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EXTRACTION TO QUANTITATIVE ANALYSIS OF
FTIR SPECTROSCOPY OF MULTI-
COMPONENT GAS MIXTURE
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Abstract: A new method for FTIR spectral quantitative analysis was presented. The new method couples kernel partial least
squares ( KPLS) feature extraction with support vector regression machine( SVR) to improve the quantitative analysis accu-
racy and speed of seven-component alkane gas mixtures composedsof methane, ethane, propane, iso-butane, n-butane, iso-
pentane, and n-pentane, whose feature absorption spectra are cross each other and overlapped seriously. Firstly, the KPLS
was employed to extract feature components from the FTIR specira of above-mentioned seven-component gas mixtures. And
then, the extracted feature components were fed into SVR to create the quantitative analysis model of seven component ga-
ses. The quantitative analysis results of calibration gas mixtures show that the prediction accuracy by KPLS-SVR model is
higher than that by SVR model without feature extraction processing. Meanwhile, the predicting time by KPLS-SVR model
is only half of that by SVR model. The study indicates that KPLS approach can effectively extract the latent nonlinear fea-
tures implied in the spectra and component concentration, eliminate the noise of FTIR spectral data, and reduce the dimen-
sion of the spectral data. Coupling with SVR, KPLS feature exiraction can improve the accuracy of FTIR spectral analysis,
shorten the predicting time. KPLS-SVR is a very effective method for infrared spectral quantitative analysis.

Key words: kernel partial least squares; support vector regression machine; feature extraction; multivariable calibration
model ; FTIR
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Table 1 Concentration range and changing intervals of
seven single-component gases in preparation gas-
eous mixture samples

Ak R VI %/l\mlﬁl‘?ﬂ]ﬁ% e K P TR

(%) /ul - L (%)

g5 0.01 ~1.00 25 0.99
YA 0.00 ~0.45 25 0.45
P 0.00~0.35 25 0.35
BTkt 0.00 ~0.25 25 0.25
ETH 0.00~0.20 25 0.20
2354 < 0.00~0.15 25 0.15
TEeke 0.00~0.10 25 0.10

xR2 AMBEASEASESHRERLL
Table 2 The concentration ratio of nine gas mixture sam-
ples

Concentration /pL - L. ™!

SaMPleS M, CiHg CoHy iso-CoHly  n-CyHy  iso-CoH  n-CHly
1 100 100 75 75 75 50 25
2125 100 75 75 50 50 25
315 125 10 50 25 25 25
4 450 200 200 50 50 50 0
565 150 100 S0 50 0 0
6 2750 1000 250 250 250 250 250
7 6500 1000 500 500 500 500 500
§ 8500 500 500 500 0 0
9 10000 0 0 0 0 0

2em R MRE WA TR T 20 KT
BT itE— o4
2.2 SEHRFELEHERLE

ARET RV, B 53 BT B9 20 53 e EE UG, 0 3 F0 ef
BERCR. SO BT RR & U A 1 e BEVE L 0. 01
~1% SRR GWFEAIL 1842 4, B —DREALE
ROZEZICA 1866 , R MR A 1Y 24 73k T Y FR AT ok
JEM RS B nR 1 Fra.

YERGIT, B 1 4T 9 MEESMHEARA
TEARAE , P 2% 21 2 AR BUR B Nk 2 BT al.
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Fig.1 FTIR spectra of nine gas mixture samples
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Fig.2 The effect of amount of extracted feature components
on prediction accuracy of KPLS-SVR models
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3.1 #HEWWNEE S

%3 P41 T KPLS-SVR #7155 SVR #ERIRT R —
Kigo AR AR A () Tl 25 SR 6+ KPLS-SVR A Tl -+
R RMSEP M 0.016 mL « L™ %] 0. 116mL - L'
R B /NTF SVR BRI 18 RMSEP (M 0. 048mL

« L7'30.177mL - L") [a] A, MAH R (48 25 s 80
EOk7E ,KPLS-SVR R A2 (4 ~14) AT
SVR AEAI(11 ~33) (%788 22 s 40 X 7543t B KPLS-
SVR A5 SVR #558 HoF 3 w19 40 BT s B, b
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Table 3 The prediction results of seven component gases
by KPLS-SVR and SVR models
AL R
TR Bt 2k Pkt BT ET R ERE
KPLS-SVR RMSEP/mL - L' 0.116 0.079 0.104 0.092 0.108 0.029 0.016
HEMK 4 6 5 13 14 7 10
RMSEP/mL - L=! 0.177 0.101 0.135 0.102 0.115 0.075 0.048
SVR BEANE 11 17 28 28 32 33 i

Tk
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Table 4 The parameters of modeling and the computation
time of different models

. e RS AR E(s)
Sk TR s L B E
gz 15 0.61
< 21 0.6
Pk 20 0.48
KPLS-SVR R Tkt 15 0.5 939.35 62.28
ETk: 22 0.62
Rk 20 1.22
Erks 17 1.23
SVR AR - - 298.59 125.06

3.2 HEEWITERE
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