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Novel Shoe Type Recognition Method Based on
Convolutional Neural Network
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Institute of Forensic Science, People’s Public Security University of China, Beijing 100038, China

Abstract Criminal investigation is often conducted based on the surveillance video footage and crime-scene shoeprint
identification. The basic principle of this method is to infer the type of shoe worn by the suspect based on the
shoeprints identified at the crime scene and to subsequently search for the shoe in the surveillance video footage. To
solve the problem of low automation associated with this criminal investigation method, a new shoe type recognition
method using a convolutional neural network has been proposed in this study. According to the unique
characteristics of shoe type recognition, a framework of convolutional neural network is designed on the basis of
DeeplD, and a shoe database containing 50 pairs of shoes and 160231 images is constructed. The experiments are
conducted based on the Caffe framework using different network models. Initially, the network structure comprises
two convolution layers, two pooling layers, and two full connection layers. Further, experiments are conducted to
compare the effects of the number of output elements in the first layer of two full connection layers on the network
performance and training efficiency, and the experimental results of different network depths are compared without
changing the size of the output feature graph as well. Based on the optimization model, the optimal network model
is obtained by using overlapping pooling. The experimental results denote that the proposed method achieves an
excellent performance, with an accuracy of 96.06% . Therefore, the proposed method can be considered to be a
promising new method for shoe type recognition.

Key words machine vision; shoe type recognition; convolutional neural network; overlapping pooling; criminal
investigation
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Table 2 Effect of network depth on performance

R crnel_sive Number of layers Memory /MB Train time /min Accuracy /% Loss
5X5 6 83.6 50 91.91 0.2807
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Table 3 Effect of overlapping pooling on performance
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Overlapping pooling 145.9 72 96.06
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