957 0.9928 0.9160 2.2103 1.781E—04
kELM 0.0114 0.0900 0.9935 0.9886 0.9020 0.1287 3.607E—05
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# 4 Biquad {IRiEIER HEHERE
Table 4 Faults in Biquad low-pass filter
G [AEE 3 G ORI A %' A A %' R A
f0 Tkl £24 ROP (R4, +) £48 LRB (R4, +, —) £72 GRB (n2, in)
f1 PCH (C1 1) £25 ROP (R5, +) £49 LRB (R5, +, —) £73 GRB (n2, n4)
£2 PCH (C1 1) £26 ROP (R6, +) £50 LRB (R6, +, —) 74 GRB (n2, n5)
f3 PCH (C2 1) 27 ROP (R7, +) f51 LRB (R7, +, —) 75 GRB (n2, out)
f4 PCH (C2 1) £28 ROP (U1, 1) £52 LRB (UL, 1, 2) £76 GRB (n3, in)
f5 PCH (R1 1) £29 ROP (U1, 2) £53 LRB (UL, 2, 3) £77 GRB (n3, n5)
6 PCH (R1 1) £30 ROP (U1, 3) £54 LRB (U1, 3, 4) £78 GRB (n3, out)
7 PCH (R2 1) £31 ROP (UL, 4) £55 LRB (UL, 4, 5) £79 GRB (n4, in)
£8 PCH (R2 1) £32 ROP (U1, 5) 56 LRB (U1, 5, 1) £80 GRB (n4, out)
£9 PCH (R3 1) £33 ROP (U2, 1) £57 LRB (U2, 1, 2) £81 GRB (n5, in)
£10 PCH (R3 1) £34 ROP (U2, 2) £58 LRB (U2, 2, 3) £82 GRB (n6, in)
f11 PCH (R4 1) £35 ROP (U2, 3) £59 LRB (U2, 3, 4) £83 GRB (n6, n3)
£12 PCH (R4 1) £36 ROP (U2, 4) £60 LRB (U2, 4, 5) f84 GRB (n6, n5)
£13 PCH (R5 1) £37 ROP (U2, 5) £61 LRB (U2, 5, 1) £85 GRB (n6, out)
f14 PCH (R5 1) £38 ROP (U3, 1) £62 LRB (U3, 1, 2) £86 GRB (in, out)
f15 PCH (R6 1) £39 ROP (U3, 2) 63 LRB (U3, 2, 3) 87 NSP (n1, [2, 3] [1, 4])
£16 PCH (R6 1) £40 ROP (U3, 3) £64 LRB (U3, 3, 4) £88 NSP (nl, [2, 4] [1, 3])
£17 PCH (R7 1) f41 ROP (U3, 4) 65 LRB (U3, 4, 5) £89 NSP (nl, [3, 4] [1, 2])
£18 PCH (R7 1) £42 ROP (U3, 5) £66 LRB (U3, 5, 1) £90 NSP (n4, [2, 3] [1, 4])
£19 ROP (C1,4) £43 LRB (C1, 4, —) 67 GRB (nl, 0) £91 NSP (n4, [2, 4] [1, 3])
£20 ROP (C2,+) f44 LRB (C2, +, —) f68 GRB (nl, n3) £92 NSP (n4, [3, 4] [1, 2])
£21 ROP (R1,+) f45 LRB (R1, +, —) £69 GRB (nl, nd)
£22 ROP (R2,+) £46 LRB (R2, +, —) £70 GRB (nl, n5)
23 ROP (R3,+) fa7 LRB (R3, +, —) 71 GRB (n2, 0)
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Fig.11 Frequency response curves of faults
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Table 5  Diagnostic performance comparison of 3 methods
Jrik A IIERIES PPEES LAIES (TR HERR I (s) T LEE (s)
1 0.0165 0.9200 0.9899 0.9834 0.6069
0.7 0.0235 0.3400 0.9962 0.9765 0.7796
MKL-mRVM 0.5 0.0215 0.0600 0.9993 0.9893 0.8602 2.0436E—05 1.7472
0.3 0.0132 0.0200 0.9997 0.9867 0.9202
0.1 0.0132 0.0200 0.9997 0.9867 0.9406
1 0.0254 0.9600 09894 0.9746 0.5303
0.7 0.0608 0.4400 0.9950 0.9656 0.6905
OAO-SVM 0.5 0.0196 0.0400 0.9996 0.9804 0.8009 4.6002E—02 0.1628
0.3 0.0167 0.0400 0.9996 0.9833 0.8598
0.1 0.0167 0.0400 0.9996 0.9833 0.9191
1 0.0402 0.9800 0.9890 0.9598 0.5006
0.7 0.0437 0.4800 0.9941 0.9563 0.6301
kELM 0.5 0.0243 0.0800 0.9991 0.9757 0.7623 1.9524 1.4584E—04
0.3 0.0191 0.0600 0.9996 0.9809 0.8271
0.1 0.0191 0.0400 0.9996 0.9809 0.9013
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Table 6 Diagnostic performance of other features

W REREAE A SRS Y ZRR ] (s) VSl (E
FG mRVM 6.1434E—-03 0.2046
LRI 28 mRVM 5.6213E—03 0.3871
MAF mRVM 1.7324E—04 0.5113
MAF MKL-mRVM 2.0436E—05 0.6069
4 g

ASCHR T —F AT MKL-mRVM 1545 fL 15
Wik, M A A, ASCERN EETEAE: 1) @ik
W AR IR T S B0 S ) B A R e, 5 R T AR
T S S AR 22, (I R AR S & S B s 2) MKL-
mRVM GBS 2 ] S AT AL, W TR M5 B, 5 ES
W 225 SR () E ff B 5 s 3) BT DT AE 42 1) MKL-mRVM
YRR A S Wl ) AR . SRR R 1 e b
YW — A 2R A, A8 SCRTHE Jr 54 B R AR R 5 15
Wr AR SR 35 A B BRAR B2 Wik B, DTS RIRRFE S 2
HIBDHIZH, I H MKL-mRVM F T-15 Wi B i Y11 26 B R) 48 46,
T TAERT 4 T4 R MKL-mRVM Il ZR50%.
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