45334 45 22 e M TR Vol.33 No. 22
2025 4£ 11 H Optics and Precision Engineering Nov. 2025

XEHS 1004-924X(2025)22-3549-15

RSF-DETR:Z8ig® 5 F T X EHR
2% T #5155 #a

EES 3 1#%’%%’%1 XN, B, RN
(1L.2ZNRBAZ BT EREEL *Pm H 7 2 M 7300705
2. F BB LYK LT¥K, 5% WT 810016)

TEE A BB 2 2R R IIORS R i B T A B4 i B IR, AR SO R — A AT RT-DETR AR (el i 7 i 0 1
FE, BT 23 AV i A0 0 % 1 i g AR A R R AT AR IR I A SRR BRI T A AU R AIE 1 T ST FreSCal, 1 s SR X H
P BRI & A5 B4R BLBE ) R BAR KIS 55 5 A X AR 00 o R 5% CGRSeg M4 11 bR S5 | 3 AR AF 7 A4 &L
AR BT CH] A AR IR E A A IS I 2% RSDFPN, 3 i A4 288 RO BRI 1 3 4 38 5 sh SRR e m & AL, 2 35 1
SR AR TR 22 RO H AR B AR AE R G B8 ) o B, 0 h A 0 416 BUR VE S Transformer 1 42 J5y B AR AR 7, 52 90 2 1] 388 5 4%
FEAE 1 o S0 R SRS AR TSI AR TR B R IR B . SR G 25 SR B AR SOy el #E D7 i 7E RDD2022 Al UAV-
PDD2023 W4~ FE i B4 45 1 UG B E 327, mAP@O. 5 HE AR B AL L J7 vk 43 AR T 1. 906 F1 3. 7%, v Sy it 1a1 458 40 46 T
Er e UIF S (O E 5 NS &

x # AR @HGEN ;%A Transformer; MR 3K ; £ F L3 FEHM; 50 A5 B ARk Transformer - F

A HE P
hE4SZES . TP391. 41 X#kFRIRES A
doi:10. 37188/0OPE. 20253322. 3549 CSTR:32169. 14. OPE. 20253322. 3549

RSF-DETR: Road damage detection with space frequency
enhancement and context reconstruction

ZHOU Dongmei', WU Bingbing', LIU Xiaoming”, YAN Haowen', WU Xiaosuo'"

(1. College of Electronic and Information Engineering , Lanzhou Jiaotong University,
Lanzhou 730070, China;
2. Engineering School, Qinghat Institute of Technology , Xining 810016, China)

* Corresponding author, E-mail: wuxs_laser@lzjtu. edu. cn

Abstract: Aiming at the problems of various pavement-damage forms, low detection accuracy and high
miss-detection rate, this paper proposed an improved method based on the RT-DETR model. First, in-
spired by the joint idea of high-frequency edge enhancement in the spatial domain and global feature extrac-

tion in the frequency domain, the spatial - frequency dual-domain feature-enhancement module FreSCal
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was designed to strengthen the model’s ability to extract target and edge information and to improve its ca-
pacity to distinguish target regions from background. Secondly, drawing on the context-guided feature-re-
construction concept of the CGRSeg network, the context-guided spatial feature-reconstruction pyramid
network RSDFPN was proposed. By building a scale-aware semantic pyramid and a dynamic feature-fu-
sion mechanism, the model’s capability to fuse features for multi-scale targets was significantly enhanced.
Finally, through dynamic group convolution shuffling and the global modeling capacity of Transformer, ef-
ficient spatial-domain feature enhancement and frequency-domain context fusion were achieved, raising the
model’ s detection accuracy for target recognition. The experimental results show that the improved meth-
od in this paper has achieved significant improvement on both RDD2022 and UAV-PDD2023 mainstream
datasets, mAP@O0.5 Compared with the baseline method, the indicators are increased by 1. 9% and
3. 7% respectively, which can provide an effective technical support for pavement damage detection.

Key words: pavement damage detection; Real-Time Detection Transformer (RT-DETR) ; space fre-

quency dual domain; context guided reconstruction; Dynamic Group Convolution Shuffle
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Tab.2 Detailed information of RDD2022 Chinese dataset

Category  Number of images Number of annotations
D00 2453 4104
D10 1761 2359
D20 750 934
D40 228 321
Repair 803 1076
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Tab.3 Detailed information of UAV-PDD2023 dataset

Category Nlilmber of Numbe.r of
images annotations
Longitudinal crack 2152 5398
Transverse crack 408 603
Alligator crack 843 1686
Oblique crack 1230 2994
Repair 132 195
Pothole 180 282
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Fig.6 Comparison of the original image and simulated

rainy day image results
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Tab.4 Results of ablation test

FreSCal RSDEPN DGCST Params/M P R mAP@0.5 mAP@0.5:0.95 GFLOPs
0 19.9 0.847  0.787 0. 839 0.544 57.0
1 N 20. 4 0.873  0.815 0.846 0.547 60.6
2 N/ 19.2 0.852  0.808 0.851 0.550 48. 2
3 N 19.2 0.852  0.814 0. 849 0.548 55.6
4 NG NG 21.0 0.874  0.793 0.853 0.558 58.3
5 NG NG 19.8 0.869  0.792 0.848 0.552 59.3
6 NG N/ 18.6 0.878  0.786 0. 850 0.553 46. 8
7 NG NG NG 20. 3 0.875  0.794 0.858 0.561 56.9

0. 954 B T 0.7%,1. 1% , ik — s 3 7 4
AU H bR BRI RE 7 o Y4 FreSCal 3t 5 DGC-
ST BLHBC G P, 280 A58 Lo st
FreSCal £ 4 Jr B Ik . 1t #h > RSDFPN 5
DGCST B 45 & if , Z 8o fit 5 i L 22 i
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I G ik Bk = A T Ok I A AR T R A
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B T 5 R0 A ] 5t 0 A i 4 s, LR RS
mAP@O. 5, mAP@0. 5: 0. 95 fx & 43 ) 5 2 T
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AR 45, %k W T vk ol AR T BB R R A7 R AL
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Fig.7 Comparison of thermodynamic chart results be-

tween baseline method and improved method
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Tab.5 Comparison of experimental results

Model Params/M mAP@0. 5 mAP@0. 5:0. 95 GFLOPs FPShs=1
Faster-RCNN 137.1 0.791 0.501 370 71.5
SSD 26.3 0.777 0.485 62 78.2
YOLOv5m 25.0 0.852 0.556 64.0 229.5
YOLOV6s 16.3 0.790 0.490 44.0 325.0
YOLOv8m 25.8 0.837 0.546 78.7 261.5
YOLOvIm 20.0 0.836 0.560 76.5 158.7

YOLOvI10b 20.4 0.803 0.532 98.0 166

YOLOI1Im 20.0 0.828 0.552 67.7 198.8
YOLO12m 20.1 0.808 0.526 67.1 165.7
Mamba-YOLO 21.8 0. 850 0.559 49.6 70.3
Deformable-DETR 40.1 0.853 0.552 123.0 45.1
DAB-DETR 43.7 0.852 0.547 65.3 47.6
RT-DETR 19.9 0.839 0.544 57.0 66. 4
Ours 20.4 0.858 0.561 56.9 52.3
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B RIS RS 3 22 ) S T A RO, AR A T
b A EL A i 2 AR
4.6 A[EXIS L 63 IE KT8

¥ RDD2022 F4 4 v i1 v [ 38 [ 58 43 1%
P2 B8 1e 1A L B3] B WL R 3 A I 2 4 56 UE 4
DA, S0 55 SR N2 6 iR o
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Tab.6 Experimental results with different division ratios

Strategy P R mAP@O0. 5 mAP@O0. 5:0. 95
Baseline 0. 850 0.816 0.844 0. 556
Baseline+FreSCal 0. 864 0. 820 0.853 0. 557
Baseline+FreSCal+RSDFPN 0.871 0. 838 0.861 0. 565
Baseline+FreSCal + RSDFPN-+DGCST 0.872 0.831 0. 866 0.577

H1 2 6 1] 1, WO O AR AS TR 43 B A b RS
TORS B2 A T 32 T, A I AS BE mAP@O. 545 T
2.2% ,mAP@O0.5:0. 9545 T 2. 1%, iE W T ¢
HEJT R A R

4.7 WRULDH

Oy S — 2 A S A 5 AR I AR, AR Sk
BT =gk B R #EAT AL R S Rk
HEAT AT AR AT L B, T RAR 25 SR N BT 8 BT s
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Fig. 8 Visual analysis of test results of different models
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Tab.7 Improved method for simulating the experimental results of image ablation on rainy days

Strategy P R mAP@O. 5 mAP@O0. 5:0. 95
Baseline 0.450 0.286 0.275 0.107
Baseline+FreSCal 0.458 0. 286 0. 283 0.111
Baseline+FreSCal+RSDFPN 0.479 0.293 0. 286 0.116
Baseline+FreSCal+RSDFPN+DGCST 0. 504 0.303 0.293 0.121

F 8RN T it Iy 4 UAV-PDD2023 4
A8 1T RS 45 AL AT N e R R O vk A
FreSCal 151 He it i 3 1 W 48 B, A5 4 B mAP@
0. SAHAL TR Iy 4 m 1 1. 70 e M Ll Al
JH RSDFPN ¥ % 47 el it J5 , 4 UK 2 mAP@

0.5%m T 1. 1%, & J5 it A DGCST Bk )5 , &
DKE FE mAP@O. 55 2438 3] 1 85. 8%, H kil 4%
E mAP@O. 5:0. 95 &3k 3 T 55.8% . L 4E
R B T AE UAV-PDD2023 #5 #i5
£ b RS TDRS

®8 KA IEATEUAV-PDD2023 R4 R
Tab.8 Improvement method in UAV-PDD2023 ablation experiment results

Strategy P R mAP@O0. 5 mAP@0. 5:0. 95
Baseline 0.845 0.768 0.821 0.519
Baseline+FreSCal 0.863 0.793 0. 838 0.545
Baseline+FreSCal+RSDFPN 0.871 0.805 0. 849 0. 550
Baseline+FreSCal+RSDFPN+DGCST 0. 888 0.816 0. 858 0. 558
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Tab.9 Detection results of the baseline method on the
UAV-PDD2023 dataset

Type b R mAP mAP@

@0.5 0.5:0.95
Longitudinal crack  0.923 0.821 0.870  0.563
Transverse crack  0.826 0.630 0.721  0.512
Alligator crack 0.888 0.760 0.806  0.483
Oblique crack 0.877 0.804 0.804 0.544
Repair 0.869 0.808 0.808  0.442
Pothole 0.689 0.778 0.778  0.567
All 0.845 0.768 0.821 0.519
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