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A Verification Algorithm for Temperature Uniformity of the Large-area Susceptor
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Performance of next generation susceptor is affected by temperature uniformity in order to
produce reliably large-sized flat panel display. In this paper, we propose a learning estimation
model of susceptor to predict and appropriately assess the temperature uniformity. Artificial
Neural Networks (ANNs) and Support Vector Machines (SVMs) are compared for the suitability of
the learning estimation model. It is proved that SVMs provides more suitable verification of
uniformity modeling than ANNs during each stage of temperature variations. Practical procedure
for uniformity estimation of susceptor temperature was developed using the SVMs prediction

algorithm.
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% 7] &% o]l L= (Active Matrix Organic
Light Emitted Diode, AMOLED)9} 97 t]~Zgo]
(Liquid Crystal Display, LCD) &l AH&¥ & H3t
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olzglth. B tx=EFHe] Ax FHL CVD
(Chemical Vapor Deposition), PVD (Physical Vapor
Deposition) & PECVD (Plasma Enhanced Chemical
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Capacitively-Coupled Parallel Plate Plasma Reactor

RF Power Supply
(for Deposition)

Shower head

RPSC
(Remote P Source Clean)

Gasln —>

Glass Substrate

S L
Pump

Susceptor

Deposition: Plasma Cleaning:
SiNx, SiOx, a-Si, etc. = NF;—N, +F
I F + Si —SiF,

Adjustable
AKT External Use

Fig. 1 Schematic Diagram of Large-scaled PECVD
Equipment

AR Bl AAY B F olel A e
AgHE P FLF 3 A

2 grst= Aoty 7¥o] FHYE aiue =
gL 7|9 X0 Al wkgEr] Wit &
2 2o FFAHE, VT 2Tt w2 Xl T
AE = go FAE 2327 e Xry AU
wEka] 7]go] kA E = AMAE g 2% FY
T VD W] T FdEe oiE FE AY
T2 ZestE JPg 2 a9lo] Hr) whdlo]l £
wsleE vt ~Egs T VAY ddy 24E
59 PetE Ado BEa4dAS A HY B
3 &% wWal e wEk oF 1-10nmP°CY T
e VHAE oo, geEd FAY A¥A
W7t opd SRAQ A Feje whd vl A
& 2%te AR TAFEE 2% #d=E 1)
- T3k

AAE 2% ddE FFS 93 F=9olF
AT JAPso] ke, AAEZ iy HA

Lower Cover
- Susceptor Body -
[Aluminum]

Insulation Plate
[Mica]

Heated Line
[Stainless Steel]

Insulation Plate
[Mica]

Upper Cover
- Susceptor Body -
[Aluminum]

Fig. 3 New Design of Susceptor Heater Panel using
Sheet Metal Type

)

|

RS
rE
N
N of
B
o
Ot
R
N
tlo
ok
>
ol
ol
N

Ht

x
¥0, T oot
ol
ol
2
2

05‘4 1e 10

oo o
|
-
rlr
roo
BN
il
X
£ oop

2 B
e =

1

=0 2 o
M2 5 1y
2 _‘n
" =

ol fo
QL
rlo
o
o
e
=
o
)
Y

o fu

ol
o)

ol 1l &

=
)
o

=2
ne
2

o © ooy (T ok fo

fx xoop N oot x x
OIS VI T )

N
o

o ANE AdE) 9
¥ 5

oZ
ISV s
[o flo 2

2

>

ol

ol

e
rtl:

Z2E A
o] o] Ni-Cro]t} Ni-Fe T¢ & #3HA
MgO 4AHE F3lshe] A&

4] 2=(Sheath)y GA& AFE3lon), &
GAZA 20133 %0 AR Fig 33 2
95 AR 2 dA AAEA A
o A5 A9s 9 g =3 Aay

[e1

=
% HEE gl s
.y

jﬂ
rir
o
i
o
fitl
rir
[>
=
ro
o

g o

ooy

=
=

ol
o
s

)
©

d

=

e e
o @ 2 @ ofh 10 > N [y

)
=

mx 20 o i rlo R

juncs

L
2
0 o

fru
e

2

2

.
Ho

St A4 Aol

e 4z X o

H
A
At

e
N
il
)
e
_O|L
3

>
=
-
o
>
rr
9
v
ro
)
ot
=)
ot
o 1
X,
2
ra

E]

© R
=3}
ra
rlo
H
oZ 2
=
roh
=]
e
k
|
ot
kor
e o
N

o
o rlo 4o

N
e
(13

[

| £
dueEs JNdetazt ot oy d FAHE 91
A= A7 3] 2 (Artificial Neural Networks, ANNs),>?
24 vl23> R (Hidden Markov Models), 7% &}
¢+ 312 F(Genetic  Algorithms), 12|31 A X E HE]
v Al (Support Vector Machines, SVMs)*® & AL-&3F
AT7F olFoH gt ' mde] Hlgte] g
(Learning) 5 =o] Hold ANNs2 8hE 1kl A
o HA%I 44 deolgel &N THFEW, 1
Az TFS A (WeighyZb 24E F, 1S T3t



oh=FUSSE X M 31 & 103 pp. 947-954 October 2014 / 949

Aol e delEzh Fold o dsrE oS @e 2.2 HF ZE2Y(ANNy)
AR == o] r}. 3149 ANNsS 8ol ¥ A7 Bmell A P wATE He A g
Aol magHelAnt gatA] B wlolE MAbes Azshehs Al eabe] SR Haw
thst Autk3l 52 (Generalization)> -3 A gk =3l AL WX Fy] steln, A A
ATk T SVMs 7]E] BAA Sy el ol A ZetA APHAEIE g A LE Fol
Aoelgss A9 99 HoSKEmpirical Risk 7] IR WSS S Nk oAk =
Minimization)’ 9= W& 724 @ H2st AdelAe] w4 W s o Wy Av)s AAss
(Structural Risk Minimization)’= ©]-&3}] LWks} of HAGANA FFol7F Y=dH, & AFNA = HEF
dE AargeEd dutst 5HS /AL F d gs arE ol shveln] &43 e WE
Atk E AT A= ANNs®t SVMse AHE-3}e] ghol AbgE= 540l Jde e o HS A
SE #dE AT W F4 daugss 7 &gl ole Ads dagsS Abgsr] 9
of 7 84S W AT, uA MAE grolm], Azt daeFL 245 FrE HL
T e I AS dauss hEste] 0 ATl V1] s dasel 71xE 7
45 SRS ol A sERkel wdd vt vE b
stolof Adat dag el H8d + U7 dE
2. F8 a9 E ol tt
gAst g TolA VR sbed AAdd e
2.1 A CIXt MH 2E dE e AR = 34(Sigmoid

44 mEo =Y wA HAA8E AT AT 2 Function)$} ale]# &2 ®HAHIE 3 (Hyperbolic
Ape] ML HAe 4 BdS HAs] A Tangent Function)7} $10.# 314 B A Lo = A
Tostm, A dAe HdshA xE Ae2 o FHom ol AMgshe A|dRolE s AHEE)
T3 2 BALE oAU Ak Y, G-2YTorA, 7u FE dHTe

=y & = 0] & 391 o A A 3 Z2ule] o}
RO, S BN G5 g gau ags i Gese 0ss
oA Sk e A4snh aRn @ wagd d@ GEms
« Bdad dAE FES ofHA e st mEE S 05 002 A5t
.« HAFE AR F7h ghe] wue JUE cor onET o E e

7k ermEn 23 NEE HE HaASVMs)

e 9l golE RAe] ¥7] 9sAE 2 MEE WY il SAH g5 ol 7t
HlA o2 BAa golE s waet ol A dlo] S T Sl WHeRA, At EAH g
B2 gAAA dm, 24 dugFe s g cIMe A¥A ead Ahsee ge v g
A Axe FHoR 5 dolele] g Wejy ST HARSHE T ofS Hhsk AVIE BHES
21o0e o} st} wat AAe e oz @ o  OlEFTE dwkHOoR FAH WS T ShEl
A} 220 T3k AAo| @as|o]of s} Aol Ao ghsgel o8 ol el ofs) Aok

S etk wmeEbd S dolE e g3 EE
LS wet el gl FHedEva B oo,
TS, i SVMs= o] g @S Heslm A= oE A7
- 5 SUoAlE 2] AT ddE FE 98l
2 2=, -
where 5" = N1 AHgE S gl
SVMs= ] g1kl A qlefje] AAWE 3o}

2 odgeae 2w A AdsaAs #dE A 7 e J¢E Eske Wew, Fo =
91ste] Fol & A A A& AHEste] Wg HetddlA BAA R HAo HE AFowH
o] dFH e motaiglon], 4 2xAA WE JF dNtE oS SuEdda dEA vk olH @
FAREIL FE 45709 FHES 7 A & sVMsS] o239l A WHE A o

Ly
%oz Aolsal e



oh=FUSSE X M 31 & 103 pp. 947-954

October 2014 / 950

Y =3 (= 2K (xex) +w, )

i=1

Wy =8+ = DA~ 2K (5 -x) )

i=1

SVMs Zdlof| A Mg dgoz BEFe 4

fols Ad T %l
5H of 5}‘:} e B
Qo FUoRE /\]-*J(Mappmg)

-

off L M g0
£ 4 r

N
N
of
gL

BN ©
AL S
9

!
=

~
>

>

(e,
ol
o =
=2
R

(o]

>,
1E Ao

T

+
2,
u}
o
el
2
mlo
fob,
=
o
rlr
o
i)
tlo .
N
e

flo i o,

(Kernel Trick)elgtal o}, 12} AY EE
A= ujg 7l EZAFoF &1, olgd AY
A8 HTE WE AL #AdEg wmE walo
g4t " AR Ak & dFolAE o
ARl AY < FolA AY £

Att.

do
:t|)1=
-4
Y
)
rO
>
>,
ox
o
-
il
mi
oX,
Q‘L
X
52
k1
Mo
>,
BORU rlo o 1 oot gE o ORI oMy ox

Fig. 4= ¥dx A4 daud sl oid s55%=
Olu% TS e Axjol] osle] 2x FUEd

@ o3t g5 TlolHe AF T4t HolHE
zk31 ANNs Y SVMs 4 daug &S

FAAE Asrs. w3, ol g (
RE

AlA el hsto] 285tk lﬂi

@
LS

1o, )

1%

o2l

tlo

© 4 48 olgsiel A S4% exdl Y
FUE ¥ F4 dold #UEE ANdTh 1
Pa #UEe] UE QAR Aol #AE &
Ag wesl B,

(T. —T.)
3 . = max min X 1 00 4
Uniformity (T + T:.“i“) ( )

max

Temperature Sensor

Measured DataSet of Temperature

Senor #1 Senor #2 Senor #3

Pre-Processing

Calculating of Pearson-Correlation

Selecting of Excellent Factor

Predicting Algorithm ]
1

ANNs | SVMs @[ Compariscn} [ }

Calculating of Predicting Value |

Post-Processing

Comparing with Predicting Value
and Measuring Temperature

Calculating of Error

Determining by Measuring
Temperature

Judgment Malfunction

Calculation Uniformity

Determined by Malfunction

Fi

—

g.4 Flow-Chart of Judgment Algorithm for Malfunc-
tion Identification of Uniformity

350

—— Ch01 ——Ch02 —— Ch03 —— Ch04 —— Ch05
—— Ch06 —— Ch07 —— Ch08 —— Ch09 —— Ch10
3004 ——Ch11 -+ Ch12 ——Ch13 ——Ch14 ——Ch15
——Ch16
250
g
<
5 200
o
[}
£
150
2
100
50 T T T T T = T = ml ~ |m
0 50 100 150 200 250 300 350

Row Numbers

Fig. 5 Pattern of Measured Temperature of Susceptor
3. 44 H43 o X HuwAd

3.1 ol oA He 74

Fig. 5= dwd A4Ee 25 =4 dolg )
®olul, s A4Ee] Y EW L el 16
A L= ANE AAG gHo] AAshe] 24
dole e FEsith AaEe Yy BdAE 7
st BE A4 wgsteln, agstd wrix
eEE A% WeY BE AdAE A&HA ok



ok

US| M 31 #H 103 pp. 947-954

October 2014 / 951

20 4|——©Eh01 —— Ch0Z2 —— ChQ2 —— ChQ4 —— ChO5
—+— Ch06 —— Ch07 —— Ch08 —— Ch09 —— Ch10
_1|——ecn11 ——ch12 —ch1z ——ch14 ——chis
14 |——cnie

<
E 0s -
8 0.0
054
1.0 4
T T T T T T
Q 50 100 150 200 250 300
Row Mumbers
(a) Case: 40
20 {[——Ch01 —— Ch02 —— ChD3 —— Ch04 —— ChDE|
—— Ch0& —— Ch0T —— Ch08 —— Ch0% —— Ch1i0
——Chi11 —— Ch12 —— Ch13 —— Ch14 —— Chi§
|5—._,_C"1E\ .......
104
=
ﬁ 054
§
5] 004
054
104 e e
T T T T T T T T T T T
Q 50 100 150 200 250 300
Row Mumbers
(b) Case: 50
294|—— Ch01 —— Ch02 —— Ch3 —— Chd4 —— ChO5|......
—+— Ch0& —+— Ch07 —— Ch08 —— Ch0% —— Ch1i0
_ ||——¢Eh11 ——Ch12 —— Ch12 ——Ch14 ——Chi5
15 4] ChisE e
104
s
% osd BT EMRRER 4
5
O 004 R L PR
asd W& ®F O L
104 e e e e
T T T T T
Q 50 100 150 00 250 300
Row Numbers
(c) Case: 60
20| ——Chl1 —— Chd2 ——Ch03 —— ChQ4 ——ChO5| ...
—+— Ch06 —— Ch07 —— Ch08 —— Ch03 —— Ch10
_ || ¢©€h11 —— Ch12 ——Ch13 —— Ch14 ——Ch15
15 4 chig e
104
=
% esd B Aeeeddl) .
£
O 004 YR T- Mo e
as4  AF VWS L L
10 4 e e

T
Q 50 100 150 200 250

Row Numbers

(d) Case: 70

and 70 datasets

Fig. 6 Correlation Coefficients for Window of 40, 50, 60

Table 1 Rank Matrix of Pearson Correlation

Ch.#1|#2[#3|#4] 45|46 w7 |48 w0 1 0m11 1 081301 4115416
1] - - |- 13- -[703]--[5|2]-]-]6
w1 -lel-[-[2]3]-[-[-]7]-]-]5]4
w3l s[1]--[2]6|-|-1al3]-]-]6]|-]-
sa|-le|-[1]-[-[7]2]-]-1-Tals[-]-]3
ws|3 |-t -[-|702/--[s][3][-]-]6
#6|- 5| 2|-|-[1[7]-]-Tal3]-]-T6|-]-
#7125 -[afa]--[-[-]-]7]3]s
al#|-(s|-[3-[-[7/1]-]-[-]4le|-]-]2
nljgolal |- -[2-1-[71-1-]s5]3/-]-]¢6
Klggo| - [6|a|-[-[3]-[-[-T1]2]-]-15]7]-
w1 - (s |2 - -lal-|-[-[201]-]-T6|7]-
w24 |- |- (7] -[-[-[s|s|-|-11]3]-]-]2
w3 4| - |- -6|-[-17]2]-]-]3 - 5
wid - (4|7 - -[-[3]-1-T6!s|-]-]1 -
w15 - |4 -6 -|-[3]s]-[-]7]- 2 -
#16/ 6| - |- |5|-|-[-13[7]-[-[2]a]-1-]1
gt tlolH o] dlolH sl (Window)= 8%
el A

Fasitt, 2 AFoAe AHg dE¢
715 AAs7] fske] dolE e wE g
Al Wss dolr ) Fig. 62 HolE ol
w2 g Al WstEA, HolE] $£E 40, 50,
60, 7002 & wj, AP Ao A3 g Zoly,
dlole 7 40, 5091 A= AAE A AlS W
3} Zo] A3, 53 A# AA(>0.57F A
st AV AT JETF AL J Ak B
Foyel A e wite], d# AAE Bd
sl7loll HdskA] AT, 60, 70 A 7§ =
o2 A Ag WErF Hu I i
7] ol @AY Ads mdel shEsivia

A

R

D
o BAE 2 AN F7b @b el 60
9 A%E Aester

167028 AAN E4F dolEE o] §3tel
A Ak 2ol FuE dohry] fate] o]
& AR AF A)E Aol Wt 9P
sholahglom, Table 1 27ke] AAe] thE %
9 ARET S5 EUTE US4 Aol
o ARE} A S5 A7) AAe) oy

3kal, 4-5719] St dlolHE #8317 913k
Akt otk 7] Aale] =99l

Ju—

dHoz A7) 943 o5
YA APgo R Auix|ste] A}



October 2014 / 952

o o
sto] mE TRrelA A HzF ALE WY
WA dueES TES F4 A =4 @
Hm reelth A7 H=wel FeE wdA
HAXH o AARE TeA ge eaE v

gl

AEE WE sae A gE, Lx 4%
e gE W hgshE oA
%% 2%e wolx gtk

g

Fig. 82 7Z}7Zhe] A= Aol vk H gk
S UEME 1824, Fig. 8(A)E R o] E 4
3k 4 ghol™, Fig. 8B)E Lol 9) o4 3le
ol digk 574 S ERA Blojth A 3=
el AL

74, Fig. 8(A)AME EE A A FHa
3.85 oA Hd 5359 W HERIL AANE,
Fig. 8(B)ol A& tF-E< AlAo A 1 mvkel Ht
< YERdl= 38 th ool YoM AF
ol AA 3 SEHA e HolE
o A dytks} !

[ et
*]

~

1

R4

o2
o

N o ¥
Y

ox off
dB oy R g

o

T

-
N
N,

=2

b
_‘L

o
o O

@ Mo pg o

oA

o a2
)
AN
o T
U k-m
o

of it
18
Ky
>

) i

M)
> T

12

2
Lo
o,
4l o
o
o
[\
=
rﬂ

)

o
=
i)
ry
>
>
R
A

A e 7 25 ¥IE FA
24 A7 3 2% AXE HE HAs
t A3 Fig. 79} Fig. 8914 H%o] A XE ¥H
ok
=

mElFol $4SE A ¢+ At

1
ZH

SO A O W

o

w

3 2k 7dxE H3

Fig. 9 A% AXE ¥y #il&

e He3 2 A4dx fHEd w3k

o gAdeg 54 @ vsd 2%

etz ik skA R 160 A=A Fhol

25 FdUEAA Zo]7t Hol= AL A

NN &7t Feste FHoERA FAHE F
E =

fo & ox & K1 [k v
o & oo O o

250
—— Measured Y
\
—— ANNs i @L‘“
—— SVMs !
200 3
— |
e i
: |
3 150 1
© ¢I
2 |
£ A
2 7
1004
50
T T T T T T
0 100 200 300
Raw Data

Fig. 7 Comparison with Measurement Data and
Predicting Value (ANNs and SVMs)

W72 ANNs B8 SVMs

Average of Deviation ['C]

Sensor No.

Fig. 8 Average of Deviation in case of ANNs and SVMs

- —8— Measured
} —e— SVMs

(4] @D
o

w

Temperature Uniformity[%]
‘Ih 3
4

vt

T S S S
0 50 100 150 200 250 300 350
Measurement No.

Fig. 9 Temperature Uniformity estimation by SVMs



=P USSEA M 31FH 103 pp. 947-954

tol

October 2014 / 953

24kl W3 L= FUAEE 1 JejolA 9
sEE Ao ek FdEEA FAE HAGol
4 gu 2oE L8 ddE7F WS A
ok 4= Atk Fig. 9ol 9} o] 93 #UE o
= Ass grgdoamn, A7 dAMNE A4
He 2% #UdRs Fusy| 93 A% 2ds
AL AT

4. HE

SEACEE D BERCE EESCE RIS E
| olsol Aok sftl, olel@ uju
Rt 4%e Fa@ Axe

i
=z @
oL ﬁ
o

wo 10 X

i

]

o 1S

joad

e o k

off & M
-

N rE
i)

o X,
iz

oot
o i o & ro
do 1 flo
i)
& oo
M 2y ~
)

i

o oX
o

e
9
o
. 1

v
i

ik
oo 4
9‘150
£

(o
ox

o
o

m
i
)
E,‘l
> T
gi
El > oX
M 0

e
MWk i
UL
oo TN
o o [o
N
b E
ox, oo >

= v = o
oM, ex YRS U@ 93 FueFe A
A4 %Y + Aok
gole g wgoz F4 .
4 g vagons A4S 27 )
sh¢ deleel g Aol Wasiu,
AAR AN 2706 LAEFS W

ok W Mo E ok

7

2 d7E AU A7 3A(2011-0303) %
ksl geEow FyEglon AR o e
A=Y
REFERENCES

1. Kim, S. K. and Cho, C. K., “Development of High

11.

Performance Susceptor for Manufacturing of
Display,” Hoseo R&D Report, Hoseo University,
2014.
Yang, H. J, Kim, H. T. and Kim, S. K.,
“Comparative Study of Modeling of Hand Motion by
Neural Network and Kernel Regression,” Trans.
Korean Soc. Mech. Eng. A, Vol. 34, No. 4, pp. 399-
405, 2010.

Yang, H. J. and Kim S. K., “Design of Wafer
Handling Robot Using Kernel Regression and Neural
Network,” Proc. of KSME Spring Conference, pp.
67-68, 2010.

Hines, J. W., Garvey, D., Seibert, R., and Usynim, A.,
“Technical Review of On-line Monitoring
Techniques for Performance Assessment Volume 2:
Theoretical Issues,” U.S.NRC, Document ID:
NUREG/CR-6895, 2008.

Yang, H. J. and Kim, S. K., “Verification of Wafer
Handler Design Using Support Vector Machines and
Neural Network,” Proc. of KSME Autumn
Conference, pp. 765-766, 2010.

Yang, H. J. and Kim S. K., “A Comparison between
Kernel Regression and SVM for Robot Hand Model,”
Proc. of KSME Spring Conference, pp. 443-444,
2011.

Battiti, R., “Using Mutual Information for Selection
Features in Supervised Neural Net Learning,” IEEE
Transaction on Neural Networks, Vol. 5, No. 4, pp.
537-550, 1994.

Back, A. D. and Trappenberg, T. P., “Input Variable
Selection Using Independent Component Analysis,”
Proc. of International Joint Conference on Neural
Networks, Vol. 2, pp. 989-992, 1999.

Fernando, T. M. K. G., Maier, H. R., and Dandy, G.
C., “Selection of Input Variables for Data Driven
Models: An Average Shifted Histogram Partial
Mutual Information Estimator Approach,” Journal of

Hydrology, Vol. 367, No. 3, pp. 165-176, 2009.

. An, S. H,, Heo, G. Y., and Chang, S. H., “Detection

of Process Anomalies using an Improved Statistical
Learning Framework,” Expert Systems with
Applications, Vol. 38, No. 3, pp. 1356-1363, 2011.

Denoeux, T., Lengelle, R., and Canu, S.
“Initialization of Weights in a Feedforward Neural

Network using Prototypes,” Proc. of the International



2
=l
Ul
o
tol

S| Xl A 31# 1035 pp. 947-954

October 2014 / 954

12.

13.

14.

15.

16.

Conference on Artificial Neural Networks, 1991.
Hagiwara, M., “Theoretical derivation of momentum
term in back-propagation,” International Joint
Conference on Neural Networks, Vol. 1, pp. 682-686,
1992.

Cybenko, G., “Approximation by Superpositions of a
Sigmoidal Function,” Mathematics of Control,
Signals and Systems, Vol. 2, No. 4, pp. 303-314,
1989.

Hsieh, W. W., “Machine Learning Methods in the
Environmental Sciences: Neural Networks and
Kernels,” Cambridge University press, pp. 125-145,
2009.

Burges, C. J. C., “A Tutorial on Support Vector
Machines for Pattern Recognition,” Data Mining and
Knowledge Discovery, Vol. 2, No. 2, pp. 121-167,
1998.

Vapnik, V. N., “An Overview of Statistical Learning
Theory,” IEEE Transactions on Neural Networks,
Vol. 10, No. 5, pp. 998-999, 1999.



