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B 3 DenseNet Z5#4

Convolution

x2 REUAKHEED

Layers Output Size Model
Convolution 112 x112 7 x 7 conw, stride =2
Pooling 56 x56 2 X 2 max pool, stride =2
1 x1 conw
Dense Block(1) 56 x 56 [ ] x6
3 % 3 conv
56 x 56 1 x1 conw
Transition Layer(1)
28 x 28 2 x 2 average pool, stride =2
1 x1 conv
Dense Block(2) 28 x28 [ ] x12
3 x 3 conv
28 x28 1 x 1 conv
Transition Layer(2)
14 x 14 2 x 2 average pool, stride =2
1 x1 conv
Dense Block(3) 14 x14 [ ] x 48
3 x 3 conv
14 x 14 1 x1 conv
Transition Layer(3)
7x7 2 x 2 average pool, stride =2
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3 x 3 conw
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6D fully-connect, softmax
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FaPHET 5 AR RIS ER R R E
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SHEAEZ S, A SCHHE A DenseNet T ] 45 155
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BG4 S B0 A B XM A S R
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4 99.53 97.13 0.000432
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Research and application of deep learning in multi-weather
classification algorithms

Chen Siwei, Jia Kebin, Wang Congcong, Liu Jun
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124 )
Abstract

Aiming at the problem of multi weather recognition and classification, an automatic weather classification algo-
rithm based on deep learning and computer vision is proposed. A multi weather phenomenon dataset is collected
and established, which includes six kinds of weather; haze, dust, rain, snow, frost and dew. It is suitable for any
scene, and improves the problem of small scale, single type and specific scene only. The deep convolutional neural
network (CNN) model is built with the structure of intensive connection and pool equilibrium. The characteristics
and internal laws of weather data are trained and mined, and the automatic classification of weather phenomena is
realized with the method of deep learning. The experimental results show that compared with traditional computer
vision algorithm, this paper solves the problem of relying heavily on feature extraction and single applicable scene;
at the same time, compared with most depth network models, it has fewer parameters, higher recognition accuracy,
and greatly improves the generalization performance.

Key words: multiple weather classification, deep learning, convolutional neural network (CNN) , DenseNet,

transfer learning
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