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Batch process monitoring by kernel similarity-based support vector
data description

WANG Jianlin, MA Linyu, LIU Weimin, QIU Kepeng, YU Tao
(College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China)

Abstract: Kernel distance-based support vector data description (SVDD) for batch process monitoring exhibited
poor monitoring precision by setting control limit from the largest kernel distance in historical process dataset but
ignoring hyperspherical irregularity in high dimensional space. A kernel similarity based SVDD monitoring
method was proposed for batch process monitoring. Kernel similarity was taken as kernel function value between
support vectors and data samples for testing. The weighted summation of kernel similarity and distance of support
vectors at various time points was utilized to set dynamic control limit for data samples of batch process to be
monitored. Batch process monitoring was achieved by judging if kernel distance of test sample exceeded the
dynamic control limit. This monitoring method considered irregularity of hypersphere, local distribution
characteristics of process dataset in high dimensional space, and spontaneity of data samples, so that it could
improve accuracy in batch process monitoring. Method effectiveness was demonstrated by numerical simulation

and metal etching process in semiconductor manufacturing.
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Fig.1 Flow chart of proposed method for batch process monitoring
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Table 1 Misclassification rates with different parameters under deferent control limits
Parameter 9705 ol o2 err olerr)
C=0.01 C=0.1 C=1 C=0.01 C=0.1 Cc=1 C=0.01 C=0.1 Cc=1

datal Avg 0.2415 0.5100 0.4115 0.3705 0.5090 0.5120 0.1990 0.4030 0.2870 0.3826 0.1189
Max 0.5000 0.4535 0.2510 0.3585 0.3345 0.3025 0.0505 0.3800 0.2920 0.3247 0.1293

Dyn 0.1035 0.3560 0.2430 0.1210 0.1795 0.1595 0.0240 0.2500 0.1435 0.1756 0.0969

data2 Avg 0.4375 0.4825 0.5055 0.2240 0.5105 0.5120 0.2410 0.2665 0.2735 0.3837 0.1283
Max 0.3805 0.3435 0.3485 0.1680 0.3475 0.3470 0.0525 0.0610 0.1470 0.2439 0.2439

Dyn 0.2770 0.3395 0.3540 0.0630 0.2065 0.2140 0.0625 0.0790 0.1230 0.1909 0.1156

data3 Avg 0.4495 0.4475 0.5135 0.2280 0.4230 0.5070 0.2000 0.4180 0.2830 0.3855 0.1179
Max 0.3860 0.3210 0.3665 0.2205 0.3055 0.3630 0.0450 0.3865 0.1715 0.2851 0.1170

Dyn 0.2865 0.2870 0.3350 0.0670 0.1180 0.2145 0.0295 0.2440 0.1570 0.1932 0.1063

data4 Avg 0.2975 0.4700 0.4615 0.4470 0.5055 0.4760 0.2810 0.2785 0.2800 0.3886 0.1003
Max 0.3755 0.3360 0.3210 0.3405 0.3600 0.3095 0.1025 0.0870 0.1265 0.2621 0.1195

Dyn 0.1125 0.3250 0.3135 0.1590 0.2445 0.1650 0.1055 0.0995 0.1055 0.1811 0.0907

data5 Avg 0.1940 0.1410 0.5110 0.1770 0.5090 0.5125 0.1870 0.2795 0.2890 0.3111 0.1570
Max 0.4025 0.0655 0.4610 0.1090 0.3535 0.3395 0.0605 0.0920 0.3060 0.2433 0.1597

Dyn 0.0780 0.0695 0.3645 0.0570 0.2345 0.2035 0.0360 0.1225 0.2080 0.1526 0.1080

positive) AME IR RIIEGINE, BIEWFEAR  E, JFESHREA RS, (530 B 3050 500
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Bt err 5HnHEZE o (err) o ATTEAEARF KIS
WE N /N R S ZE SRz, IS RS
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Fig.2 Monitoring result of numerical model
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Table 2 Variables of semiconductor etch process
No. Variables No. Variables

1 * BCI3 Flow 11 * RF Pwr

2 * CI2 Flow 12 * RF Impedance

3 * RF Btm Pwr 13 * TCP Tuner
4 * RF Btm Rfl Pwr 14 * TCP Phase Err
5 * Endpt A 15 * TCP Impedance
6 * He Press 16 * TCP Top Pwr
7 * Pressure 17 * TCP Rfl Pwr

8 * RF Tuner 18 * TCP Load

9 * RF Load 19 * Vat Valve
10 * RF Phase Err
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Table 3 Fault batches description of semiconductor

etch process

Fault No. Type Fault No. Type
1 TCP +50 12 RF +8
2 RF -12 13 BCl3-5
3 RF +10 14 Pr+2
4 Pr+3 15 TCP -20
5 TCP +10 16 TCP-15
6 BCL;+5 17 Cl,-10
7 Pr-2 18 RF -12
8 Cl,-5 19 BCl; +10
9 He Chuck 20 Pr+1
10 TCP +30 21 TCP +20
11 Cl, +5

BEALER: 30 NEFEHLRIENNZGAEA, H#H
19 MR EMEARMEAR SN, X 20 Sk
FEFEAT I o B R I3 #E 0.1, AR Frick B9 I 2k
FEAK T n=3037, HX(4)EF] C=0.0033. EHEH
BRESH 6=0.005. 7E IR E S 508w N TR
W, R 45T 3RS 20 AN B HE UK RIS I 2R
Bl 3. Bl 4 5ilh t T s E IR SRR IR 19 1
g R,

T2 5 4 20 ik ik R B RO 7R [
I BRI 22 R OK, SCRF M E RO IR E S8R

T4 SRZIMTIRHERR N R

Table 4 Fault detection rates of different control limit for

fault batches
Fault No. Avg Max Dyn

1 0.9903 0.8835 0.9903
2 0.6415 0.1698 0.8679
3 0.7941 0.1961 0.8627
4 0.9892 0.6237 1

5 0.7653 0.1939 0.9796
6 0.6078 0.1569 0.7941
7 0.8019 0.4340 0.9906
8 0.5288 0.1058 0.8173
9 0.7576 0.1919 0.9495
10 1 0.7300 1

11 0.6947 0.2421 0.8526
13 0.7172 0.2121 0.8182
14 0.8696 0.4022 1

15 0.7800 0.4300 0.9900
16 0.8800 0.4100 0.9800
17 0.6667 0.2315 0.7870
18 0.8235 0.3431 0.9020
19 0.7451 0.3333 0.8627
20 0.8947 0.3158 0.9474
21 0.9278 0.3505 0.9691
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—— R-dynamic
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0 iO 4IO éO éO
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B3 No.5 kR A i I ACR
Fig.3 Monitoring chart of fault batch No.5
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Fig.4 Monitoring chart of fault batch No.19
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