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Abstract: Aiming at the problem of class sample imbalance in crack detection of wing spars, a crack
classification model was proposed based on cross-scale feature fusion with an improved Swin Transformer
V2(CSFF-ISTV2). and a triplet dynamic weight balance loss function was designed. First, the global at-
tention mechanism was introduced into the Swin Transformer V2 module to enhance the global long-range
dependence modeling ability. At the same time, the multi-layer perceptron was optimized by combining
the gated linear unit and the Swish activation function to improve the accuracy of feature expression. Sec-
ond, a cross-scale attention fusion structure was constructed to make up for the deficiency of single-scale re-
ceptive field feature extraction. Finally, the recognition ability of a few crack samples was enhanced by the
triplet dynamic weight balance loss. The experimental results show that the geometric mean criterion value
of the proposed model is 86. 27 % and the accuracy is 98. 29% under the condition of significant sample im-
balance across multiple categories. Compared with the baseline Swin Transformer V2, the two indicators
are improved by 33.5% and 4. 44 % , respectively.
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Tab.3 Model performance evaluation metrics
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Tab.4 Per-class evaluation metrics on mildly imbalanced test set

) P./% R/ % F\/%

T Y
0 1 2 3 4 0 2 3 4 0 1 2 3 4
CNN 98.76 | 94.19 | 96.64 | 79.89 | 98.28 | 99 [97.33| 96 | 9533 | 76 | 98.84 | 95.74 | 96.32 | 86.93 | 85.71
STV2 98 | 93.51 | 97.18 | 84.62 | 84.47 | 98 96 92 | 80.67 | 90.67 | 98 | 94.74 | 94.52 | 82.59 | 87.46
W-DenseNet | 99.33 | 97.37 | 98.64 | 87.9 | 93.06 | 99.33 | 98.67 | 96.67 | 92 | 89.33 | 93.33 | 98.01 | 97.64 | 89.9 | 91.16
CSCNN 99.32 | 91.82 | 95.95 | 91.33 | 93.88 | 98 | 97.33 | 94.67 | 91.33 | 92 | 98.66 | 94.5 | 95.3 | 91.33 | 92.93
MSResNet 98 | 92.67 | 94.12 | 88.61 | 95.68 | 98 | 92.67 | 96 | 93.33|88.67 | 98 | 92.67 | 95.05 | 90.91 | 92.04
GAN 100 | 97.4 | 98.68 | 91.87 [ 99.28 | 99 | 100 [99.33| 98 |91.33| 99.5 | 98.68 | 99 | 94.84 | 95.14
WGAN 100 | 94.23 | 97.3 | 96.6 | 95.42 | 98.67 | 98 96 | 94.67 | 97.33 | 99.33 | 96.08 | 96.64 | 95.62 | 96.37
CSFF-ISTV2 | 100 | 98.68 | 100 | 98.64 | 96.73 | 99.33 | 100 | 100 | 96.67 | 98.67 | 99.67 | 99.33 | 100 | 97.64 | 97.69
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Tab.5 Overall evaluation metrics on mildly imbalanced

test set
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CNN 93.78 £ 3.12 81.86
STV2 92.56 = 2.91 79.57
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Fig.9 Confusion matrices of different models on mildly imbalance
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Fig.10 The t-SNE visualization of different models on mild imbalance
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Tab.6 Per-class evaluation metrics on moderately imbalanced test set

- P.../% Rea/ % F/%
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CNN 100 | 87.06 | 82.18 | 88.73 | 77.88 | 96.67 | 82.22 | 92.22 | 70 | 97.78 | 98.31 | 84.57 | 86.91 | 78.26 | 86.7
STV2 94.9 | 94.87 | 94.38 | 87.1 | 73.5 | 99.33 | 82.22 | 93.33 | 60 | 95.56 | 97.07 | 88.1 | 93.85 | 71.05 | 83.09
W-DenseNet | 96.13 | 93.9 | 92.55 | 90.24 | 89.13 | 99.33 | 85.56 | 96.67 | 82.22 | 91.11 | 97.7 | 89.53 | 94.57 | 86.05 | 90.11
CSCNN 99 | 91.58 | 92.39 | 89.16 | 90.11 | 98.67 | 96.67 | 94.44 | 82.22 | 91.11 | 98.83 | 94.05 | 93.41 | 85.55 | 90.61
MSResNet 100 | 94.62 | 96.59 | 85.71 | 82.65 | 99 | 97.78 | 94.44 | 80 90 | 99.5 | 96.17 | 95.51 | 82.76 | 86.17
GAN 99.66 | 95.7 | 98.82 | 88.37 | 86.73 | 99 | 98.89 | 93.33 | 84.44 | 94.44 | 99.33 | 97.27 | 96 | 86.36 | 90.43
WGAN 100 | 92.71 | 95.56 | 95.18 | 91.49 | 99 | 98.89 | 95.56 | 87.78 | 95.56 | 99.5 | 95.7 | 95.56 | 91.33 | 93.48
CSFF-ISTV2 | 100 | 100 | 96.74 | 97.65 | 94.68 | 100 | 98.89 | 98.89 | 92.22 | 98.89 | 100 | 99.44 | 97.8 | 94.86 | 96.74
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Tab.7 Overall evaluation metrics on moderately

imbalanced test set

e A% G peans! %6
CNN 90.06+1.28 70.83
STV2 90.34+2.32 66.11
W-DenseNet 93.64+1.04 78.45
CSCNN 94.55+1.28 82.15
MSResNet 94.3941.16 81.13
GAN 95.614+2.61 85.36
WGAN 96.5241.65 88.57
CSFF-ISTV2 98.48%0.58 94.44
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Fig.11 Confusion matrices of different models on moderately imbalance
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Fig.12 The t-SNE visualization of different models on moderately imbalance
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Tab.8 Per-class evaluation metrics on severely imbalanced test set

oy P./% Roa/ % F/%
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CNN 91.98 | 37.5 | 86.36 | 61.36 | 100 | 99.33 | 20 |63.33| 90 |46.67 | 95.51 | 26.09 | 73.08 | 72.97 | 63.64
STV2 94.64 | 84.21 | 88 | 61.54 | 63.64 | 100 | 53.33 | 73.33 | 53.33 | 70 | 97.24 | 65.31 | 80 | 57.14 | 66.67
W-DenseNet | 98.66 | 83.33 | 88.89 | 65.62 | 78.12 | 98.33 | 83.33 | 80 70 | 83.33 | 98.5 | 83.33 | 84.21 | 67.74 | 80.65
CSCNN 97.34 | 64.29 | 80 | 68.57 | 84.26 | 97.67 | 60 80 80 | 73.33| 97.5 | 62.07 | 80 | 73.85| 78.57
MSResNet | 96.75 | 76.92 | 75.76 | 67.74 | 81.82 | 99.33 | 66.67 | 83.33 | 70 60 | 98.03 | 71.43 | 79.37 | 68.85 | 69.23
GAN 98.03 | 82.76 | 88.46 | 71.43 | 75 | 99.67 | 80 | 76.67 | 66.67 | 80 | 98.84 | 81.36 | 82.14 | 68.97 | 77.42
WGAN 98.35 | 82.14 | 89.29 | 79.41 | 92.59 | 99.33 | 76.67 | 83.33 | 90 | 83.33 | 98.84 | 79.31 | 86.21 | 84.38 | 87.72
CSFE-ISTV2 | 99.34 | 100 | 90.91 | 90.32 | 93.1 | 100 | 83.33 | 100 | 93.33 | 90 |99.67 | 90.91 | 95.24 | 91.8 | 91.53
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Tab.9 Overall evaluation metrics on severely

imbalanced test set

e A% G means! %60
CNN 86.67+2.44 22.99
STV2 89.29+2.73 38.21
W-DenseNet 92.86£1.75 61.84
CSCNN 90.714+1.61 52.44
MSResNet 90.95+3.09 48.14
GAN 92.86+2.94 57.1
WGAN 94.76 £1.6 68.99
CSFF-ISTV2 97.6210.71 83.66
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Fig.13 Confusion matrices of different models on severely imbalance
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Fig.14 The t-SNE visualization of different models on severely imbalance
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Tab.10 Per-class evaluation metrics on test set with inter-class imbalance
P/ % R/ % Fy/%
A 78
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
CNN 99.65 | 80.83 | 67.14 | 67.65 | 66.67 94 80.83 | 78.33 | 76.67 80 96.74 | 80.83 | 72.31 | 71.88 | 72.73
STV2 98.36 | 91.19 | 91.57 | 70.97 | 87.5 | 99.67 | 96.67 | 84.44 | 73.33 | 46.67 | 99.01 | 93.85 | 87.86 | 72.13 | 60.87
W-DenseNet | 99.67 | 96.1 | 91.86 | 64.52 | 61.54 | 100 | 98.67 | 87.78 | 66.67 | 53.33 | 99.83 | 97.37 | 89.77 | 65.57 | 57.14
CSCNN 91.41 | 88.52 | 78.31 50 62.5 | 99.33 72 72.22 | 76.67 | 33.33 | 95.21 | 79.41 | 75.14 | 60.53 | 43.48
MSResNet 96.09 | 90.54 | 88.04 | 65.71 100 | 98.33 | 89.33 90 76.67 20 97.2 | 89.93 | 89.01 | 70.77 | 33.33
GAN 99.01 | 94.84 | 96.47 | 78.79 | 88.89 100 98 91.11 | 86.67 | 53.33 | 99.5 | 96.39 | 93.71 | 82.54 | 66.67
WGAN 100 | 96.71 | 95.24 | 68.57 | 68.75 | 99.38 98 88.89 80 73.33 1 99.67 | 97.35 | 91.95 | 73.85 | 70.97
CSFF-ISTV2 100 | 96.15 100 | 88.24 | 100 | 99.67 100 | 93.33 100 80 99.83 | 98.04 | 96.55 | 93.75 | 88.89
11 EEFRFE R EREITN ISR FE-ISTV 2 78 {4 11F % 1A e i 2 1 [ isf , %of /0 $i 2

Tab.11 Overall evaluation metrics on test set with

inter-class imbalance

LAY A% G pneans/ V0
CNN 87.81+£2.35 60.42
STV2 93.85+£1.61 52.77
W-DenseNet 94.87£1.15 55.49
CSCNN 85.3+£2.2 36.33
MSResNet 91.62+£2.82 34.47
GAN 96.24+2.18 64.24
WGAN 95.73+£1.74 71.25
CSFF-ISTV2 98.291+0.47 86.27
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Fig.15 Confusion matrices of different models under inter-class imbalance
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Fig.16 The t-SNE visualization results of different models under inter-class imbalance
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Tab.12 Per-class evaluation metrics on test set for ablation study
vt | v | P./% Rea/ % Fy/%
0 1 2 3 4 0 1 2 3 4 0 1 2 3 4
94.64 | 84.21 88 61.54 | 63.64 | 100 | 53.33 | 73.33 | 53.33 70 97.24 | 65.31 80 57.14 | 66.67
N/ 99 92 82.35 76 71.43 199.33 | 76.67 | 93.33 | 63.33 | 83.33 | 99.17 | 83.64 | 87.5 | 69.09 | 76.92
N 97.37 | 82.61 | 84.85 | 86.96 | 72.97 | 98.67 | 63.33 | 93.33 | 66.67 90 |98.01| 71.7 | 88.89 | 75.47 | 80.6
N 199.33]81.82 | 86.21 75 71.43 99 90 83.33 60 | 83.33199.17 | 85.71 | 84.75 | 66.67 | 76.92
N/ N/ 98.35 | 89.29 | 90.62 | 87.1 | 92.31 | 99.33 | 83.33 | 96.67 90 80 98.84 | 86.21 | 93.55 | 88.52 | 85.71
N/ N 19967 | 85.71 | 84.85 | 82.35 | 92.31 | 99.33 80 93.33 | 93.33 80 99.5 | 82.76 | 88.89 | 87.5 | 85.71
N/ N 19967 |93.33(93.33| 87.5 | 77.14 | 100 | 93.33 | 93.33 70 90 ]99.83]93.33 | 93.33 | 77.78 | 83.08
N/ N/ ~199.34| 100 |90.91|90.32 | 93.1 100 | 83.33 | 100 | 93.33 90 | 99.67|90.91|95.24 | 91.8 | 91.53
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