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Crack Identification Method of Steel Girder Based on Improved
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Abstract; Crack detection is one of the important aspects of structural health monitoring. To achieve
qualitative analysis of cracks in steel beams in complex backgrounds, a two-stage detection method
based on improved Convolutional Neural Network (CNN) and digital image processing is proposed for
crack damage location and crack image segmentation. The first stage uses a multi-scale convolutional
neural network to identify crack images in complex backgrounds. This network consists of a multi-scale
convolution module Inception and a residual module. The multi-scale convolution module Inception con-
tains three different-sized convolution kernels (1x1, 3x3, 5x5) for multi-scale feature extraction of the
image. In the residual module, convolution layers and nonlinear activation functions are introduced to
enhance cross-layer fusion ability and extract deeper features. The Grad-CAM visualization analysis
highlights the prediction basis of the multi-scale convolutional neural network, proving its classification
performance and discrimination basis. In the second stage, for the identified crack images, a combined
process of image filtering denoising, threshold segmentation to separate crack pixels, and morphological
processing to optimize the segmentation result is proposed for pixel-level segmentation and extraction of
cracks. The pixel marking results manually annotated are used as the true labels to evaluate the recogni-

tion effect of image segmentation. The training results on the dataset show that the multi-scale convolu-
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tional neural network has an identification accuracy of 98. 8% for steel beam crack images. The pro-

posed image processing combination process has a maximum intersection-over-union (I0U) of 0. 819,

which can better classify and extract cracks.

Key words: convolutional neural network ; crack recognition of steel girder; multi-scale convolution module;

residual module; image processing
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Fig. 1 VGG16 network model
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Fig. 2 Multi-scale Inception module
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Fig. 3 Multi-scale convolutional neural network



F5H XN 755 . SEF Rt CNN 1RGSR 2R A 4K R M4 1 0 ik 13
F1 MERBEESH
Tab. 1 Specific parameters of the network model
JZH( Layer) SR i A (Input) LU (Conv) K (Stride) i 4 (Output)
F—2 Conv 224x224x3 TXTx64 2 112x112x64
AR Maxpooling 112x112x64 3%3 2 56x56x64
FR 2R R Convl 56x56x64 1x1x128 1 56x56x128
Conv2 56X56x64 1x1x48 1 56x56x48
Conv3-1 56x56%64 1x1x16 1 56x56%16
Inception itk Conv3-2 56x56x48 5%5%32 1 56x56x32
Conv4-1 56X56x64 1x1x24 1 56x56x24
Conv4-2 56X56x24 3x3%x48 1 56x56x48
wKIbib)2 Maxpooling 56x56x128 3x3 2 28x28x128
B2 Conv5 28x28x128 1x1x192 1 28x28x192
Conv6 28x28x128 1x1x48 1 28x%28x48
Conv7-1 28%x28x128 1x1x32 1 28x28%32
Inception i Conv7-2 28x28x32 5%5%48 1 28x28x48
Conv8-1 28x28x128 1x1x64 1 28x28x64
Conv8-2 28x28x64 3%x3%96 1 28x28x96
AR Maxpooling 28%28x192 3x3 2 14x14x192
B2 Conv9 14x14x192 1x1x256 1 14x14x256
Conv10 14%x14x192 1x1x64 1 14x14x64
Convl1-1 14x14x192 1x1x32 1 14x14%32
Inception ik Convl11-2 14x14x32 5%5%64 1 14x14x64
Conv12-1 14%x14x192 1x1%x96 1 14x14x96
Conv12-2 14x14x96 3x3%x128 1 14x14x128
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Tab. 2 Number of each dataset( unit: piece)
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Fig. 6 Curves of training results
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Tab. 3 Comparison of the evaluation indicators

R WERR/ % TR/ % BIER/% F, 280 %
IRnet 99.2 98.8 98.6 98.7
Inet 98.9 97.7 98.3 98.0
Rnet 98.9 98. 8 97.1 97.9
AlexNet  93.7 75.9 87.8 81.4
VGG16  94.0 76.3 82.2 81.4
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Fig. 7 Visualization of feature map
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Fig. 8 Crack damage location process and visualization
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Fig. 9 Schematic diagram of the crack image annotation

3.2 HEENE

AU 5T 35 B A 2 R A AR LU
[ 7 A AL G R rp, A TS S (R MR
SHMEEG A Z R TR BUL; HaE Rk
AR FE MG AL B3 B A By R A AR R Sk
HET R B A EG W 2, FXF5E 1 AN, AR SC
XFLG T 3 e A R 1 R e 0y 5 vk B4
VRV 1 U R R R (R O, AR X B R
FHUE B RSF 5x5 1 v g I % 24 4% R F
FRWALBE Ak, 51 A 3 T 3% 8 X 38 19 1% 4
E A3 BT 5 3 3 v A X3 T AR B
PR P i BN, BEXTER 2 A e A, il
T e KIS 8] I 319 OTSU BRE /3], & hn 1
AR SR IR 25 22 A B 5 15 5 AL S SR R AE 0l D
SABE W RN G R Ak B O R B TR B AR an
# 4R,

FEXFF BB AT HE B 4y 2505, R T EHZ Ab
PRI 7 vk PR I B S B T A T R B e
A 38 TE YR R SR T BUR A 2 R
ZA5% 4 BR 4 1 oy E R K T AR 2 4k
555 E S0 K iR R R R R R A S
Hh0, KA T EAR A R B, 15 #
A ) 2 B HE B, S A% A 0 HR B &G SR L A
10, JULEN, FEERET RN T, A X
0 T B A I v AR T AR g TS A
RIS



%5 W XTI 55 BT R CNIN I oAb I N FR R4 R 0 Oy vk 17
*4 NESXABEGLERELANBR
Tab. 4 Typical image processing process and identification effect of cracks
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Fig. 10 Extraction of the crack mask
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