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Abstract

Although registration of dogs is mandatory according to the revision of the Animal Protection Act, the registration rate is low
due to the inconvenience of the current registration method. In this paper, a performance improvement study was conducted on the
dog face recognition technology, which is being reviewed as a new registration method. Through deep learning learning, an
embedding vector for facial recognition of a dog was created and a method for identifying each dog individual was experimented.
We built a dog image dataset for deep learning learning and experimented with InceptionNet and ResNet-50 as backbone networks.
It was learned by the triplet loss method, and the experiments were divided into face verification and face recognition. In the
ResNet-50-based model, it was possible to obtain the best facial verification performance of 93.46%, and in the face recognition
test, the highest performance of 91.44% was obtained in rank-5, respectively. The experimental methods and results presented in
this paper can be used in various fields, such as checking whether a dog is registered or not, and checking an object at a dog
access facility.
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Table 1. Accuracy results of cat face identification

Identification Accuracy
M k Mean Min Max
1 1 47.45% 45.18% 49.42%
2 3 70.78% 68.97% 72.52%
3 4 77.19% 75.15% 79.28%
4 5 81.32% 78.89% 83.95%
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Table 2. Data augmentation methods applied on experiments

Augmentation Values
bright=0.3,
hue=0
Horizontal flip 0.3
Random rotation -10~10k
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Table 3. Summary of InceptionNet based experiments
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Iltems Exp. 1 Exp. 2 Exp. 3 Exp. 4
Number of epochs 200
Dataset split Train:Test = 7:3
Common values
Learning rate 1.00E-04
Dropout rate 0.5
Hard triplet ratio 0.4 0.2 0.2 0.2
Hyper- Triplet margin 10 10 05 0.2
parameters
Threshold for verification 1.2 1.2 1.1 0.8
Verification 86.22 89.35 90.22 90.01
Accura(coj'o)resuns Recognition_rank1 71.51 71.33 71.60 73.60
Recognition_rank5 84.60 85.46 84.83 86.10
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Table 4. Summary of ResNet-50 based experiments
Exp. 5
L2 (Pretrained=false) =5 =g v =5, 6
Number of epochs 200
Dataset split Train:Test = 7:3
Common values
Learning rate 1.00E-04
Dropout rate 0.3
Hard triplet ratio 0.2 0.2 0.2 0.2
iy Triplet margin 05 06 03 05
parameters
Threshold for verification 1.2 1.2 0.8 1.2
Verification 90.47 92.00 93.46 93.23
Accura(if)resu'ts Recognition_rank1 60.96 81.15 77.49 80.16
(o]
Recognition_rank5 78.80 91.16 90.8 91.44
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