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Abstract; Intelligent fault diagnosis methods play a significant role to ensure the safe and reliable op-
eration of mechanical equipment. However, they cannot effectively classify the unseen samples in the
testing stage, for they lack continual learning ability. A continual learning fault diagnosis method
CLFDMD was proposed, inspired by the intelligent mechanisms of the biological immune system. It
used £ nearest neighbor rule to optimize the testing process for improving the running speed. It culti-

vated and updated memory cells by continual learning testing data during the testing stage. The new types
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of memory cells were cultivated after they recognized the unseen types of data with the help of their
threshold. The memory cells of known types were updated by threshold of new memory cells to im-
prove the fault diagnosis performance. It degenerates into a standard supervised learning fault diagno-
sis method at certain conditions. To assess the performance and possible advantages of CLFDMD, the
experiments on twenty well-known datasets from the UCI repository and the ball bearing test dataset
from Case Western Reserve University Bearing Data Center were performed. Results showed that it
had better fault diagnosis performance.
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BT Y ML A4 R /NCIZ i % 224 2] /325071 (Continual learning classification method
with constant-sized memory cells based on artificial immune system, C-CLCM), &34 W) R4 6
ARG AT HE AL LA K F2 e 1 06 5 S 5 e ) A8 RR AL Bt R T4 th o). 2% ST IR B B 55 40)
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C-CLCM 8 b Bl Jt i Moo A T T A2 40 D 1 A R824 4 s e 5T e i 12 40 i B HEAR &R 1242
YR R e PR ZERL, ik, SR QBTE) e AR e e i 2 C-CLCM I E % TAEZ —.
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AN AR AR ICAZ AN M A R R AT U4, JFR R T LB A i BRas iy . DRI, B e 2 > B
Wi (Continual learning fault diagnosis method, CLFDMD),
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YHfifL 6 G, WhCiZduie 1. 22 4n it 5 AniciZ 4n e Fig.1 The searching adjacent memory cells
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WE 1, IS5 AN ZE N 4% (Naive Bayesian networks, NB)., #t3# C4.5 Bk
(C4.5), kITARHE B (knearest neighbors, ANN), RIPPER, BP #£8 /2%, 235 AL F 5 /)N
Ak 77 (Sequential minimal optimization algorithm, SMO) L)} C-CLCM #4757 Ho4% .

J34h, CLFDMD 5 C-CLCM —#, A LTS EE TR0 40 M, A m] LK HUR SR n B, 43
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. 9 MYEMINGEIESE, BRI MK, w5 sorssm  WAB0E  HAGRE K
BAEIEEZTT 10 K, S5RPBCFHE. BT X H ; Qj 228 : ;
CLEDMD 5 C-CLCM SRR AT 5 gy oo ) ;
xR g R, C-CLCM,, C-CLCM,, 1 /D%ﬁﬁ: 270 13 2
CLEDMD, fil CLEDMD, S5 2R IAEE o e oo N :
AAE SRS TR, B, CGCLCM, #it GCLCM, 7 E[5E15s 3196 35 2
HOZE 530k (161 BT 250 A SEkiy i Fiss D e "
W 2, FMSERH RO E IRk (16] FISC 0 a1z 6 :
N S i & E\
ik [19). MFez L, 20 MM, A1 D RS : .
A8 PE £ 19 CLFDMD, (1) 4r 28 i % = F 13 LT 12 960 8 5
C-CLOM s B 10 Mg, 47 15 litdeny 10 Wi 20 o ;
CLEDMD, 7> 2K e %/ T C-CLCM, . i ] £ ﬁﬁ# 4601 57 2
Fili. CLFDMD 426 BB T CCLCM, 5 ¢ 17 % 816 18 ¢
CLOM PR IC 2K A L. CLEDMD o 08 |
BA RIFmyr2itne. 20 W 178 13 3
x2 BEHENSLERE
Table 2 The accuracy of each algorithm in each dataset %
HERf =R
BlEE
C4.5 3NNV RIPPER BP SMO  C-CLCM, C-CLCM, CLFDMD, CLFDMD,
KF 90.53 77.82 86.74 80.91 85.67 87.62 89.42(p=2) 89.09(p=2) 89.33(p=4,k=8) 89.55(p=2,k=6)
BERRWE  75.75 74.49 73.86  75.22 77.04 77.07 73.91(p=2) 75.25(p=5) T74.79(p=05,k=6) 76.81(p=5,k=17)
WA 75.06 71.05 69.77 72,72 74.20 73.40 72.06(p=2) 72.91(p=2,k=10)
OBER 83.59 78.15 79.11 78.70 83.30 83.81 78.52(p=2) 83.63(p=2) 81.48(p=2,k=8) 84.96(p=3,k=9)
MR 82.17 89.74 86.02 89.30 87.07 87.93 88.26(p=05) 93.05(p=3) 87.32(p=6,k=2) 93.16(p=4,k=3)
BT 95.53 94.73 95.20 93.93 84.80 84.87 96.73(p=8) 96.13(p=4) 97.20(p=4,k=6) 96.40(p=3,k=2)
EPRLH 87.79 99.44 96.56 99.13 98.92 95.78 84.37(p=3) 94.09(p=4) 94.65(p=>5,k=8) 93.76(p=3,k=7)
FE 64.12 87.95 94.54 87.10 81.93 81.57 94.23(p=8) 91.26(p=9) 96.26(p=10,k=4) 91.82(p=8,k=T7)
WMEES  83.13 75.84 81.74 77.36 82.26 85.94 76.22(p=4) 80.74(p=5) 83.04(p=2,k=10) 81.69(p=8,k=17)
T 1 73.38 80.61 78.97 83.87 97.69 79.58 75.48(p=6) 87.50(p=9) 74.76(p=6,k=10) 90.56(p=9,k=10)
MMM 2 56.83 57.75 54.74  56.21 100 58.70 83.61(p=2) 66.15(p=10) 84.73(p=2,k=3) 66.09(p=7,k=3)
FIMFIS 3 93.45 92.95 86.72 84.80 88.32 93.45 78.52(p=3) 87.05(p=5) 83.44(p=7,k=2) 89.75(p=9,k=10)
FEJLFT 90.30 97.18 97.36  98.67 99.43 93.02 84.09(p=2) 9L 77(p=6) 97.82(p=7,k=T7) 92.42(p=9.k=8)
EE4%E 80.16 96.79 96.12 95.53 91.35 89.72 96.10(p=6) 96.48(p=6) 97.26(p=8,k=2) 96.93(p=8,k=7)
Ay 67.71 73.61 83.76 75.45 78.67 77.88 77.12(p=10) T4.71(p=T) 82.98(p=4,k=2) 79.09(p=4,k=10)
BikfE 79.56 0 92.68  89.80  92.67  91.22 90.48  89.36(p=7) 91.63(p=10) 92.12(p=9,k=6) 92.56(p=9,k=3)
e 4468 72.28 70.21 68.32 81.11 74.08 68.23(p=4) 72.33(p=5) 72.35(p=5,k=4) 73.10(p=06,k=10)
J6F 62.90 80.20 96.99 71.17 92.73 70.61 98.64(p=9)  95.82(p=4) 99.31(p=6,k=1) 95.60(p=5,k=10)
W 80.01 75.25 77.67 79.14 86.56 86.94 79.75(p=2) 82.77(p=3) 81.54(p=6,k=10) 83.77(p=2,k=10)
A 97.46 93.20 95.85 93.14  98.02 98.76 95.51(p=2) 97.02(p=5) 96.29(p=4,k=7) 97.87(p=3,k=5)

BEHT: 1) 3NN k JTARH L £ AN 3.
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CLFDMD 335} 4 D24, i THAEEZ S CCLCM MR, #e3Cik [16] H C-CLCM 401
WS a,. a Flp X C-CLCM Zp M RE M52, TEIAIT 1B S 4L & X CLFDMD 4328 PERE Y 52
SR 10 A58 USSR Al i g s AH R i, A S 80E. CLEDMD &% p=5, 10,
ZH kB 1~10, BAEIEAEIE T 10 ), BOEFYE, WK 2 fior, BT CLFDMD, #i CLFDMD, &
EAARE], 7EHAL T CLEDMD, Byisf745 8. WK 2 /&, MRS, 2480 p % CLFDMD
I HER R AR /N, S5k EE YT CLEDMD R 3 G — 2 5 m . 5 BB 425
BRSSP BRI A 06, AR LA, BT EAR I L S5 k.,

100 - 100 -
-~ E}Eﬁig(ﬁ) - ;ﬂfﬁil‘u%l (»=5)
— IR fAZ AL (p=10) — R (o=10)
“a " e
< ﬁv KF(p=5) < WIs)
5 =~ RXF=10) 5 . — Fi(p=10)
£ s — 2 (p=5) £ s S— g~
g | Y ~ BEEE=10) 2 |/ S )
- — FhH=5) o~ i
" —J — — — Fh=10) 70 — SRS (p=10)
I I 60 - L L L

60III 1 | I | 1 1 | I E—
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

k k
Ca) BH R XSS AAE . . K. BEEMTEE (b)) ZHC e XTRIIE 1, WREEE . A, FEILITME
B TR il AL EAR S R
100 £ N 100 -
— HERIR(p=5) — Zifi(p=5)
— BEERIF(p=10) — Fifi(p=10)
%l A 2 (p=5) 90 — ONEF(p=5)
— i a)i2(p=10) — DHEFE(p=10)
° E PR (p=5) ° I ] B3 (p=5)
% — [EFRGHE(p=10) = — i in] i3 (p=10)
&= HE(p=5) Z BRI Rp=5)
& — FEIE(p=10) & = — L3RRt (p= 10)
—_ — LEP=5) — [EU% 5y E(p=5)
— FEE(p=10) W e — [{{@ 5y E(p=10)
O A B
k k
Co) SR XPRERRSG . RIS 2, EPRGAL, #ETE Cd) S8k XA, UG, GRS 3. 3 R
TG & H 4R () 52 ) V16 A BB A 4 1 5

2 B# k33 CLFDMD 43 2K 1488 89 %
Fig.2 Effect of k on the classification ability of CLFDMD

3.1.3 EEEE

#1F C-CLCM 45 CLFDMD e 4 a1 2 B og e A A, A e A0k el B . AL H 20 A
PR T 90 Yo i B B 3 A2 40 M, AR EdiE L, C-CLCM 5 CLFDMD fifi F 58 4> 4 [
IR 5 EdE . CCLCM 248 p=10, CLFDMD 24 p=10, k=10, Matlab /¥ 7E 8K AH
P710 TAEY (CPU. E5-2643 vA; WAE: 32 G; #EZRS:. Windows 10 LI iE17, MAEIRE
847 10 K. GERBCFIE ., 81745 3.

M 3 HR[E . xF A —#dEgE,. CCLCM, et i K & CLFDMD, () 25 000 4%  Gb B 1 B 50 s
), /b JE CLFDMD, 1 40 2% CEEEAELES . P42 CLEDMD, () 3 100 £4%; CCLCM, #ERf iR
& CLFDMD, (1) 7 500 4% (kB8 dE4E) . i/ )& CLFDMD, 1) 2 52 (kiR -8dE4E) . 1
& CLFDMD, (1) 700 4%, mttnlE&H, 5 CCLCM AL, CLFDMD BATR & isf T .
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*3 C-CLCM 5 CLFDMD Wiz {TiRE
Table 3 The run time of C-CLCM and CLFDMD s
BT
Btk
C-CLCM, C-CLCM, CLFDMD, CLFDMD,
K 37.3275 93.383 3 0. 064 1 0.081 0
VAR 15.939 3 10.751 9 0.056 5 0.397 8
WA A A 0.802 4 0.010 4
e 168.333 1 10. 507 4 0.018 3 0.115 3
B2 81.337 1 100. 146 6 0.025 4 0.403 5
HRALIT 0.523 4 1.160 9 0. 005 4 0.051 0
] T 1 950. 837 6 118.411 7 0.908 5 24.563 8
E251 1.350.281 8 1537.242 2 32.592 5 11. 367 2
W 5 180. 935 5 471.947 6 0.007 2 0.062 7
T m) 1 21.253 6 69. 544 2 0.017 5 0.033 1
14 5] 5 2 27.830 8 102.617 9 0.013 4 0.056 7
T [m) 3 6.238 1 1. 896 6 0. 006 6 0.074 6
LT 6 567.538 4 1825.838 8 14.164 7 1.2527
154551 43.507 9 18.731 4 0.383 8 4.344 8
Ay 52. 959 4 11.674 1 0.011 0 0.209 8
B R 10 244. 804 1 164.793 9 2.242 9 56.537 6
4 34. 666 5 13.009 8 0.068 6 0. 846 4
Inis 13.027 9 15.119 6 0.101 8 0.959 1
W 16 807.534 5 369. 257 3 2.450 1 68.627 2
Gk 11. 996 0 8.4917 0.011 8 0.130 0

Ak, BRI AT LT R 841, CLED-

MD, #&if i K 292 CLFDMD, 1y 28 15 (BIE Bl

% 4 CLFDMD iE5:iCiz s
Table 4 The number of memory cells of CLFDMD

), w/P%JE CLEDMD, | 1. 26 £ CREEdE4)
¥y CLFDMD, i 12 %, R8s 42 fdt L r
¥ 4 CLFDMD, #E i} /> F CLFDMD, fiy J& (A &
CLFDMD, 5% () ic 12 41 fii %k & 2 F CLFDMD, . i
# . CLFDMD }5 3% 01 12 40 M 55 20 1 8508 45 h bt
WHCE, SR, PTG TAMRE i, — AT
DAEEFE ZAN 0 AL, AT o3 B s 2 15 5 11842
Yl gl 2 ThUIAR SR

R TR — IR, KRR AR 0 i A B
THEFRICICANL . SH p=10, FEFRMICIZAN M g
R4, NF4AFAIFER, —IEHT CLEDMD, ¥
FEHY 012 40 i % B B0 F CLFDMD,. 3% J& [ 4
CLFDMD, i# i 43 Bt i, A3 o ik i 5l 2 CLED-
MD, (%) n %, PRI AR EE L. A
Z PR T AL EE i, CLFDMD, 15 3% 8ic 1240
fugi 25 /0 F CLEDMD, , 3% 2 PR R it A 3 2 it sl A

eI
CLFDMD, CLFDMD,
R 625 500
Wl PR 768 5791
WA 2 A 288
SR 557 2424
2 350 9919
&R AL 194 706
PR 3196 114 171
ik 18 668 14 710
e 148 344
FI [a) R 1 124 125
T 1) 2 169 107
1 ] A 3 122 732
¥eJLFT 13 254 1358
{553 E 2 307 29 889
FE P 217 7723
B R 4130 195 374
2 846 13 380
JTE 990 11 762
WL 5 000 199 993
445 1 178 2314
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BEfFAffEE, CLEDMD, ¥hifksEd s, RAEDETFE LAPURN T4 eE [, Mifif# CLFDMD,
REFERCIZ g 5 /b . 24 CLFDMD, f1 CLFDMD, ¥ 3% (40 12 240 o 8505 A 24 i,y 7 T By
B¢, CLFDMD, Z&E&E MK FE» Ik, MIMFE CLFDMD, Wizt e . HA Y CLFDMD, }i5%
(RiCAZ g B e /0 T CLFDMD, i), CLFDMD, (473 A et T CLEDMD, ,

3.2 HRMEHIEEGEST

N T it — 55 0E CLFDMD e 2522 2] BB Wi A PERE . SR BILIT VG 6 27 10 il 2 e i 250 40 0F
TRAE, 53k [20] Ry EIFTXT . 3.1 RR el LIEH . B EA T, CLFDMD, iY
PERERS{ T CLFDMD, , [R b CLFDMD, i 17 #2522 > U2 I

Vo5 EILIT VG 5 R 2 0 B AR A R K5 i XU s e SR PR L db16 /NI f 8 24 i, o B A/
Ve BB RO RRAE ) 5, AR BOE H AR 500 A, AR RGN 0. 177 8 mm StEAEA . I8 0. 355 6 mm
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Table 5 Accuracy of each algorithm when the training samples include all types %
Bk ARIS CLONALG BayesNet J48 BP SVM AHr-detector CLFDMD
ZWHER 64. 41 91. 54 72.84 66. 28 68. 05 94. 67 91.37 97.63
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Table 6 Accuracy of each algorithm when the training samples include partial types %
Bk ARIS CLONALG BayesNet J48 BP SVM AHr-detector CLFDMD
L IWHER R 52.63 57.78 57.62 52.61 42. 82 45.17 78.90 88. 28
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