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Research on obstacle detection and distance measurement for
intelligent vehicle based on monocular vision

ZHANG Yu, ZHAO Fengkui, ZHANG Yong
(College of Automobile and Traffic Engineering, Nanjing Forestry University, Nanjing 210037, China)

[ Abstract] In the autonomous driving scenario, in order to achieve object detection and distance measurement of obstacles in front
of intelligent vehicles, a method for detecting the obstacles and measuring the distance between the ego vehicle and the obstacles is
proposed. The YOLOv3 neural network model is optimized and trained in advance, then it is used to detect the vehicles and
pedestrians in video on-line. The trained model would output the bounding box of the objects. Based on the similar triangle distance
measurement algorithm, with the center point at the bottom line of the bounding box as the reference point, one algorithm to
measure the distance of the front object away from the ego vehicle is designed. The indoor and outdoor experiments are conducted.
The experimental results show that the relative absolute error of the algorithm is 2.71% indoors, while the average relative error is

3.81% outdoors. It demonstrates the proposed algorithm could detect the objects and measure the distance effectively.
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Fig. 1 Imaging model of the camera
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Tab. 1 Intrinsic and extrinsic parameters of the camera
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Ja f» Cy Cy k, ky
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Tab. 2 Laboratory experimental results

5 SERREE/m AR/ /m 4XHRZE/m MR/ %

1 5 5.12 0.12 2.40
2 10 10.27 0.27 2.70
3 15 15.34 0.34 2.21
4 20 20.46 0.46 2.30
5 25 25.61 0.61 2.44
6 30 30.96 0.96 3.22
7 35 36.24 1.24 3.54
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Fig. 7 AE of laboratory experimental results
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Tab. 3 Outdoor experimental results of vehicles

P SEPRBEES/m JWETEEE/m o AXTER2E/m MIXTERZE %
1 5 5.12 0.12 2.40
2 15 15.46 0.46 3.01
3 25 25.78 0.78 3.12
4 35 36.45 1.45 4.14
5 45 46.72 1.72 3.82
6 55 56.98 1.98 3.60
7 65 67.39 2.39 3.68
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Tab. 4 Outdoor experimental results of pedestrians

JP5 SEBREER/m WSEERS/m 4aXFER2E/m AHXTIR2E/ %

1 7 7.31 0.31 4.42
2 10 10.23 0.23 2.30
3 26 26.78 0.78 3.00
4 49 51.34 2.34 4.78
5 57 60.12 3.72 6.52
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