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Image detection and identification algorithm of pressure vessel cracks

ZHANG Tianfeng' , RAN Bingdong® . WANG Kai*
(1. Henan Province Boiler and Pressure Vessel Safety Inspection Institute, Hebi, Henan 450016, P. R. China;
2. School of Automation, Chongqing University, Chongqing 400044, P. R. China)

Abstract; As a kind of special equipment, the safety of pressure vessels attracts more and more
attention. To ensure their safe operation, using the pressure vessel crack image as the research object, this
paper constructed an algorithm model for the crack detection and identification. Generally, the algorithm
model is constrained by various hardware conditions, such as memory space and processor computing
power during actual deployment. Therefore, a lightweight method based on NewEfficientNet-BO was
proposed. The results show that the algorithm model reduces the number of model parameters by 78%. To
deal with the difficulty of recognizing tiny crack images, an improved multi-scale prediction method was
proposed. The detection and recognition accuracy rate of 81% was achieved on the test data set.
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Table 1 Modified EfficientNet-B0

B i K i3 &ind NN i
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1X MBConv 16 3X3 208X208
2X MBConv 24 3X3 104 X104
2X MBConv 40 5X5 52X52
3X MBConv 80 3X3 26X 26
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Fig. 5 Pressure Vessel Crack Image Dataset
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Table 2 The main experimental parameters of the algorithm model

S H A
Img 416 * 416
PSS 1 820
RS 780
Batch Size 32
Epoch 300
Optimizer Adam
Learning rate 0.001
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Fig. 6 Detection and recognition effect diagram
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Table 3 Model test results

A AY Faster-RCNN YOLO v3 M# YOLO v3
mAP 0.80 0.74 0.81
A 00 32 0.98 s 0.26 s 0.11 s
SRR 121.6 M 61.5 M 16.8 M
FLOPs 286.7GFLOPs 154.6 GFLOPs 35.6 GFLOPs

A S 56 I 45 S0, gk YOLO v3 19 mAP 7R 260 F iy 0.74 42715 0,81, BUR 4275 9 %0 5 46 I 3 3 i
0.26 #EFFF] 0. 11, BRI & 42.3%; B M S H K & h 61.5 M >3] 16.8 M, i 2> 72.6%; FLOPs H
154.6 GFLOPs /> 3| 35.6GFLOPs, /> 76.9% .
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