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[ Abstract] In response to the low detection accuracy and high model complexity of existing road damage detection algorithms in
complex environments, a lightweight road damage detection algorithm named LDC-YOLOv5 ( lightweight deformable convolution
YOLOvVS) was proposed based on YOLOvS. To address the complexity of real road surface damages, a lightweight feature extraction
module was designed using Deformable Conv ( deformable convolution) and Depthwise Conv ( depthwise convolution) to replace the C3
module in the original network backbone, enabling convolutional kernels to focus on irregular crack damages and enhancing feature
extraction for damage detection. To reduce algorithm complexity in the feature fusion stage, a lightweight feature fusion module was
constructed using GhostConv to replace the C3 module in the original network neck, lowering network parameters and complexity.
Additionally, to prevent missed detections caused by uneven lighting and shadow obstruction, a lightweight attention mechanism,
TripletAttention, was introduced in the backbone network to improve the algorithm’s understanding of damage information and context.
Experiments conducted on the IEEE open dataset RDD2022 and the Kaggle open dataset Road Damage demonstrate that, compared to
YOLOVSs, the proposed LDC-YOLOVS achieves a 1.4% and 4.2% improvement in mAP50 on the two datasets, respectively, with
only 67. 6% of the model parameters of YOLOvSs.
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Fig. 8 Training results with different final learning rates

R B IR 2 2] R R 0. 01, e 22 ) % 9 0. 001
VRSB AEHE
2.4 HEMSLIE

AT HAE LDC-YOLOvVS 8k 4 AN 155 e i 3 4%
P FEBESE RDD2022 [ #E47 1M fl 52 56, 526 45 1R
31w, f#iFH DW_DCN Bib 5 | 4% 5 ik S5
TREZ 21. 0% 17 53 F BN 52 24 FE Dk /b 39. 3%
Loy SRS BE mAPSO Tt 0. 9% , mAP50-95 |7t
0.5% ,FPS [~ F 42 Wit Wl i, AE X e b i ]
AIARTE AR, R B8 A TR A8 B 2 O 1 H A
FRIE SRR Sy 48 5 | 3 ol S 4% 2 10 A TR B 42
1, DR (5 b g TR 1 i 1) S 4 1 S RS T
JERTHE K, ATARIE B BUAY SRR B A & H A
A BTEARAFFN R ST, 1 5 B0 RO LA ], (6
C3_Ghost L5 , 28 SHCFIR R R 11.2% 47,
BB TR 11.1% 247, 34K B mAPSO JF A
KKAEE , mAP50-95 T+ 0.3% ,FPS JL-FAAE %
BEHAERAAE Al A B BERRAIR T RRAE U LS, PR B
FURREAS R 1) 4 5% RN 1) 2L 4% FRAE 15 BN TO
A RIRS AR, B2 SR X R, fEBIATE
HAHLHIG , LA (G S5O & 2% B T WA kA
HaK ARSI SF- 0K BE mAPSO _E 0. 5% , mAPS0-
95 WA AR, R ST HLHI R AN T S A s e b ff R
AR 1 B A 2 () 28 B 22 (R AH DG PR B & R 1
BB, 0 SR ) 2R S 2N LN U EE R
KA B AR T AR, R RS B A5 2 ik — 2045, 5
S5 | TR ML 23 380 D0 24 (4 TR B8, i A5 G T
& FPS( frames per second , FPS) B& K
2.5 RDD2022 HiRELELER

AVR S B A6 B8 S5 RDD2022 %} LDC-YOLOVS
A RN H At 28 M S 2 H AR AR I BB TR R AT EE, 5
UEASCR B AT M 25 Rk 2 s

FHE 2 255 0T Y, DR IORG 2 5 40 Bt , AR SCHA
% LDC-YOLOvS 19 °F- ¥4 & DU K BE mAPS0 ik |
55.6% i i oAb X b 5%, YOLOvVSs - 34 8
mAPS0 K2 ,i5 % 54. 2% , HRK 53 il J& PP-PicoDet-1
YOLOv7-tiny .SSD 1 YOLOv3-tiny, “F- ¥4 K5 if mAP50
SN 53.4% 50.5% 49.7% Tl 42.2% . 4 Fh & 1
g b R ) 245E N1 SL4E RN 2LIX 3 RhRIAE
FERANK TR, FRAEf0uE R ik, Hifths
LA R R 4R ECRY B AN fof R I RO BE A 2
B e A RIORG B | AR SCERVA Al AT AR TR 5 PR AR I A
SR B BE IS T AR B2 2% B 95 25 RRAIE | DT 76 2 56
gL SRR IS B S A SR AR e, (R
SUBE SR ERFIEARALL, BR T 0 2405 5 2 BV Rl 4
KA B FRIRIN , I 1) S48 Rk 1) 248 (\GE BT 428

¥ Mk . www. stae. com. cn



B R 5 TR

690 Science Technology and Engineering 2025,25(2)
%*1 LDC-YOLOv5 HETEHIEE RDD2022 EHYiHRESEIG 45 R
Table 1 Ablation experimental results of LDC-YOLOVS algorithm on dataset RDD2022
=Ei K] AP/ % AP AP
DW_DCN  C3_Ghost 3} ! Cazil . " " ZHHR/10°  GFLOPs FPS
=9 D00 D10 D20 D40 50/% (50 ~95)/%
543 49.6  63.7  49.1 54.2 26. 4 7.02 15.8 196
vV 547  51.4  65.4  48.8 55.1 26.9 5. 54 9.6 238
v v 542 50.5  65.8  50.0 55.1 27.2 4.75 8.0 239
vV vV vV 542 514  67.3  49.6 55.6 27.2 4.75 8.0 232
e VR R S0 30 A 1 T R
%2 RDD2022 #iE&%E FHEAI L W ER
Table 2 Compare the experimental results RDD2022 the algorithms on the dataset
e AP/ % mAP mAP
210 =7 F\/%  Z%/10°  GFLOP: FPS
# D00 D10 D20 D40 50/% (50 ~95)/% v g °
SsD 447  37.6 7.7 39.6 49.7 24.0 41.7 14.8 25.0 103
YOLOV3-tiny 4.9  39.2  49.2 374 42.2 17.8 46. 6 8. 68 12.9 285
YOLOVSs 54.3  49.6  63.7  49.1 54.2 26. 4 56.0 7.02 15. 8 196
YOLOV7-tiny 51.3  43.6  63.7  43.6 50.5 23.3 52.7 6.23 13.9 200
PP-PicoDet-1 526 541 60.9  46.0 53.4 25.8 55.8 3.30 8.91 238
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Fig. 9 Detection results of various algorithms on RDD2022 datasets
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Table 3 The experimental results of the algorithm on the Road Damage dataset are compared

5] AP/ % mAP mAP o

L D00 D10 D20 D40 50/% (50 ~95)/% F1/% SHdE/10° GFLOPs FPs
SSD 60. 6 14.1 58.8  45.4 44.7 21.0 40.2 14.8 25.0 99
YOLOV3-tiny 53.5 42.4  69.1 65.0 57.5 23.1 60. 4 8. 68 12.9 285
YOLOvSs 60.2  49.1 65.4  73.9 62. 1 28.9 63.0 7.02 15.8 178
YOLOv7-tiny 66. 5 34.9  67.5 71.2 60.0 26.6 60. 6 6.23 13.9 179
PP-PicoDet-1 59.3  42.7  51.2  75.2 57.2 23.0 60.0 3.30 8.91 223
LDC-YOLOv5 64.6  53.1 70.9  76.7 66.3 30. 6 66.9 4.75 8.0 200
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Fig. 10 Detection results of various algorithms on Road Damage dataset
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Table 4 LDC-YOLOVS5 robustness verification results

o mAP50/%

s YOLOv5s LDC-YOLOvS
0.0 62. 1 66. 3
0.2 62.0 66. 1
0.4 61.8 66.3
0.6 62.3 65.5
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