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Abstract Footprint images are the most important clues in the detection process of public security cases. Every year, public secu-
rity agencies collect many crime scene footprints. How to automatically organize and categorize these footprint images has become
a difficulty for public security informatization. To meet the actual needs of public security, this paper combines a convolutional
neural network and DBSCAN algorithm to propose a method for clustering footprint images. First. the footprint image is prepro-
cessed to meet the model training requirements. Then,through model pre-training, the two types of Resnnet50 and Densenet121
convolutional neural network model structures are improved to extract footprint image features and establish a feature vector li-
brary. Based on DBSCAN Similar algorithms.we use the above feature vector library to organize and classify footprint images.
Experimental results show that the method has good practicability and effectiveness.
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Fig. 4 Image feature clustering results extracted by ResNet
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