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Identification of X-ray absorption spectroscopy of

plastics based on GA-BP neural network

FANG Zheng WANG Ren-bin CHEN Si-yuan
( School of Aerospace Engineering Xiamen University Xiamen 361101 China)

Abstract: This paper collects the X—<ay absorption spectra of 15 kinds of plastic samples carries on the
data preprocessing and then extracts principal component as the input of the subsequent model. The back
propagation ( BP) neural network model is established by using the training set to modify the weights and
threshold values of network and obtains corresponding model. Finally the neural network model is opti—
mized by genetic algorithm the optimal matrix of weights and threshold values are obtained. The experi-
mental results show that BP neural network based on genetic algorithm optimization ( GA-BP) can identify
X-ray absorption spectra of plastic samples better and more stable than BP neural network which has im—
portant guiding significance for the recycling of plastic.
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Fig. 1 Schematic diagram of X-ray absorption spectrometer Fig.2 X-—ay absorption spectra of samples after pretreatment
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Table 2 Contribution of principal components obtained by 10
using PCA to extract features
1% N
1 83.58
2 14.02
3 1.78
4 0.33
5 0.16
6 0.05
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N N N Fig.3  Accuracy of plastic classification using BP neural network
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Fig.4 The step of using genetic algorithm to optimize BP neural network
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Table 3 Parameters setting of genetic
algorithm in optimization process
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Fig.5 Comparison of accuracies of plastic classification by
using BP and GA-BP neural networks
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