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Fig.2 Experiment system for laser welding defect detection
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Table 1 Specific parameters of binocular structured light sensor

Parameter Value
Size of sensor /(pixel X pixel) (2X10°) X (2X10%)
Repeatability in Z direction /pm 3.3
Resolution of image on XY plane /mm 0.06-0.09
Field of view /(mm > mm) 7190 100X 154
Clearance distance /mm 164
Measuring range /mm 110
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Table 2 Welding parameters

Value in online test

Parameter Range -
Sagging Undercut
Laser power /kW 1-6 2 4
Welding speed /(m/min) 0.5-10.0 2 5
Defocus /mm —5-5 —2 —2
Shielding gas flow rate /(L/min)  1-20 15 15

10 mm

K3 M BURR AR SEREFEA MR (a) WA S AR 4% 5 (D) JEEAR X S AR 4 5 (o) MEJR I 4%
Fig.3 Complete sample images of typical welds. (a) Sheet butt weld;(b) thick plate butt weld; (c) bead-on-plate weld
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Fig.4 Different forms of data during data preprocessing. (a) Preprocessing of point cloud HDM data; (b) RGB images of surface
defects; (c) high-density point cloud data; (d) depth images including 3D profile information of defects
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Table 3 Datasets after data augmentation

Image Dataset Undercut Sagging Defect-free  Total number  Data augmentation
Total 170 150 130 450
Point cloud image Training 119 105 91 315 Noise addition
Testing 51 45 39 135 Mirroring
Total 84 80 36 200
RBG image Training 58 56 26 140 Noise addition
Testing 26 24 10 60 Mirroring
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Fig. 6 Detection results using Faster R-CNNs based on ResNet18, ResNet50, and ResNet101
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Table 4 Performance parameters of three models based on point cloud analysis

Model Overall precision /%  Overall recall rate /% mAP /% Run time /s
ResNet18 79 77.0 72.4 0.191
ResNet50 93 89.5 91.9 0.194
ResNet101 73 66.5 62.4 0.253
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Fig.7 Statistical results of three models. (a) Loss evolution of different models; (b) point cloud detection precisions and recall rates with

Resnet101

different models; (c) detection precisions and recall rates of defects for point clouds and RGB images with different models;

(d) detection mAPs of defects for point clouds and RGB images with different models; (e) testing time of different models
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Fig. 8 Typical false negative test results of Faster R-CNN model based on ResNet50
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Fig.9 Measurement process of defect sizes. (a) RGB images; (b) point clouds; (¢) depth gray images; (d) threshold segmentation;

(e) locating defect areas; (f) defect feature size measurement

5 BREE R T I EA

Table 5 Measurement results of defect sizes

No. Defect type ~ Maximum depth /mm ~ Area /mm”* Width /mm  Length /mm  Actual width /mm  Actual length /mm

1 1.514 7.53 3.00 3.55 2.96 3.52
2 Sagging 2.030 8.67 2.20 5.85 2.17 5.83
3 1.810 9.68 3.35 4.00 3.39 3.94
4 0.438 18.97 1.45 30.55 1.47 30.64
5 Undercut 0.565 33.66 1.20 56.25 1.18 56.34
6 0.473 23.86 0.95 39.25 0.92 39.32
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Abstract

Objective The primary objective of this study is to transform the status quo of laser-welding defect detection. By developing an
online deep learning system, this study aims to enable the identification and measurement of surface defects in laser-welded aluminum-
alloy sheets with high precision and efficiency. The specific focus is on two prevalent defects: undercuts, characterized by the
insufficient melting of the base material at the weld toe, and sagging, which is the undesirable downward displacement of the material
along the weld seam. The use of high-density point cloud data is key to overcoming the limitations of traditional defect detection

methods and enhancing the adaptability of the system to diverse welding conditions.

Methods A binocular-structured light sensor capable of capturing detailed point cloud data of defects in laser-welded samples is
used. This sensor is strategically positioned to cover the entire welding area, which ensures the collection of comprehensive defect
data. The acquired point cloud data undergo meticulous preprocessing to eliminate noise and artifacts, resulting in a clean and
informative dataset. The dataset serves as the foundation for training the faster region-based convolutional neural network (Faster R-
CNN) model, a deep learning architecture renowned for its object detection capabilities. The Faster R-CNN model is augmented with
an area recommendation network, a critical addition to improve defect localization precision. The training process involves subjecting

the model to various defect scenarios to ensure its adaptability to various welding conditions and defect types.

Results and Discussions The trained Faster R-CNN model exhibits an outstanding recognition precision rate of 93% when is
tested on high-density point cloud data. This significant improvement compared to that of the model trained on images from a
traditional two-dimensional vision sensor demonstrates the efficiency of leveraging point cloud data in defect detection. The ability of
the Faster R-CNN model to recognize and locate defect positions 1s essential for swift, accurate, real-time online detection during
laser welding. A noteworthy finding of the study is the significant increase in the maximum welding speed allowed by the developed
inspection system for online detection. The system demonstrates a maximum speed of 316.87 mm/s, a considerable advancement
beyond typical laser-welding speeds. This achievement not only showcases the potential for high-speed online detection without
compromising precision but also underscores the transformative impact of the developed system on industrial practices. The
discussions extend beyond the principal results, exploring the implications of the system performance in various laser welding
scenarios. Variations in the material thickness, welding parameters, and defect types are systematically analyzed to assess the
robustness of the proposed model. The results show the adaptability of the model to different welding conditions, highlighting its
versatility in practical applications. The robustness test also provides insights into potential optimizations and improvements, setting
the stage for future developments in laser-welding defect detection. The study emphasizes the significance of defect localization in
achieving precise measurements. The integration of an area recommendation network with the Faster R-CNN model significantly
contributes to improved defect localization, a critical factor for enhancing defect measurement accuracy. This aspect of the model
design is examined in detail, clarifying the mechanisms that contribute to its superior performance in defect detection.
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Conclusions The developed online detection system, powered by the Faster R-CNN model and high-density point cloud data,
achieves a recognition precision rate of 93%. This demonstrates a substantial advancement in defect detection. By effectively
addressing the challenges of classifying and measuring surface defects in laser welding, the system is established as a transformative
technology with far-reaching implications in the manufacturing industry. The integration of high-density point cloud data provides rich
information that enhances the efficiency and accuracy of defect detection. This breakthrough not only mitigates the limitations of
traditional two-dimensional vision sensors but also positions the system as a pioneering solution for high-speed online detection in
laser-welding processes. The study opens new avenues for research and development in smart manufacturing, paving the way for the

integration of advanced technologies in industrial applications.

Key words laser technique; laser welding; welding defect; real-time detection; high density point cloud data; deep learning
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