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RDSM-YOLO lightweight nighttime vehicle detection model

Yang Huimin Li Ruitao Gao Xiaowen Wang Hanxia

(School of Civil Engineering and Transportation, Northeast Forestry University, Harbin 150000, China)

Abstract: Addressing the challenges faced by autonomous driving systems in nighttime scenarios, such as low
background contrast, image blurring, and complex lighting interference, which lead to poor detection performance,
this paper proposes a lightweight RDSM-YOLO model based on the YOLOvV8 network. The model focuses on
comprehensively enhancing key feature extraction and fusion in low-light scenarios. First, RFAConv is introduced into
the backbone and neck networks, utilizing a receptive field attention mechanism to adaptively highlight key spatial
features; second, the DynamicConv module is used to reconstruct the C2f module, enabling dynamic aggregation of
convolutional kernels to enhance feature expression without increasing FLOPs; simultaneously, the lightweight
SPPELAN module replaces the traditional SPPF to fuse multi-scale contextual information; finally, the loss function is
upgraded from CloU to EloU, explicitly decoupling bounding box geometric elements to accelerate convergence and
improve localization accuracy. Experimental results show that RDSM-YOLO achieves a mAP;, of 70% for nighttime
vehicle detection on the BBD100k dataset, improving by 1.4% over YOLOvS8 while maintaining a model parameter
count of only 3.04 M. This paper demonstrates that the proposed model achieves both lightweight design and high
accuracy in nighttime vehicle detection, providing a reference for improving nighttime autonomous driving
performance.

Keywords: nighttime scenes;autonomous driving;vehicle detection; YOLOvS8;attention mechanism
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Table 2 Melting experiment results
F% RFAC C2f{ DC SPPELAN ELoU mAP;,/% Precision/% Recall/% Params/M  GFLOPs FPS
1 X X X X 68. 6 82.4 60.5 3.01 4.10 90. 1
2 N/ X X X 69. 4 83.0 61.4 3.04 4.21 79.5
3 N N/ X X 69. 6 82.0 62. 3 2. 88 3.85 79.0
4 N N/ J X 69.7 83.0 61.6 3.04 3.92 78.7
5 ~ N N N 70.0 82.6 61.5 3.04 3.92 77.2
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Table 3 Comparison results of different models

A mAP;, /% P/% R/% Params/M GFLOPs FPS
YOLOv3 58.5 82.9 52.1 12.13 9.52 141.2
YOLOV5 67.3 81.6 59.5 2.51 3.59 92. 4
YOLOv6 67.1 81.5 59. 8 4.24 5.94 104. 1
YOLOVS 68. 6 82.3 60. 3 3.01 4.10 90. 1
YOLOV9 68.0 81.8 59. 7 6. 80 1.94 76. 4
YOLOv11 67.5 80. 8 59.5 6. 80 1.94 89. 2

RDSM-YOLO 70. 0 82. 6 61.5 3.04 3.92 77.2
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Fig. 9 Visual comparison of detection results across models
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Table 5 C2f DynamicConV module comparison %

Table 4 RFAConv module comparison %

RS p R mAP;,
ODConv 81.5 60. 5 68.0
SCDown 82.2 59.7 68. 1
DynamicConv 81.0 60. 6 67.9
RFAConv 83.0 61.4 69. 4

TE REAConv XS WSz 50 v, [a] 48 SO s 5
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= EE T IESE T ALK B8 1 1 $2 7 ; C2f_DynamicConV 45
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ST 5 LA B A Eb 6 PR RS MR R e R T A

J7 ¥ P R mAP;,
C2{CIB 81.0 59.2 67.4
C2f_ODConv 81.8 60. 5 68. 4
C2f_OREPA 81.8 60. 3 68. 2
C2f_DynamicConV 82.5 60. 9 68.7
% 6 SPPELAN it
Table 6 SPPELAN module comparison %
Tk p R mAP;,
AIFI 81.8 60. 2 68. 2
SPPELLAN 82. 4 61.7 69. 3
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Fh 85 55 s SPPELAN A58 5% H 52 86w, S PR IE 2 50 A1 3
Ve IZ LB TR Bl & 45 4 ATFT 5578 SC 6 RS e R 4T X 1
R, 45 BRI T SPPELAN WA % s 76 EloU Bt 1
SeH L BT Focus CloU™" | DIoU #4417 i 4 2% & B0

. 03 .



949 B 2 F o

T # K

%7 ELoU#HR¥ttk

Table 7 ELoU module comparison %

Tk p R mAP;,
FocusCloU 82.5 61.1 69. 1
DIoU 82.7 60. 9 69. 1
EloU 82.8 60. 8 70.0
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Fig. 10 KITTI dataset examples
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Table 8 KITTI dataset results by category %
LT YOLOvS RDSM-YOLO
%5 P R  mAP, P R mAP,
W% 88.4 87.3  93.1 88.8 87.7  93.7
TN 83.3 54.7 66.4 84.6 556  69.4
¥if7# 80.3 60.9 69.5 787 65.4  73.0
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Table 9 Comparison of methods on the KITTI dataset

P Y mAP;, /% Params/M GFLOPs FPS
YOLOvS 76. 6 6.8 1.94  65.3
RDSM-YOLO 79.0 6.8 1.94  54.3
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