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Design of Shoe Print Feature Extraction Network
Integrating Global and Local Features
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‘Shanghai Key Laboratory of Crime Scene Evidence, Shanghai 200083, China

Abstract A feature extraction network using global and local features is designed to tackle the issue of retrieving
incomplete and fuzzy shoe prints. The global features of the multiscale shoe print are normalized and weighted, and the
losses of all their outputs are calculated; moreover, the part-based Conv baseline (PCB) module is used to divide the shoe
print feature map into three parts, extract the local features of the three parts, and calculate their losses. During the
training phase, all of the global feature branch and local feature branch losses are added to express them collectively. The
output of the two branches after splicing is directly flattened as the shoe print descriptor to be retrieved in the test phase,
and the cosine distance between it and the descriptor of the sample library shoe print is used as the similarity score. The
experimental results show that the proposed method significantly reduces the parameter quantity and calculation cost of the
model, and achieves high accuracy on the three shoe print data sets of CSS-200, CS Database, and FID-300.
Furthermore, it achieves decent accuracy on the topl% of the CSS-200 and CS Database (Dust) datasets, which are
94.5% and 95.45%, respectively.
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Fig. 1 Flow chart of shoe print retrieval algorithm
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Table 1  Structure of EfficientNet-B3
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Table 2 Composition of different data sets

Dataset Query Gallery Negative
CS-Database (High-quality) 100 100
CS-Database (Blood) 53 9 91
CS-Database (Blood enhancement) 53 9 91
CS-Database (Dust) 66 9 91
FID-300 300 300 875
CSS-200 200 200 4800
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Fig. 9 Visualization of top 10 search results on CSS-200 test set
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Table 3 Comparison of proposed method and other methods on CS-Database dataset

Accuracy /%

Method
topl % top2 % top3 % top4 % top5 %
POC 99 99 100 100 100
MCNCC 99 100 100 100 100
Local Semantic Patch and Manifold Ranking 99 100 100 100 100
High-quality hybrid features and neighboring images 99 100 100 100 100
Local Semantic Filter Bank 99 100 100 100 100
SCDA 100 100 100 100 100
Proposed method 100 100 100 100 100
POC 45.3 50.9 54.7 64.2 66
MCNCC 92.5 98.1 100 100 100
Local Semantic Patch and Manifold Ranking 79.2 94.3 94.3 94.3 96. 2
Blood hybrid features and neighboring images 92.5 100 100 100 100
Local Semantic Filter Bank 94.3 100 100 100 100
SCDA 100 100 100 100 100
Proposed method 100 100 100 100 100
POC 47 47 51.5 51.5 54.5
MCNCC 86.4 89.4 90.9 90.9 95.5
Local Semantic Patch and Manifold Ranking 83.3 84.8 87.9 90.9 90.9
Dust hybrid features and neighboring images 89.4 93.9 95.5 95.5 95.5
Local Semantic Filter Bank 95.45 96. 97 98.48 98.48 98.48
SCDA 87.87 90.9 90.9 90.9 90.9
Proposed method 95. 45 98. 48 98.48 98.48 98.48
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Table 4 Comparison of proposed method and other methods on CSS-200 dataset

Accuracy /%

Method Params FLOPs
topl % top2 % top5% top10%

Conv-25088 62.5 85.5 92.5 94 116M 1.6x10"
SCDA 92.5 94.5 95 96. 5 138M 1.9X10"
Resnet101 59.5 80.5 82.5 91.5 49M 7.6X10°
ResneXt 64 87 91 93.5 53M 4.2X10°
Resnet50-FPN 78 85.5 90 91.5 60M 9.1x10
SENet 79.5 85 85 93.5 146M 2.1x10"
Proposed method 94.5 96. 5 98 100 23M 2.6X10°

F5 PRI AE FID-300 Bodli 4 b A H A 5 5 Lo g%
Table 5 Comparison of proposed method and other methods on
FID-300 dataset

Accuracy /%

Method topl%  topl0%
Local Semantic Filter Bank 73 93.7
Local Semantic Patch and Manifold Ranking  61. 3 88
hybrid features and neighboring images 71.8 87.3
MCNCC 79 89
CABM 58 79
Conv-25088 47.16  76.59
SCDA 50.84  79.93
Proposed method 69.8 90.94
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