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Scene Recognition for Digital Cameras with Deep Learning Technology
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ABSTRACT

In recent years, controlling exposure, focus, and white balance so that they are suitable for scenes on

digital cameras have been required, but the recognition categories of our scene recognition technology
was determinative. Therefore, we have used deep learning technology for scene recognition, and it is
possible to improve the recognition rate substantially by more than in the past and expand the
recognition categories. We have developed a shared convolutional neural network method to save

memory and increase throughput by more than when using a simple way.

* U a—ICTHFZERT v AT LWffZER v 2 —

System Research & Development Center, Ricoh Institute of Information and Communication Technology

Ricoh Technical Report No.42 9 FEBRUARY, 2017



FREBH

WTETOHNH A TITBNT, =l L7
H, 74— A, KRUA MNRT U R EOHIENC X
DR R E R A R T AENEEND LI
o T&ETCWA. BlxiE, Fig. 1D X 5 IZH{ED
/—/%muﬁﬁkf‘%ﬂﬁf, TUHINII AT T — L

L7 B iR R 5 2 & T, BRkx
TR — B W E

ATTTHiG

v

¥ R AL

Fig. 1 Example of scene recognition.
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Fig.2 Example of convolutional neural networks for scene recognition.
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Fig.4 Example of shared convolutional neural networks.
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Fig. 5 Example of multi category image.
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Fig. 6 Example of learning for category 1.
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Fig. 7 Example of learning for category 2.
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Fig. 8 Result of scene recognition.
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