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YOLOvS8-based improved algorithm for road damage detection
in UAYV aerial images

Zhang Yajun Miao Haoyuan Ma Wei Ma Chong
(School of Software, Xinjiang University, Urumqi 830091, China)

Abstract: In road damage detection tasks using UAV aerial images, existing algorithms face challenges including high
computational complexity, false negatives, and false positives in complex backgrounds. To address these problems, we
propose a lightweight road damage detection model, DFS-YOLO. First, we introduce the C2[-DWR module, which
employs a parallel structure with dilated convolutions of multiple dilation rates to expand the model’s receptive field and
enhance the utilization of high-level semantic information. Second, we design a lightweight Faster Hierarchical Scale-
based Feature Pyramid Network (FHSFPN) to reduce model complexity while improving feature fusion. Finally, we
introduce the ShapeloU loss function, which focuses on the shape and scale of road damage to improve the model’s
robustness. Experimental results demonstrate that DFS-YOLO outperforms YOLOvS8s, achieving a 4. 6% and 2.1%
improvement in mAP50 on the China Drone and UAPD datasets, respectively. Additionally, the model reduces the
number of parameters and computational complexity by 39.1% and 20.4% , respectively, achieving a good balance
between lightweight design and accuracy. These results highlight its significant potential for practical applications.
Keywords: road damage detection; YOLOvS8; C2{-DWR; FHSFPN; ShapeloU;lightweight
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Fig. 1  YOLOv8s model architecture
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Fig. 2 DFS-YOLO model architecture
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Table 1 Experimental parameter settings
24 ZHUH

B Rk 640X 640

Ul 7278 300

HEU I 16

Pty o7 2] R 0.01
P 3R R AL 0.000 5

ffes SGD

3.3 HEEMiESR

R T VPG AL B S 0 £ G A T S8R | [ S A A
B RGEIU 2% 2R L AR SC 3 #F T RS #1 % (precision, P) | A [ %
(recall ,R) 3285 B 4 {5 (mean average precision, mAP) |
Z: ¥ (parameter, Params) Fli1 8 5 (GFLOPs) 7 Jy #5 #l
PRI R
3.4 WLEXW

1) A [r] Gy 100 A2 2 ) %of b 52 9

T R 2 VAl A SCAR AR TR A S I 0 R T
By S BRI, A CHE China Drone B354 [, ff FH A1 [R] A9 52
WA RS CE 5 F T S B P B B b e T
WX . LIRSS R R 2 s, WY B H br o i A
1 Faster- RCNN Z8Ci 5 1157 4 di K (A I 8CR AR He
FEIFA A, YOLO RIVFEH . YOLOVT-ting 244
/N, 5 AR SCE B AR X, B mAP50 48 45 5 H
YOLO BRIV A LRI 25, A SCHR L MR 5 B 4
R YOLOv8s # HE » 2 Bt 13+ 55 5 3 0 FEAIR 39. 106 F0

%2 A FEEETE China Drone #EE FH#6  25 R 3t Ek

Table 2 Performance comparison of different algorithms on the China Drone dataset

HE A P/ % R/ % mAP50/ % mAP50-95/ % GFLOPs Params/M
Faster-RCNN 56. 1 47. 3 49.1 24.1 134.0 41. 37
SSD 68.8 59. 4 62.9 30. 9 30. 63 24. 28
YOLOv5s 72.1 58.7 61.7 37.8 23.8 9.11
YOLOv6s 61.5 55.9 56.5 32.6 44.0 16. 30
YOLOv7-tiny 60. 5 51.4 55.3 30.9 13.1 6.02
YOLOVSs 67. 1 61.9 63.8 38.7 28.4 11.13
YOLOvYs 65. 2 58.4 59. 4 37.0 26. 7 7.17
YOLOv10s 68. 6 57.4 62.9 38.1 24.5 8. 04
YOLOI11s 67.1 61.5 62.1 37.9 21.3 9.41
DFS-YOLO 74,4 65.3 68. 4 41.1 22.6 6.78
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®3 AEMEE#H C2f-DWR B China Drone
HiRE EREE R
Table 3 Comparative results of replacing the C2f-DWR

module at different positions on the China Drone dataset

" mAP50 Params

BB :‘ig % GFLOPs M
YOLOvS8-C2{-DWR-1 1 61.8 28.3 11.13
YOLOv8-C2{-DWR-2 1,2 63.1 28.1 11.10
YOLOv8-C2{-DWR-3 1,2,3 62. 6 27.8 11.02
YOLOv8-C2{-DWR-4 1,2,3.4 64.8 27.7 10. 86
YOLOvS8-C2{-DWR-1-H 4 60.7 28.3 10. 96
YOLOvS8-C2{-DWR-2-H 3,4 66. 2 28.1 10. 88
YOLOv8-C2{-DWR-3-H  2.3.4 63.9 27.8 10. 86

3) AN R SR AR fil G T 45 1) %o L 552 46

F T A AR SC 4 B FHSFPN R 25 1 Pk R A 3, A<
SCHE B AL B R AE Bl A R 45 224, 78 China Drone (&
4% b5 FHSFPN #4746 HSE 86, Se g5 Rk 4 s, 5
IS HCHEIE R FHSEFPN W 2% AH 38 I fib ¢ i 3l & 90 2%, 78
mAP50 L K mAP50-95 48 4n ¥ A B EF ¥, 5 HSFPN
AH L 2 . mAP50 LUK mAP50-95 X0 W45

4[] 45 2K o B X L S B

BT WAEA B A ShapeloU $i 5% pR B0 7E 4% T #3 4
A 0 H F R D B AR SR 5 A HG A T R o g B ) R A
b F LR UL A #1k B EXFE China Drone £l 48 15
ShapeloU #E47 X L S2 580, XFEL&5 R unZ2 5 frn, MWFE S
S 45 BT AT, ShapeloU £ mAP50 & mAP50-95 8 4%
FEBE T H A LB R R R, 5 AR
CloU #1k pR AR L %2, mAP50 427 0. 4% , mAP50-95 &

7 0.3%.,

x4 FTEYHERL A ML China Drone
HIEE FHERITEE
Table 4 Performance comparison of different feature fusion

networks on the China Drone dataset

o mAP50  mAP50-95
FEAE A 9 4% P/ % R/% Y %
PAN-FPN 67.1 61.9 63.8 38.7
Bi-FPN™ 68.9 58.5 62. 4 38.5
AFPN™#! 69. 1 54. 8 60. 6 36. 6
GD™ 74.3 56. 2 63.2 39.3
HSFPN 67.8 63. 4 64.7 38.5
FHSFPN 75. 6 61.6 65. 2 40. 2

RS AREHKEZHTE China Drone
HIEE ERE R
Table 5 Performance comparison of different loss

function on the China Drone dataset

Wk %K mAP50/ % mAP50-95/ %
CloU 68.0 40. 8
DIoU 66. 6 40. 2
GloU 65. 3 39.7
EloU 64.6 39.1
SloU 64.5 39.6

MPDIoU 64.9 38.4
WIloU 64.7 39.5

Inner_CloU 64.7 37.9

ShapeloU 68. 4 41.1

TE 2.3 e R B, 1 2k PR 4L ShapeloU 7 15 4 i K
scale s RIS BB scale WIEIEAT T 5256, SCHG 45 5
%6 iR, BILLE W, scale BUME N 0.1 B, mAP50 5
mAP50-95 R I AL, T IAR SO A LI scale ¥IIEIN
0.1, M2 RO, BN scale B 2317 B XK
SR B 1) BN, Y scale BB, AUH A b
PO, 5 3Bh A E X TR 22 RN fURR
3.5 HRESEE

R T RS A SCHE B A ] e X A AR £ A A TN Ak SR
BY5 A , 7E China Drone $(48 & #4717 — R 5B H I fl
SCE L, SCER AR AR T PR

T TS TRIRAE FUERLT YOLOvSs 458 7 ) B i
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FIm AR IR F B 1 C2FDWR, B 2 R
FHSFPN. 8.3 3 24 ShapeloU, & 7 (W45 51T A1, 48 342
Y 3 i RV e B B 3 oE B R b i, mAPS0 I
mAP50-95 A R TF . FE5]I A C2EDWR 5, /N g sk 2> 2 8 &
KO E R A R A, mAP50 5 mAP50-95 #H %5 T 3 i 45 15 43

A [T, 41 8 17 X T 450 4% 1) ARG TG 2
% 6 [ scale BN 7 China Drone
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Table 6 Performance comparison of different scale

settings on the China Drone dataset

PR 2.4%5 1.9% . 7E5]| A FHSFPN S M 45 )5 . 25 ) mAP50  mAP50-95
\ . e b 2K R AL P/% R/%
5 T AR T R R R B AG 36. 8205 19. 026, mAP50 /% /%
M mAP50-95 43 B ES 1.4% 5 1.5%. fE8] A ShapeloU ShapeloU(scale =0) 79.0  61.0 68.1 40.9
S5 RSN SR 5 E B, B mAP50 5 mAP50-95 4H ShapeloU(scale=0.05) 67.7 59.6 62.6 37.9
PNERSRR |UC0 0 G SR T
= IR AR L R MERL Y PLR . mAP50, mAP50-95 ’ o B ' " >
éj\%zljiz%i sﬁ;&?)it/ﬁo Li%f%t% IR BB b ShapeloU(scale =0. 2_) 69.8 62.6  64.7 39.3
N N N = ShapeloU(scale=0.25) 70.7  60.6 64.0 39.2
I3 BREAR 39. 1261 20. 4%, W] T DFS-YOLO fEf- 355 &
% 7 China Drone #{#E5 FRIEREEER
Table 7 Ablation study results on the China Drone dataset
YOLOv8s &k 1 N7 B3 P/ % R/% mAP50/% mAP50-95/% GFLOPs Params/M
N 67.1 61.9 63.8 38.7 28.4 11.13
NG NG 75.0 64.0 66. 2 40. 6 28.1 10. 88
N N 75.6 61.6 65. 2 40. 2 23.0 7.03
N N 70.5 59.0 64.9 39.5 28. 4 11.13
N N N/ 78.2 62.0 68.0 40. 8 22.6 6.78
N/ N N 73.6 66.0 66.5 41.0 28.1 10. 88
N, NG NG 69.9 63.1 65. 4 40. 0 23.0 7.03
N NG N N/ 74.4 65.3 68. 4 41.1 22.6 6.78

3.6 HELZHMESH

R T2 Ay BT AR SCHE ) DFS-YOLO 7K [ #% T
BT WS PR iz AR BE 1 AR S B 76 A F B 4 UAPD™
ATz AR R . UAPD $#4E i H K s M600 Pro J6
AALAEEE BT 7R 5 KB AT 8 e A AL R 2401 3R A
1% A5 T Y ZEaE R Ak o R 2 AE TR s
#h. #%F China Drone S48 4 BN 0 T &) ) 24 4% 3
— G R, [EAE, % BB 5 China Drone %04 42 48 [6) 64 X
A EGIHMER S 3.1 W AR A R A R S I
BRI TRLE R ME 8 TR, LRE R FRIEY T DFS-
YOLO 8T8 A HLAL 1 3% T 488 45 4 0 3 5 T 0 R R B
BT MR R YOLOvV8s, mAP50 5 mAP50-95 43 5| 2
M21% 5 1.7%. HE TR B YOLO & ¥ # &
YOLO11 s, mAP50 5 mAP50-95 43 5 #2 & 2.3% 5
2.2%. L ESTH 5 W DFS-YOLO B A #8412
ek,
3.7 AHALSHR

AT B E R R Bk S ) DES-YOLO A9 46 I % BE
AL China Drone $45 5 ik £ 4 H B A RM WA
A% DFS-YOLO 5 MER A YOLOvSs #E17 7] 4k %
oL AN 10 FioR .
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YOLOv8s i D10 £ [7] 2448 ; 2 5] 3 FL A A YOLOvSs
14 Repair & #M R K 2 D10 15 1) 28 4% 5 21 501 4 3 off 45 AU
YOLOv8s it D20 %, SEg 25 R £ W, DFS-YOLO TE
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CHLR DR DAE 55 v 475 £ R s 8 10 38, 30 UE 1 H X 40 B it
iR AE SR B B B R 3

®8 AEHETE UAPD HiEE LML R3Ttt
Table 8 Performance comparison of different

algorithms on the UAPD dataset

[ERi P/% R/% mAP50/% mAP50-95/%
YOLOv5s  66.5  66.9 68.3 40. 6
YOLOv6s  57.6  62.9 58. 6 33.6

YOLOv7-tiny 54.8 57.9 59. 9 31.9
YOLOv8s  72.1  67.0 68. 8 41.3
YOLOv9s  62.7  66.8 66. 0 40. 6
YOLOv10s  62.4  58.5 61.6 38.0
YOLOIlls  65.8  67.9 68. 6 40. 8
DFS-YOLO 75.7  67.1 70. 9 43.0
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Fig. 10 Detection performance comparison on the China Drone dataset
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Fig. 11 Heatmap comparison on the China Drone dataset
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