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Weather classification algorithm based on global-local attention mechanism
CHENG Yu, CHEN Honggang, WANG Zhengyong, QING Linbo, WU Xiaohong
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[ Abstract] Weather classification algorithm is an important part of outdoor traffic video analysis and computer vision applications.
To meet the requirements of weather classification in terms of diversity and accuracy, a multi—class weather classification algorithm
based on global-local attention mechanism is proposed for outdoor traffic images are used for weather classification. First, the image
feature map is obtained by using the basic network ResNet; then, an improved channel attention model is constructed to introduce
global attention branch, and features that can fully represent global information are obtained by stacking a series of convolutional
layers, non-linear layers and pooling layers. Combining with the local attention branch network, the most discriminative local
features with the semantic information of the image are obtained. Finally, the enhanced feature map is applied to the weather

classification model.
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Tab. 1 Weather classification results of proposed method

Classification result

Weather ~ Number Accuracy/ %
Clear Cloudy Hazy Rainy Snowy
Clear 4144 4025 119 0 0 0 97.13
Cloudy 4831 362 4 441 28 0 0 91.93
Hazy 3547 0 58 3249 186 54 91.60
Rainy 3209 0 30 177 2910 92 90.68
Snowy 4269 0 43 60 144 4022 94.21
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Tab. 2 Comparison of weather classification results %
Clear Cloudy Hazy Rainy Snowy Avg_Acc
ResNet—50 76.66 76.80 61.94 58.27 69.07 68.55
ResNet—50+GAM 90.48 87.81 85.81 80.10 88.07 86.45
ResNet—50+LAM 77.87 89.15 75.71 70.20 71.33 76.85
ResNet—=50+GAM+LAM ( Proposed ) 97.13 91.93 91.60 90.68 94.21 93.11
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