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Abstract: Among object detectors using deep learning, those that deal with distance information have been actively studied
in recent years. However, the conventional detector has a large network structure, and real-time performance has been
impaired. Therefore, in this research, a stereo camera is assumed, and a 3D object detector is constructed by using a depth
and a color image as input. The network architecture is based on YOLOV3 and is extended to three dimensions in part of the
input layer and the intermediate layer. We verified the effectiveness of this detector using a dataset. As a result, the
proposed model was able to output 3D information and the processing speed was 44.41ps.
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Conv2D(kernel filter size): 2D Convolution + Batch Normalization
Concatenate: Concatenate two tensors with a channel axis as a reference.
Upsampling nx: Enlarge the area n times.
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~  Xgrid Ygrid Zgrid : The output grid coordinates.

' (Range: 1 to 26)

Xout Yout Zout  The center point value of a bounding box.
(Range: 0to 1)

Wout hout : The width and height of a bounding box.

(Range: 0 to 1)
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