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multi-variety production environments. The system randomly identifies input
components using a combination of SIFT, template matching, and U>-Net
algorithms. U?-Net, along with edge detection, was employed to detect burr
regions precisely. The identified burr regions were processed through an
optimized robot trajectory and refined using jerk minimization and collision
avoidance techniques. To overcome the trajectory resolution limitations of the
legacy Yaskawa robot controller, a proxy server architecture was introduced that

Keywords:
Robot trajectory planning

Path optimization

Scale-invariant feature transform (SIFT) enabled high-resolution path execution beyond native constraints. This integrated
U?-Net algorithm approach improves recognition accuracy, deburring efficiency, and automation
Vision-based recognition flexibility, demonstrating the practical feasibility of labor-intensive die casting
Multi-product deburring post-processing tasks in smart manufacturing.
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Original Vieion Image U’ -Net Segmented Image Reference Drawing

U’ -Net Predicted
Boundery

Detected Burr Region

Difforance In Contours

Standerd Referance
Boundary

Contours of Image 1 Contours of Imaga 2

Fig. 3 Buir region detection via contour comparison between
U-Net output and standard reference

Depth Extraction Predicted Segmentation

Input Image data U? — Net Architecture

Fig. 4 U-Net-based encoder—decoder segmentation pipeline
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Table 2 Definitions and formulas of evaluation metrics

Metric Formula Description
.. TP Proportion of predicted
Precision TN "
TP+ FP positives that are actually true
Recall P Proportion of actual positives
TP+ FN that are correctly identified
. Harmonic mean of precision
Fl Precision « Recall d 1. balancing both
-score Precision+ Recai | 200 Tecall, balancing bo
metrics
IoU P Overlap ratio of prediction and
0 TP+ FP+FN ground truth

€TP: True Positive, FP: False Positive, FN: False Negative

Table 3 Performance comparison of burr detection algorithms

Method Precision Recall F1-score IoU
Thresholding 0.62 0.49 0.55 0.41
Sobel edge 0.68 0.52 0.59 0.44
Canny edge 0.72 0.57 0.63 0.48
U-Net
0.85 0.79 0.82 0.71
(proposed)
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Fig. 5 Customized motion planning architecture with Movelt 2
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Fig. 6 Hardware configuration of the automated deburring
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—— Before Optimization
— After Optimization
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Fig. 8 End-effector jerk profile during deburring path execution
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Original Trajectory
Important Points
Resampled Points

Zaxis

(a) Original taught trajectory with resampled and key points

— Tajectory

Zaxis

(b) Optimized trajectory generated by proposed algorithm
Fig. 9 Comparison between taught and algorithm-based trajectories
for deburring motion planning
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