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Research on the differentiation of photosensitive printing oil

based on microspectrophotometry

DUAN Xingyu', CHEN Fushi', HAN Xingzhou®

(1 School of Investigation, People’s Public Security University of China, Beijing 100038, China;
2 Institute of Forensic Science, Ministry of Public Security, Beijing 100038, China)

Abstract: The classification of printing oil is an important part in the field of forensic scientific document examination, and the

classification of printing oil is of great significance in the examination of seal documents. In order to study the method of non-

destructive and efficient classification of photosensitive printing oil types, the original spectral data of 50 different brands of

photosensitive printing oil were taken as the control group, and three classification algorithms Resnetl18, Resnet50 and Resnet101

were selected to determine the training set and test set at the ratio of 4:1, and the original data were classified. The results show that

Resnet18 classification algorithm has the highest accuracy of distinguishing microspectral data, reaching 92. 81% , which provides a

certain reference for the application of deep learning algorithm in the field of photosensitive printing oil classification.
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Fig. 1 Reflectance spectra of 50 different brands of photosensitive
printing oil
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Table 3 Three kinds of Resnet classification model accuracy and

precision
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Resnet50 32 91.02 90. 80
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Fig. 5 Confusion matrix diagram of sample data classification by Resnet18
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