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Abstract: In order to improve the accuracy and robustness of the quantitative analysis model, a
new sample selection algorithm named KM was proposed. In the experiment, 40 samples of wine
were used as the analysis objects, and the KM algorithms was compared with traditional sample
selection algorithms, such as RS, KS and SPXY. The experimental results show that | RMSEP-
RMSEC| obtained by KM algorithm is superior to the other three algorithms, and there are
significant differences in RPD, which indicates that KM method has good prediction accuracy. In
order to overcome the neural network training algorithms drawbacks that BP neural networks
converge slowly and is easy to fall into local optimum, the particle swarm optimization algorithm
was used to optimize the parameters of artificial neural network ( PSO-ANN). The results show
that PSO-ANN algorithm can improve the convergence velocity of training, robustness and the
accuracy of classification than genetic algorithm, artificial fish swarm algorithm, and shuffled
frog-leaping algorithm.
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J7¥  PCs |IRMSEP - RMSECI RPD Hiffi]/s
PSO 9 3.6E -04 36.8 77.7
GA 8 1.0E -03 20.1 91.0

AFSA 8 1.2E - 03 15.7 190.2

SFLA 9 1.0E -03 17.3 48.3
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