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Research on algorithm for improving imaging accuracy of CFRP
low speed impact damage

WU Xiangnanl, CHENG Xiaojinl*, LI Qixinl, SHANG Jianhua’

(1. School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620,
China; 2. School of Information Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: Carbon fiber reinforced polymer(CFRP) composites has small and hidden damage after low-speed impact, and the
existence of damage significantly reduces the bearing capacity and service life of CFRP materials. C-scan represents a conventional
ultrasonic imaging method. To address the issue of low imaging precision in C-scan detection of internal damage caused by low-
velocity impact in CFRP, gradient operators were employed to process the original images, and transfer learning methodology was
utilized to conduct damage classification training on ResNet18 and ResNet50 architectures. To enhance the classification model’s
performance, an image reconstruction model(IRM ) based on convolutional neural networks was proposed to improve imaging
precision. Additionally, a performance metric o, based on the structural similarity index(SSIM), was introduced to validate the
level of image quality enhancement. The iterative training results demonstrate that when the iteration count reaches 200, the ogq; of
different types of impact damage is greater than 1. To further improve imaging precision, the ResNet residual connection concept is
incorporated, leading to the development of the ResIRM network. Compared to IRM, ResIRM exhibits enhanced detection precision
for different types of impact damage, with an average oo improvement of 0.85% across all impact types. Furthermore, the gradient
saliency heat maps of the classification model processed by ResIRM indicate that ResIRM effectively reinforces the features in

damaged regions.
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Fig. 3 Classification training data splitting

Table 1 Comparison of image classification performance (average)

Top-1 acc/% Top-5 acc/% F1 score
Image type

ResNet18 ResNet50 ResNet18 ResNet50 ResNet18 ResNet50
Cropped 45.10 38.85 97.92 97.92 0.4309 0.2870
Gradient 48.65 39.09 93.87 87.87 0.4463 0.3151
ResIRM 61.27 48.90 95.83 91.79 0.5914 0.4216
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Table 2 opgp of model for each image after epochs

Impactor Image oo after ogor, after ogor, after ok, after OEOL Average ogoL.
type number 50 epochs 200 epochs 400 epochs ResIRM process improvement  improvement
Coni60 c8-7 1.0046 1.0008 1.0008 1.0115 0.0107 0.0097
c8-8 1.0009 1.0002 1.0005 1.0104 0.0102
c8-9 1.0015 1.0003 1.0006 1.0104 0.0101
c8-9t 0.9986 1.0002 1.0006 1.0098 0.0096
c8-10 1.0003 1.0002 1.0004 1.0096 0.0094
c8-10t 0.9943 1.0002 1.0009 1.0084 0.0082
c8-11 1.0043 1.0005 1.0008 1.0115 0.0011
c8-12 1.0015 1.0002 1.0006 1.0106 0.0104
c8-42 1.0103 1.0044 0.9994 1.0132 0.0088
c8-43 1.0103 1.0048 0.9988 1.0130 0.0082
Conil20 c8-32 1.0061 1.0018 1.0008 1.0119 0.0101 0.0100
c8-33 1.0056 1.0015 1.0008 1.0118 0.0103
c8-34 1.0059 1.0017 1.0008 1.0118 0.0101
c8-35 1.0073 1.0021 1.0007 1.0124 0.0103
c8-36 1.0079 1.0024 0.9996 1.0126 0.0102
c8-37 1.0103 1.0040 0.9982 1.0131 0.0091
Flat c8-11t 0.9950 1.0001 1.0008 1.0071 0.0070 0.0093
c8-12t 0.9945 1.0002 1.0009 1.0083 0.0081
c8-13 1.0044 1.0006 1.0008 1.0117 0.0111
c8-14 1.0018 1.0002 1.0006 1.0109 0.0107
c8-15 1.0009 1.0002 1.0005 1.0104 0.0102
c8-16 1.0037 1.0004 1.0005 1.0113 0.0109
c8-17 1.0010 1.0002 1.0006 1.0106 0.0104
c8-18 1.0010 1.0002 1.0006 1.0105 0.0103
c8-19 1.0173 1.0101 0.9662 1.0148 0.0047
HemiA c8-1 1.0040 1.0005 1.0008 1.0111 0.0106 0.0096
c8-2 1.0006 1.0002 1.0005 1.0101 0.0099
c8-3 0.9997 1.0002 1.0005 1.0097 0.0095
c8-4 1.0052 1.0003 1.0002 1.0115 0.0112
c8-5 1.0014 1.0002 1.0005 1.0105 0.0103
c8-6 1.0016 1.0002 1.0006 1.0107 0.0105
c8-6t 0.9949 1.0002 1.0009 1.0084 0.0082
c8-8t 0.9951 1.0002 1.0009 1.0087 0.0085
c8-38 1.0081 1.0035 0.9995 1.0124 0.0089

c8-39 1.0108 1.0047 0.9986 1.0132 0.0085




86 o= M

545 3

+F2 (&)
Table 2 (Continued)

Impactor Image oo after ogor, after ogor, after ok, after OEOL Average ogoL.
type number 50 epochs 200 epochs 400 epochs ResIRM process improvement  improvement
HemiB c8-25 1.0193 1.0097 0.9488 1.0149 0.0052 0.0058

c8-26 1.0198 1.0102 0.9493 1.0151 0.0049

c8-27 1.0198 1.0105 0.9502 1.0152 0.0047

c8-28 1.0204 1.0107 0.9480 1.0154 0.0047

c8-29 1.0200 1.0107 0.9 1.0153 0.0046

c8-30 1.0190 1.0092 0.9 1.0150 0.0058

c8-40 1.0097 1.0041 1.0000 1.0127 0.0086

c8-41 1.0113 1.0052 0.9967 1.0134 0.0082
HemiC c8-19 1.0173 1.0101 0.9662 1.0148 0.0047 0.0065

c8-20 1.0042 1.0009 1.0008 1.0111 0.0102

c8-21 1.0160 1.0079 0.9697 1.0143 0.0064

c8-22 1.0184 1.0096 0.9534 1.0143 0.0047

c8-23 1.0160 1.0079 0.9738 1.0145 0.0066

c8-24 1.0160 1.0079 0.9758 1.0146 0.0067
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