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A sparse data-driven method for extracting surface crack length of turbine blade
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Abstract: The measurement of crack length is fundamental to the evaluation of crack risk and a prerequisite for crack repair. Aiming at
the problems of irregular shapes, small target, sparse data sets and distortions of crack imaging angle, a sparse data driven method was
proposed to extract the surface crack length of turbine blades. Firstly, to enhance the Unet model’s precision in handling sparse data, we
employ a combination of the GeLu function with the Vggl6 network for feature extraction. The extracted features then serve as inputs for
the Unet network’s decoding process. To ensure model compatibility, we incorporate pre-trained weights into the randomly initialized
weights and integrate an efficient pyramid compression attention module into the skip connection layer. This approach significantly
improves the model’s capability to focus on crack characteristics amidst complex backgrounds. Then, in order to get the unit pixel
characteristic curve of the crack, after the fine segmentation, a skeleton structure with eight neighborhood is proposed to preserve the
crack backbone characteristic structure. Finally, through an in-depth analysis of camera imaging principles, we discuss the impact of
blade chord angles and camera parameters on crack length measurements, establishing a conversion model between pixel size and actual
dimensions. Experimental results indicate that when the measuring distance ranges from 100 to 300 mm, the maximum error in crack
length is 6. 8% . Compared to X-ray measurements, our method proves to be a viable alternative for measuring the surface crack length of

turbine blades. Moreover, the enhanced algorithm demonstrates greater accuracy than the original algorithm in detecting sparse data,
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with an average cross-over ratio improvement of 7.14%. The proposed method offers a theoretical foundation and data support for

evaluating blade quality and guiding subsequent repairs.

Keywords : sparse data; deep learning; crack; turbine blades; camera calibration
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Table 1 Comparison table of segmentation performance

of algorithms with different attention mechanisms (% )

LT mloU mP, F11{H
Unet 78.91 82. 61 69. 67
Unet-CA 74.83 76.98 66. 81
Unet-CBAM 79. 81 83. 84 71.25
Unet-SENet 76.55 79. 18 69. 81
Unet-ECANet 78.29 82.19 71.24
Unet-S2Anet 78.08 80. 84 72.34
Unet-EPSANet 80. 81 83.56 73.54
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Table 2 The influence of different backbone networks

on the model (%)
Al mloU mP, F1{8
Unet 78.91 82.61 69. 67
Unet-Vegl6 84.72 92.16 83.47
Unet-ResNet50 80. 09 92.17 82.35
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Fig.9 Network performance
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Table 3 Ablation results (%)

hes Unet  Vggl6  EPSA mloU mP, F1
1 VvV 78.91  82.61  69.67
2 2 VvV 84.72  92.16  83.47
3 2 vV 80.81  83.56  73.54
4 2 vV v 85.51  93.91  83.77
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Table 4 Comparison experiment of different models (% )

HR I mloU mP, F11{4
Unet 78.91 82. 61 69. 67
Res-Unet 80. 18 92.17 82.35
Unet++ 76. 83 73.1 59. 50
Unet3+ 70. 41 77.94 58.70
EPSA-Vgg-Unet 86. 05 93.95 83.77

(e) Unet++ (f) Res-Unet (e) Unet3+
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Fig. 10  Segmentation results of different models
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Table 5 Camera calibration parameters

240 il
2273.4 0 651.7
SR 0 2277.9 665.3
0 0 1
i 7% ZR A [-0.2969 0.9967 0.0048 0.0019]
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Fig. 11  Calculation of crack length
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Fig. 12 The binary images of crack images were collected from different distances
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Table 6 Measurement results of crack length under different sampling distance

HIES/mm BRERE/ pixel ATy B 25 R/ mm M E IR/ % XML R 2 /%
100 264. 35 13. 641 0.2
150 188.77 13.903 2.1
15
200 141. 18 13.511 0.8 1. 88
13. 615 mm
250 109. 4 12. 882 5.4
300 96. 48 13. 488 0.9
100 113.7 5. 867 4.5
150 81.98 6.038 1.7
25
200 62.33 5. 965 2.9 4.52
6. 145 mm
250 48. 68 5.732 6.7
300 40.97 5.728 6.8
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