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Development of Odor Sensor Array using Pattern Classification
Technology

Tae-won Park, Jinho Lee!, Young-Chung Cho’, Chul Ahn™
School of Mechanical Engineering, Yonsel University, Seoul 120-749, Korea .
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ABSTRACT: There are two main streams for pattern classification technology. One is the
method using PCA (Principal Component Analysis) and the other is the method using Neural
network. Both of them have merits and demerits. In general, using PCA is so simple while
using neural network can improve algorithm continually. Algorithm using neural network
needs so many calculations rendering very slow response. In this work, an attempt is made

to develop algorithms adopting both PCA and neural network merits for simpler, but faster
and smarter.
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Fig 1. Gas chamber

Fig 2. Gas detectors for deeloping algorithm
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34 HCHO HoS NH;
1 0.05 0 0
2 0.1 0 0
3 0.19 0 0
4 0.51 0 0
5 0.97 0 0

Table 1. Measurement of HCHO gas (ppm)

3 HCHO HzS NH3
1 1.16 1.8 0.2
2 3.62 3.6 4.8
3 6.09 7 7.6
4 7.1 8.1 9.3
5 29.12 26.4 35.8

Table 2. Measurement of HzS‘gas (ppm)

3] HCHO HoS NH;
1 0 0 1.1
2 0 0 2.1
3 0 0 4.8
4 0 0 12.3
5 0 0 34.3

Table 3. Measurement of NHs gas (ppm)

HCHO H:S NH;
A A 0.64 5.2 14.7
54 5.31 5.2 25.6

Table 4. Measurement of mixed gas (ppm)
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|
(covariance matrix)of A gt 3 LHHEE T
shod M 7FA] a8t AS7IZMY) #AE =3
o ZAEqch TR dEH oA, 25,
A4S FAANL g 2ok

7.073 7.721 10.512
ZTEA Y ;| 7.721 8.583 11.311
10.51211.311 15.809

: [0.0007 0.3249 31.1387]

0.8751 —0.08480.4765
E| —0.3578 —0.7763 0.519
—0.3259 0.6246 0.7097

HCHO(gas) = HCHO(meter)-0.9181H.S(meter)
NHs(gas) = NHis(meter)-1.3665H.S(meter)

HCHO HsS NH;
A A 0.64 5.2 14.7
- &k 5.31 5.2 25.8
=4 -
x| 814% 0% 75.5%
@ | # 0.54 5.2 18.5
Z|22| 15.6% 0% 25.8%

Table 5. Result of PCA algorithm (ppm
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HCHO HaS NH;

A 0.64 5.2 14.7
o | 5.31 5.2 25.8
Tl ex| 8l14% 0% 75.5%
o3| 7k 0.284 2.71 8.53
2= x| 55.6% 47.9% 42.0%

Table 6. Result of Neural Network(BP)
algorithm (ppm)
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gk 0 [0.0429 10.0234 29.0302]
0.7503 —0.4986 0.4341
THHE | —0.6601 —0.5286 0.5337

gek g3 e § oY FRROR o

¥+ k.

FAE1 1 -04986}XHCHO-0.5286}XH,S+ 0.687<NH;
FAHE2 1 04341 XHCHO+ 0.5337X1HaS+0.7257<NH;

oz 32204 ATH AAHNEH o FAA
st sk eI gol R WA

oA el e log-sigmoidP (

Z(first layer)
1 )E o
— |5, F

14+e "

HA Z(second layer)dlAe 3<%+ linear(n)

42 o|gste A4td A} 42388 lx 107

sz ox B8 W Uel 2o AFA

& e 2o,

W= [—6.392—6.551] b, = [3.926]
17 129.013 55.559 )" 71 7 {2.226
W = r 7.089 4.997} by = [0.256]
27 1—6.9765.852)" 2 2.647
9 Ae o gato] AL F ohA] WS A3t
= g #2oh

- 457 -



HCHO H.S NH;
EEl 0.64 5.2 14.7
| B 5.31 5.2 25.8
Pl 814% 0% 75.5%
o3| Zt 0.2 35 9.5
=93] 68.8% 32.7% 35.4%

Table 7. Result of PCA and Neural
Network(BP) algorithm (ppm)
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HCHO H,S NH;
2 A 0.64 5.2 14.7
= s 5.31 5.2 25.8
oA 814% 0% 75.5%
g | 0.54 5.2 18.5
J51]1 02| 15.6% 0% 25.8%
g | Fk 0.284 2.71 8.53
AF0| 02| 55.6% 47.9% 42.0%
am | 7k 0.2 3.5 9.5
gFm| 22| 68.8% 32.7% 35.4%

Table 8. Result of Various algorithm (ppm)
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