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Quantitative Analysis of Gold Immunochromatographic Strips Based on Deep Learning
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School of Aerospace Engineering, Xiamen University, Xiamen 361005, Fujian, China

Abstract Gold immunochromatographic strip (GICS) is a biochemical detection method which has a great
deal of advantages such as, short analysis time, simple operation and strong specificity. In this paper, the
deep learning network is composed of deep belief network (DBN) and back propagation neural network
(BPNN) so as to deal with the problem of the quantitative analysis of GICS. Based on the characteristics
of GICS images, the image gray intensity, distance and differential features are selected as the input of the
established deep learning network in this paper to achieve image segmentation, and finally quantitative
analysis of the segmented image. The experimental results show that the method is feasible to achieve the
quantitative analysis of GICSs.
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