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Traffic Violation Evidence Evaluation Based on YOLOvV2 and SqueezeNet
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Abstract ; Aiming at the problem of the high predictive rate of traffic violation images cap-
tured by reverse traffic monitoring, a multi-scale traffic violation evidence evaluation meth-
od based on migration learning is proposed. A detection network is constructed that uses
SqueezeNet as the feature extraction layer and YOLOv2 as the target detection layer to fuse
high-resolution fine-grained features. Through the convolutional neural network algorithm

the model is trained to learn the characteristics of the captured vehicle image, identify the
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only illegal traffic vehicle in the image, and retrain to identify the central area where the

driver is located. Under the condition that the ability of feature recognition and extraction

remains unchanged, SqueezeNet is retrained by transfer learning to classify the image of

the driver’s central area as good or bad, and the clear image of traffic violations is submit-

ted to manual review. Experimental results show that this method improves the detection

accuracy of illegal vehicles to 99. 3% , the detection accuracy of key areas where the driver

is located to 96.3% , and the image quality evaluation accuracy to 92. 6% , which greatly

reduces the workload of manual review.

key words ; traffic violation ;image recognition ; detection of a convolutional network ;image

quality ; transfer learning
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