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Improving Animal Recognition Accuracy using De-fencing
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Abstract: When a computer recognizes an animal on an image, an accuracy of animal recognition decreases
if a part of the animal’s body is covered by fences. On the other hand, when a human recognizes a object
on the image, it is known to be possible to remove and supplement the fences, and recognize the object,
even if a part of the object is covered by fences. In this research, we aim to improve the accuracy of animal
recognition using de-fencing on computer.
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Fig. 1 Error rate of ILSVRC
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Fig. 2 Win5-RB model
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Fig. 3 Flow chart of proposed method
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Fig. 4 Role of de-fencing system.
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Fig. 5 How to make a fence mask.
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Fig. 6 How to make pseudo fenced images.
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Fig. 7 Three fenced images.
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Fig. 8 Three types of fence mask images.
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Fig. 9 Noise caused using Win5-RB.
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Table 1 Effectiveness of de-fencing pseudo fenced images
(RMSE, SSIM).
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Table 2 Comparison of un-fenced images with pseudo fenced
images (NDCG).
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Table 3 Comparison of pseudo fenced images (NDCG).
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Table 4 Comparison for real fenced images (NDCG) .
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Fig. 10 Examples of un-fenced images
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Fig. 11 Examples of pseudo fenced images
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