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Highway traffic sign detection algorithm based on improved RT-DETR

Sun Haiging’ Yang Chuanying’ Ao Legen®
(1. School of Information Engineering, Inner Mongolia University of Technology, Hohhot 010080, China;2. Inner Mongolia Lingyi
High Tech (Group) Co. , Ltd. Hohhot 010010, China)

Abstract: In order to reduce the interference of environmental factors such as complex weather, lighting changes, and
traffic sign fouling, as well as the degradation of model performance caused by the high complexity of the algorithm
itself, a highway road traffic sign detection algorithm based on RT-DETR as the benchmark model is proposed.
Firstly, the designed lightweight module CSP-PMSFA is used as the backbone network of the algorithm to reduce the
computational and parameter complexity of the model and improve its expressive power. Then, to address the issues of
high computational complexity, small model capacity, and limited computational efficiency in the feature interaction
module within the original algorithm scale, cascaded group attention CGA was introduced for improvement. Finally, a
cross scale feature fusion module EMBSFPN was designed to address the issues of insufficient receptive field
adaptability and limited feature information processing; the decoding mechanism using EUCB upsampling module
preserves and fuses feature information while ensuring accuracy, optimizing performance and improving the robustness
of the model. The experimental results show that the improved algorithm has improved mAP50 by 2. 6% and FPS by
13.6 frames compared to the original algorithm on the ROAD MARK road marking detection dataset. The
computational and parameter requirements have decreased by 29. 7% and 39. 6 % , respectively. Overall, it outperforms
other improved algorithms and improves detection accuracy and speed while being lightweight, demonstrating
practicality.

Keywords: traffic signs; RT-DETR; deep learning; PartialConv efficient convolution; attention mechanism; feature

fusion; EUCB upsampling
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Table 1 Experimental environment configuration

and parameters

SRR fic &
optimizer AdamW
epochs 350

LrO 0.000 1
batchsize 4
workers 4

imgsz 640
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H,FP (false positive) A& B 585 {2 WU (E AL AR 8 & . FN
(false positive) AT 45352 T30 A 67 0] () IE BE AR B0, N
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CGA R ITBH LTI A DA 2 J1 88 . MSMHSA &
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Table 2 Comparison of attention mechanisms

mAP50 mAP50:95

T % 1% FPS GFLOPs  Params
RT-DETR 91.7 77.0 71.3 57.2 19 964 740
+DA 92. 4 77.0 60. 4 57.0 20 019 524
+MSMHSA  93.0 77.5 70. 2 57.2 19 924 036
+EAA 93.2 77.8 67.7 57.2 19 888 708
+CGA 93.7 77.7 83.6 57.1 19 718 600

3.5 AR E T E LI

KT LR VAR O B 1 A R 1 L 2 SR BT 45 0
TR AR ST T SSDY | Faster-RCNN' | RT-DETR" |
YOLO RF) ZA A F1 H #7323 89 50 1% 5 748 3 i eleat

BRI AT A8 1) % LU S T A AR R 34 FE S TG PR BE N S 4L
WERRE— B ATIR T, 76 7 — $0H 48 b 347 0 2 Al
BT SRR AE R 3 Fron . AR AR IR 45 BT A, ik
RT-DETR Y F1 4 #0355 0. 91,5 FSSD-DETR % H 1%
AR fE mAPS0 $545 b, SCEAR BRI LL 94, 3% 1Y
WERG 2R AT L 76 T 0 P2 kS B9 mAP50:95 45 b5 b ook 4 70 L)
77. AV L IGAE T H ToU BT & Bt R, 22
it RT-DETR 7€ FPS,._, WA T XH T 84. 9 fps, it
FRZHE AL, LR T SC-YOLOv8 A1 YOLOVS
DRM, {H3iX P & 764G B LK+ ek RT-DETR. BL4h,
AR TP A AR A T B o AN S B 38 B LA R = R
JEE I TR B St 52 B T A 1 T AR R R A R A 4R AR
Tl FE S B ARSI P SR

3 5HMEIMIILLEE

Table 3 Comparative experiments with other models

gl F1 mAP50/ % mAP50:95/ % FPS,._, GFLOP; Params
Faster-RCNN 0. 47 50.5 30. 2 16.9 170. 2 41 124 788
SSD 0.56 60.5 53.2 34.9 121.0 25 334 517
YOLOv5m 0. 89 91. 1 74.3 52.6 64.2 25 052 743
YOLOv7 0. 88 92.8 73.9 30. 0 103. 4 36 546 500
YOLOv8m 0. 90 92. 8 75.5 50. 7 78.9 25 847 287
YOLOvIm 0. 90 93.1 77.5 53.1 76. 8 20 022 391
YOLOv1Om 0. 88 92.5 75.7 71.4 63.5 16 465 438
SC-YOLOv8™ 0. 80 80. 6 63.9 94. 7 15.2 4294 712
YOLOv8 DRM" 0.78 78.9 60. 2 99. 6 8.4 2 083 471
RT-DETR 0. 90 91.7 77.0 71.3 57.2 19 964 740
DSRA-DETR™" 0. 90 92.3 76. 8 74.5 56. 1 18 372 972
FSSD-DETRM™ 0.91 93. 1 77.2 72.9 58.5 21 348 917
A A5 AR 0.91 94. 3 77. 4 84.9 40. 2 12 044 633
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GRS HETE IMLE] L BAR mAPS0 WA F R, SRR A
T, A FPS X & T 9.4 Wi, S, 9l AW IE W
EMBSFPN # 8 J5 . 85 B i mAP50 2 /5 7 2.6%. i& %
94. 3%, FPSH#&E T 13.6 Wi, it S MBS B 5l THET
29. TV R 39. 6%, SMATIF , 25 #0 47 SO LYY AT LUZR &
2 R A5 R TE 52 2 1) 2 % I8 THD 3 30 B IR R 85 v 1) 2% T Rz Ak
FE 7, [, A DKG  5  JE  4  ELA  S AR

R4 WHBEBHRMIE

Table 4 Improve the model ablation experiment
CSP-PMSFA CGA EMBSFPN mAP50/ % mAP50:95/ % GFLOPs FPS Params
91.7 77.0 57.2 71.3 19 964 740
J 93.8 77.4 47.7 72.4 14 107 204
N/ 93.7 77.7 57.1 83.6 19 718 600
N/ 93.5 77.0 48.7 67.8 17 954 773
N, N, 93.3 77.4 47.8 81.8 13 937 352
J J N 94.3 77.4 40. 2 84.9 12 044 633
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T 6 ZE A ek A Bt S B O S R RE L il
1 Person Ml Car 28 BIl (14 A& I L, e F B A 4% ) ik 8] T
61. 8901 77. 5% Al &, ¥ F AL 3 AR, g4,
1€ FPS $8 45 b, o i 455 80 5K 2] 81. 9 Wi, % = T DSRA-

DETR 1 78. 3 i, FSSD-DETR ¥ 66. 7 i f1 RT-DETR
M9 67. 3 T, 3% W O 50 20 A O 1 o o R % 1Y ) A 2L % TR
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SR T SN L M R 7R ek A A A A8 s R A 55
ol M RE B T, AR SCH A GradCAM  (gradient-weighted
class activation mapping) """ X 5 v A 15U 015 0F A5 150 6 AT
2 Y AT AR 38 E T X 32 AR R G TR X3 AR
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R G T 1 45 A Xl 32 A RS T A 55 o AR ] 26 3 A 3R
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FIE TR WA 6 TR

RS TEAMHEBENZUIRER

Table 5 Generalization experimental results of different improved models

Traffic  Traffic

R mAP50/%  Person Rider Car Bus Truck Bike Motor Train FPS,,_,
Light Sign

DSRA-DETR™"" 42.7 55.7 31.9 70. 2 35. 1 42.7 31.8 32.5 39. 6 43.7 15.0 78.3

FSSD-DETR"" 44. 2 57.9 28.5 76.7 30. 2 43.1 30.5 33.9 39.7 14.2 16. 3 66.7

RT-DETR 41.2 54.1 30. 4 75.8 36. 9 41.6 29.7 30. 1 38.7 42. 4 13.2 67.3

A TR 45. 6 61.8 32.7 77.5 33.1 43.8 33.1 35.7 40. 2 44. 6 17.5 81.9
RT-DETR
BB A

(a) HEREW (b) BHRS

(o) JeZRAAL (d) S TEWL (e)BB &AM
(a) Dense vehicles (b) Bad weather (c) Lighting change (d) Obstruction situation (e) Night conditions

P 6 st iR AR ) e T A AL 2 2R

Fig. 6

HR U A 7 A % SR AT, R o R TR A 4 O TR R
55 B PUE A CEOR IR M RSB EISIRHEEN T
P A7 76 Jm BR A , 2% 5 90 56 8 A8 38 A iR DA A 1 X 8k, 5 &
WA IR A B G. T E AR & S SR
B K /NBIRE F1 5 S X0 A RUBE B9 5 4iF )2 0 AT 36 BURE 19 3
B BT LA 3 T 4 B2 S8 3 A TR AY S8 B8 AN AN, 78 B |
REMNS 52 B T Sy Vi M AR IR X 8k, 1B 6 Ca) B R B T A
LR EAT IR B BARAT I A 2 0 T AN TR
2 5 T P ) 52 S R SRR N A O T — A I R A L g A
] A 0 T e, TR A O [ 4 B R 1 a8 i AR i B
6(b) . () FN 43 51| & 8L T % 45 KA FN 6 4R A8 b 3 B0 T AR

Visualization results of thermal maps before and after improvement of the model

PAZEIAE DL X 4 (1 e RV K o 45 I T b 3 288 31 A X
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TRk — s, A 3 R RN )RR R AR E AT A
AR HAS ] 8 B R IR 18 2 ROBE 9 20 I I 1T 58 38 A
LRI RL R B s, B 6 () BB T 22 595 b A7 35k 2]
AR B BT 5. B B TRy Rk B T B
RN BB TR AR A 11 (=95 W7 N3 R A [ /v - o ol i A £
CSP-PMSFA 5 HUREIE $2 IR AE J) B8 58 , filg 6% 1 o $2 HUAIR 43
PERA/N AR, B 6Ce) I BN T 0 8] 4 46 17 30 A8 oS 3% 1
R S, FR T 6 T AR X AT 3 Y A o R L 1 A B T
SR 2%, T BN BRI T 52 38 AR N LY B AN B G (H i g A
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