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Application of Kernel Extreme Learning Machine and Laser
Induction Fluorescence Technique in Edible Oil Identification

Zhou Mengran, Wang Jinguo’, Song Hongping, Hu Feng, Lai Wenhao, Bian Kai
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Abstract Existing edible oil detection technology cannot quickly and accurately identify edible oils sold in markets.
Hence, in this paper, we propose a quick method of identifying edible oils. Fluorescence spectrum data of oil
samples were obtained using the laser induction fluorescence(LIF) technique. Principal component analysis was used
to extract characteristic information. Next, a multiclassification learning model was developed through the fusion
algorithm of moth-flame optimization and kernel extreme learning machine (KELM) to identify the type of oil
samples. Five types of oil samples were selected for experimental purposes, and 150 groups of fluorescence spectra
were collected from each sample. Next, 600 samples were randomly selected to train the learning model, and the
remaining 150 samples were used to test the trained model. Experimental results show that KELM model , extreme
learning machine model and back propagation neural network model have similar average classification accuracy on
the test set. However, the standard deviation of KELM model is less than those of other two models. This shows
that KELM model has a stable classification performance and can quickly identify edible oils.
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Fig. 1 Oil sample detection experiment
system diagram
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Table 1 Types and parameters of edible oils

Type Brand Level Production process Producing area Production time
Peanut oil Luhua A Press Shandong 2019-07-31
Soybean oil Fulinmen B Leach Jiangsu 2019-07-31

Corn oil Changshouhua A Press Shandong 2019-06-06
Rapeseed oil Tuoniao D Leach Jiangsu 2019-01-25
Sunflower seed oil Luhua A Press Inner Mongolia 2018-08-24
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Fig. 4 Original fluorescence spectra of five oil samples
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Table 2 Performance comparison of three algorithms

Model practical Average recognition

Algorithm
time /s rate /%
MFO 196. 43 95.33
GWO 195. 29 95. 33
PSO 194,77 91.16
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Table 3 Performance comparison of three classification models

Model Model practical time /s Average recognition rate /% Recognition rate standard deviation
KELM 0.0255 95.62 0.0157
ELM 0.0025 95.16 6.5940

BP 0.2137 94. 77 0.0640
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