$£9% HoH g2 g it E Ml §E B A
Vol.9 No.6

2019 &£ 11 A

Intelligent Computer and Applications Nov. 2019

X EHE . 2095-2163(2019)06-0214-03 FE S TP391.41 XikERER: A

EFSRMEMANRSARIAN T ETR

WXE, Kigk, XNiEF
(RBREMEAE HENRZE5ERTEFR, BRIE 150025)

B B BT R RG], A H— A T E R 2 M4 R BGRBIEOAR . RIS TLE R 2r K7 I
T T E RO A SCR IR 104 B 22 0 25 K7D DenseNet, [ 21y £ UG i A 0SB G A RFAE 388 3od X [R] — it a0
SRR B R 4 RTINS U, A B R A R TR AE R SIS R W] 12 TR R R A IR BIE B T U
HIRCR I HARES T GE R D5 TR I8 1 SE s P 98 4 0 1 ]
KA RGP, WET; FA 22 BRMEML

Research of weather phenomena recognition method based on CNN
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('School of Computer Science and Information Engineering, Harbin Normal University, Harbin 150025, China)

[Abstract] In order to realize the recognition of weather phenomenon based on pictures, this paper proposes a weather
phenomenon recognition technology based on convolutional neural network. Deep learning has shown great advantages in image
classification. This paper uses the latest convolutional neural network model densenet to automatically extract the characteristics of
each weather phenomenon in the image, by the training and testing the weather in the same place, such as sunny, overcast, rain and
snow, the final recognition result is obtained. The experimental results show that the method achieves the expected effect on the
weather recognition in the picture, and reduces the experimental steps and shortens the time compared with the traditional method.
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Fig. 1 CNN training process
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Fig. 2 DenseNet model structure diagram
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Fig. 4 Training and verification accuracy

Loss

0 2.5 5.0 7.5 10.0 125 15.0

17.5 20.0

Number of iterations
B 5 &S iERkE

Fig. 5 Training and verification loss values
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