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Abstract

This research uses the object detection technology with Yolo V3 algorithm to recognize and
locate the target object, and measures the image depth of the object with the stereo vision
technology, and combines them with the Borland C++ Builder program to develop the user
interface and the control program of the six-axis robotic arm. The functions of object detection,
stereo vision ranging, and robotic arm control are completely integrated in the Borland C++
Builder environment. The current research results have found that the robot arm can successfully
attach milking cup on nipple model within image depths from 20cm to 35cm. If it exceeds this
range, the attaching performance will be decreased. The main reason is that the error of the image
depth detected by the stereo vision technology will increase through the increase of the actual
object distance. The research will further improve the accuracy of the image depth to make the
system more reliable and practical in the future.

Keywords: 6-axis Robot Arm, Stereo Vision, Deep Learning
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