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Deep learning technologies in the field of computer vision are gradually introducing into our daily life.

These

technologies have been achieved by introducing the methods that improve recognition performance, such as deeper

models, a method of stability training of the deeper model.

Moreover, to achieve the productization, the visual

explanation that explains the decision making of deep learning to a user has been proposed. In this paper, we
present a trend of deep learning technologies, which have been used on image recognition methods such as image

classification, object detection, and visual explanation.
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VAT =0 RLELTCHFEHTESL L1240, CNN R—2
DOHEEDFDOREE N X 512 E L7z, ResNet BRI N7z
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1%, Region Proposal Network (RPN) %X 1(a) @ & 523
ALTHY, YikEiisgoktt e, A7) e v
T4V IRY 7 ADEIEE 1 DD %y b7 —2 T End-to-End
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BRI —REIZ AW S TV,

Batch Normalization 1%, FEDF v > 2% I =Ny F
AT CIEHMEL, FEE 0 Lot 1127 5. 2(a) D &
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