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[ Abstract]|  Addressing challenges such as large memory footprint, high computational complexity, and insufficient real-time
detection speed in road crack detection models for complex scenarios, a highly efficient and precise algorithm named FCG-YOLO was
proposed. Lightweight modules and attention mechanisms were integrated, and traditional feature fusion pyramids were enhanced. The
algorithm incorporates PConv into the residual calculation module of YOLOv8n to introduce the improved C2f_Faster structure, thereby
reducing model parameters and computational complexity. To enhance detection accuracy, GAM ( global attention mechanism) was
introduced into the backbone, and the Feature Fusion Pyramid SPPF was improved to SPPFCSPC module, enhancing the model’s ability
to represent and fuse features of road cracks. The impact of each module on algorithm performance was verified through ablation
experiments, identifying a lightweight and accurate model configuration. Furthermore, the robustness and generalization of the
algorithm were explored in practical application scenarios. FCG-YOLO demonstrates outstanding detection efficiency, achieving a
detection accuracy of 90. 3% mAP50 and 74. 4% mAP50-95 on the validation set, with a detection speed of 345 frames per second.
These results highlight its high detection efficiency and significant practical value.

[ Keywords] toad cracks; YOLOv8n; object detection; deep learning; lightweight models
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Fig. 1 FCG-YOLO structure diagram
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Fig. 2 PConv schematic diagram
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: MaxPool2d
k13
""""" C \ 4 C
> onv o onv
> K, sl >| Coneat [ 11,51 [
________________________ @) SPPCSPC
MaxPool2d MaxPool2d N MaxPool2d Wik E
! ks ks ks
- Conv Conv [ o R T R A
SPPFCSPC kl,sl | k3,s1 | kI, sl N
¢ Conv | Conv
¢ k1, sl k3, sl
C Y {c
| Conv N ony
> K1, sl » Concat Tl il
(b) SPPFCSPC

&l 4 SPPCSPC 5 SPPFCSPC 4514 &
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Table 1 Training parameter settings

SRR SRS SRR SR E
Optimizer Adam workers 4
epochs 300 loU 0.7
patience 50 10 0. 001
batch 16 Irf 0.01
imgsz 640 momentum 0.937

2.3 iFfhiEER
SCIRPEPE 20T 300 YISk e R AL, DL %
BORIAEYI S 6] BE A8 575 7027 ~] B8 1Y DB RRALE .
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YRS B2 Y948 ( mean average precision, mAP) & 7
SR G (Parameters ) |7 5,185 8 5 FP ( GFLOPs ) (AX
HICF RN (Size ) LA BT (FPS) A AL 1Y PEA
BhR , BEE 4 T PEAG S0 AR A DA B TN 53 S A
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YOLOv8 #fE il i #2 15 2| LA S8, P R 1l mAP

(i BLARH A h
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P=Tp 1 Fp (7)
TP
R=1p 4PN (8)
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ToU [H{E 2} 50 ~95 B f¥) mAP,
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2 A TR A R B 0 eT Ak, BT L O M B
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Kuail.ie 4573 31 & 7~ 52 i 55 70000 A 95 2 28 1), L B4
rR R BT O TR O A R R S 1 D) B T 2
S0 A T R R

H & 6 A 41, FCG-YOLO (47 ) Y 1R 15 4B B4 14 %of
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FSAY 7Y IE A A I 53 i 4 v T 18.8% .8. 1%
0.9% . - 1.0% .11.0% , & WA X} F 7 H 3%, FCG-
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BT RS, 5 R A 2 s, GAM B fx
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Table 2 Attention comparison results
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IR, IE B T GAM 7E $12& i 455 AU of ff 1k 1 i A
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3.3 C2f _Faster #EHR YT M £& 14 Bk B 221

R T BAEAEA R E G C2f_Faster Bl 5 ¥
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C2f_Faster, J7 %8 3 WIXF 43 C2f Z5M #1784, 45
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C2f_Faster 7EAN AR AL A9 51 A XA SR AR T 45
RIS 7 2508 B DL SO R, TRl i
PETF TR B 3 e B T R 5] A T4 T A
B R, FCG-YOLO B % 3 A &%
BB B B D A RS T R, A T R 4R
YOLOv8n 5.3, S8t | 77w s AU SO AR
A3 22.3% 20. 7% 24. 6% , T FPS 11 114
i, ARG 8 4R T 37. 6% , AHL IR R R F AR R
B G T AR ) G RS B8, = b5 AT =43l
75 mAP50 [&1% 3. 6% 4. 8% 8. 6% , 7648 FH i 3t
PR TR ELE A RN 5, AR SO TR R U R
bRy ), I sE i T B e R B A % 3.
3.4 SPPFCSPC 0

SIS AE T SPP . ASPP SPPF  SPPCSPC 45 H:
AT 4 3 43 BN YOLOvV8n JE BA AR 78 [ 4%
e, g5k 4 R,

AR HA AR Y | AR SO AL Y SPPRCSPC H 4% 1
T PR B2 TR) sf EL A I 1 2 400, A G R s A AR
mAP50 73542 T T 5.5% \5.3% 2. 8% , mAP50-95

gow AP0 mAPSO- e R e, B e 13t
% 95/% /100 MB SrERTE T 6.6% 4.9% 4. 4% , KX T 471
YOLOVSn  83.6  63.9 303 3.01 8.2 6.3 A P4 A B B TR 4% ) S A R AIE 3 E AR S
YO'P‘:OCVEH T84 613 244 316 8.3 6.3 FFHE R ﬁﬁﬁjj , @%%ESPC @Wﬁéﬁfg IREE:S
YOLOWEn = RN BB AR AR R s e T o I M 1 B 3, AR X T
A 86.0  69.0 286 3.01 8.1 5.99 SPPCSPC, HH T Ab 4544 IR MCh T ER B, i 1T
OLsn e as oy BB IR R B T ST, AR
CAM REERRAR T 23 i,
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Table 3 Comparison of results with different positions of introducing C2fFaster module
kS SRR mAP50/ % mAP50-95/% & SR/ 10° GFLOPs W E#H/MB

Joekit YOLOv8n 83.6 63.9 303 3.01 8.2 6.3

VE B AR sk 80.0 61.3 323 2.67 7.5 5.6

TR BT 78.8 57.1 286 2.69 7.4 5.3

E = i 75.0 52.5 417 2.34 6.5 4.75
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Fig. 7  Attention results visualization
T4 AEHBIERMEEFELERITLL
Table 4 Comparison of results with different feature fusion pyramids
el mAP50/% mAP50-95/% S K /10° GFLOPs e AN E/MB

SPPF 83.6 63.9 3.01 8.2 303 6.3

SPp 83.8 65.8 4.42 8.3 294 8.7

ASPP 86.3 66. 1 5.07 9.7 37 10. 4

SPPCSPC 84.3 68.5 4.61 9.4 256 9.5

SPPFCSPC 89. 1 70.5 4.62 9.5 233 9.2
3.5 HRXI 43.5% BB 63.8% ,FPS B 118 i, WoR

S B IE AR SC AR A I i B A R, T
YOLOv8n W45 FEaih B AT T 1M RS2 56, 45 41 5050
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Table 5 Ablation Study
GAM C2f_Faster SPPFCSPC mAP50/% mAP50-95/%  Z¥i/10° GFLOPs i 2% AU E/MB
X x X 83.6 63.9 3.01 8.2 303 6.3
v X X 88. 1 70.5 3.45 8.5 244 7.1
x v x 75.0 52.5 2.34 6.5 417 4.8
X x v 89. 1 70.5 4.61 9.4 233 9.2
v v X 84.0 61.3 2.82 7.1 385 5.9
v X v 92.1 76.6 5.05 9.8 227 10. 4
x v v 86.5 67.3 3.96 7.9 370 7.8
v v v 90.3 74.7 4.42 8.3 345 9.1
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YOLOvS5n,YOLOv8n, YOLOv9-c . YOLOv10n )X} /2
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Table 6 Comparison of YOLO Series Algorithms

LY mAP50/% mAP50-90/% BH/10° GFLOPs i % W EE/MB
YOLOv3-tiny 50.6 21.1 8. 68 12.9 208 17.5
YOLOvSn 75. 4 48.5 1.77 4.1 222 3.9
YOLOvS! 87.8 78.2 46.13 107.7 143 92.9
YOLOv8n 83.6 63.9 3.01 8.2 303 6.3
YOLOv8s 86.3 70.7 11.13 28.4 256 22.6
YOLOvS8I 85.7 70.2 43.61 164. 8 222 87.7
YOLOV)-c 90.9 80. 4 50. 71 236.7 83 98
YOLOv10n 80.6 62.2 2.7 8.2 435 5.8
FCG-YOLO (ours) 90. 3 74.7 4.42 8.3 345 9.1

(a) YOLOv3-tiny

(d) YOLOV9-c

(b) YOLOV5n

(e) YOLOv10n

K8 IEH s P FRR EAE R

Fig. 8 Detection results of different algorithms in normal scenarios

(b) YOLOVSn

(f) FCG-YOLO
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(a) YOLOV3-tiny (b) YOLOv5n (b) YOLOv8n

(d) YOLOV9-¢ (¢) YOLOvVIO0n (f) FCG-YOLO

9 BOLARTRE T ARF LA ZS

Fig. 9  Detection results of different algorithms in low-exposure scenarios

(b) YOLOV5n

TigoXiu 0.2

(e) YOLOv10n (f) FCG-YOLO

K10 DL N AR R LI 45
Fig. 10 Detection results of different algorithms in scenes with light interference
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(d) YOLOV9-c
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