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Abstract

A defect prediction method based on distributed optical fiber strain sensing is proposed for the
health monitoring of reinforced concrete structures. By constructing a general artificial neural
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network and performing deep learning training on defective samples, feature extraction and clas-
sification and recognition can be automatically realized, avoiding the complexity of manual mod-
eling methods. By carrying out defect simulation experiments, the accuracy of the defect predic-
tion method was verified. Experiments show that the classification and recognition model after
deep learning can achieve accurate prediction of defect samples, with an accuracy rate of over
99%.
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Figure 1. Neural network structure in Tensorflow
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Figure 2. Defect simulation experiment device
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Table 1. Distributed optical fiber strain defect simulation data packet collection

1L SHARFNTRIGRIEBE D HRE

P F1 4% 6 BR E /mm ALV T P E/mm LT/
1 20 1250 0.025 1
2 20 2500 0.05 2
3 20 3750 0.075 3
4 20 5000 0.1 4
5 20 6250 0.125 5
6 30 1667 0.05 2
7 30 2500 0.075 3
8 30 3333 0.1 4
9 30 4167 0.125 5
10 30 5000 0.15 6
11 40 1250 0.05 2
12 40 2500 0.1 4
13 40 3750 0.15 6
14 40 5000 0.2 8
15 40 6250 0.25 10
16 50 1000 0.05 2
17 50 2000 0.1 4
18 50 3000 0.15
19 50 4000 0.2

20 50 5000 0.25 10
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Figure 3. Strain distribution data at typical simulated defects
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Figure 4. Simulated defect detection classification and recognition accuracy
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Figure 5. Simulate defect detection classification recognition loss function
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