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[Abstract] The-traditional firearm recognition methods rely heavily on expertise, and are limited in recognition
accuracy. To address the problem, a model for automatic firearm image recognition is built using multi-task cascaded
deep residual network. With ResNet18 as the basic build block, this model fuses the Softmax loss function constraints in
the four cascaded tasks and realizes firearm image clustering, which is based on multiple dimensions ranging from the
firearm family to the specific gun type.Based on the proposed model, a system for intelligent firearm image retrieval is
designed, which can automatically recognize the type of the firearms in uploaded images.The experimental results on a
self-made firearm image dataset show that the model displays a higher recognition accuracy in Rank-1(61.12%) and
Rank-20(95.28%) than EfficientNet, NTS-net and other models. The proposed model also provides better robustness for
gun image recognition in real scenes.
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Table 1 Dataset information of firearms images

Mo ST K ST o5 E 31 /%
Tt 3243 44.03

Pt 2544 34.55

biEgi 1146 15.56

JUIE= 2 e 155 2.10

HLAE 155 2.10

HoAlb 121 1.64
;rurrqrrr

TR T T
e ¢ Y X
e e
A e b Vi Ml

B1 eXEGREEEREARTH

Fig.1 Sample example of the firearms images dataset
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Fig.2 Basic structure of depth residual network
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Fig.3 Firearms identification system network architecture
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Fig.4 Firearm images retrieval system architecture
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Table 3 Comparison of model parameters and reasoning speed
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