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Abstract: Efficient and reliable structural health monitoring is essential for ensuring the safety and
extending the service life of steel structures. Owing to the advantages of non-contact nature, high effi-
ciency, and a high degree of automation, computer vision (CV) has gradually become an important tech-
nology for the inspection and maintenance of steel structures. Focusing on surface cracks and corrosion
damage of steel structures, this review systematically summarizes the recent research progress in CV -
based damage detection and outlines the major approaches, including image classification, object detec-
tion, and image segmentation. Particular attention is paid to key optimization strategies for small object
detection, robustness under complex backgrounds, few-shot learning, and on-site deployment. Existing
studies indicate that CV has significantly improved the automation, intelligence, and precision of
damage detection for steel structures. However, further advances are still required in dataset standardiza-
tion, model robustness to interference, generalization capability across scenarios, and lightweight real-
time inference.
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Fig.1 Damage images of steel structures
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Fig.2 Co-occurrence network of keywords for steel structure damage

B % Transformer Z2 14 (§ #B A | 9 15 Fi 1)l
FGEM PR DL S &I F s T APLA F
IRAL . 5G 1% iy S WE R F- & 09 3 20 S BR B0 25 4 4 1
G v TET I 0 /N BB /N AR AR ARG T2 D R B 3 S
i HL X () 1) B A T BT A R R S H AR R

1 WEMRERIEN

B % ) 2 T 2R R R A 3D 1) i L Y 45 A
WX Z — 5 d o7 s SR, &k TR 4E Y
I e 3 45 0 ) AR P X RGN T A LR
N A7 A ARG 2 A AT L 32 WL iR A5 Jg BR X LA 2
R T 9 o S 5 g ) A A R AR R T
R GE AR 5 TR 2 2D IT IE AN W R i, EL RE B 4T
X H 45 K 9% 57 ik DX 0E AT 49 K 2 TR0 U



Tolk# s 2026 4F 55 56 4% K S

FENL R
1.1 A FEAAMZERN&(CNN) GG Z 04 m 42 A
I T B LA BT IR JE 24 ) 14 24 806 Ty vk

B/ ZIE R

F2 T K bR T B AR I Gk R 2 ) AR R gk A7
ORI, FBEALEE = AT 55, BRI 4325 L H AR kS
AN G S i 3 TR o

il 1 XS BRI 2531

AL : 3

et it W/
Bk

BRI BRI 3

Jé5 1k iz
HE Je5 0
FRUEAE 1SRG
FURRS I B FUBRZE I B

s FR I3 2 S

s FFR 3 H ARG I

SR EAE R E SN R 7Y (a1 I e sl

LA SR VP [l

Fig.3 Classification, object detection, and segmentation of damage in steel structures
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Fig. 4 Failure cases of crack detection in steel box girders
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Table 4 Datasets of surface defects in steel structures

B AR 44 R FRA e K 4 H U P
Cracks in Steel Bridge (CSB)®' 7553k 512x512 HYRE 9% 97 8L https://data.4tu.nl/datasets/6162a9b6—-2a20-4600-
& E W AR TE 8207-e9dcd53a264a
Bridge Crack Library(BCL)™' 11000 3K 256x256 AL 4 1R Bk + 2L https://doi.org/10.7910/DVN/RURXSH
R PR TE
Corrosion Condition State Classi- 4407 512x512 A 8 25 Ky JE5 okt 4 2 J88 ok R R https://github.com/beric7/structural _inspection_main
fication!"**! 1R R YR TE

linois—MADNet!'*! 000 A A 3

25 R R R A5 A 05 (S b L2 hitps://sites.google.com/view/illinois—madnet/home

Lr R i LI AE)
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RSDDs!™! 2656 KA I HE b i

Severstal Steel Defect Detection
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S EESUE L RIES
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18074 TRAZ R HARIE WM R 4545 4 28

A 45 F A R
290 (4: )8 1200 5K T EE £ 1000 3K )  http:/faculty.neu.edu.cn/yunhyan/SCACM.html

https://github.  com/lvxiaoming2019/GC10-DET-

Metallic=Surface—Defect—Datasets

cn/yunhyan/NEU_sur-
face_defect_database.html

https://www. kaggle. com/c/severstal-steel-defect—

detection/data

http:/faculty.neu.edu.cn/yunhyan/SLSM .html
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