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Abstract: Aiming at the phenomena of leakage, false detection and low detection accuracy in complex scenes such as dense targets,
small targets in distant view, etc. , which occur in the helmet detection algorithm for two-wheeled vehicles, an improved RT-DETR
helmet detection algorithm for two-wheeled vehicles is proposed on the basis of RT-DETR-r18. A dual cross-stage multi-scale feature
fusion module (DespBlock) is designed, and a multi-core initialization module ( PKIBlock) is incorporated into the cross-stage module
which reduces the number of model parameters while effectively enhancing the network’ s ability to capture targets of different scales in
the near and far scenes; a small target detection module Decoderhead-p2 is introduced, which effectively enhances the model’ s ability to
detect small target detection accuracy; in order to alleviate the positive and negative sample imbalance and the inaccurate positioning of
the bounding box in complex detection scenarios, the original model” s GIOU is replaced by the improved loss function MPD_Focaler-
10U, and the computation of the IOU is improved by setting the threshold parameter, so as to minimize the impact of the positive and
negative sample imbalance on the model’ s performance, and the computation of the minimum vertical distance is introduced to enable
the bounding box to be finely localized. which makes the bounding box have better performance in fine localization. The experiments
show that on the TSHW dataset, the improved RT-DETR improves the mAP@ 0.5 by 3. 6% and reduces the number of parameters by

17. 6% compared with the original model, while keeping a smaller computational volume, indicating that the improved model can
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effectively enhance the performance of two-wheeled vehicle helmet detection in complex scenes.

Keywords : RT-DETR ; object detection; two-wheeler helmet; loss function
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Table 2 Module ablation experiments

mAP@ 0. 5/% mAP@ 0. 5/% mAP@ 0. 5/% mAP@ 0. 5/% Parameters/ ViV
A B C Recall/ %
(all) (two_wheeler) (helmet ) (without_helmet) (x10%) GFLOPs
74.6 77.4 92.5 84.9 55.0 19.9 56.9
vV 77.1 78.6 93.3 84.9 57.6 17.7 57.7
vV 76.2 78.6 92.9 86. 1 56. 8 18.6 78. 1
Vo 74.8 77.6 92.1 83.8 57.1 19.9 56.9
AV 77.6 80.2 92.8 86. 4 61.3 16. 4 79.7
vV vV 77.5 79.4 92.7 85.7 60. 0 17.7 57.7
vV 77. 4 78.8 92.7 86. 4 57.3 18.6 78.1
vV Vv 77.9 81.0 92.7 87.3 63.2 16.4 79.7
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Table 3 Loss function ablation experiments

10U GIOU MPDIOU Focaler-IOU MPD_Focaler-IOU

mAP@0.5/% 80.2 80.8 80.6 81.0
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1) A Sk % He
Decoderhead-p2 BYA %LHE 44 p2 Kk 456 p3.pd.pS ¥
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TRIZ 1) p2 K Sk v LA 255 3 e A8 o R A 2

2) ik RO

h T B UE R O sR B L, # MPD_Focalar-10U
A9 5 crout®  wiou™  EIou'™®’  siou'™  prou't*”
DL R R BEAL ) GIOU #E47 8 feXT Lb, a3k 5 s, 4527
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Table 4 Comparison of detection heads

Decoder head p(3+4+5) p(2+3+4)

p(2+4+5)

p(2+3+5) p(2+3+4+5)

mAP@ 0. 5/% 79.4 80.0

79.5 80. 4 81.0
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Table 5 Comparison of loss functions

10U 2541 CIOU WIOU EIOU

SIOU DIOU GIOU MPD_Focaler-IOU

mAP@O0. 5/% 80.2 80.6 80. 1

80.2 80. 4 80.2 81.0

3) AN[EEERN

AT A E AR Y M B R e AR
S H il B bR A D AL A Faster R-CNN, YOLOvS5s™® |
YOLOv8s'™ | YOLOv8m, YOLOv9¢™ | YOLOv10b™' |
YOLOVS—ghoatm] .Deformable DETR ZE45 8 47 T X He

k6 R, FLIEER R, ik fF BRI mAP@ 0. 5
FabR L b BB 4 e e 18. 3% 8. 6% 7. 2% .5. 3% .
2% 8. 1% M1 5% ., 2%t L, BT A LR UEHRS B =i ) [R] s S
PREFE BN SRR, TR I Rt A R G K5 LA K
SRR 2 ) ST RS-,

xo6 HEEXTLL

Table 6 Comparison of models

R Recall/% mAP@0. 5/% mAP@0.5 : 0.95/% Parameters/ (x10°) 1T 850/ GFLOPs
Faster R-CNN(r50) 60. 6 62.7 48.4 41.56 206. 4
YOLOv5s 69. 8 72.4 54.6 9.1 24.1
YOLOv8s 70. 8 73.8 55.3 1.1 28.4
YOLOv8m 73.7 75.7 57.0 25.8 78.7
YOLOv9c 75.4 78.2 58.6 25.3 103.7
YOLOv10b 74.8 79.0 59.3 20.5 98.7
YOLOv8s-ghoat 70. 6 72.9 55.1 5.9 16.3
Deformable DETR 72.9 76.0 56. 8 40 179.3
RT-DETR-L 75.4 77.4 57.8 32.0 103. 4
A3 77.9 81.0 61.0 16.4 79.7

3.6 KR £ FIWARARTE T mAP GERE RN [ AR 4 ERA

AT B UE O AR R (3 A 43 S AR A
7F RT-DETR-r18 Hl RTDETR-150 | #4752 5 | 309 1 2L
PFRIHAE AR [ M 4 T a e mnz et gk 7 s,
M2 T, ek i# 5 RTDETR-150 BiFI7E mAP@ 0.5 |- 4%
T 1.5% 7 mAP@0.5:0.95 [T+ T 2.0%,
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Table 7 Comparison of different networks (%)
LY izt s eI
mAP@ 0. 5 77.4 81.0
RTDETR-r18
mAP@0.5 : 0.95 57.3 61.0
mAP@ Q. 5 79.7 81.2
RTDETR-r50 ]
mAP@0.5 : 0.95 59.3 61.3

AN, SV Kaggle ™ L r 1) Sk 28 46 I 5 4 4
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infrared 3 FEATSE5G | PE—25 0 OIS HYAE A [ B85
£ LRz LRET] . W03k 8 iR, Helmet HHHLEAT mAP@
0.5 M mAP@ 0.5 : 0.95 F# F IR A B 2 Bl $E T+ T
3.7%F1 4. 7% , 7E CTIR £ 4 I mAP@ 0.5 Fll mAP@
0.5:0.95 53 9HETT 1. 0% 1. 2% , 7F infrared 34 5
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Table 8 Comparison of different datasets (%)
., ) lezigzn) Elerids
Heblis , S
mAP@0.5 mAP@0.5:0.95 mAP5S0 mAP@0.5:0.95
Helmet 80.2 65.1 83.9 69.8
CTIR 82.3 56.5 83.3 57.7
infrared 49.8 29.3 52.1 30.8
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