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Abstract Damage to agriculture and forestry caused by wildlife has become one of the most serious social problems in Japan. In
order to solve this problem, camera trap images have been used to understand wildlife habitat information. However, with the increase
in the number of images, it has become difficult for researchers to examine a huge number of images. In this study, we propose a new
DNN model for wildlife type recognition, and aim to improve the recognition accuracy by augmenting the training dataset for type
recognition and head count estimation using GAN. Evaluation experiments of the proposed method are conducted to show the

usefulness of the proposed method.
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Fig. 1 Overview of the DReW system.
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Fig.2 Image Generation with GauGAN.
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Table 1 Experimental results of type recognition evaluation.

R HETERRR(% )

FET— A~ ResNet50 Efficenti st56 Vi-B/16
A TFIERR 86.3% 92.7% ¢+6.4%)  77.1% 9.2%)
BT 83.0% (-3.3%) 90.6% +4.3%) 73.9% 12.4%)
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Table 2 Flscore for Japanese badger and Japanese raccoon dog.
HEIEFAfE(% )

EfficientN etB 6 Vir-8/16

BT 85.2% 91.3% ¢6.1%) 72.1% C13.1%)

B e 79.0% 90.7% (+11.7%)  65.0% 14.0%)

SRy # % 758% (9.4%) 87.2% ¢2.0%) 67.5% 17.7%)

=HRLT S/~ T1A% (1.9%)  78.0% (1.0%)  58.1% (20.9%)
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Table 3 Accuracy for noisy images.
HBEERRE()

FRT— b ResN et50 EffiolentN et-B6 ViT-B/16
TERTFUENR 83.1% 89.7% +6.6%)  73.5% (9.6%)
PR TR 81.5% (-1.6%) 89.2% *+6.1%) 69.7% 13.4%)
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Table 4 Experimental results of the evaluation of head count.
FEEETEMRR(% )

Sk 7 — 7 A B TR TN
188 89.5% 88.0% (-1.5%)
250 62.7% 65.6% ¢-2.9%)
380 52.5% 56.9% ¢-4.4%)

48ALL | 38.2% 42.7% ¢-4.5%)
E(E 85.3% 84.5% (-0.8%)
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