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Detection and Recognition of Metal Fatigue Cracks by Bi-LSTM
Based on Eddy Current Pulsed Thermography
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Abstract: Eddy current pulsed thermography is a new nondestructive testing method that is widely used in
metal structure testing. However, the extraction of features for crack detection and identification relies on
manual experience, and the degree of automation and intelligence is insufficient. By combining the
characteristics of eddy current pulsed thermography with a recurrent neural network (RNN), a bidirectional
long short-term memory (Bi-LSTM)-based eddy current pulse thermography method is proposed for metal
fatigue crack classification and recognition. The Bi-LSTM model was designed to enhance the transient
information in the feature vectors. In the experiments, an eddy current heating device was used to heat the
tested metal specimens. A real-time dataset was created using an infrared thermal camera that collected
sequences of images. The Bi-LSTM model was trained on thermal images of cracks of different sizes and
tested. Experimental analyses show that the Bi-LSTM network can be effectively applied for metal fatigue
crack detection and recognition, with the detection accuracy reaching 100% for the cracks used in the
experiments, which is superior to that of traditional neural networks and other deep learning models.
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Table 1 Crack length and numbering of 18 metal specimens

Serial numbers  Crack length/pum

1 0

Test ;iece 2 170741

3 1986.66

4 2181.48

5 3454.42

6 3474.50

7 3898.49

8 4639.50

Front Opposite 9 4866.00

S 10 5263.50

11 5374.71

S 12 5477.50

4 EIET RGN 45 TR IR 13 5624.33

Fig.4 45 steel flat specimen with fatigue crack 14 6559.11
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Fig.5 Expansion of crack dataset
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Fig.6 Expansion of the crack-free dataset
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Table 2  Specific parameters of each network layer in this paper

Layer Detailed parameters
Input 256x256, Thermal image

Number and size of convolution kernels, 2
Convl

SX5X1

Number and size of convolution kernels, 4
Conv2

SX5X1

Number and size of convolution kernels, 8
Conv3

S5X5X1

Number and size of convolution kernels, 16
Conv4

SX5X1

Number and size of convolution kernels, 1
Pool

2X2X1
Drop Dropout (0.2)
FC 128 fully connected layer
Bi-LSTM1 Number of hidden layer nodes 64
Bi-LSTM2 Number of hidden layer nodes 32
Softmax Softmax
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Fig.8 Training result curves
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Table 3 Different batch size identification accuracy

Batch size  Accuracy/% Time/s
16 98.77 261
32 99.87 220
64 100 197
128 94.78 162
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BTN 64, %2134 0.0001, Dropout 2S5 E
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Table 4 Crack size and label under composite detection

conditions
Serial Crack Serial Crack
number length/pm number length/pm

a 5374.71 f 7507.79
b 5624.33 g 7930
c 6559.11 h 8414.54
d 6577.41 i 9143
e 7275 j 9453
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Table 5 Experimental comparison between BI-LSTM and other algorithms

Model Bi-LSTM (This paper) SVM KNN GooLeNet VGG ResNet
Accuracy% 100 96.7 99.59 97.8 98.6 99.3
Recognition time/s 197 462 293 309 345 322
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