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Abstract: Vehicle recognition technology plays an important role in intelligent transportation system. This paper studies a vehicle
recognition algorithm based on fast RCNN.Firstly, image detection is carried out through the target detection network, and feature
extraction is carried out by using the convolution feature.Then, based on the fast convolutional neural network of frame region, the
vehicle is precisely detected and the target region is segmented. Finally, based on Softmax-SVM integration model, the identifica-
tion of vehicle models is realized.Experiments show that the proposed algorithm can reduce the multiplicity of calculation and im-
prove the accuracy, sensitivity, specificity and precision.
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Training on single GPU.
Initializing image normalization.
| |
| Epech | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning |
| | | (hh:immiss) | Accuracy | Loss | Rate I
i PR 1200 1 00:13:20 | 100, 0% | 0.0019 | 1.00002-05 |
| 24 | 1450 | 00:13:49 | 100. 00% | 0.0016 | 1.0000e=05 |
| 24 | 1500 | 00:14:17 | 100. 00% | 0.0080 | 1.0000-05 |
| 25 | 1550 | 00:14:45 | 100. 00% | 0.0017 | 1.0000-06 |
| 26 | 1800 | 00:15:13 | 100, 00% | 0.0032 | 1.0000e-08 |
| 271 1660 | 00:186:41 | 100.00% | 0.0017 | 1.0000e-06 |
| 27 | 1700 | 00:16:10 | 100.00% | 0.0015 | 1.00002-06 |
| 28 | 1750 | 00:16:38 | 99.22% | 0.0085 | 1.0000e-06 |
| 29 | 1800 | 00:17:06 | 100. 00% | 0.0027 | 1.0000-06 |
| 301 1850 | 00:17:34 | 100.00% | 0.0028 | 1.0000e-06 |
| 3t | 1900 | 00:18:04 | 100.00% | 0.0026 | 1.00002-06 |
| st | 1950 | 00:18:35 | 100.00% | 0.0066 | 1.00002-06 |
| 321 2000 | 00:19:03 | 100. 00% | 0. 0061 | 1. 0000=-08
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