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Abstract

Current road defect detection algorithms struggle to balance the requirements of high accuracy
and real-time performance. Furthermore, traditional Convolutional Neural Networks (CNNs) are con-
strained by local receptive fields, limiting their ability to capture features of slender cracks. To address
these issues, this paper proposes a lightweight road defect detection algorithm based on an improved
RT-DETR. Leveraging the end-to-end RT-DETR as a baseline, the proposed method enhances global
feature modeling while eliminating post-processing latency. The specific improvements include: 1)
Replacing the original ResNet backbone with the lightweight StarNet, which combines large-kernel
depth-wise separable convolutions with a linear gating mechanism to maintain multi-scale feature
extraction capabilities while significantly reducing parameter count and computational costs; 2)
Utilizing Hierarchical Large-Kernel Convolution (HLKConv) to replace standard downsampling lay-
ers, thereby mitigating the blurring and loss of fine crack features caused by downsampling; and
3) Incorporating the Efficient Multi-Scale Attention (EMA) module into the high-level layers of the
backbone to enhance the model’s perception and focus on multi-scale and irregular defects through
cross-channel and cross-spatial interaction modeling. Experimental results on the RDD2022 da-
taset demonstrate that the improved model achieves an mAP@0.5 of 85.79%, an increase of 0.67%
over the original RT-DETR-R18, while the parameter count and computational volume are substan-
tially reduced by 55.9% and 56.5%, respectively. Compared with other mainstream algorithms, this
method significantly lowers hardware resource requirements while maintaining high detection ac-
curacy, making it highly suitable for real-time road inspection on resource-constrained edge de-
vices.
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SCEEATERS R AT T, RIR PR A S A SRR, TN S AR PR BRI BE .
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Figure 1. Architecture of the RT-DETR-R18 network
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Figure 2. Architecture of the improved RT-DETR Network
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Figure 3. StarBlock module structure
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Figure 4. E-StarBlock module structure
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FIEEEEE 54wl X e B . BAKT S, 1B RS2 B R IR AR =AM g P B =
TR, KIEMIIRRE LSRR WU . BN RHEE Y X e RV, THRRAEWR: &5k, A
FH/NR ST R FE 0] 7 B 45 AR (DWConv) $E B 2 (] i 22 1) Ja fRFE . IX — D B B, B RER SRR 42114
G, IPNRENTIRGIRBMEEENERER, HACRNEERX:

X, = DWConv,,, (X) <1>

Hop k A KB RERN. BE)a, 2ETAERRK X, FREORER A v R AT 70 3 2 1 5

DOI: 10.12677/airr.2026.152050 521 NILERESHLE AT


https://doi.org/10.12677/airr.2026.152050

WA, FEE

(DWDConv)i#t— i SR EE B BT SUEE . TR B R LARAE, gl 18— B riE
SBT3 R R R 14 Py 5% i) L
X = DWDCONV, , - (X, ) 2
IR 5, KA EE PR (Concat) fill & Jo 415 5K ARE X, IRl 1x1 193% s (PWConv) i 47
ERE SYEFEMU, A R A R Y -
Y = PWConv,,, (Concat[ X 4,, X4y ]) ©))
X R BT, HLKConv A 3B T 56 B 15 RS, FE oI BIPR BRI s it 72, 7ERefkit
SCEEIN, B9 T RR A L 4K GE ) e R PRSI A

HLKConv DWConv DWDConv PWConv

Figure 5. HLKConv module structure [12]
5. HLKConv 2 &1ZE4#[12]

4. EWE5LER
4.1 FREE

A2 (U RE A C B N —3K NVIDIA GeForce RTX 4090 D &, HEFEAE N 24GB. W43 771,
K Python 3.10.16 4if2iE 5, J£4:T CUDA 12.1 f§1] PyTorch 2.2.2 JRFE5 SJHESE . SRR SR A AN E
WR: EANEGE RS HH N 640x640, 1# /] AdamW AL 28 HEAT IR, Sl k% (epochs) A 200,
fit & K/ (batch size) Ay 8, G2~ ] F % & N 0.0001.
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AT FH (B SR8 T 18 T AR PR ARSI S HERHE 42 RDD2022, ¥R 4k 32 H T8 0% 5 [ shis il
WF7E. seabrh, FA IR T A pd E 4, St 4370 Tk G . BRI R T R iR 3 R R R 2
A, ISR IAZLEE(D00, 3680 4b). EHIZE4%(D10, 2145 kb). MIRZL4%(D20, 852 4b). Hiid:(D40, 286
Ab) PA S TE R iE AN (Repair, 948 Ab)o SNRHATEIRIIGR ST, FRA T A EdRTL 8:1:1 it BIREHL R 2
GRS BOAUEEFNMRLE .

4.3. TEIEEF

NATHIVEAS TP A B (R B, AR SCR A H bRl s iz A o] PPl Fa bR, EZAFE: SPIFEREY
fH(MAP)., #5712 % & (Parameters) 5 1+ 5 & 24 % (GFLOPS) . FLrf, mAP PLZ 3t Hi(loU)BI{E N 0.5 (Rl
MAP@O.5)HEAT 15, AENE LR & I WAk L F 22 b 18 % Gk B 2R ) B PR IR 5 5 & vtk . S8 Ty s
BE GRS GRS, 1 GFLOPS WA T S A0 B A el B AR U BS TH R 0. X = TR bR 145
A, BENIRERE . IR SRR KA AR =AM D, SRR R AT 4 A &, DU 2 52
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Wz 1 fR, FRATTTE RDD2022 H4E4E Fovf BT i T et SRS HEAT 1 3 G ¥ il SE B0 B0HIE « Did B
T GEERE A TR PR B, BRATTR B StarNet B T4 B8 T JF 46 1) ResNet-18, X —iff 5 i 2 [%
X TR R RS, RS HEMIIE &SR T T 52.7%M 54.7%. /& mAP@O.5 fats Il 0.41%
VR T B, AEZP RN R LRSI S HEPR 585 | OCH Al 7E StarNet i 2 b, FA T —25 A
o3 2 RAZAEF(HLKConV) BUAR T AR HE N RFEZ o R THEF BB ARE — D4R % 851M 24, i1 &
[#2% 24.0 GFLOPs, [Flift mAP@O.5 [a] T} 4 84.93%. iX—45 %KM, HLKConv jEid 72 HIEESHOT
RG WY RIESZ B PR RHE RO AR S, ARG AN T R EE T A R R k. B
I EMA BEEREERRE] StarNet (5 ZHREF, B SEIL T 2 48 B RHER PRI 5% . 78 HLKConv
IR A I e RICRFAE At |, EMA BLHIRRAL T XA BRI R A 115 SR ERRE 77, 20K mAP@O0.5 #EFH =
85.79%. Ji4f RT-DETR-R18 JEHEAALL, Pt /5 MR/ EAIIRGFE B3R FE T 0.67%, FIRSHEMITE
ARGy AR T 55.9%55 56.5%, TE LR A B 14 (R KR $2 T+ T HER A%, Sl 1 R 584

Table 1. Ablation study results
* 1 HRKEER

Method mAP@0.5 Parameters (M) GFLOPS
RT-DETR-R18 85.12 19.88 57.0
+StarNet 84.71 9.41 25.8
+HLKConv 85.55 18.98 55.2
+StarNet+HLKConv 84.93 8.51 24.0
+StarNet+EMA 85.60 9.66 26.6
+StarNet+HLKConv+EMA 85.79 8.76 24.8

4.5. NEIBEEXELSELE

TEAFI SRR it s, ASCHIEEG ARG PRI (B, ik 2 R, TERCIIRS FE 711,
ASLCHEEIRR) T AR mAP@O0.5 fabr, AU E LS Faster R-CNN #524Y, AL T YOLOV3-tiny.
YOLOvV5n Al YOLOV8N %5 YOLO R4 %, [ RT-DETR-R18 W #— D1t . fERALE J: i)
b, A RS HENEE I KIEIK T Faster R-CNN 5 RT-DETR-R18, H4R 7T YOLOVSN Al
YOLOV8n, {HIRAG | SN0 IR IS B2, SEEL RS SRR I AP, BRI S, A SCHEIEAE R FE
BRI M R ) TR A s ) TR A R, BT RAF I SE MRS EEE T .

Table 2. Comparison of different algorithm results
2. TNEEELERIEE

Model mAP@0.5 Parameters (M) GFLOPs
Faster R-CNN 67.71 136.77 401.2
YOLOv3-tiny 77.6 12.13 18.9

YOLOv5n 81.4 2.50 7.1
YOLOv8n 83.2 3.01 8.1
RT-DETR-R18 85.12 19.88 57.0
OURS 85.79 8.76 24.8
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Figure 6. Visualization results of the proposed algorithm on different road defects, (a) D00, (b) D10, (c) D20, (d) D40, (e) Repair
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DETR-R18)5 4% 3L e A 78 (OURS) 1) 22 R S G RHIE AT T # I mT AL X EE o ] 7 B, AT HX
T VYRR ARER AN E B ARG s AT . USRI, FEMERRR SR T R s Y, O e R 4%
WbE R A AT, BWRGZAEEREE T MR, SO RO AR S A RRE AR Sy 8
HLKConv 15 E KAZALH, K BYTERL BRI &2 J S B (B — . AT)I, RIS TR 3 R 1K BE B A
W, KGR AR RO RIS e S BRI R0 . T AE BB BRI AR T 5 T = o
((E=47), EMA BLHulid i =R AENLHRHE 7 OCBER, AR5 7 8 S g A, 155
JIBEAE BRI 5 XA P2 A i B, AN B0 S 5 7 AR e B PE WG o b4, TR RS S A R SR 4% (28 1Y
7Y, AGIEASE TR [ A 0% 17 A 20 h HO B 1) e R Rk 4 . IR T AL 4 SR B HAIE S T A SR R
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