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On fast classification of lead(Pb) levels in soil based on LIBS

technology and convolutional neural network
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Abstract: Laser-induced breakdown spectroscopy (LIBS) and convolutional neural network (CNN)
were combined to classify soil samples contaminated with different levels of lead (Pb). Overall, five
categories of soil samples were used for this experiment. The result indicated that the method of LIBS-
CNN could be implemented to quickly classify the level of Pb in the soil samples, with accuracy of
measurement over 99%. Compared to commonly used chemical methods, LIBS and CNN have
achieved better yields and could be an alternative for in-situ fast classification of contaminated soils
without complicated pretreatment. This alternative could facilitate later stage of soil remediation
technology by helping to save time, reduce costs and improve the rate of detection resolution.
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Fig.3 Average spectrum of original LIBS
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