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Abstract An accurate and convenient individual identification method for dogs is required alongside the
increasing number of dogs to handle the issue of abandoned and lost dogs or expand the pet dog
industry with advanced technology. Specifically, some researchers have applied human biometric
technology to dogs to meet these requirements. Relatedly, nose pattern image recognition is a
representative method in dog biometric technology. However, since the dogs don't cooperate during
imaging, many resulting images for nose pattern recognition are of low quality. Using these low-quality
images results in a lower recognition rate for dog nose pattern. Therefore, this research proposes
improving dog nose pattern recognition by classifying the image quality with a deep learning model.
Fifty-five original images collected from 11 dogs were used to generate a dataset of 5,500 images by
reelecting ten distortion factors that may occur during image collection. VGG16 was used as a deep
learning classifier in this study. The deep learning classifier achieved an average quality classification
accuracy of 86.65 % for the dog nose pattern images. The classification performance by image distortion
type was in the order of brightness (91.52 %), sharpness (87.65 %), contrast (86.43 %), and noise (82.58
%). In conclusion, the proposed method is expected to improve the recognition rate and reduce the
number of unnecessary recognition processing in dog nose pattern recognition.
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Fig. 2. Original nose pattern images of 11 dogs
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Fig. 3. Structure of VGG16 with trasfer learning
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Table 1. Summary of the artificially distorted image dataset

Number of Images
Image Distortion Python Function Parameters Range
Positive Negative
High value 1.5 ~ 15.0 271 279
Contrast ImageEnhance.Contrast()
Low value 0.04 ~ 0.40 270 280
Vertical Blur kernel size 3 ~21 279 271
cv2.filter2D()
Sharpness Horizontal Blur kernel size 5~23 275 275
Gaussian Blur cv2.GaussianBlur() value 3 ~ 21 281 269
High value 1.5 ~ 6.0 285 265
Luminance ImageEnhance.Brightness()
Low value 0.04 ~ 0.40 275 275
White Gaussian img + np.random.normal() sigma 1.73 ~ 5.48 272 278
Artifacts Salt & Pepper img[np.random.randint()] amount 0.0051 ~ 0.051 275 275
Compression cv2.imwrite() quality 4 ~ 40 280 270
Sub Total 2,763 2,737
Total 5,500
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Table 2. Result of VGG16 transfer learning

K-fold Accuracy(%)
dataset Validation Test
Ist 86.27 84.69
2nd 89.79 85.69
3rd 91.02 87.77
Average 89.03 86.05
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Table 3. Result of VGG16 fine-tuning

K-fold Accuracy(%)
dataset Validation Test
1st 87.08 86.05
2nd 90.88 86.32
3rd 91.23 87.59
Average 89.73 86.65
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Table 4. Image quality classification accuracy according to the image distortion

Classification Accuracy(%)
Image Distortion
1st 2nd 3rd Average
High 83.78 88.2 86.4 86.1
Contrast 8 3 ? ? ? 86.43
Low 88.18 83.63 88.18 86.66
Vertical Blur 89.19 88.29 94.59 90.69
Sharpness Horizontal Blur 84.55 86.36 87.27 86.06 87.65
Gaussian Blur 84.68 85.59 88.29 86.19
) High 92.73 93.64 93.64 93.34
Luminance 91.52
Low 91.81 89.09 88.18 89.69
White Gaussian 81.08 81.08 81.98 81.38
Artifacts Salt & Pepper 74.55 79.09 78.18 77.27 82.58
Compression 90.00 88.18 89.09 89.09
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