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Lightweight vehicle object detection algorithm based on RT-DETR
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Abstract: To tackle degraded vehicle detection performance caused by hardware constraints, multi-
scale objects, and occlusions in autonomous driving, this paper proposes RT-DETR-light, a lightweight
detection algorithm. First, we design a CG Block to enhance the backbone network, forming the
lightweight feature extractor CGResNet, which balances speed and accuracy. A bidirectional feature
pyramid network BiFPN is then introduced for feature fusion to improve precision via bidirectional
information flow. Furthermore, an enhanced loss function, EPGIoU, is proposed to improve localization
accuracy for small and occluded vehicles by stabilizing gradient optimization via multi-constraint
collaboration. Experiments on the UA-DETRAC dataset show a mAP@0. 5 of 75.0% and a precision of
74.5%. Compared to the baseline, it reduces parameters and computation by 26.4% and 18.0%,

respectively, while improving detection speed by 1.4 percentage points. Cross-dataset evaluation on
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BDD100K-Sub confirms its strong generalization ability. The proposed algorithm offers superior

accuracy, lightweight design, and inference speed, providing an effective solution for real-time vehicle

detection and edge device deployment.

Key words: deep learning; RT-DETR algorithm; lightweight; vehicle object detection
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Fig.1 Network structure diagram of RT-DETR-light model
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Fig. 2 Basic structure diagram of CG Block
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Tab.1 Experimental environment parameter settings

24 i ZH i
Epochs 100 LrO le—4
Batch 16 Momentum 0.9
Workers 4 Weight _decay le—4
Images 640X 640 Optimizer AdamW
Random seed 42 Warm-up epochs 5
LR scheduler Cosinie Earl}.f Stop 20
annealing patience
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Tab.2 Ablation experiment results

B9 ) EP mAP®@O.5/ Precision/ &8 &/ HEE/
%% ResNet-18 CGResNet BiFPN GloU , FPS

) GloU % % 10°  GFLOPS
RT-DETR N N N 71.6 72.6 20.09 58.3 39.8
I 1 N N N 69.8 76.0 14.08 43.1 43.5
S 2 N N N 74.2 75.9 14.79 47.8 41.2
SLH 3 N N N 75.0 74.5 14.79 47.8 41.2
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Fig.7 Line chart of mAP@O.5 and precision metrics

variations in ablation experiments for different modules
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Tab.3 Performance comparison results of different algorithms

Model mAP@0.5/%  mAP@O0.5:0.95/%  Precision/%  Z%it/10° i+ /GFLOPS  FPS
Faster R-CNN 75.2 57.7 76. 2 50. 98 137.2 32.1
YOLOVSS 69.8 58.2 70. 1 9.11 23.8 50.7
YOLOV6S 70. 3 56.5 71.3 17.2 44.2 41.5
YOLOVSN 67.2 54.8 66. 1 3.01 8.2 47.2
YOLOVSS 72.4 58.3 71.8 11.13 28.7 42.6
YOLOVI1IN 69.5 56. 6 69.9 2.59 6.4 54.4
RT-DETR-R18 71.6 57.5 72.6 20. 09 58.3 39.8
RT-DETR-light 75.0 59.9 74.5 14.79 47.8 41.2
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Tab.4 ToU performance evaluation
ToU GIoU (baseline) EPGIoU DIoU SIoU EloU
4 HFr mAP@O0. 5/ % 74.2 75.0 71.2 72.0 73.8
/N B FE mAP@O. 5/ % 41.8 42.5 40.9 41.2 41.5
WP H AR mAP@O0. 5/ % 17.8 20.8 17.2 18.4 18.8
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Fig. 10  Visual comparison of recognition performance among different models
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Tab.5 Comparative results of generalization experiments

Model mAP@0.5/%  mAP@O0.5:0.95/%  Precision/%  ZHR/10° A E/GFLOPS  FPS
YOLOVSS 52.8 30.0 57.0 9.11 23.8 51.9
YOLOVSS 53.4 31.9 57.4 11.13 28.5 49.8
YOLOVS8M 55.6 33.4 59.7 25. 84 78.7 36.1
YOLOVY9S 55.1 33.2 59.6 7.17 26.7 51.5
YOLOVIM 56.5 33.5 60.9 20.01 76.5 38.3
YOLOVI1IN 47.8 28.3 60. 4 2.59 6.4 57.8

RT-DETR-R18 57.5 33.9 61.2 20.09 58.3 38.1
RT-DETR-light 57.8 34.0 61.2 14.79 47.8 40.7
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.| o AR F  FPS 35 3 57. 8, {F K5 K B2 W 3%
> 18 F HAB AR . Ay YOLO B U] 52 30 KG B
> v A B SR T O R R R R AR Y R A

X 541 ¢ voLovss KFR. IS SX BRI RSP RT-

§ ol ¢ re——bnd DETR-light {1 % J& B th T 2 % i1y mAP@0. 5, ik

Eso- ) igtgzz; B 757 8% s K MK R A B 1 61. 2%, A&

+ YOLOVIIN 9L YOLOVSS BEAUAH LE , #6 4% mAP@O. 5 /&
481 4 .gﬁf’”“'m 4. 4% IR H 3. 8% o M T IR RT-
REARENNE NN A R H HANAR AR RNRNE DETR-R18, 5 % RT-DETR-light 75 1% % % 4 -

10 20 30 40 50 60 70 80 90

Computational cost/GFLOPS
[ 12 ot oy vk 5 R e G R L A
Fig. 12 Visual comparison diagram of improved method

against mainstream lightweight models
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