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Improved steel structure surface rust image
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Abstract: In order to lighten the rust image segmentation network model and eliminate the interference of non-single feature background
and similar feature backgrounds such as rust liquid, this paper replaces the encoded part of the U-Net network model with the
MobilenetV3_large network, imports the pre-trained weights of the MobilenetV3 _large network based on the ImageNet dataset, and
replaces the ordinary convolution of the decoded part of the U-Net network model with a deep separable residual convolution. And add
the attention-oriented AG module and the Dropout mechanism in the process of upsampling. Experimental results demonstrate that the
improved U-Net network model designed in this paper exhibits significant advantages in rust image segmentation under non-uniform
feature background and similar feature background interference such as rust liquids. The model size is reduced by 81. 18% compared to
the original U-Net network model, resulting in a decrease of floating point calculations by 98. 34%. Additionally, the detection efficiency
has improved by 3. 27 times, increasing from less than 6 frames/s to 19 frames/s. While the network model is lightweight, the accuracy
of the network model is 95. 54% , which is 5. 04% higher than the original U_Net network model.
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Fig.2 Module of squeeze and excitation

1.2 BC#ERT U_Net P2

U_Net I—J%ﬁﬁ”&ﬁZ?ﬂ@%I%ﬁT%y&E%@
145y FNVBUR A D3k — o) J T Xk B 4 45 ) 2 T 45 Dol €]
By J T R R T I PR B R A D e I 10 G AN )
PER RV TG ) SRR AE T FF S i 2% . R hy
S 3 N P AR AN R ALY A AE R B — R R 5
AR TRAF FEAFAE T 5 T PSR4 40, A SCR 2T U_Net
W) 2 A R AT 0 2 25 4 B i AL B DDA BT, 4 THE il
830K B () ] /N 26 A R0 /N I B
Bk R BIRR

G55 11 RAL A AR SCIRTT Y I 45 2R AR N 4] 3
7 e g7 BBy b AT AR R AR IR I B, A T
BT FRFHEEI R ST, DSRCM 7R IR B 1 43 85 4% 25 46
1 ( depth separable residual convolution ), 7 3C ¥
MobilenetV3_Large FIZ&VE N U_Net P25 5 (1) 4 ) [X 11
BT RZ S T ER B RRIE S, IF R I R 2 T 1Y
Tk KT ImageNet FUHE 4 Y11 25 ) MobilenetV3_Large
0 2 T A 5 AR SCRIEE U_Net 2% X RERY [y
RIS X EB 5 AT S5 W AG BEEL AT Dropout HLiH] , I
K ERAE R BbR A BV S TR P Ay B A AR, LS B
ARBURFIE R = PRI, B2 T I 25 R 43 0K 8 1 [R) I, 3
— S BM ZE AR R R AL

3 | 36[\|

zz! | 2 l '

1616 | 7236136 |

~‘i( | ~ @) |

lI | ?] |

- 11256 [56 |

6’\' — ?J It |

404040 | 76 38188 I

= — 1?28 |

#308080801 |21|7I 272136 |136 |

B o '

1 " T ?1 |

160, 160 I

i5 l

HLX 7 | fRSIX |

(MobilenetV3-large%%) \ (U-NetPi £ Hi71) )
¥ Conv2d ¥ Convsx5,8=2 == HHIRHE

= Conv3x3,S=1 = Conv5x5,S=1 = Convlxl

® robe b obwe

K3 B U_Net PIZKE5TY

Fig.3 Improved U_Net network architecture
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Fig. 10 Add a comparison of renderings of

different module network models
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Table 2 Comparison of rust segmentation performance of different network models

ENGITE:S Accuracy/ % Precision/ % ToU/ % Params/M FLOPs/G Hf 1]/ ms
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