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Defect Prediction of Camera Resolution Inspection Process
Using Self-Supervised Learning

Byeongeun Ko -

Seoung Bum Kim

Department of Industrial and Management Engineering, Korea University

Demand for camera modules is rapidly increasing due to the development of smart phones and vision
recognition technology. The importance of the camera module inspection process is also rising. Because the
camera is a highly intensive optical device, it generates a lot of noises and causes many false positives, making
lower reliability of the inspection result. Therefore, it is necessary to detect and take action early to avoid false
positives in the inspection process. In addition, the inspection process data are hard to analyze because they are
censored. In this study, we propose a self-supervised learning method based on subset structure and mask
estimator that can effectively accommodate the inspection process data. We demonstrate the effectiveness and
usefulness of the proposed method by using actual camera resolution inspection process data and MNIST data.
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st B FANE S A ER 2 H|E o] T
gt @A FHL e AvE HELE Yolrh)
AaM e E&HY FAE Y8k Ao BFHola H A
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A 2 pEsiad 5 83 AHALE et Bgol 9
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Figure 1. Diagram of Repeated Camera Resolution Inspection Process. Camera modules initially judged as defect(Fail) are examined

repeatedly to obtain final results(Pass or Repair)
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FoJ A 3L A TH(Yang et al,, 2020). 53] AU B&F 59 iAol 9 22 Ad b ]E1 (censored data)7} A FT}. o] 23 F-A =
A 0}71 7‘* Aol o] FA L o et wA S0l Wol thFo] 7S WHEY AGEE HFE Q0lo] Hol £ FA o HA3H
A 31 9 0.1 <=3}k 41 7 Wh(recurrent neural network, RNN), L EQI =9 7jito] & @ 3lt} v s}A o).
Y (autoencoder, AE), &/8 A7 % (convolution neural net- E3) go] 24 Ho|E]7} HEZ A o= go]Eo] gl=
works, CNN) 5 T3t i 2o] AL8-5 11 QI TH(Chalapathy etal,  ©1E| & &-&3t= A7 A =8 % (self-supervised learning)©] &
2019). o] HFHHE S ST ol FHA L Bi7 TA &3 HHoE AEE g Atk AR E HolgY #F%
Ao Ao BAdFo AEatrlde g 2 Aaglo] Fol HoHE &85t RIS GF A EE &
37HA S AR O] Atk A WA R FHEAD QAL A== FAT 22 A A FelME EolH Y EAS H s
A A RL WA B AN FFE VR 4 ATHE Aol 3Tk ol AU dse] AV A3t
GAAN ZEAZ EE 28 FAE AT EE ANE  £2 AT QY Rl B A% UL WL B 9
A Inspection B Inspection Z Inspection
A A A
f
X1 | x| x3| x4 | x5 X6 X7 X8 xa | x10 x14 | x15 | x16 | x17 [ x18
2902 -1 1 1427 1456 1446 0.85 0.95 0.84 0.93 4] 0 0 0 0 FB:‘\
2806 | -1 | -1 | 1353 | 1480 | 1326 | 086 | 095 | 085 | 093 [ .. W o] o] o] o | ogm
2822 | -1 | -1 | 1350 | 1448 | 1374 | 085 | 095 | 081 | 093 [ .. | o[ o o] o ogp
2026 | -1 | -1 | 1483 | 1432 | 1494 | 086 | 094 | 082 | 093 | .. wpt ..
2774 | -1 | -1 | 1257 | 1512 | 1262 | 086 | 095 | 081 | 094 LOEpY
2934 | -1 | -1 | 1398 | 1504 | 1430 | 086 | 095 | 086 | 095 o YR L
2798 | -1 | -1 | 1317 | 1480 | 1318g4d
2034 | -1 | -1 | 1427 | 1496 | 143840
2806 | -1 | -1 | 1353 | 1480 | 1326g4d
2926 | -1 | -1 | 1483 | 1432 | 1494ppd
2774 | 1 | -1 | 1257 | 1512 | 1262% %R

Figure 2. Example of Censored Data. Some camera modules got fail(blue and red) earlier than others(yellow). Early failed modules have

short inspection data
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Elol| A &9 gol& HolHRo] Y& W T #HolEol
Sl BlolE & AHgate] ERA 0 R 35S 4 e AT A&
8t A7 & AP Qloh sA T HAY wolE e
AZET TSN HHESS AT dolHdA e 104
aH oA B AA ol E]-(Borlsov et al., 2021). oA} 2}
Ao Ao Ae dE2 AUAA dF T2 oEH 0]

3(Yoon et al., 2020) B3 Hlo|El= A& vl o e ¥t oY
gt M3y dolH® X33t 9l7] W& o] th(Darabi ef al.,
2021). o2& FAHE FE3L7] 915t Tkt HHES
AXNE L YoH Hak mdo] o] FobA oz L& o
B Ao A =2 4 5-& 24 9l Th(Borisov et al., 2021).

2.2 SubTab

SubTab(Subsetting features of Tabular data; Ucar et al., 2021)
S AY dolHd A8 5 e AV A LG Y YYAR
AN QEIFAY F2E5 &8ss AFAH(encoder)® HZH
(decoder) & FAE o] YTt o] LEQ I F2= 94E 1
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Y EF S50 2 63301 dolHe §4E& 394 4 9l
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A% 1Y 2AEF(overlay) = A o] 7HEsth FHE o2
A+ (projection) W E & F3Fo] th= 2 (contrastive loss)
o} A2 2 2k(distance loss)E A ¢Fste] B} a4 o5 E4
< A5 7 UEF FAH Atk o] H 7 SubTab FHES
H 214 7+gk MLP(multi-layer perceptron) 2 748 2 EQ]
& Aol & B8kl 48w A4 719
O =& A5 EHH(Ucar et al, 2021). T3 ALk B3
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TZE et kg mulQlo A e 4 8o 7hgstth ©
SubTab®] FZE& <Figure 3> 2] =48} 3§t} dlo
AYHH 28749 S5& A2 Ho g FA 3L
Z 3h(backpropagation) 1T ES T 45 PAE
Aoz EA ST

.

o

5

it}
al r%fU

_.__liﬂ

¢
=)

o
1= 12 fo ol ok e fm I-M

o r
&

=
)

2.3 VIME

VIME(Value Imputation and Mask Estimation; Yoon et al.,
2020) A vlol o] A A7 A 28 J FA E8<5
(semi-supervised learning) Z# %] Z(VIME-Self/Semi)©] T},
VIME-Self= 9120, 0t~ 3 F4 7] 18] 3L B4 34 7] (feature
estimator, decoder) Z 371 M ES| A2 EA& 53t 912
U 54 34719 A& LEJISAY TF2E 7HA 2L 7] EH ]
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Figure 3. Overview of SubTab structure. Subsets from input data are reconstructed by autoencoder, adjusted by backpropagation based

on reconstruction loss. An optional projection network exist to make contrastive and distance losses
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Figure 4. Overview of VIME structure. Input data are corrupted by mask(the same shape of input data) and reconstructed by encoder-decoder

structure. VIME understand the data effectively by using a mask estimator that identifies exact corrupted cells that matches the mask
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3. Al P E uo] 7 e} BE S ol 2] 7hA o A FAALZ Lol £t
Betshole R g o BAFITHE 7 AR A T BAVE 9LS
JMIET= ﬁ—}%ol AR AE Z-gste 7 e} g A A blolE
: _ L EAYRE BAY 5 IS R0l vebAl B2 PP T2
Ak e 712 7224 Y dolE g 93 A A =g . NNy
2 W 20| SubTabS T4 315 Th o] = B X3 27} 4|5 f;lgzliiﬁziij];zﬂihﬂ% 2 74 24 HolE o EA L &
ANz ool et g A A dolEk AR 2 T TN T
S7HEREoH EAL RO H A F2T AR IINE
. o5 50 1788 AAHA, B, Co Al AR OITOW 3.2 WA= 347
At & o, 2 o] 24 AR A s Zsh= ol H &
AT 4 9.0 o] 2 <Figure 5> A £4) 3} 35T} B 34 %a e HolB o YRS A3 WFA H WEE FolH
Input Data(subsets) Output Data
A B Decoder
A B C
Inspection Inspection Inspection

Figure 5. Similarity of camera resolution inspection process and subsets of SubTab. Subsets are similar to detail inspection results(A, B, C

inspection) in camera inspection data

Swap cell values

X1 X2 | X3 X4 X5 X6 X7 X8 X9 X10 X14 | X15 | X16 | X17 | X18
2902 [ -1 | 1 1427 | 1456 | 1446 0.85 0.95 0.84 093 0 0 0 0 0
2806 [ -1 | -1 1353 1480 | 1326 0.86 0.95 0.85 093 0 0 0 0 0
2822 [ -1 ]| 1 1350 | 1448 | 1374 0.85 0.95 0.81 093 0 0 \0 0 0
2926 [ -1 ] -1 1483 1432 1494 0.86 0.94 0.82 093
2774 | -1 | 1 1257 | 1512 1262 0.86 0.95 0.81 0.94
2934 | -1 | -1 1398 | 1504 1430 0.86 0.95 0.86 0.95
2798 | -1 ] 1 1317 | 1480 | 1318
2934 | -1 | -1 1427 | 1496 | 1438
2806 [ -1 | 1 1353 1480 | 1326
2926 | -1 | -1 1483 1432 1494
2774 | 1| 1 1257 | 1512 1262

X1 X2 | X3 X4 X5 X6 X7 X8 X9 X10 X14 | X15 | X16 | X17 | X18
2902 [ -1 | 1 1427 | 1456 | 1446 0.85 0.95 0.84 093 0 0 0 0 0
2806 | -1 | -1 1353 1480 | 1483 0.86 0.95 093 0 0 0 0
2822 [ -1 ]| 1 1350 | 1448 | 1374 0.85 0.81 0.81 093 0 0 0 0
2926 | -1 ] -1 1483 1432 1494 0.86 0.82 0.93
2774 | -1 | 1 1257 | 1512 1262 0.86 0.95 094
2934 [ -1 | -1 1398 | 1504 | 1430 0.86 0.95 0.86 0.95
2798 [ -1 | 1 1317 | 1480 | 1480 0.81 0
2934 [ -1 | -1 1427 | 1480 1438 0
2806 | -1 ] -1 1353 1480 | 1326 0.85 0.81
2926 | -1 | -1 1483 | 1432 1494
2774 | 1| 1 1257 | 1512 1262 0.85

Figure 6. Censored data with column-wise swap noise strategy. The blue boxes indicate where the original data should be empty(but there

are data). The red boxes indicate the opposite situation. If mask estimator understand exact blue and red boxes, the model can

recognize that camera module is terminated early or not
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Figure 7. Overview of the Proposed Structure Consisting of Four Networks: Encoder, Decoder, Mask Estimator, and Projection Networks
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ot} 7z fAof dlo]H f5F % B7]9f Zojof we} 03 2554
o|g £AZ FAF glom AE vlo|HE <Figure 8(a)>ll
FEA 3R MNIST tlo] A2 dREA QI o] m] 2] ob= ] &
X7} gle F2-2 <Figure 8(b)>F 2ol 2 022 A YA
Aom w3 FRE T YA F}. o] Y 54 MNIST
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S FHE /MR B 4 o Wrk oy e A dlojy AT
& 93t SsiA AHEE = diolHAl o]Bg 4% Hlad
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A 784709 @& 7HA = 12H9 HloHE WSt Ads 2
Pttt 1A4d o= HAT ME tolHo JE= <Figure
8(cy>oll A & 4 Slrt

4.2 7H} 84 2L 37 wlofE A=

Fhelet sl A 38 HolH e F 49,312719 334 402
Mo 42 FAF JoH g 2 HolH HAAF A4
£ AR Yyt F8E dolH =& 3 E4&
AA st om ol &3h= o] EAbo] 00l AY 80% ol ¥
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-8t 179 (one-hot encoding) S A3} H T LFZE 5]
HI AR EAE EAE HolEHE AASHoH 107057}
obd dlolE e A 107, WEsgT npx oz Aok
HolEE oWd AR T ¢lon® the tf 2] Hhgel 002 of
AstAt. whek Hul/H A = H/ AN 5 FHE o] &

d

Figure 8. Sample of MNIST dataset. (a) The image of number five. The white is the data part and the black is the empty part. (b) The
handwritten part is filled with numbers(0~255) and other part is filled with zeros. (¢) The flatten image of (b)
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Table 1. Summary of Camera Resolution Inspection Dataset

Seoung Bum Kim

Category Row Column Fail Count Fail Rate(%)
Raw Data 49312 402 25,047 50.8
Dataset
Preprocessed 46,561 388 23,691 50.9
A Bohd o= thE A E tlolH Y ARV} TFHE AR FLI5E FLaAAL A A T 1038 HELF S
2omz A olg o] ojulsl WoiA A B} ol 2L A Falo] Wz YT} EFUAE FaYT Ao %7}
A B4 & HF volH & 46,5617019] ,388719) E=(H ol  AXEe A FE(accuracy)E AT

B 23y FAHAT dAAE H/39 dHolHAY Has
<Table 1>3} 24}

4.3 }CI*GJ Aé;ﬂ ul Er;;]l ‘6]'}‘

H 2 291 SubTab?} VIMEL GitHubol 3708 &4
T & AH8-3F% a1, TabNet(Arik ef al., 2021)2 pytorchZ T H
W71 A& AHEsEATh A BHES HlayFrtetr] Y st

ol¥stetr|HE WA HA 4 gS Ao A
79 sto|H e E = T3 2T SubTabe] 8 A4
HoE BE AT AfF 4, AAFFE 0.75, F4H(aggregation)
concatenation, column-wise swap noise 2§ & 032 AR&-3}
Ath VIME W9 4% 4 vlolHE WA= FE p
© 03, 24 219 7}FA av 28 AAHSo A O}ﬁ‘:}.
TabNet-> AH7] A =8k Al 48 HolH Y npAa7 HES 0.3
O 2 AR A W EL FYT SubTab 720 A
A FA7)9} A ol 25 Fbet g o AlQE g o w
2719 A= FUst7] st} AR HHE S sho] ¥ vt

Bl oA A =T SubTab HHES &Y 0}71] AR et 1
o AR FAF HLE Yt e vl PHEANA 717
AR RO 49S AYstatt 7+ ]a} a8 A 34 El
olEl& 5 HolH9 HAE HolE & 8t 28 £l &
< HolH 3724970, HIZE HolH 931272 Ad& Tk
MNIST glol B4 e] 7% 6:12 £&314 60,0000, 10,0007 &
Zv7Z: sk:ul HlAEG ARSI TE RE Ao d&5E
(learnmg rate)< 0.001 2 AA3IATE T A7 A =85 T8

S vl ZA(fine-tuning) A A 2-Layer MLPE ;‘3— Ao
Z A dgsts MLPE 20709 &Y = E(hidden
node) 2 T4 5 o] 9Jom 8l x| ALo] Z(batch size) 32, 500 ol &
(epoch), &3} & 4(activation function)= ReLU(rectified line-
ar unit) 2 G A T v A 278 BA A AHEE = vl o E &
orf 12 249 A &elsted A3 (validation) WOl H A& THE
i, o] & o] &3t A 50 Al F 5 e Aol §ls A
| 25 FHsAT A PHEY A5 BHE A%
A AR A Oed 2 e BE Y B
|5 gl A A Afo] 2 vl WHE, A EHE B
T 048 AATHI N EL 4008 EYFY 0.1 seedS HMH
7b F 103 HHEARS B 43 ARE AEsdth
MNIST H| o] A& AHEgF AF ol A& %] Abo] 2 32, 9

Ry

o 32
N

i
T A

N

2

r

Fhelet s de AA FA4 ElolEE ofd W Ee] 7H #
skt BAste=A &lsky] flste] tiE 22 4 E volE
A7) A 285 22 SubTab, VIME, TabNet, 1811 2 &
A E &gt APstAth APE golEo] §l& HolH
o] A& H] & (percentage of labeled data used)ol] w2} 1%l A 5
E] 100%7HA] $gotn] st gl on A3 xo] = 778}
‘j/\]ﬁ}‘ﬁ‘? 713 ?19} 4 Ade <Table 2>9Jr 71031 A

agi %oﬂ Ml o}sau} ?MW SubTab«l s °l ﬂﬂ
ko, o= HHUWE o] o1 AA FA < HolHE
BEJFOE o] 853t & 751 <4 sdsgon 78
TZZ SubTab YHES A3} =

SAok AEE 3 AASAS BE AR s00E

% 0P7ﬂ ﬂ Z}% 2oE BASGH. dolE
o AHgHI o utE 7709 & F sAfel A A
THE fﬂﬂl E1 ES 4TS EYS YT 9l

2 oo HE ¥R o o>

(ablation stud V)&
Fo.2 22ke] Aol 8 A5=(D), @) B} 4§49k o)
29 nt2g A7 A AL A i ¥ FL 452(0)
HoAF oM 7 Ao 27t TAld A4&H%e W =3 a3
g AEHE S AT 5 Atk



Defect Prediction of Camera Resolution Inspection Process Using Self-Supervised Learning 165

Table 2. Comparison of Accuracy Score among Supervised and Self-supervised Learning Models with Different Percentage of

Labeled Data Used
Percentage of Labeled Data Used

Type Models
1% 2% 5% 10% 20% 50% 100%
Logistics 0.6576 0.6838 0.7101 0.7275 0.7356 0.7449 0.7441
Supervised (0.013) (0.007) (0.006) (0.005) (0.004) (0.004) (0.003)
Learning MLP 0.6531 0.6725 0.6969 0.7070 0.7267 0.7498 0.7724
(0.008) (0.009) (0.006) (0.006) (0.005) (0.005) (0.005)
0.6676 0.6846 0.7089 0.7231 0.7361 0.7599 0.7735

Autoencoder

(0.006) (0.009) (0.009) (0.005) (0.011) (0.007) (0.008)
VIME-Self 0.6749 0.7074 0.7212 0.7374 0.7450 0.7574 0.7651
Self-supervised (0.013) (0.009) (0.005) (0.004) (0.003) (0.004) (0.006)
Learning TabNet 0.6367 0.6530 0.6883 0.6981 0.7169 0.7459 0.7741
(0.016) (0.017) (0.007) (0.010) (0.012) (0.005) (0.007)
SubTab 0.7013 0.7163 0.7287 0.7448 0.7552 0.7626 0.7841
(0.008) (0.010) (0.007) (0.003) (0.004) (0.003) (0.002)

Table 3. Comparison of Accuracy Score between by SubTab and the Proposed Methods with Different Percentage of Labeled Data

Used. Noise(G) Represents Gaussian Noise

Percentage of Labeled Data Used

Type Models
1% 2% 5% 10% 20% 50% 100%
Self-supervised SubTab 0.7013 0.7163 0.7287 0.7448 0.7552 0.7626 0.7841
u
Learning (0.008)  (0.010) (0.007) (0.003) (0.004) (0.003) (0.002)

0.7115 0.7197 0.7334 0.7434 0.7550 0.7675 0.7803

@ SubTab+Noise(G) (0.003)  (0.006)  (0.003)  (0.004)  (0.002)  (0.003)  (0.002)

Proposed © SubTab+MaskEst. 0.7012 0.7157 0.7351 0.7452 0.7524 0.7685 0.7691

Methods (0.004)  (0.005) (0.002) (0.004) (0.004) (0.003) (0.003)

@ SubTab+MaskEst. 0.7050 0.7209 0.7371 0.7466 0.7590 0.7689 0.7735

+Noise(G) (0.004) (0.003) (0.004) (0.003) (0.005) (0.003) (0.003)
443 A HHE AY A3 (MNIST £Z t o] Al o} Zom o5 Ho|H 7t 553 oA A A =5
A W o] Fhuet dE HAA T %fﬂﬂxl A FWHEY A4S uwEy] Y8k T MLP FEE A
Bt HlolE Al A = ERARIA Eelatr] Yt QE wojE  EIGS AP AAE A Yo FASAT FolEo] Ye
Aol MNISTE &g3te] Adsdtt A3 AaE <Table 4> H o] B 9 AFE 1] £0] 20%<] P A= At HHERT 7]

Table 4. Comparison of Accuracy Score by Proposed Methods Using MNIST. Noise(G) means Gaussian noise

Percentage of Labeled Data Used

Type Models
1% 2% 5% 10% 20% 50% 100%
Supervised MLP 0.8295 0.8549 0.8812 0.8948 0.9096 0.9292 0.9443
Learning (0.008) (0.005) (0.003) (0.004) (0.003) (0.003) (0.002)
Self-supervised SubTab 0.9139 0.9332 0.9532 0.9632 0.9716 0.9768 0.9814
Learning (0.008) (0.003) (0.003) (0.002) (0.001) (0.001) (0.001)
0.9014 0.9243 0.9468 0.9588 0.9659 0.9740 0.9776
SubTab+Noise(G)

(0.007) (0.005) (0.004) (0.002) (0.001) (0.001) (0.001)
P 91 0.934 0.9518 0.9621 0.9698 0.9760 0.9808

roposed SubTab+MaskEst. 0.9169 9349 9 9 969 97 9
Methods (0.005) (0.003) (0.003) (0.002) (0.001) (0.001) (0.001)

SubTab+MaskEst. 09170 0.9368 0.9550 0.9631 0.9704 0.9777 0.9818
+Noise(G) (0.007)  (0.002)  (0.002)  (0.002)  (0.001)  (0.001)  (0.000)
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