36 % a4 B & % iR Vol. 36 No. 4
2024 415 12 A THE JOURNAL OF LIGHT SCATTERING Dec. 2024

Iﬁéﬁ%;1004—5929(2024)04—0454—07
HEF PCA-ACO-SVM & :%F0 FTIR H AR M hFh K LR

BALCHEAMLEENLAGS BT
(1. ¥ 3 28 5 J WPl R A e ¥l R 5 T ), 4630005
2. ARG W 2R UL K2 T R AR N L 4500465
3. VT AR KA A7 S5 A R 2 A T S 450003 5
Ao FRIN K A= AF B TR 2= Bt I g KR A 450001)

& T A0 2 0 o ) X il R 0 SO ) IRV AG DN 7 S B R BR B A U E A T R L
TR R 0 A 0 ik 8 e S DR TR T B e R T A W O L AR SCHR Y — ol A3 BT 4 U
Ak 32 F5 18) 2 AL (Principal component analysis-Ant colony optimization-Support vector machine, PCA-ACO-
SVM) 34k 45 418 HL 27 4P 6% (Fourier transform infrared spectroscopy. FTIR) 4 A P 3 {1 5 485 4 1 25 .
SRR T 6 BN R RS B A Py TR FTIR W& TR ah B9 B 5 20 403 . i PCA X210 4h %%
BOYE DEAT R STEUIh S ZE AN G AR AE AR EL . 2 ACO-SVM K Bk o 2 Bt fr s 8t ik s
[ SVM 43 KRR 0280 C = 1. 1024043 Fl Gamma = 0. 1476193 , {E%BFSE 1l ] PCA-ACO-SVM % 1
AN T AE I AN S BRI EL . R T AR S T AT A3 RN SRR S BUR AL | 1 — 2D N R B R R
SRR HEAT AR T S B v X LG L B IE PCA-ACO-SVM. 8 = 76 A8 40 31 i 25 3R 500 o 0 v 0 e R 7 2
., iR EY PCA-ACO-SVM Bk 454 FTIR B G 42 P ial | i ek 8 b i R 28 #4700 . %07 R
A ELA 35 g 14 43 DS Ml 23 T EL 76 08 Ak 0 7 TR 2% B R 938 SRR Al R 3 S R RS il A SIS U
SRR . g LT R AR SCHR 1 PCA-ACO-SVM B4 45 & FTIR $ AR Sy 4 4 il A 2 00 e g U 42 41 T —
iR AT 0 AR PR T 5 B B0 RS FIME R 2 . %7 AR A TN R B A AR O T LA I v o R
JExT A R R A EER X,

SRR S A BT s WO DR AL SR 1) et L 5 T AR e 2T ARG5S 5 AR I 5 4SS U

RESHES:0433.4 XERAR SRS A doi:10. 13883/j. issn1004-5929. 202404011

Identification of vegetable oil species based on PCA-ACO-SVM
algorithm and FTIR technology

JIA Dan', MING Mina', LEI Lei*, ZHOU Rui’, HOU Jinliang®
(1. Zhumadian Vocational and technical College , Zhumadian 463000, Henan, China;
2. Henan University of Economics Law, Zhengzhou 450046, Henan, China;
3. College of Information and Management Science , Henan Agricultural University , Zhengzhou 450002, Henan, China

4. School of Information and Engineering » ZhengZhou University , ZhengZhou, 450001, Henan, China)

Abstract: Accurately identifying vegetable oil species is significant in oil quality control,
fraud detection, nutrition and health, and grain and oil trade. Accurate and rapid identifica-
tion of vegetable oils is essential to ensure oil quality and maintain market supervision. This
paper proposes a Principal component analysis-Ant colony optimization-Support vector ma-
chine (PCA-ACO-SVM) algorithm combined with Fourier transform infrared spectroscopy
(FTIR) technology for rapidly identifying vegetable oil species. Six different kinds of vegeta-
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ble oils were collected, and the absorption and transmission infrared spectra of the samples
were measured by FTIR. PCA reduced the dimension of infrared spectral data, and the infra-
red spectral characteristics of oil products were extracted. The ACO algorithm optimizes the
core parameters of the SVM classification algorithm. The optimized core parameters of the
SVM classification model are C = 1. 1024043 and Gamma = 0. 1476193 . This study uses the
PCA-ACO-SVM algorithm to establish the identification model of vegetable oil species. The
classification model was trained, and the parameters were optimized using the known types
of oil products. The model was further applied to identify unknown oil products. By compa-
ring with other algorithms, the accuracy and efficiency of the PCA-ACO-SVM algorithm in i-
dentifying vegetable oil types were verified. The results show that the PCA-ACO-SVM algo-
rithm combined with FTIR technology can quickly and accurately identify the types of vege-
table oil. This method has high classification accuracy and high computational efficiency in
data processing, which is very suitable for the practical application of large-scale vegetable oil
classification. In summary, the PCA-ACO-SVM algorithm proposed in this paper, combined
with FTIR technology, provides a feasible solution for rapidly identifying vegetable oil spe-
cies, which has high efficiency and accuracy. The scheme has broad application prospects in
the food industry and quality supervision and is of great significance to the quality supervi-
sion of vegetable oil. .
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