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Research on severe weather recognition based on ResNet50
LIU Aogiang, ZHANG Xu
(School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China)
[ Abstract] Severe weather classification is a very basic and important technology, which has many potential applications, such as
automatic driving and traffic warning. Due to the diversity, variability and high dependence of weather features, it is a challenging task
for the traditional image classification and recognition technology. The research proposes the severe weather recognition method based
on ResNet50, increases HDA layered depth aggregation,and improves the accuracy of weather classification. The experimental results
show that the classification and recognition accuracy of the improved ResNet50 deep learning model for severe weather database is

95.1% , which proves that the convolutional neural network based on the improved structure has better classification accuracy.
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Fig. 1 Schematic of the basis of the ResNet50 model for weather classification
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Fig. 2 Aggregation architecture
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Fig. 3 Flow chart of the proposed weather condition classification

system
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Fig. 4 Examples of each class in the dataset
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Fig. 5 Comparison of the experimental accuracies of different
learning models for the four weather types
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Tab. 1 Classification results of average accuracy of each experimental

model %
ik Accuracy
AlexNet 89.4x1.0
VGG16 91.2+0.8
ResNet50 93.5+0.5

The proposed 95.1+0.3
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