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Spectroscopy and Spectral Analysis
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Fig. 1 The original mid-infrared spectra of gasoline
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Fig. 2 The original mid-infrared spectra of methanol

gasoline and ethanol gasoline
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Fig. 4 The contribution rate variation chart of the variables

F 1 OARHLAR bR (RED FIFIBER 23 Q25 R, HERRah . &
B9 T P BT A3 S Y TE A Ry 98. 2804, 3 1 AT X Y
TN Z B R a1 23 B B I RICR .

F1 RFFFIRBIGRLER
Table 1 Classification results of RF discriminant model

FEAR B B UORR IESREC ERE/ %
232 174 58 61 57 98. 28

2.3 HAERM.,. ZEBERHEEERNEIRSH
2.3.1 WEARM., TEA bR AR

A4 T AL B 5 A H R YT RN BV TP 2 AN S B . R
FH e/ 3 SR 1) e LR VAL AR, 0O [ A S gt
SF RS RY B T4 B 7 AT LS. ] KS(kennard-stone) 5
WA I 3 1AL . 43 5ok 3 AL 3 S A R VR il A 2 R
TR S BCE AT R A (BRI A S Byl 45 112 4>, Horp
84 G TERCHE I T 57 TR, 28 ANl % B T R A
AT R 5

x2 HERM., ZEASHMNESE
EEREMRNENEI DA
Table 2 The actual distribution of alcohol content of methanol
gasoline and ethanol gasoline in the modeling and pre-

diction

] *iuﬁh% B RAME R CFHME bR
A S N /% /% /%  STDEV
A 112 0.6  19.999 9.5445 6.156
A g 84 0.6  19.999 9.6248 6.065
SIES 28 0.6  19.999 9.2958 6.206
AWEEA 112 0.8  24.000 12.414 6.996
SR AR 84 0.8  24.000 12.545 7.074

i) £ 28 0.8 24.000 12.000 6.853

Note: N: Number of samples; STDEV . Standard deviation
2.3.2 WHEAWH, LHEAWLSSVM Z SV & 3 8 5
r

Ipe /I 2T SR 1) AL SR — B R SRR 1 i ALSE L A Ak
T3, AREAIIL T RBF 42 [0 3 s 45, 0 A ASE 5 vk b 20 0 o 7
AZHG SR ENESE y S o . BB T4l 2
BT B PM B & R ¥ iR 25 RMSEP FIAHE R 5L R,

F 3 NAF B G B LSSVM BRI HU H il . &

®3 LSSVM BB FAEES M. ZEREF
EBEEENEEER
Table 3 The modeling results of alcohol content in methanol

gasoline and ethanol gasoline predicted by LSSVM

KA I Y e R RMSEP/Y%
Origin 1,179 4X105  1.731 9X10% 0.9338 1.9190
SG 2.273 5X105  1.994 5X10% 0.9293 1.9853
i MSC 1,263 9X10° 2,033 4X10% 0.9514 1.774 1
badli SNV 4.666 0X10%  1.9155X10% 0.9519 1.7663
Ist derivatives 6. 010 3X10* 8.721 6X10* 0.8765 2.774 8
2nd derivatives 6. 712 8X10* 1.602 2X105 0.823 5 3.2258
Origin 5.453 1X105  258.0203  0.9378 2.399 8
SG 9.438 1X10%  327.9880  0.930 1 2.6437
A MSC 40. 316 7 845.716 7 0.9220 2.6143
badli SNV 1.919 6 X105 2.0251X10% 0.9515 1.7703
Ist derivatives  9.895 1X10° 1.904 7X10* 0.909 6 3.146 8
2nd derivatives  3.862 0X10° 2,943 6105 0.899 8 3.242 8
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Qualitative Discrimination and Quantitative Determination Model
Research of Methanol Gasoline and Ethanol Gasoline

HU Jun, LIU Yan-de” , HAO Yong, SUN Xu-dong, OUYANG Ai-guo
School of Vehicle and Mechatronics Engineering. East China Jiaotong University, Nanchang 330013, China

Abstract Methanol gasoline and ethanol gasoline are both clean energy sources, but the advantages and disadvantages of them
are different. Among them, the content of methanol or ethanol determines the performance of gasoline. Therefore, it is of great
significance to qualitatively distinguish methanol gasoline and ethanol gasoline and quantitatively determine the alcohol content in
alcohol gasoline. In this paper, the types of alcohol gasoline and its content were identified and quantitatively analyzed by mid-in-
frared spectroscopy. Firstly. by comparing and analyzing the mid-infrared spectroscopy of methanol gasoline and ethanol gaso-
line, Random Forest (RF) was used to discriminate methanol gasoline and ethanol gasoline samples. After establishing the quali-
tative model of methanol gasoline and ethanol gasoline, the quantitative determination model of methanol gasoline and ethanol
gasoline is established to accurately determine the corresponding alcohol content in gasoline. In order to reduce the spectrum drift
and light scattering caused by vibration and noise of the experimental instrument during the experiment, the mid-infrared spec-
trum was pretreated. In the process of analysis, different pre-treatment methods are first used for correction, such as S-G convo-
lution smoothing, Multivariate Scattering Correction (MSC), Standard Normal Variable (SNV), derivatives (1st derivative and
2nd derivative) , and then, Least Square Support Vector Machine (LSSVM) models of methanol gasoline and ethanol gasoline
were established respectively. It was found that the discriminant accuracy is up to 98. 23% when the number of decision trees
was 61. Secondly, for the LS-SVM model, the comparison of modeling results showed that for both methanol gasoline and etha-
nol gasoline, SNV pre-treatment had the best effect. The predictive correlation coefficient R, of LSSVM model after the trans-
formation of standard normal variables for methanol content determination of methanol gasoline was 0. 951 9 and RMSEP was
1. 766 3. In the same situation, ethanol gasoline was 0. 951 5 and 1. 770 3, respectively. This research can provide technical ref-
erence and theoretical basis for the qualitative discrimination and content determination of methanol gasoline and ethanol gaso-
line. The detection technology can provide a new method for the measurement of alcohol gasoline in the methanol gasoline indus-

try, which has important practical significance and lays a foundation for the detection of other types of chemical products.
Keywords Mid-infrared spectroscopy; Alcohol gasoline; Least square support vector machine; Random forest
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