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Research on continual detection and localization method for
printed circuit board defect

YANG Aofei', XU Xinying', XIE Gang', LIU Huaping’

(1. College of Electrical and Power Engineering, Taiyuan University of Technology, Taiyuan 030024, China; 2. Department of Com-
puter Science and Technology, Tsinghua University, Beijing 100084, China)

Abstract: Existing defect detection and localization methods can only detect fixed types of defects and cannot meet the
continual defect detection requirements in real application scenarios. To address this issue, this paper proposes a defect
detection and localization method based on the reverse distillation model. This method uses the reverse distillation mod-
el as the basis model and performs pooling distillation on the feature maps from the middle layers of the model and the
one-class classification embedding representation. So that the model can continually train new detection tasks without
forgetting previous tasks. Experimental results on four printed circuit board defect detection and localization tasks show
that this method can meet the requirements of industrial applications, and it outperforms other methods. It maintains the
ability to learn and detect new tasks while suppressing the trend of forgetting the ability to detect samples of previous

tasks.
Keywords: defect detection; defect localization; continual learning; deep learning; unsupervised learning; reverse distil-
lation; one-class classification embedding; pooling distillation; printed circuit board
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Fig. 4 PCB continual learning task sequence
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Table 2 Number of training samples and test samples for

each task of the PCB continual learning task se-

quence
Lo VIR YIHEA MR A
EERS - wm ommowm) s
1551 80 200 16/60
1552 53 212 10/30
11453 40 200 9/54
1554 40 200 16/23
1555 64 192 14/27
1556 40 200 20/54
1557 102 204 14/41
11458 45 180 18/20

A SO R J7 7% (Fine-turning ) | Ui AE ¢ 1F 45
T3 VUL ( student-teacher feature pyramid matching,
STFPM ) S5 Al 5 vk 040 A= S5 A6 D ( student-
teacher anomaly detection, STAD) J5 15| B B #
)52 7] 217 (revisiting reverse distillation, RD++) 57
BRI Ty A B O Y H e A i (dis-
criminative joint reconstruction anomaly embedding
method, DRAEM) 21 55 AR SCT5 3480 1 X FE S 56
Horf, STFPM J7ik 55 STAD J5 iA #f 2 3 TR iE 4
A AR ZE R T i, T BUM LAY 5 2 e
RV ZE R A ] ELoR T Z2 9004, 5 #0 hy R 4
P U A A5 A (H 2 AR R 45 M rh & T 2t ST
2 2] WA AR AR s RD+J 6 2 A I ) 22 TR v T A
SRR i I O e S 1] A = i 5 @i ) R E R ]
AT Pk S BIL A A A 75 A 2 BE A B A A4 X 3 1
HRRE 5 5% R AE ; DRAEM Jy 2 35 F R 2%
AL WO TR LR 1] 78 TR AR T i 2
T RFSE2¢ 2 A1 55 78 91 B U 2R i AN A T 8 2
4.1.3 M 4847

AR SCHIAE 55 A s a5 47, PRk,
e BN R BRI 5 E A RE ) o W KA AT
55 MR H b A EUR G213 TARRRIE M 42
T 11 2 (image-level area under the receiver operat-
ing characteristic curve, L-AUROC ) $8 ¥, ¥ S %€ oL
A 55 MR OC B PEH 48 A5 AT 1R R 321808 TAERAHE
It £& T 11 FH ( pixel-level area under the receiver opera-
ting characteristic curve, P-AUROC ) f§ #5 .,
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3 m i TAREINETEBUE B RAE 55 81 L
XF AT 55 1 V- H 18 3R 9 AUROC F8 b5 45 5 S H X
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Table 3 Average P-AUROC metrics and BWT metrics on the long PCB continual task sequence of different methods

P-AUROC/%

ik EH1 fis2 | s 54 fiks | fime &7 fEss | BT
Fine-tuning 90.0 89.4 89.7 79.0 95.9 98.1 90.1 95.6 -0.073
STFPM!'4 82.6 81.2 76.0 65.0 92.7 97.2 94.9 93.5 -0.188
STAD!" 71.5 80.0 353 54.3 75.5 74.0 79.5 74.6 -0.100
RD++31 87.7 86.4 88.0 85.7 95.9 94.9 82.4 96.3 -0.073
DRAEMP? 70.1 87.9 66.8 57.1 78.8 87.4 95.5 76.6 -0.157
e N RS 95.3 95.9 97.0 92.5 98.4 98.5 90.4 94.6 -0.015

T I ZR SRR A
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Table 4 Average FAUROC metrics and BWT metrics on the long PCB continual task sequence of different methods

I-AUROC/%

ik fT51 k2 (s (x4 fiEs dike (k1 fEEs DT
Fine-tuning 89.2 81.5 82.5 74.6 93.8 83.2 80.0 82.2 -0.107
STFPM!'™ 88.6 67.7 73.0 61.7 71.4 93.1 94.2 100.0 -0.188
STAD!™ 81.1 63.7 63.6 65.6 36.0 75.4 78.7 71.1 -0.052
RD++81 81.7 86.7 78.1 77.6 92.8 89.6 87.7 98.8 —0.147
DRAEMP? 80.1 80.8 49.5 59.1 48.1 99.1 87.4 100.0 —0.166
AICTT 99.6 98.2 98.1 78.1 97.6 95.2 96.0 93.3 -0.019

TE: IR SRR AR

M3 FE 4T LA, FERAES T L
WEATRRSL S S B, AR SO IRTERT 5 AME 55 iy oF
¥ AUROC #8534 i T HA J7 325, R, A S0 %
AR ZE 2 BWT fa b5 5 ER % BWT 45 ¥5 73 0l 0
-0.015 5-0.019, P& FHi# 7% (-0.073 5-0.107) .
STFPM(—0.188 5—-0.188) . STAD(-0.100 5-0.052) .
RD++(—-0.073 5-0.147) A X% DRAEM J5 1% (—0.157
5-0.166) , X RIA ST e R 2k > By i # v
JRE B TR R ) R M, AR BT S 1Y BE T
FEOLT HABXT L5 v . MAESS 3 MRS, A
J5 -2 AUROC 8 45 1% E 42 ¥ ik B B AL, 76
1145 6 LI~ F3E1% 9L AUROC F5 451 T DRAEM
T, AR 7 LR R % AUROC 8 FR ik
T DRAEM 751 5 STEPM J7 i, 165 i E %5
8 | 1% W I SF- ¥4 AUROC 48 ) 43 31) T 45 %k Lt J7

DA 3 A 4 7. B R S5 2 R
A ST AR 5 2] B AT 55 Ik 23 XA AL i D R
il AH I 38 5 W5 6 v Bl W] DL B, AR SO
TEFT A TS ) AUROC $8 5534 RAK T 90%,
X e B AR SO T A A TR BT T A BE T 9 [ B
R B TR AR ) TT SR A Y RE S 7E A PRI
YR IEH 25 2 AT IIAT 55, M3 — Jy T i mT
DLE R B BRI REEe2: 2 g

B TR AL 55 AR P, FERAR S5 79 1, ik
FE7E AT 55 (BRI ARUE =5 11 3K 25 19 AT RE, [RI IS,
R T LT b R P RR S 2R X Re 1 EAT A BT L L
M5 RER, A SO ER 8 AN 37 i PCB {3 A8
FE55 hak B T 4E 55 1A 22 AR 4 MR 55 (IE
F1 S 2 45 3 4E5 7)) RMWE T 3 AR
N FF B AT 55 30, A6 i A AT 55 75 0 L 3 e AT T 5
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Table 5 Specific demonstration of all short task sequences

15517591 1451 11552 11453 1554
P41 11553 11557 11552 1551
J¥512 551 552 %453 %557
7513 11552 11453 1557 551

K5 25t T AN R 7k X BIr Al fe gt AL 55
B 1RSI A5 RIS (E R A3 B 3 i 2, 2% 6
25 T A RIITIE AR BOE MR 2Ly AT 55 7 51 B R
FAE S 1 IR R K AUROC F8 5 25 5 J X
) BWT f8 bRl 2R, 32 7 W45 T AR 5 i Ae i E
AR 2L 27 2 AT 55 e 51 B X 25 AT 55 19 F- 25 R

AUROC $5%5 K %f I 9 BWT $6 b5, x5 Kl 5 ik
P AT — 2 Ab S A B ST 25 . NFE 6 N
27 PAILLE W, FEEAT S AL, AR SOl B R4
G R RE 7 RIFEAR T FL A, AT B R
% BWT 4845 5 K15 9 BWT 48 #5433l 5 —-0.028
5-0.048, 1€ T4 4} Eb 7 ik v 85 2 4 X e/
PEF3E 7% (-0.128 5-0.174) 5 [FZE ki 4
i ek Ay 7575 (—0.111 5-0.131), X EA L
Jr 2 Hoag B R v, BUA B b s i R
15 I, AR SO AR T 3 M55 _ERYSF-H) AUROC
T bn A # J2 d m 1, AXCFE BB B AT 55 B T3
AUROC f8¥5 A fig ik B & fF, (HEWEE] T 94.6%
F199.1%, X & B 51k A% 1E & 58 B B 46 AT
G512 2, X REA AT A R R 5 R A
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Fig. 5 Forgetting curves of different methods on the task sequence

®6 AEAFEEEZFI LM FHEERAUROC I5
FRIA R BWT 3545
Table 6 Average P-AUROC metrics and BWT metrics on

the task sequence of different methods

P-AUROC/%

TE T ke g figa BYT
Fine-tuning ~ 91.2 83.7 88.7 95.0 —0.128
STFPM!™4 88.9 81.5 85.9 902  —0.121
STAD!' 66.8 62.8 59.5 81.9  —0.098
RD++BU 91.6 87.1 89.7 959  —0.111
DRAEMP?  81.5 70.7 61.7 82.0  —0.208
AT 955 933 947 946  —0.028

MR GETH A Rl LUE Y, 15 RAE 55 5 51
5RAE 55 e 9 L, A SOO7 vk BRI RE X B4 T
FABRS L TT i o A SO AMUAE IHAE 55 19~ F- 2 4
PERE A8 T HAlTT 3k, TR o ff B T 52 2D iE
S5 W RE T, 1X 3R W T4 1) 7 W5 e A B i 1 AR
E TR [R) IR, L OR BT R Y ] SR, A L RE

A W52 IR AR I 5 R AT 55
RT AEFEEESFI EHFEHEBKRE AUROC 15
FRELR BWT 1845
Table 7 Average I-AUROC metrics and BWT metrics on
the task sequence of different methods

I-AUROC/%

FE T w2 sy figa BT
Fine-tuning  92.4  84.8 88.5 941 -0.174
STFPM!'4! 87.8 76.9 80.4 915  —0.121
STAD! 725 65.0 702 724  —0.112
RD++B1 91.9 88.6 92.6 99.4  —0.131
DRAEM™ 815 846  73.6 83.1  —0.149
AT 958 956 967 99.1  —0.048

AR HEIT 3 AL B H R 1,
AT AT TR S R B L T SRR
Bl 6 25 th T AN AR AME 55 7 91 X5 — A
AT 55 B AR A 1) ARG N 296 B

ME 6 ] LIE H, #0877 . STAD, RD++
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Fig. 6 Visualization of detection results of different meth-
ods for defect samples of Task 1
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Fig. 7 Detection results for samples of each task after fin-
ishing all training tasks
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Table 8 Average P-AUROC/I-AUROC metrics and BWT metrics with different loss functions for tasks

AUROC/%
EIA T BWT
f£451 11452 11453 11554
JEAR R PR 96.2/87.4 80.2/76.9 92.5/96.5 95.7/98.9 -0.036/-0.108
P ER R PR 96.3/93.1 89.5/93.1 94.6/98.5 97.1/100.0 -0.027/-0.063

T B R AR SC T 2 A B A W 2 A SC B Tl
AT b YRR SRR I 7 R, A SC gt T Y
R E R A ], St aE R AR 9 iR . S
5 R NN, AR SO VT R A FEAS B A D B () 7
T 29.48 ms, RIEEFNAT LLAG IR 2 30 5k 1K H, AT
DA 2 S B Tl 3 s iR A 7 2K

R 9 AXHERAENE T ESNE NN E

Table 9 Average detection time of the proposed meth-
od and all comparison methods ms

Ji% STFPM STAD RD++ DRAEM A3CJ7ik

KretE  14.84  66.53 3837  27.88 29.48

4RI
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