Journal of Korea Multimedia Society Vol. 20, No. 8, August 2017(pp. 1271-1281)

https://doi.org/10.9717/kmms.2017.20.8.1271

tE ANE AL
A A%
gz’

F3 B
25 0
E

A New Object Region Detection and Classification Method
using Multiple Sensors on the Driving Environment

Jung-Un KimT, Hang-Bong KangH

ABSTRACT

It is essential to collect and analyze target information around the vehicle for autonomous driving

of the vehicle. Based on the analysis, environmental information such as location and direction should
be analyzed in real time to control the vehicle. In particular, obstruction or cutting of objects in the image
must be handled to provide accurate information about the vehicle environment and to facilitate safe
operation. In this paper, we propose a method to simultaneously generate 2D and 3D bounding box
proposals using LiIDAR Edge generated by filtering LiDAR sensor information. We classify the classes
of each proposal by connecting them with Region-based Fully-Covolutional Networks (R-FCN), which
is an object classifier based on Deep Learning, which uses two-dimensional images as inputs. Each 3D

box is rearranged by using the class label and the subcategory information of each class to finally complete

the 3D bounding box corresponding to the object. Because 3D bounding boxes are created in 3D space,
object information such as space coordinates and object size can be obtained at once, and 2D bounding
boxes associated with 3D boxes do not have problems such as occlusion.
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Fig. 1. System overview, The upper row shows the process in the two—dimensional CCD space, and the lower row
shows the process in the three—dimensional LIiDAR space. The LIiDAR Point cloud is filtered through the
two—dimensional and three—dimensional space to create an 'object proposal' that represents the area of the

object,
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Fig. 2. (a) is the original input image, (b) is the projected image of the Pyane in the two—dimensional CCD space,
and (c) is the result of generating the two—dimensional LiDAR Edge through filtering,
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Fig. 3. 3D LiDAR Point Cloud, Pppane filtering result, The
left side is Pplane before filtering and the right
side is Pplane after filtering. You can see that
most of the noise points inside the object are
arranged.
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Fig. 4. A box proposal based on the boundary of a filtered 2D LiDAR Edge.
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Table 1. Experimental results of the KITTI Dataset
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Method
E M M E M
3DVP 87.46 75.77
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Regionlet 84.75 76.45 73.14 64.19 74.08 61.31
SDP 90.33 83.53 71.74 61.15 70.41 58.72
Ours 95.42 88.53 81.78 65.72 72.11 60.85

Table 2. Experimental results of the Pascal VOC

Method Training data Test data mAP (%) Test time (s/image)
RPN 07+12 KITTI 7.7 0.37
SS 07+12 KITTI 77.4 2.21
Edgebox 07+12 KITTI 78.2 0.35
Ours 07+12 KITTI 82.4 0.17
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Table 3. The AP change according to the IOU rate
Method Training data Test data AP@ 05 AP@ 0.7 AP@ 09
RPN 07+12 KITTI 84.8 774 55.2
SS 07+12 KITTI 86.3 80.4 58.4
Edgebox 07+12 KITTI 87.1 81.1 59.7
Ours 07+12 KITTI 89.7 82.5 77.2
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