340 B45 6 W) R 2 R E R Vol .40 No.6
2023 4 12 H Journal of East China Jiaotong University Dec . , 2023

X E RS :1005-0523(2023)06-0001-07
BT it SSD HiEH AR R ERERN

(1 RSB RAA TARFABE L 798 330013; 2. 2RI T RAEIR DR Sl 7 5 < B4 [ 5K oA S0 28 22800k Rg 232001)

E . SSD M % J& & Backbone % ¥t 4 32 & 4% 69 MobileNetV2 M % | B B 7] N il iE j2 & /) Huh) SENet 45 #) 5T 45 42 B R [ 3 iE
Fm AR AE AEZ AT A A THen, AR 3 A RE R T LR BERATRES  MENBIERE AL R LT T B RE R
THREMSS R—FREBHMEGRANGE A, oML ey ik E, R SSD M2 ¥ Anchor A& 3% 1838 A S 5 AT 09 | M b AT
25 My R E L KA ) B SR VR A BHE £ A B h 3 — 35 A K—means STk B R b € A L4 200 £ 69 Anchor, Ae B B M Sk B AR AR
AAEZHO M, RE& REB L EOHHER LT M T 3.6%,mikER AW 24 %, T Eabien  FikTh %
e L2 P A 25 A R UL L S R B AR AR — AP B Pk AR A s A ik

KB B AR AU E F LA A ;SSD Hoik s iE & LA

B 43 % 2 . TU37;[U25] X AR ER A
AR K AR, e d ok, #EK, S ATt SSD Ik 9 2 H A UL R 4 % F Al []]. 4 & 0B K 5 R ,2023,40(6)
1-7.

DOI:10.16749/j.cnki.jecjtu.2023.06.001

Structural Apparent Crack Disease Detection Based on
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Abstract: The original backbone of the SSD network was replaced with a lightweight MobileNetV2 network. At
the same time, the channel attention mechanism SENet structure was introduced to apply different weights to dif-
ferent channels of the feature map, making it more conducive to detection. Using the crack data in three different
environments to fuse, a new data set was built so that the network can better learn crack objects in different en-
vironments, further improving the network’s recognition ability and speeding up the network’s reasoning speed.
The anchor in the original SSD network were set according to the general data set, and the data type concerned
in the detection of structural surface cracks was relatively single. The K-means algorithm was used to cluster the
anchor suitable for the crack data set, which speeded up the convergence of the model and was more efficient
than the original one. The model had higher accuracy. Finally, the accuracy of the improved algorithm is 3.6%
higher than that of the previous one, and the detection speed is as much as 2 times that of the previous one,
which is enough to meet real —time detection, the algorithm can provide a faster and more accurate detection

method for the detection of structural apparent cracks in practical engineering.
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Tab.1 Parameters of the network structure of the
improved SSD algorithm

Size Convolutional HePetition Output
layers times channels

300x300x3 Conv2d 1 2 32
150x150x32  Bottleneck 1 1 16
150x150%x16  Bottleneck 2 2 24
75%x75%24 Bottleneck 3 2 32
38x38x32  Bottleneck 4 2 64
19x19x64 Bottleneck 3 1 96
19x19x96  Bottleneck 3 2 160
10x10x160  Bottleneck 1 1 320

10x10x320  Conv2d 1x1 1 1 1280
10x10x1 280 Extra_0 1 2 512
5x5x512 Extra_1 1 2 256
3x3%x256 Extra_2 1 2 256
2Xx2x256 Extra_3 1 2 64
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Fig.5 Schematic diagram of the network structure of the improved SSD model
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