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Measurement Method of Height of White Light Scanning
Interferometer using Deep Learning

Sang Hyune Baek’', Wonjun Hwang""

ABSTRACT

In this paper, we propose a measurement method for height of white light scanning interferometer
using deep learning. In order to measure the fine surface shape, a three-dimensional surface shape
measurement technique is required. A typical example is a white light scanning interferometer. In order
to calculate the surface shape from the measurement image of the white light scanning interferometer,
the height of each pixel must be calculated. In this paper, we propose a neural network for height
calculation and use virtual data generation method to train this neural network. The accuracy was
measured by inputting 57 actual data to the neural network which had completed the learning. We propose
two new functions for accuracy measurement. We have analyzed the cases where there are many errors

among the accuracy calculation values, and it is confirmed that there are many errors when there is
no interference fringe or outside the learned range. We confirmed that the proposed neural network works
correctly in most cases. We expect better results if we improve the way we generate learning data.
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Fig. 1. White Light Scanning Interferometer Diagram [5].
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Fig. 3. (a) Recorded intensity (b) spectrum of Fourier
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quencies and centralizing (d) extracted coher—
ence envelope by inverse Fourier Transform [7]
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Fig. 4. Intensity (a) Original (b) after High—Pass Filtering.
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Table 2. Network architecture of the proposed method

Value Range

Peak Location 81~920
Peak to Peak 30% ~120%

DC bias (gray level) -50~50

50 * sin(angle):

AC bias (gray level) angle(oo”gooo)

Noise (gray level) -5~5

Layer Name Layer Description
Input Input = 4 (gray level)
Time step=250, Input=4, output=512
BRNNs Forward LSTM State=256, tanh
Backward LSTM State=256, tanh
FC layer 1 Nodes = 1,024, tanh
Dropout 0.5
FC layer 2 Nodes = 1,024, linear
Dropout 0.5
FC layer 3 Nodes = 1, elu
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Table 3. Accuracy function

I
0
<

S

=1 869
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Accuracy 2

Pli] : prediction values
Gli] : ground truth values

P[i] : prediction values
Gli] : ground truth values

N : Size of G DIi] : difference
L @ Cut level N : Size of G
L:095%
1. Count = 0 1. For i=0 to N-1
2. For i=0 to N-1 2. DIi] = absolute(P[il - G[il)
3. If absolute(P[i] - G[i]) < L 3. End For
4, Count += 1 4. Sort of D (Ascending order)
5. End For 5. Result = DIN = L]
6. Result = Count / N
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Table 4 Learning rate by loss

loss Learning Rate
loss >= 10000 0.001
1000<= loss < 10000 0.003
300 <= loss < 1000 0.001
100 <= loss < 300 0.0005
loss < 100 0.0001

2 &7 200 ©]F(epoch)E 3385 oM, st
| J o) wet &4 g2 Fig. 8(a)9) 2ol £
Atk Fig. 8(bh)& A= & 19 A#o|a, Fig.
o)e AE=E < 29 Aot

o] B 2l el HE5E ol 5718 44
I A =E A3 Fig. 9(a)= dHlole #E A
g5 34 19 2FolH Fig. 9b)= &= 3 29
ZAjolth, HA| dolee A A=A F AHE
RHolx 9oy 1T-2, 12T-1~12B-3, 23T-1~23B-
3, 34T-1~34B-3, 45T-1~45B-3, S1, S3, S4= &
2t7v A e

(

J

47 QX B

ox7F A HAE dHolHe 1T-2, 12T-1~
12B-3, 23T-1~23B-3, 34T-1~34B-3, 45T-1~
45B-3, S1, S3, S4 AT} 7} Hlo]E e e
A A 274 A52 3 Ade vE F AT

=]
EA %



870 ZEOICINES ==X M21H X8=(2018. 8)

100000

10000

Loss

30

Rate : distance

shue A7) sk e
S47F o]l g3t
T o3 wsrt
23T-1~23B-3, 34T-1~34B
7} olel &gttt

4 L d
o rju

o Y&

T

al

>}4

12T-1~12B-3,
, 45T-1~45B-3, S1

Fig. 10, Fig. 11, Fig. 12& 38t WS "ol
752 dolg ¥ B 4 AT o F BHAE
o ZF 28 A ()= SEST ¢1g&S A3l A
2k 29 Fadoln, (h)e AAgoz =3 F4

olth. (o) 937k BAs 2559 oot Fig. 10
= 1T-2¢] dlolejel] A4 ol Adel 97}
050 AEZ e oz XA Yok T} o
HolBolAE AE} 9Fs e ASE A7) 94

A YA E 81~9200. 2 ATt wetA Al
A e AR A AAE RFORE U
e AFE BHon o2 s HAl o] X<t
o] 7t LAY SHA = k. Fig. 112 S3 Hlo]E 1
AA Alzel F71E 20 X Hlol Hial) gt o]

—— Validation

Epochs

(a)

——Training

—— Validation

Distance : 95%

Epochs

(c)

Fig. 8. Training graph (a) losses (b) accuracy 1 (c) accuracy 2.

HolAs 259 A7 7|& 2159 30~120%=
At 71&E 257 80 Lul 24~96 Aol = AT H
It} o] zpol= Qe AAY &S gholl 2417t
BAsHA =9tk Fig. 122 S4 dlolEldd Aar}
Yrol ¥7] ghe] HiAZE 250 7Hke] H At St
dlojE o e 259 of=E 2r] sl ¥rle] Ao
A& 200 oletE A|Fsta J=vl AA A37} o5
gojuzt AR oS gholl @27} HAEHA HAA
o A25 02 3¢ HolElE AT u Table 19
F43tH e o] 37) dHiole e AF$ g3t
Hojuta ot webA Sk HolHE 44T
o A4 B} W HAZ 7 dlolElE AT
o] BAE 32 & 4 9S Aoz Aux
Fig. 13, Fig. 14= 74 #4971 9l B 99 89
P 259 o & HAET} Fig. 132 12T-1 Hlo]
Bl E49] B o] L WS /AL I
E 4tk a8l Bdd HelM e Asvt 34
qo 2 24 9 A4te] HA ¥ itk uAR

z71-8

az47

9

=

=
=

U

=

=

m{o

iy



Deep LearningE ALSSH BiAld F=AL 204719 £=0I

I
0
0z
I

871

12

08
506
04
02
0
g T L R T T p et e e T T IR LT T
Validation Data Set (Name)
(a)
1000
900
. ™ ™ (T
700
= 60
8
g s00
z
)
300
200
100 M V
; . /J - l ._._,_J,
e e L e L L L TR T L T i T
Validation Data Set (Name)
(b)
Fig. 9. Accuracy of data (a) accuracy 1 (b) accuracy 2.
Fig. 14 S1 dlo]E e 7hed F&o 25 A 7F HA ekt ok RS A8 Aeole ¥
Y Holz Bd& AHE 7HA A Fig. 13(c)2 T & Agrt Tl = Bt Blw A ARE
Fig. 14(0)8] A3 A& 29 34 FH 4% Az BEe BoFo] FF F5ol o A AHE 2S
ool Ae) soln R ord, ol g AW deele Wz,
ol7h 24 9IS HolubAu B4e 544 we
AgH o7 WhAL AJ7IA] ol M FHT7E A HA 54 2
‘03.‘5. ;(] oz /\gz]-ﬂr;]_ ]1‘-'46‘]- ;(]X-loﬂ ]j]a‘]— 7(6])\]-%-]
Q23 9 ANe Ay A S Asshgleld  BAS EY A4E 2He) A% 0P T4
Whs @ Zo2 PoEv SEST ¥nelEe Ae WA AFWE Assel YHE P AL
Ao NARS Hed A wE ggmel Az ST AAWE s&aky] 98 HlolHE Mo



872 ZEINICIoES =2 M213 K8=(2018. 8)

7600 1600
400 7400
1200 7200

(a) (b)

150

IS}
4
g
3
:
b

Intensity
=
e 5 3
3 vl 8

N
&

200 400 600 800 1000
Index

(c)
Fig. 10, 1T-2 has high peak position (a) 3D profile of SEST (b) 3D profile of prediction (c) recorded intensity,

ruoo
7800

r600

250

200

"
&
S

Intensity

Index

(c)
Fig. 11. S3 has small amplitude (a) 3D profile of SEST (b) 3D profile of prediction (c) recorded intensity.



873

T
0
0z
I

Deep LearningES AIS&H BMI AL 2HIHIO| =0|

T o Ty T
= il LA ) -
1200 ™
i F
7 f
200 &
180 o 10 200 300 40 S0 0 700 ¥

(a) (b)

250
200 VAN A i b WVWW*%
150
>
£
i)
2
Q
L
=]
100
50
0
200 400 600 800 1000
Index

(c)

Fig. 12. S4 has a high gray level (a) 3D profile of SEST (b) 3D profile of prediction (c) recorded intensity.

fio00 Fﬂﬂo
! > -

e
\ e
[400 400

|
M i 50
I
L | I it
y 0 f v‘U} i °
0 iy 0
I
0 ¥ o
280° 2
o © 100 200 300 40 so0 ¥

(a) (b)

Intensity
=
o S 5
g a3 3

N
&

600 800 1000

o

200 400
Index

(c)

Fig. 13. 12T—1 has a step (a) 3D profile of SEST (b) 3D profile of prediction (c) recorded intensity.



874 ZEOICINES ==X M21H X8=(2018. 8)

| 0 o
! ‘J /A%O b ey
a E

o 78 — /@
L4 == o

© 100 20 30 40 50 i °© 100 20 20 a0 s00

(a) (b)

800 700

—_ AN ANAAAANT AT Yttt i,
125 AMAN B T T ey ————

Intensity
w
8

75

200 400 600 800 1000
Index

(c)
Fig. 14. S1 has a hole in the center (a) 3D profile of SEST (b) 3D profile of prediction (c) recorded intensity.

At o, olelg 7t HlolE 2 g5E AAW AHE3E o] e s SISkt FE kg o]

o] AA dlolHE SH3t=tl AT F Ao &<l B AQ S B I0E oS e ARE 4

SETh 3 AQMe AAWe AL =S AHE] 9 £ 7108 7ltdnt

3 N2 L= 55 27HA HostHon, ol &

AA| dlolg Sl AHgste] A AdRe] AoEE B REFERENCE

BatEd A4S geletdth SEST €8 &S

g =243 w1 P Aok AR AL [1] P. Flournoy, R. McClure, and G. Wyntjes,

249 ¥W AL Blwste] AALS A} e w=H “White-Light Interferometric Thickness Gauge,”

A4S =A35= Ao 7/M5eS gty upx gt Applied Optics, Vol. 11, No. 9, pp. 1907-1915,

o= W ool Folrk gl S WA #4354 1972.

o o Azt 74 Ty ANEJ} AAY, A 7Y [ 21 Piezoelectricity, https://en.wikipedia. org/wi—-

ANz} AATro] <53k M9 vlo] Ae = ub 7l ki/Piezoelectricity (accessed Jun., 27, 2018).

2pol7} wo] WATS FolstyTh o]F AFT) 9= [3] P.d. Groot and L. Deck, “Three-dimensional

Aol o nAAR el AL SEST dugze A Imaging by Sub-nyquist Sampling of White—

B2 =517 ogod W] AARE oj- AT light Interferograms,” Optics Letters, Vol. 18,

AgrE He W2 e 2938 Hxo] § A flo] No. 17, pp. 1462-1464, 1993.

T oo § %3 Aads Bo o) [4] A. Hirabayashi, H. Ogawa, and K. Kitagawa,
B gd7e B wmAg 2A 7H4 A A5E “Fast Surface Profiler by White-light Inter—
3l=t] BRNNs$} LSTMS AH&3l= Ao 243} ferometry by Use of a New Algorithm Based

elslga, AsS d2ss o 744 dolEE on Sampling Theory,” Applied Optics, Vol.



[5]

[6]

[7]

[8]

[9]

[10]

[11]

Deep LearningS AISSH Biald =AF 2HHIO| =O0I

41, No. 23, pp. 4876-4883, 2002.

K.W. Ko, JH. Sim, and M.Y. Kim, “A High-
Speed White-Light Scanning Interferometer
for Bump Inspection of Semiconductor Manu—
facture,” Journal of the Korean Society for
Precision Engineering, Vol. 30, No. 7, pp.
702-708, 2013.

Wave Interference, https://en.wikipedia.org/wi-
ki/Wave_interference (accessed Jul., 2, 2018).
L. Mingzhou, Developmenr of Fringe Analsis
Techniques in White Light Interferometry for
Micro-Component Measurement, Docter’s
Thesis of National University of Singapore,
2008.

Tensorflow, https://www.tensorflow.org (acc-
essed Jun., 29, 2018).

W. Hwang and S.C. Lim, “Inferring Interac-
tion Force from Visual Information without
Using Physical Force Sensors,” Sensors, Vol.
17, No. 11, pp. 2455-2469, 2017.
TensorFlow 1.3 Experiment with Long Short
Term Memory (and Gated Recurrent Unit)
Recurrent Neural Networks for Sine Predic-
tion, https://github.com/sunsided/tensorflow-
Istm-sin (accessed Jun., 29, 2018).

V.P. Than, T.B. Nguyen, and S.T. Chung,
“Accurate Human Localization for Automatic
Labelling of Human from Fisheye Images,”
Journal of Korea Multimedia Society, Vol. 20,
No. 5, pp. 769-781, 2017.

[12]

[13]

[14]

2001 2€~201619 8¢ AAEERII&d

I
0

2 875

M. Schuster and K.K. Paliwal, “Bidirectional
Recurrent Neural Networks,” IEEE Transac-
tions on Signal Processing, Vol. 45, No. 11,
pp. 2673-2681, 1997.

Understanding LSTM Networks, http://colah.
github.io/posts/2015-08-Understanding-LST
Ms (accessed Jul, 3, 2018).

R. Grosse, Lecture 15: Exploding and Vanish—
ing Gradients, Computer Science, University
of Toronto, 2017.

WA
1990 otFthetw A4 st
&
1992 otF it At
A E4
1999\ olFtistm [ HFEIF8H
AL R
g o =
1999 1w HA-F5k
A 24
20019 gty HA-Fsk
A E4
20160 KAIST #7] 2 AAZ

shy wha E<)

20163 9¢Y o}Ftistn AZEojSR 2wy



