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Abstract

Compared to the continuously increasing dog population and industry size in Korea, systematic analysis of related data and
research on breed classification methods are very insufficient. In this paper, an automatic breed classification method is proposed
using deep learning technology for 14 major dog breeds domestically raised. To do this, dog images are collected for deep
learning training and a dataset is built, and a breed classification algorithm is created by performing transfer learning based on
VGG-16 and Resnet-34 as backbone networks. In order to check the transfer learning effect of the two models on dog images, we
compared the use of pre-trained weights and the experiment of updating the weights. When fine tuning was performed based on
VGG-16 backbone network, in the final model, the accuracy of Top 1 was about 89% and that of Top 3 was about 94%,
respectively. The domestic dog breed classification method and data construction proposed in this paper have the potential to be
used for various application purposes, such as classification of abandoned and lost dog breeds in animal protection centers or
utilization in pet-feed industry.
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Table 1. Costs of Rescue and Care for Lost Pets

Year 2017 2018 2019 2020 | CAGR

Amount
(Unit: 100MWon)

156 200.4 232 2671 19.6%
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Fig. 1. Lost Dog Information on the Website of Pet Care Center
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Table 2. Effective Number of Images in Dog Breed Data Collection

No Breed Name Number of No Breed Name Number of
’ (Label in Code) Images ’ (Label in Code) Images
Bichon Frise Maltese
1 (bich) 323 8 (malz) 270
Bulldog Pomeranian
2 (buld) 233 9 (pome) 283
3 Border Qolhe 274 10 Poodle 297
(coli) (pudl)
Chihuahua Schnauzer
4 (chua) 177 11 (schn) 249
Dachshund Shih Tzu
5 (dach) 257 12 (sizu) 248
6 Golden Retriever a4 13 Welsh Corgi 182
(retr) (wels)
Jindo Yorkshire Terrier
7 (jind) 237 1 (yokt) 216
Total Number of Images: 3,420

T 3. B0 ARRE HO[EAL
Table 3. Datasets used in Experiments

Name Source Number of Images Applied Network
DS1 Downloaded from Github 8,351 VGG-16, Resnet-34
DS2 Collected from web crawling 3,420 VGG-16, Resnet-34
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Table 5. Summary of Two-Stage Experiments
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