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Object Recognition and Pose Estimation Based on Deep
Learning for Visual Servoing
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Abstract: Recently, smart factories have attracted much attention as a result of the 4th Industrial
Revolution. Existing factory automation technologies are generally designed for simple repetition
without using vision sensors. Even small object assemblies are still dependent on manual work. To
satisfy the needs for replacing the existing system with new technology such as bin picking and visual
servoing, precision and real-time application should be core. Therefore in our work we focused on the
core elements by using deep learning algorithm to detect and classify the target object for real-time and
analyzing the object features. We chose YOLO CNN which is capable of real-time working and
combining the two tasks as mentioned above though there are lots of good deep learning algorithms
such as Mask R-CNN and Fast R-CNN. Then through the line and inside features extracted from target
object, we can obtain final outline and estimate object posture.

Keuwords: Object Detection, Object Recognition, Deep Learning, Line Detection, Hough Transform,

Perspective-Transform, Pose Estimation
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[Fig. 1] Flow chart of object detection system
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[Fig. 2] YOLO Structure for Object Region Detection



[Fig. 3] Detected target object (left: cover, right: body) and ROI
(black bounding box)
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[Fig. 4] left: Canny edge detection, middle: skeleton detection,
right: Sobel edge detection
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[Fig. 5] left: LSD algorithm applied to the combination of
Canny edge detection result and skeleton result images, middle:
LSD algorithm applied to Sobel edge detection result image,
right: A combination image of left image and middle image
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[Fig. 6] (a) Outline candidates detection using hough transform,
(b) Multiple intersection points from outline candidiates
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[Fig. 7] Candidate vertices clustering
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[Fig. 8] Optimal vertex detection with reference to peripheral pixels
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[Fig. 9] Acquisition and Ordering vortices for optimal outline detection
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[Fig. 10] Final outline detection result
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[Table 1] Training and Test Data

No. of Training Data 200,000 images

No. of Test Data 120,000 images
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[Table 2] Experimental Results of Object Recognition and Pose
Estimation

Object Detection & Recognition

Conveyor Velocity 23~25 m/min
Image Size 640 x 480 pixel
False Negative Rate 1.27%

Error Rate 1.29%

Frame Rate 22.5 tps

Real-time Pose Estimation

Landmark Detection Rate | 92.23%
Rotation Error Rate 10.17%

Center Point <4 (15 pixels) mm
Accuracy -

Rotation <1 degree

[Fig. 12] Final Object Recognition & Pose Estimation result
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