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Abstract—Aiming at the abnormal driving behavior monitoring and recognition scenario, this paper proposes a
transfer learning abnormal driving behavior recognition method based on the picture enhancement abnormal driving
behavior recognition method and pre-processing model of the EfficientNet. First, the picture is enhanced by rotating,
cutting, panning, etc. when loading the picture, and then the model pre-trained on the large-scale picture database
ImageNet is used to obtain the model feature weights, and then the full connection layer of the custom preprocessing
model makes the model more efficient and effective on the abnormal driving behavior dataset. Eexperimental results
show that the accuracy of the proposed algorithm is as high as 99%, and the feasibility and effectiveness is proved.
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EfficientNet-B0 76.3% 93.2% 5.3M 1x 0.398 1x
ResNet-50 (He etal, 2016) 76.0% 93.0% 26M 4.9x 4.1B 1x
DenseNet-169 (Huang et al., 2017) 76.2% 93.2% 14M 2.6x 3.5B 8.9x
EfficientNet-B1 78.8% 94.4% 7.8M Ix 0.70B Ix
ResNet-152 (He et al., 2016) 77.8% 93.8% 60M 7.6x 11B 16x
DenseNet-264 (Huang et al., 2017) 77.9% 93.9% 34M 4.3x 6.0B 8.6x
Inception-v3 (Szegedy et al., 2016) 78.8% 94.4% 24M 3.0x 5.7B 8.1x
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EfficientNet-B2 79.8% 94.9 % 9.2M Ix 1.0B Ix
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AmoebaNet-C (Cubuk et al., 2019) 83.5% 96.5% 155M 5.2x 41B 4.1x
EfficientNet-B6 84.0% 96.9% || 43M 1x | 198 Ix
EfficientNet-B7 84.4% 97.1% 66M 1x 37B Ix
GPipe (Huang et al., 2018) 84.3% 97.0% 557T™M 8.4x - -
We omit ensemble and multi-crop models (Hu et al., 2018), or models pretrained on 3.5B Instagram images (Mahajan et al., 2018).
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