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Abstract

This study addresses the urgent maintenance needs of the numerous bridges in China by proposing
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an improved YOLOv8n model to enhance the accuracy and efficiency of bridge crack detection. By
incorporating a Global Attention Mechanism (GAM), the research successfully enhances the model’s
ability to extract salient features from complex backgrounds. Additionally, the Wise-I0U loss func-
tion optimizes the model’s focus on hard-to-detect samples. Experimental results indicate that the
improved YOLOv8n achieves increases of 2.4, 1.1, and 1.3 percentage points in accuracy, mean av-
erage precision (mAP), and F1 score, respectively, compared to the original model. Although the
recall rate slightly declined, the overall performance remains superior to current mainstream de-
tection models. The contribution of this research lies in the technological innovation that improves
the automation capability of bridge crack detection, addressing the efficiency and subjectivity defi-
ciencies of traditional manual inspection methods, thus providing a more efficient and reliable so-
lution for bridge maintenance. Future work will focus on further optimizing the model and validat-
ing it in a broader range of practical applications, which will be key to enhancing bridge safety and
durability.
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1. 5|

o E PR AR AR AR S E A JE AL (1], P EE M B RERZMER, #E 2022 K, &
E LA 103.32 Ji B, S FEKIE 8576.49 J7, HITH RFFEHEN[2]. Mrger) iz @ vorn i oK it
TARIERGL, AEREE N AR, MRREWA S 2B TAR, B#R T2, Wi RS EZ MR,
BN R G e VR BB . RSN AE AT RE 51 RN A Tk, M S 2 R R L (0 A A 3]
DR, ZLAER RS AT R IR P B BT . RE OV T DS % RPN A% O IRTERR
TR ARFRUEGR R [4] [5], PASCHREHEAl S R e R 22 VP4l . SR, AR Gei N A 77V (6] [7147
FERCRAG AU OR  H. 55 52 32 00 DK 3 5 M0 14 i R8T, e LA a2 e i IR R AR B M A0 75 SR [9] - IR,
R REZE L0 T 1) B BN AR I s A T4 A I 20k 23 AR it LA R E K 2 Y [10] .

AR, BEETFHMEARNFFEERE, RS IE ORI R B A EEFILEE 2 2 5L R Witk
DREER R o JUH IR 5 SIHRTE T BN O U i o gE e, Ll 3z 51 AR EE A
XFPEEAR IR A R E A 7RIS B2, 1 BB 7R S EHR AL B DTk B R M K B B FE IR
RGN ARSI 75 A b, BT Her MR BOR BRI 7 VAR A 7 58 iy A HE AR R R8O, I Fu v x4 40
WM& B AT EAL S H[11]. Bl8n, YOLOV2 Al Faster R-CNN 7EZ48 46 b R B e K e e 2= 57, b
YOLOV2 fEHSFE b i a R #A[12]. jtAh, — 2L Sodk iR FE 2 S A, anekidh i) YOLOv3 [13]-[15] FH& A
222 (CNN) [16]-[19], it 5] N A fH5 2 bR BORE B 2 21 SRS LA K 51N VE R 7B Heal 3 14 F 58 4 (1 454
RS T, AT TR R B AR e . Sl JE ANURINLES A58+ AR [20] 1 45 & th /e RS8R
U T R R, PR T IR HE R RS R Yang SE[21]) MR H T —FhJE T SSD YR FE S SJHE
ZEM B BB ARSI R G, FFER R T B2 B AR DU 9 ) 2% ()RR SR HURE 7). Xiong 45 [22]7E YOLOV8
H15] N GAM (Global Attention Module) 5 3 5357 Jf A 145 2k B4 CIOU $2th 1 #ii) YOLOV8-GAM-
Wise-10U ¥4 J8 2 ) B0 F M 2 2R 44 ARG 9145 21 T AR B (1 U R0CR
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ARXFTFHAK YOLOVS A, $H T —Fhiik) YOLOVS-GAM-Wise-IOU ¥R & 22 ST R AR 7Y
TR R P inN GAM V= JIHLE], FFE AL S CIOU #5125 R BN Wise-10U, #E— BT+ Tk
TRE FERRCR, ARG R W SR AE T S A & S Al A

2. HEALER
2.1. YOLOVS [M%&

YOLO (You Only Look Once) 2 H i — AT i Hbrtu il 535, & LHGE FEEPFI R mm EFR . 5%
Sir) B AR T VEANE, YOLO ¥ HARKAE S A — N — i [ T n] SR AL B, B N ER B R FiL
FAE A AR RO TGRS B TR o 3k 77 A 45 B i B8 7 A 0 PR AR T S B0 81y AR T, A R R Bk 7 Ak 2
M. YOLOVS /2 YOLO H 4 /e, AHECT H i B AT ) YOLOVS 4%, YOLOVS % 4%
TV AR K FoE 3 2 3 7 TR K2 64 . YOLOV8 MR AN [F (4 FH 5 H 92> J9 ne e 1L my x 3t
5 PRSI, P E% IR BEAR IR, RS BEAR 3 . Horh YOLOV8N 24 /Iy HL ks il B2 el R,
RARAIE B2 (1) SIS P AR AR R /INAT %, 1%t SR 4 H YOLOV8N hieA . YOLOV8 &% Bkt <] 1 faw,
A=A TEE Y ETMG . R RS R 28 ARG I3k .
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Figure 1. Overall structure diagram of the YOLOV8 model
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R g M A0 25 R R 2 2 1S SOh SR U B AR T BTt . RIS GAM BEE, YOLOV8 fefis A i
M SR BOGRE B, IR E R T BRI RE . BbAh, ARSI T —Fhsha el R AENLR, %
BURIRI “ S8 MESR VP B AE BT o AL S 45 Aan I 28 RE S 25 5 25 e AN [R) oL & A AEE , AT AL
R AL 55 B BEARYERE . SRAZITVE S, IR A R B 40 3 S AN () o 8 PR R ATE 3 — 2 T A i 2 SR rrp e
Witk. BRI S, AWML ES GAM HALS YOLOVS, %N K R4 8% K I b 5 435 S 1Pk .
GAM FEHR ) 5l ANAE T AT S SR I ZRA A, T haS AR B SR AR ML I8 I 2% L8 A (7] Jon & R R A, (4%
e 1 AR U BE o

BT HIETHAAEESRNZETI, 2REE IV (GAM) A A2 H ] EG b 9E = 245 B s
et H5HAMER YA L, GAM BRI REE Jil/ M5 B4R K T 1S i 4 R 45 2 A2 BLARME MG AR . £
FRBE R /1B (Convolutional Block Attention Module, CBAM) 3£t |, GAM 158 1 I /F 8 iE - %51A]
HERMUE], JRdE— P B T R R R TR, SR S 4EHES DR TR = AN NS
B, JEE R £ 0 25 (Multi-Layer Perceptron, MLP)3 5 % 4 52 [R50 - 25 A i . 25 () Ve B 14
BOnpE A8 W E SR BT AE Rt E, RETTAE RS 4. GAM gt EunlE 2 ik,

Hori
F e RO (1-1)
F, =M. (R)®F (1-2)
F =M. (F,)®F, (1-3)

Fi 208 LR ZM RN RREE, Mo A Ms 23 2@ IE M S AVE R &, RTINS TTRMIE, &
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Figure 2. Schematic diagram of the GAM
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2.3. MK EHH

Wise-10U 451 K R 502 — P FH T H ARl i) e 45401 25 R 25, D B R FH TIAE 5 B SIGHE 2 T 1 22 I
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Figure 3. Structural diagram of the improved YOLOv8 model
B 3. Bt/ YOLOVS AL
3. BiEALIE
BRI T LA TFEAR S, B EdE - R %8R LB o NI BRI R RS, 58 1774 5K
K1 204 5 .

I GRAS R I 5 B35 PR AR H AR O AL B 2, BIAEUIZRAT & S8 N T sl b 4 b 8% AT hmie,
TR A TR S0 /& FATWUER B 4, #1075 200 T o i 3R 4% P i SR ARyt oK o A 932 A Labelimg
bRy T B TR R Z5%5br7E, Labelimg 7& python FHIZE = J7bpiE T EAL . &L FAEAThRE. A
RIS BARE PSS T A AR, IR Rk, RS, N TR, AHE TR R4
BT, bR — FhR AR 5% (Crack) . ®F T-HdR MR h R R B & TTREM B A E AT 5, BEAE
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4. KWHERS 7
4.1, LWIFFEMSHEE

ARG 64 (iRlE RGN T, 1IB4TNAE 16 GB, &K~ NVIDIA GeForce RTX4060, 17 8
GB, CPU & AMD Ryzen9 7945Hx, #mfEi% 5 python3.9.19, SKH] PyTorch J4J% 2% SIHELL$A A 4R A,
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Table 1. Setting of the training parameters
= 1 mGEHgE

ZH Hfy ZH ol
epochs 1000 optimizer SGD
patience 100 weight_decay 0.0005
batch 16 momentum 0.937
imgs 640 warmup_momentum 0.8
workers 8 close_mosaic 10

Irf 0.01 patience 100

4.2. W ia#r

AR IGAH P RSB FE (Precision). T~ FZ $5{8 (mean average precision, MAP) S AR AL AT/, H B3R
(Recall) LA}z F1 43 8UE A4 B IE S . K51 2 (Precision) i & 2 s i ARG A REA I R I B T Bk, P10k
FEIME MAP ) M ACEEIME, MAPO.5 1R 2 4 TRE FFE T 1oU FIBRME N 0.5 I, BF3HiX —8BEA f°F
IRETFE o MAPO.5 S 44 FIT A 102 S FRURE AR FRUAE 1 B EDLT 304, S e R AR A PR i 44 [ R Fr) 284K
s, 2B RS AR P b 78 8 1 [RI 3 H ORFFAE SRS B . 10 MAP0.5~0.95 NIAREEZEAN[F] 10U BI{A
(M 0.5 2 0.95, K 0.05) Lff°F) MAP 1.

MPA = 2PA (3-1)
N
Precision = Ll (3-2)
TP+FP
Recall= — " (3-3)
TP+FN

F1-score = 2% Pre_c_|5|on * Recall (3-4)
Precision + Recall

A N ONSRRIZRIE; PA UL RIS ONREARAR . KSR B AR RTE Bl 22 i R B RO T AR s FP AR AR
PERECE, TP AR AMIVERECE, FNACRBRPITER SR .

4.3. EWERE S

4.3.1. i YOLOVSN jERhIRIE

N1 VEAR P R SO T V0 SCE B RO A E T, 2 il EAT RS, A5 R Wk 2 Fn. AR
Al LLE H A0 R R WIOU 25, R BEARES T IR AR A2 - 0.9 N 43 5, (H2 H HIZ ., MPAO0.5.
MPA0.5-0.95 L J% Fl-score 545 /NG T B, DR ] DAAS H BB a4 2k B2 WIOU XS HA B2 i F s 2
FEFEIT: RN GAM VEE VLRI Z 5, KE#EE. MPAO.5. MPA0.5-0.95 LR ZA KA/ B4 = 1.6 0.8.
3.7 NEY A, Fl-score HEJEAARALIR R 0.1, LI GAM 7 ML A S AL % $2 U AE (5 BT THB A
TR R, E2 A ER AT F AR RS T 1.2 AN E 20 55 TE51I N GAM AR 1) [R] I B8 6453 2K bR 250 A
RFERSHFE . MPAO.5 LA K& MPAO0.5-0.95 Z3 il Lb JE s i A 4 /& 1 2.4, 1.1, 1.3 ANE4r AL, Fl-score LbJ5G
RS 0.1, fH2 4 [Bl 3T AR . I B Sl B 36401 2% s BN it 5| N GAM BEEAR LRSI B 22
Tt A RIEETE 151 0.8 ANE 435, Fl-score b B 445 2 B AR 5 0.2

MEE 2 R AT DU, B 2k BRI WIOU X BLAR RE 2 i AL IR I 2L 8 RS ff 252, (HR 250 H fml
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FT MPA0.5-0.95 )45 Bt i — & A FIEZI; 51N GAM BEHL{E 73R (K K5 . MPAO.5. MPAO0.5-0.95
DA% Fl-score HI45SRAF 8] — @R FIOSRTE, (HA2 XA B2 A 08 R AR 50 o

SAISRUL,  BSOTE RS R LE R R AR S I (1 25 LR AR B T AR LGP S5 s 3R B S0t IS 1) I 4% 2 1)
A LU R s iy R 2R A (e T P R

Table 2. Ablation test results
2. HEARER

R (%) FE 152 (%) A [E1 % (%) MPAO.5 (%) MPAO0.5-0.95 (%) F1-score
YOLOV8n 92.8 90.3 91.5 63.3 0.89
YOLOV8-WIOU 93.7 80.3 91.0 61.1 0.88
YOLOVS-GAM 94.4 89.5 92.3 67.0 0.90
YOLOV8-GAM-WIOU 95.2 89.1 92.6 64.6 0.90

43.2. PEMRBEIRT LGSR

O 56 VIE 1% BF AT SR A B 2w AT E AR R DU T Rk, DURE AR . H R . mAP@O0.5.
MAP@0.5~0.95. Fl-score Z:/ENVFM T8 R, FiZHF 75 1% YOLOVE-GAM-WIOU & YOLOV5. YOLOV8n
SEAEAR R 2648 R kAT 5 kg, e g S anse 3 for.

R 3 (MSLIR 25 w15, HAR YOLOVS [FA5HA EEI% & T YOLOVS,{H A2 51 % . MPA0.5. MPAO.5-
0.95 PL )z F1-score Z1Lfik T YOLOV8: XMt 5k kR 176 A [ml % FR&{KT YOLOV8 JEaa AL, (H 2 H5
J£. MPA0.5. MPA0.5-0.95 K Fl-score E4RHr¥dM T IHAMBIA; @i DL B bl W, BT i)
YOLOV8-GAM-WIOU HykAE 2 A bR 77 1 33 e 30 th HL A8k

Table 3. Experimental results of the different models

3. TRIIERSLIER

BLAL (%) s T E#(%) MPAO.5 (%) MPAO.5-0.95 (%) F1-score
YOLOV5 93.2 78.8 88.9 49.2 0.87
YOLOV8n 928 90.3 91.5 63.3 0.89

YOLOV8-GAM-WIOU 95.2 89.1 92.6 64.6 0.90

43.3. FENIVHIRELE

B FTEE ST YOLOVS-GAM-WIOU #7 5 YOLOVS-CBAM-WIOU #HT LL#%, K36 GAM V1 itk
PLA, CBAM L S E RSB . HEE . mAP@0.5. mAP@0.5~0.95. Fil-score %57 kAT LL#e:
% 4 ATLLE Y YOLOVS-GAM-WIOU 7EREH . 4B . mAP@0.5. Fl-score 435k YOLOVS-CBAM-
WIOU #iih 0.8%- 1.9%. 0.5%. 0.1, {H & mAP@0.5~0.95 W& FEAK; {H 2 5 JF AR Y DL Kz Fo AR R AH E
M FRLEATY SR A 4555 A ARk

Table 4. Results of performance comparison of attention mechanisms

= 4. EBINFIN M REEEREER

A (%) Fh 1 FE (%) 7 E#(%) MPAO.5 (%) MPAO.5-0.95 (%) F1-score
YOLOV8-WIOU 93.7 80.3 91.0 61.1 0.88
YOLOV8-CBAM-WIOU 94.8 87.2 921 65.0 0.89
YOLOV8-GAM-WIOU 95.2 89.1 926 64.6 0.90
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5. RESRE

AT YOLOVSN (1) 4% £5 i k4T 1 ocits, FERFMERLE MZSHE5IN T GAM V1 & I BRI =i
RS T R AR N OE T . XTI R M R R B S F TR AL AU R BR0IE . 45 R W

(1) ACHFFIRE T — Rk YOLOVS-GAM-Wise-10U #5715 75 $ TH 7 2 2 4% K I 1) AE R 1 A
BRI 5] N AR ER JIHLH (GAM) T Wise-10U 451 2% bR £, BEAY7E AL B AR R RL B8R IIAT 5 1 B T
BEMMERIT. BAME, 5IRME YOLOVS BIAIANLL, ool e FRE AL fERE B . T X85 BE 34 (E (mAP)
ML 8 B nldem 7 2.4%. 1.1%F1 1.3%. B [ 206G T R, (FA A R AR E WL B A s
AI(W1 YOLOV5. YOLOV8N)HAT B AR, B A5 AY Al T AT Al ker AR 2 3 T 28 4% .

(2) FERAALTT T, YOLOV8N ML 45 K15 3 1A %ikid, Felig 5l N GAM JEE /B, ixqE
PRI RE A S 0 M SR AR TP R AR AR I OB R, MRS b 4RI ZE B . HhAh, Wise-10U 4512k pR %L
(N FH BT T 5 RS RE A [ G, JE— 253 T A (RS

(3) SLIRLEHE AR, MUH/EH YOLOVS-GAM-Wise-10U B 7E AN A 45 bR LRI T, o IHLAERE T
FERT FL 20 $ EH T AR . 5 YOLOVS-CBAM-WIOU HEAT LLERIN:,  ASHIF 78 MU 7 K 22 Bkt 6 b
AR, WAE T GAM VER JIHLE A Bk .

ZEEPTIR, ARSCHR I O 7V RE RS A AR T I R AL AR IR IS E AN R, D Mr 2 o M ) A 2
BET — P S AN B SRR R . AR BB AU AT DA — DAY, SR A EIRE, YRR 2K
B RR S 008 TEAG DT 55 v
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