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Rapid Identification of Beef Adulteration with Pork by Near-infrared Combined Limit Learning Machine

HAN Fang-kai,LIU Can, HUANG Yu et al (Suzhou University, Suzhou, Anhui 234000 )

Abstract [ Objective | The research aimed to develop a rapid technique for identification of beef adulteration with pork. [ Method ] The Fourier
transform near-infrared combined with extreme learning machine (ELM) was used to build prediction models for identification of pure beef,
beef adulteration with pork, and pure pork. The influence of different spectral pretreatment methods on the performance of ELM models were
studied, such as standard normal variate transformation, multiplicative scatter correction (MSC) , first derivative and second derivative com-
bined separately with kernel principal component analysis (KPCA). [ Result]The best ELM model was obtained under MSC+KPCA with the
correct recognition rate in train set and prediction set was 86. 67% and 83. 33% respectively. [ Conclusion | The Fourier transform near-infrared

in coupled with ELM has a great potential in rapid identification of beef adulteration with pork.
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Table 1 Recognition results of ELM models
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