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WADW-YOLO: lightweight road defect detection for
aerial photography
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Abstract: To address the problems of large scale variation of defects, strong background interference and
high complexity of detection models in UAV aerial road inspection, this paper proposes an improved
detection model WADW-YOLO based on YOLOvlln. Firstly, a C3k2-WC weighted convolution
module is proposed in the backbone network, which realizes spatial position weighting of convolution
kernels through a predefined center-enhanced weight matrix, reducing the number of model parameters
while focusing on feature extraction of defect regions. Secondly, a lightweight ADown downsampling

module is adopted to improve the ability of retaining defect details, and a DAttention deformable attention
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mechanism is introduced at the end of the backbone to capture both global and local information by
adaptively adjusting the receptive field. Finally, a Wise-ShapeloU loss function is designed by combining
the non-monotonic focusing mechanism of Wise-IoU and the geometric shape constraint of ShapeloU to
improve detection performance. WADW-YOLO achieves 74. 6% mAP@O0. 5 on the public China_Drone
dataset, which is 3. 8% higher than that of YOLOv1ln, with 17. 8% fewer parameters and 23. 8% less
computation, achieving an effective balance between detection accuracy and model lightweightness.
WADW-YOLO also obtains a 1.8% improvement in mMAP@O0.5 over YOLOvlin on the
China_MotorBike dataset, demonstrating its outstanding generalization performance. This paper provides

a technical reference for high-precision and low-power deployment schemes in UAV road defect detection.
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K X ffi H Road Defect Detection2022
(RDD2022)"" JF 5 £ 46 42 247 U0 2k o i Bl 41
LTI A 208 e Bk b e R 8
BRI T E BN H A PR S A
2 5 2R A 1Y I8 R B R BT 47 420 9K . IR
e o [ A - T I 4 B R R AR, AR SO U R AR
HH I X A A T R A, T X R 4R
fJ % China_Drone 5 China MotorBike, Chi-
na_Drone 4 5 H JTC AMLBUHIUR 4 76 Ve J5 15 31
2 396 5K 8 [ B BE ES TR R A U0 25 5 B0
5286 /3 M7 ; China_MotorBike 5 48 B 745 # %% 30
W RS TE VR 3 1 977 5K A B B G R, T
P ACPESCG DI T AR AR A A IS [ R £ O X3k
B8 B 5t T iz Ak g

B B bR 0 T8 R 2R A IR Ay Oy 535, 4y
S R Gk ) 25 (DOO) A ) 4% (D10) | IR 2 4%
(D20) \Ht i (D40) 54X I (Repair) , £ 2 51| it
TRUREANE 8 7R o S50 T FH A AR 4% R 81 10 1
14 L6 B BE LR 23 A I B 56 TE 4 5 D4
4.2 EWIRERIFMIEHR

Sy R4 ) Windows 11,CPU 2 AMD Ry-
zen 7 5700X, GPU i NVIDIA GeForce RTX
5060, /74 8GB. 4if#if F 4 Python 3. 11,3
YR HESE N PyTorch 2. 11.0, % Jl CUDA 12. 8 it
frmi . WNESHAREWT 5K (epochs)
A 200, YNGRtk ¥k K/ (batchsize) 5 16, i A %
R RBF 640X 64018 % , Ak #5 (optimizer) {ff
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Fig. 8 Examples of road damage types

FH B AL AR BE R B (SGD) B3k, 91 th 2% 2] R ol
0.01,3l# K 0. 937, AL W F 4 0. 000 5,

R B WIEH TLg 25 5, A SCiE H DL N IR 4R
B VAl AR RS 7Y 2% R 4 BE RS B BE (Precision, P) |
A 11 % (Recall,R) P-4 45 £ (mean Average Pre-
cision,mAP) , A W= (22)~(25) iR :

P—L (22)
 TP+FP’
R—L (23)
 TP+FN’
1
AP:J P(R)dR , (24)
0
1 ,
mAP—;;AP(Q. (25)

A TP 7R IE 8 U 19 IR EFEA K i, TN %
7 TE A TR Y 67 D RE AR B FIN 3R 1A 1R R
Bk B S E SR A B i FP 38R Bl A R IR )
R IE SR T SRR A K o m Sk G 1 2K ) A
oo W IREE P e AR E0I O OF ) 9 RE AR b
SN IE B H ] . A 1R R E SR B AL IE B iR
S Sy T A8 R A B T A LS AE Y L .
Y E R mAP 238 i 6 BT A 28 B AP {E BUOF
BrAg 200y, Horp AP Sl T A — > 200 0% T o

(d) Yuif (e)fE4b

B3, mAP 0 BB K PERE . mAP@
0.5 & X K 10U [ {8 & 0.5 BF (Y °F K B,
mAPO. 5:0. 955 ¥ & 10U HEH M 0. 5~0. 953}
AT RN G . AN, O TSR 4 TR
TR A 0K B T B R R B T AT M A
2 # & (Parameters) 718 & (GFLOPS) i1y
Tebr i Z YT R &

4.3 C3R-WCHERZEESHIERE

Sk g s C3k2-W C 55 He v 25 )3 2 40 den 1Y i
P IUE , A SCFE YOLOvVIIn JE 2R B B0 | e &=
+ R} 2% iy C3k2 S C3k2-WC, %t %5 BE 2 % den
4y W 7E 0.70, 0.75, 0.80, 0.85, 0.90, 0.95}
0 BN HEAT X S5 25 Rk 1 TR .

A2 1A L, % 2 80 den Y BU(E X 452 70 4
EA W EFW . Mdenf 0. 70 % A3 K % 0. 90
i, mAP@O0. 5 Fl mAP@0. 5:0. 95 5 br & K &2 |-
TF e, I 78 den=0. 90 I} 23 Bl 1k 2 & i {4
71.4% F146.1% . 24 den 4k Z2 15 K %2 0. 95 i,
W3 I0 35 5 0 91 B 22 68. 4% F1 43.9% , 4% BE )
WIS W, W] 3B 2 den B A I, s 38 4
RO HE LA 5 R B X S80REAE 5 den B 5
o B, 300 % X AN TR ek B R AR AN R T Al R

x1 FAAZEESHMNCIK-WCHZRER
Tab.1 Experimental results of C3k2-WC with different density parameters

Model P/% R/% mAP@0. 5/ % mAP@0.5:95/%  GFLOPs/G  Params /M
C3k2-WC(0.70) 69.9 65.1 71.1 42.7 5.8 2.58
C3k2-WC(0.75) 73.7 58.7 68.2 45.4 5.8 2.58
C3k2-WC(0. 80) 65.1 63.7 69. 1 44.9 5.8 2.58
C3k2-WC(0. 85) 69.1 58.6 66.5 42.3 5.8 2.58
C3k2-WC(0.90) 76.1 63.1 71.4 46.1 5.8 2.58
C3k2-WC(0.95) 72.4 55.9 68. 4 43.9 5.8 2.58

T R R R
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MEEGHAN TR ., AR E S RE s,
AN S SR 52 5 5% F den=0. 90 1F }y C3k2-WC
R 11 BRI &
4.4 AEB#H C3k2 HEHR T bE SLIE

Xt AN TR 4 BUIR T AR C3k2 455 B v (1 2%
B AR SCHE YOLOvIIn 3 Al A 8 v X 1 T I
Pl gk Ear s s g 2 fron. 45 R LY,
C3k2-WC Ll 5.8G By GFLOPs 1 2. 58M ¥ £

BERAE T 71.4% B9 mAP@O. 5, 76 45 & 1 5L
R ] ik #) B A F f ; C3k2-PConv Ml C3k2-
PFDConv i & 2 % & #& ik (2.40M) , 2
mAP@O. 5 43 5 K& 2 68.5% Hl 66.2% L B K
£ 5 C3k2-RFAConv 1 Jir /5 5 77 88 K, ff B 4
THAE R . &4k F , wConvad B 51 A 78 B /N
THA B FH Y [R] BE AT R0 HE 58 T C3k2 BB Y R
fiF 12 e g

R2 TEKNHEMNCILMIWLER
Tab.2 Experimental results of different improved C3k2 modules
Model P/% R/% mAP@0.5/%  mAP@0.5:95/% GFLOPs/G Params /M
C3k2(Baseline) 76.7 62.0 70. 8 45.2 6.3 2.58
C3k2-RFACon™ 66.9 70.6 70.5 45.2 6.4 2.61
C3k2-PFDConv'™* 71.4 55.6 66.2 41.0 5.8 2.40
C3k2-PConv'™" 58.5 65.3 68.5 44.1 5.9 2.40
C3k2-ODConv™ 73.1 60. 2 69.0 41.9 5.8 2.61
C3k2-WC(ours) 76.1 63.1 71.4 46.1 5.8 2.58
E R B AR R R AR
4.5 AR K R H T EE K16 H66.5% . A Z T, B T Wise-ShapeloU 7£
Sy B O pR B e E TR O A R P g PR N B T s s 2 AN ) ) 1 '

Wi, F JE flf S R AE 0N 51 AT A A i A AE [
U $5 2 oA R AT T B, S G 25 R a3 3 TR .
& 3A 0L, CloUfEN B4 rik , BT
70.8% 1 mAP@O.5, {H H # [ & X K
62.0% . WIoU-V3i# it 5] A 3l & 50 5 4k
ML, K A 1] 4 T & 64. 7%, 8K i K B R A
T B & 69.7% . ShapeloU 4 FocalEloU HY
mAP@O0. 543 51~ 68.9% 5 66.9% , ¥ & 4 i
FEZ AR . EloU R e I A, mAP@O. 51U

#l, 1#18 mAP@O. 5 & mAP@0. 5:0.95 43 71l i5
B 73.8% 5 47.6% , tHE T CloU % £ 43 il $2
F+T 3.0% 5 2.4% . & REIUET 5l AR
AT 5 ) 25 m AL il () Wise-ShapeloU #it 2%
PRI 7E GE B BR BB K AT S b R A R E
mAP@O. 5: 0. 95 35 ToU B 0.5 % 0. 95, &
B B4 i BEHE [B]0E R 22 0 b i, Wise-
ShapeloU 7 % 48 B - (1 42 T+ 8] $22 J e 7 H 34
FHE S8 ALK BE I 2

K3 ARBAFAHHOREER

Tab.3 Experimental results of different loss functions

Model P/% R/% mAP@0.5/%  mAP@0.5:95/%  GFLOPs/G  Params /M
CloU(Baseline) 76.7 62.0 70. 8 45.2 6.3 2.58
WloU-v3' 69.7 64.7 70.5 43.4 6.3 2.58
ShapeloU™™® 71.5 60. 5 68.9 45.0 6.3 2.58
FocalEloU'®" 72.3 56.6 66.9 43.8 6.3 2.58
EloU'™ 63. 4 63.8 66.5 42.2 6.3 2.58
Wise-ShapeloU (ours) — 72.3 66.5 73.8 47.6 6.3 2.58

T R AR R R A



N F L WADW-YOLO . [ [ i 31 19 54 B Ak 8 1% B [ A6 11

4.6 HRLZEIE
AR S HE China_Drone 18 # 6l [ 2088 5 F, L)

YOLOvI1n JyFE 2R AR e A ] (1) 52 56 A 5% K F

FTIH R SCS , DADFAl AR SC o sl A5 R o i 2 A6 7Y
5 00, S B 45 SR 4 BT R Hrh <V FOREIA
AH BT

F4 HFETE
Tab.4 Ablationexperiment
. . mAP@ mAP@
C3k2-WC ADown DAttention Wise-ShapeloU P/% R/% GFLOPs /G Params /M
0.5/% 0.5:95/%
— — — — 76.7 62.0  70.8 45. 2 6.3 2.58
N — — — 76.1  63.1  71.4 46.1 5.8 2.58
— N — — 74.3  64.1  72.5 47.5 5.4 2. 14
— — N — 74.2  61.1  70.9 46. 2 6.3 2.60
— — — N/ 72.3  66.5  73.8 47.6 6.3 2.58
N/ NG — — 68.8 68.3  72.4 46.3 4.8 2.10
NG N NG — 72.9  70.5  73.4 46.7 4.8 2.12
N, N N N 80.6 64.4  74.6 47.9 4.8 2.12

I RS R R UE

TH R SE g 45 REV] . FZ YOLOvIIn 1Y
mAP@O0.5 K 70.8% , Z ¥ & 2. 58M, GFLOPs
6.3G. 5l A C3k2-WC J& , mAP@O. 5 & J+ =
71.4% ,GFLOPs [% % 5. 8G, A] Z1 AL 45 5 19 AL
o A A A5 AR BB 08 SR AR BR A RRAE . 51 A AD-
own F i TR Z & RBIHLE BRI A GFLOPs
FEh 5.4G, B F MR TR B MIF A&, 5 A
DAttention {1 & LG , 2% &t 2. 58M T3
% 2.60M,{H mAP@O0.5:0.95 1 45.2% &£ T+ &=
46.2% . X 3 B DAttention LA #% /) i) 2 % = A4
WA AL 5 T AR TR T N R U S B SR B 1 22 R
FAE PR HAE 1 o R FH Wise-ShapeloU #i 2k bR %1
JG ,mAP@0. 53k 3] 73. 8% , iX 1. $3i Bl Wise-Sha-
peloU i 2k bR &L 7E b 3 6 g FF A BT 15 1 ~F- £ 7l
Z KRB bG 0] 8B A — 2 L. fERL A A i
Hrp C3k2-WC+ ADown+ DAttention A mAP@
0.5 73.4% , M B T 5 4 B A, ok F L A
WADW-YOLO f£ China_Drone %4 £ | 19 1 g
YA B ERI, H P mAP@O. 5425 3. 8% , MY
B TR AL H AR R RE ), i R IR T T
KT I P RE o AR S el Bk v AR
KRB, WS ECR W T 17. 8%, 1
A 23.8% , TEHKG FE 5 ROR M AU B B AR
P A HE T I0 AL T O A PR Y i &%

W

4.7 AEEREENITEELHK

h 4 T Z G0 L PE A WADW-YOLO £ &1
PERE | A% SCak BT H: Al 28 AR R | A OG 4Tk
BARERMER B AR 52 UL L YOLO & 51 9
AR LA AT, X B AL BB B YOLO &
% YOLOv1On™ . YOLOvl1ln'® | YO-
LOv12n* | YOLOv13n™" 5 Hyper-YOLOn™ ,
DI J e F Transformer 2244 (1) 5 By B AG JU #4% RT-
DETR-R50", [6] i i 35 9 B B K6 I #% Faster-
RCNN"™, A Xf HB B35 76 A1 R 3R B8 F 3 T 5
Ty TFIEACHS 52 B, 5296 45 SR 36 5 B 7R o

250 L, WADW-YOLO #1575 {3 1F ¢
DA RS 2 1Y) [R) B f 25 AR T S 480 St B s
BAR 5 , H mAP@O. 5 ik 3 74. 6% , Precision
9 80. 6% , AH Lt 22 BLIK AL 1% J7 ¥ Hyper-YOLO,
mAP@O. 542 T+ T 3.3/ 48 i . 5 3L filf 455 A
YOLOv11n # It , WADW-YOLO # mAP@O0. 5
BT 3.8%, M I S K 2. 58M R 4F &
2.12M, it & & i 6.3 GFLOPs F & & 4.8
GFLOPs, 78 PR35k U 4 58 19 ZE At [ 3F — 20 #k gk
THRIP R, 2T L5 B Bk
M #% Faster-RCNN 1 F 2k A X 88 2 30 W 4%
(RPN) AL, BIA T W B AU A, itk B &
{51k 134. 0 GFLOPs, i mAP@O0. 5 K 51. 5%,
WO LA 56 S IR B SR A v 1 T 4 R
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WA %5 . 3T Transformer 22 4 ) RT-DETR-
R50 B AH B I HLHI S8 T 4R bR SO,
A B2 A — i PR B (H - S 80 ik 41, 94M,
WA S TR TR R B, ™ Em BRI 775
T R h S & b i SC bRl B I 1k

Li bR, WADW-YOLO # A3 i 5] A 7]
AT TR R I HL A R T TR R X g A A
AN HL ) DX 8l 1) AR R ), A RE A8 B 3 N Hb O T

5005 1) 5 e TLAu] 25 40, DT B o e 4 2 52 24 0%
Ao [, 854 FRAE Al A 55 040 SR e, B R S
T A TR] 0 25 22 9% 42 BORD 3% S 45 B 36 T
EANS T GRORRIE € S R R = N <8 i T
Ao Bk S i HE B 15 WADW-YOLO 78 £ I K BE
R i i Ak 2 IR A T Sy BAR A P A, A AY
BERRAR TR 2 28 SAA06T K B R4 T
o PR A T o T R
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Tab.5 Detection results of different models on the China_Drone dataset

Model P/% R/ % mAP@ 0.5/ % mAP@O0.5:95/%  GFLOPs/G  Params /M
Faster-RCNN 52.2 55.6 51.5 36.1 134.0 41. 32
Hyper-YOLOn 71.8 68. 2 71.3 46.7 9.5 3.62
RT-DETR-R50 77.3 63.8 70.1 39.9 125.6 41.94

YOLOv1On 67.1 65.6 67.1 43.4 6.5 2.26
YOLOvlln 76.7 62.0 70.8 45.2 6.3 2.58
YOLOvI12n 77.0 54.8 64.4 39.4 6.3 2.54
YOLOv13n 76.6 58.1 69.1 45.6 6.1 2.45
WADW-YOLO(our)  80.6 64. 4 74.6 47.9 4.8 2.12

T R R R A
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Sy B 3E WADW-YOLO % 5 75 Ik 7 1 % i
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Ji s o Hirp Data annotation 24 o PFAd 455 784 A6
Y B M ) B 0 LS AR S o R BT 9 () X H 2
AT B X 2 4R 43 A A 9 ) 2 48 G, YO-
LOv11n 58 A7 76 K M HE & OF 46 BE G & B 22 19
7] &, M (b) 4, (c) 41 A (e) 2 X e 25 5 ] Hi
YOLOv1 In £ %1 % % 48 24 8 A& b 1930 7 LA
i 22 38 K HE 2 B 4 e A A O o () A YO-
LOvIIn B RU7E YU b 72 Aot By 2 o3 B 2231 51 Ry
i 24, BUAEAE RS, B YOLOv] In B 7 A7 78
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FLSARAE B AR HAR I X 40 B 5 30 R0 B R
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Fig.9 Detection performance comparison on the China Drone dataset

Original image
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Fig. 10 Heatmap visualization results of YOLOv11ln and WADW-YOLO model
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AW 5 16 B RDD 2020 s 4 b 4 4040 % 19 Chi-
na_MotorBike £ 4 £ #1712 AL L 56 . SCER 45 2R
mFE 6~ . WADW-YOLO ¥ Precision . Recall
M mAP@O. 5 & mAP@O. 5: 95 48 #5 _E 43 %1 ik %
90.8% .88.5%.92.8% M 68.5% , {i T Faster-
RCNN"“  RT-DETR-R50"" 45 Wi [y B & I 2% , LA
K YOLOv1On™ | YOLOv11n"™  YOLOv12n™
YOLOv13n™" 45 By Bt i i AL A5 A0 . 55 2 i 4%

) Hyper-YOLON ™ A L, A% 3¢5 i 09 31 5
FAXT FEREAR T 49. 5% , 80/ 1 41.4% 52
B 25 AR AR SCHR 09 A 4 BB H i o i
BB R BCE A3, A SO D TR S HO
FITT ST 4 , 100 AR A0 394 5 5 s 00 ) FH 22 R e AiF
A AR, P T TR R X T K B G R
RO AR AR Al T, A 75 AE 7R A (R R e R RS 4 e T
T KGR A6 R T S 10 ) 153 5 2 B AN A o
AN, B AR e R HLIE R R %O Rl
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Tab. 6 Detection results of different models on the China_MotorBike dataset
Model P/% R/% mAP@ 0.5/ % mAP@0. 5:95/ % GFLOPs/G Params /M
Faster-RCNN 78.4 87.4 81.0 48.0 134.0 41.32
Hyper-YOLOn 90.6 87.1 92.8 69.5 9.5 3.62
RT-DETR-R50 93.0 84.5 90.0 63.0 125.6 41.94
YOLOv10n 88.2 79.6 88.3 65.4 6.5 2.26
YOLOvIln 88.4 86.2 91.0 68.7 6.3 2.58
YOLOv12n 84.5 82.4 88.2 64.0 6.3 2.54
YOLOv13n 90. 1 84.5 91.0 67.6 6.1 2.45
WADW-YOLO(our) 90.8 88.5 92.8 68.5 4.8 2.12
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5t I8 N MLA O L AR T T e R AT S5
HR P 118 T I Sl o A 0 B TR B A R A, TR A
TR A 23 A B B AR T B ok v A [ B —
Bl 3 F YOLOv In () 25 55 12 b fi 411 38 1% 6 f6
K458 WADW-YOLO , % A6 51 7E 42 TH 6 Ik
JEE ) [ B S AR AR A% i b, DT 2 00 26 e L1
FE A7 18 Bk B . 38 5 51 A DAttention A] A8 JE
TR I HL 52 3R 32 BT 1 I R, P AR A
TH B R A RV 5 28 8] 40 A RRAE s S A
R I A ) B i 5 A SR VTR, DA I i 2
FRUBE AN J8 00 43 A T8 (% R B o 3 3k 78 AR i A
ADown R FEREH FI C3k2-WC B, fifb 1 4
RS AE fh A BIL  TR) A St 3 R IR T R R AR
B fELEEARE i A Wise-ShapeloU i 4k bR %L,
S5 H SN A R TR B AR E — 2B B T 3 Gl
A7 A I i o

7E China_Drone £0 85 45 [ S0 g6 &5 R £ 01,
WADW-YOLO #& B A £ T YOLOv11 Kk fif 5
B H SRR 17. 8%, T8 R b 23. 8%,
mAP@O. 542 F+ 3. 8% ; Ml T HiAh 33t H A A
M, WADW-YOLO #5578 76 A 00K BE A5
WO LRI W R BT R 2 0 U
Ho TEATHAL B A BT 923 P B IE T WADW-YO-
LO BRI AR J 38 Bk b o T & Btk . 12 AL S0 e
ZE B 8 WADW-YOLO # % ¥ China Motor-
Bike £ 45 % I #) mAP@O. 5 48 by %5 i il 455 7Y 48
TF1.8%, WADW-YOLO £ 5 1, B A4 & 38 192
fLRE J7 o A SCHy W 5T LR T Sy 8% 3R 4 TR
N JH AR A 7 1 H AR SRR L 5 S0 506 A B
RSB A BT AWLRE 87 & L AT i — 5
E o [ B AR B X B gk a8 R g A
T 22 ) 1 3 G 5 A U IE 9 i — 2B i T AR
) 38 FHAE o



N i, 2 WADW-YOLO 1 [a] T 31 1 5 B Ak 3 2% i 563 462 15

5

=z

[1]

[2]

[6]

[9]

[10]

[14]

[15]

[16]

% X #:

Cob B 3 5 4R0) 2 8130 P [ B TR 2 R FJE 43k - 2025 (0], B A % 5 4k , 2025, 38(12) : 1-153. DOI:
10.19721/j. enki. 10 01-7372. 2025. 12. 001.
Editorial Department of China Highway Journal. Review of Academic Research on China Subgrade Engineering 2025
[J]. China Highway Journal, 2025,38(12) :1-153. DOI: 10. 19721/j. cnki. 1001-7372. 2025. 12. 001. (in Chinese)
R A PR BE, S S YOLOVSs B3t HAR I AL (7], & dh 5 2+ ,2023,38(05) :680-690.
Zhou Q, Tan G Q, Y S L, ez al. Improvement of road target detection algorithm for YOLOv5s [J]. Liquid Crystal
and Display, 2023,38(05) :680-690. (in Chinese)
Liu W, Anguelov D, Erhan D, ez a/. SSD: Single shot multibox detector [C]// Proceedings of the European
Conference on Computer Vision. Amsterdam: Springer, 2016: 21-37.
Ren S, He K, Girshick R, ez a/. Faster r-cnn: Towards real-time object detection with region proposal networks
[C]//Advances in Neural Information Processing Systems. Montreal: Curran Associates, Inc. , 2015: 91-99.
Redmon J, Divvala S, Girshick R, ez al. You only look once: uni fied, real-time object detection[ C] // Proceedings
of the IEEE Con ference on Computer Vision and Pattern Recognition. 1.as Vegas: IEEE, 2016: 779-788.
ARG, B Bk YOLOVS B9 I8 A ML 1 8 % 453 05 46 I O 3 [T ], ol 22 A4 52, 2024, 49(09) : 104-114.
DOT:10. 16251/j. cnki. 1009-2307. 2024. 09. 011.
Xu G X, Tang G F, Ma F. Improved YOLOv8-based UAV aerial road damage detection method [J]. Surveying
and Mapping Science, 2024,49(09) :104-114. DOI: 10. 16251/j. cnki. 1009-2307. 2024. 09. 011. (in Chinese)
RABST, G HAF A I TOI G A 4R I T B B R I B [T ] SR AL R R, 2024, 44(7) - 2264-2270.
Long W D, Peng B, Hu J, et al. Road damage detection algorithm based on enhanced feature extraction [J].
Computer Applications, 2024 ,44(7):2264-2270. (in Chinese)
KA, E e, &k, F . T U YOLOVY-c i B IR A kB S00L [T, A 3 R 5 42, 2025,25(18) : 7793-
7802.
Zhang Y, Wang J X, Cao Y K, ez al. Road surface mixed pavement damage algorithm based on improved YOLOv9-
c [J] Science and Technology in Engineering, 2025,25(18):7793-7802. (in Chinese)
B, 0% LFDS-YOLO: 25 RUBE R fIF Rl 9 52 45k A6 U0 411 3 10 8k B A 0 509 (7). o Eau =42 5 2 A, 2025, 61
(21) :81-93.
L1Y, Shen J. LFDS-YOLO: A Lightweight Aerial Road Surface Damage Detection Algorithm Based on Multi-
scale Feature Fusion [J]. C()mputer Engineering and Applications, 2025,61(21):81-93. (in Chinese)
RARR, Bk, B 2OK, F BTk YOLOvSn (Y iy 38 B ke A U 3005 [T ). v dh B 2 7, 2025,40(09) : 1356-
1368.
Zhu S'S, Gao H, Lu B B, ez al. Improved YOLOv8n-based urban road damage detection algorithm [J]. Liquid
Crystal and Display, 2025,40(09) :1356-1368. (in Chinese)
Li B H, Wang K P, LiuZ H, et a/. DMC-YOLOv11: an improved pavement damage detection model based on
YOLOv11 [J]. Jownal of Asian Concrete Federation, 2025, 11 (2) : 145-160. DOI: 10.1080/
21642583. 2025. 2579987.
KHANAM R, HUSSAIN M. YOLOvIl: an overview of the key architectural enhancements [J]. arXiv:
2410. 17725, 2024.
Cammarasana S, Patané G. Optimal Weighted Convolution for Classification and Denosing [J]. arXiv preprint,
arXiv:2505. 24558, 2025.
Wang C Y, Yeh I H, Mark Liao H Y. YOLOVY: learning what you want to learn using programmable gradient
information[ C]//European Conference on Computer Vision. Berlin: Springer, 2025:1-21.
DATJ, QI H, XIONG Y, et al. Deformable convolutional networks; proceedings of the Proceedings of the IEEE
international conference on computer vision, F, 2017 [C].
Zheng Z H, Wang P, Liu W, et al. Distance-IoU loss: faster and better learning for bounding box regression[C]//
Proceedings of the Thirty-Fourth AAAI Conference on Artificial Intelligence, New York, 2020: 12993-13000.



16 T EESETN

[17] Tong ZJ, Chen Y H, XuZ W, et al. Wise-IoU: bounding box regression loss with dynamic focusing mechanism
[Z].arXiv: 2301. 10051, 2023.

[18] [18]Zhang H, Zhang S J. Shape-IoU: more accurate metric considering bounding box shape and scale[ Z]. arXiv:
2312.176 63, 2023.

[19] AryaD., Maeda H., Ghosh S. K., Toshniwal D., & Sekimoto Y. (2024). RDD2022: A multi-national image
dataset for automatic road damage detection. Geoscience Data Journal, *11%(4), 846-862.

[20] kb, L&, F&,F . 5T YOLOvLIn (9 XU I A 3 1 46t 45 46 90 [J/OL ] K M #E 5 4R, 1-9[2026-03-25].
https: //doi. org/10. 19912/j. 0254-0096. tynxb. 2025-0829.
Zhang J, Yuan X L, Li L, et al. Surface damage detection of wind turbine blades based on YOLOv11n [J/OL].
Journal of Solar Energy, 1-9 [2026-03-25]. https://doi. org/10.19912/j. 0254-0096. tynxb. 2025-0829. (in
Chinese)

[21] 3 T3, Afk, 5K & . B0 YOLOVIL iR K T A9 BARK L (/0L ], &l & 540 % 5 4%, 1-17[ 2026-
03-25]
Guo W H, Hao B, Zhang F. Lightweight underwater biological target detection algorithm improved from YOLOv11
[J/OL1. Journal of Electronic Measurement and Instrumentation, 1-17[ 2026-03-25](in Chinese)

[22] Chao Li, ZhouAojun, YaoAnbang. Omni-Dimensional Dynamic Convolution [J/OL]. . https://arxiv. org/abs/
2209.07947.

[23] ZHANG Y F, REN W, ZHANG Z, et al. Focal and efficient IOU loss for accurate bounding box regression[J].
Neur ocomputing, 2022, 506:146-157.

[24] TIAN Y, SU D, LAURIA S, et al. Recent advances on loss functions in deep learning for computer vision[J].
Neuro computing, 2022, 497:129-158.

[25] WANG A, CHEN H, LIU L, et al. Yolovl0: Real-time end-to-end object detection[J]. Advances in Neural
Information Processing Systems, 2024, 37: 107984-108011.

[26] TIANY, YANG Q, ZHANG S, et al. YOLOvI12: Attention-centric real-time object detectors[ EB/OL]. (2025-
02-18). https://arxiv. org/abs/2502. 12524.

[27] Ultralytics. YOLOv13: Object detection model[ EB/OL]. (2025). https://github. com/ultralytics/ultralytics.

[28] WANG Y, LIU C, ZHANG Z, et al. Hyper-YOLO: When visual object detection meets hypergraph computation
[J]. IEEE Transactions on Pattern Analysis and Machine Intelligence, 2025, 47(4) : 2388-2401.

[29] LV W, XUS, ZHAOY, etal. DETRs beat YOLOs on real-time object detection[ C]//Proceedings of the IEEE/
CVFE Conference on Computer Vision and Pattern Recognition. Seattle: IEEE, 2024: 16965-16974.

IEE R

o LA M AR L2016 4E T A
BHE R ARG A2 00, 2R
25 W G B 5 T B A A A I A
J5 1 B F 5% o E-mail: 0472yanfang@

163. com

W oL WL R A, 2025 4F T EE
MAF BB E B AR 2 2, B H
M5 A5 R T R BFSE o E-mail:
13463948462@163. com




