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Abstract: In the intelligent transportation system, aiming at the problem of low portability and speed of detection in ve-
hicle target detection algorithm, a vehicle detection method based on SqueezeNet convolutional neural network was pro-
posed. In order to realize the rapid detection of vehicle targets, improve the portability and shorten the detection time of
the single frame, the model was trained on the UA-DETRAC dataset by fusing the SqueezeNet with the single shot mul-
tibox detector (SSD) algorithm. The experimental results showed that the time of the single frame detection could reach

22.3 ms and the model size was 16.8 MB. Compared with the original SSD algorithm, the model size was reduced by

Vol.4 No.3
September 2020

about 8/9. At the same time, the accuracy of the proposed model was guaranteed.
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