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Vehicle detection based on faster-RCNN
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b. School of Software Engineering, Chongqing University, Chongging 400044, P.R.China)

Abstract: As one of the object detection, vehicle detection, which has been a hot research area in recent
years, is one of the important application in intelligent transportation system. To figure out the problem
that vehicle detection is lack of the ability of vehicle category recognition, we adopted the strategy of
integrating the Faster-RCNN ( region-based convolutional neural networks) model with 3 different
convolutional neural networks (ZF, VGG-16 and ResNet-101) respectively. By comparing the vehicle
category recognition results of the 3 integrating strategies on BIT-Vehicle database and CompCars
database, the strategy integrating the Faster-RCNN model with ResNet-101 shows the best result among
the 3 models and recognition accuracy reaches 91.3% on BIT-Vehicle database. On the migration test
CompCars database, 3 strategy models show good generalization ability.
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Fig.1 The example of images of BIT-Vehicle dataset Fig.2 The example inages of CompCars dataset
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Table 1 Detection results on BIT-Vehicle database

T Bus Microbus Minivan Sedan Suv Truck mAP

Dong et al.!'™ 0.98 0.84 0.83 0.84 0.91 0.90 0.8811
Faster-RCNN + ZF 0.909 1 0.904 9 0.898 2 0.908 5 0.903 2 0.901 5 0.904 2
Faster-RCNN + VGG 0.909 1 0.906 5 0.901 9 0.906 7 0.898 5 0.903 3 0.904 3
Faster-RCNN + ResNet 0.906 2 0.944 2 0.906 7 0.906 3 0.912 5 0.900 7 0.912 8
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Table 2 Detection results on BIT-Vehicle database

Pikzs Random_Comp Comp
Faster-RCNN + ZF 0.681 55 0.790 3
Faster-RCNN + VGG-16 0.724 15 0.825 8
Faster-RCNN + ResNet-101 0.769 05 0.851 1
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Fig.3 Parts of Faster-RCNN with ResNet101
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