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Urban internet of things vehicle object detection method
based on QARep-YOLOv8n
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2. Shaanxi Aerospace Power Hi-Tech Co. , Ltd. ,Xi'an 710076, China)

Abstract: Aiming at the problems of existing methods in dense, occluded and small object detection, this paper
proposes a QARep-YOLOv8n algorithm for vehicle detection in urban road scenes. First, this paper adopts a Haar
wavelet downsampling module to alleviate the problem of feature information loss caused by traditional stepwise
convolution or pooling; secondly. this paper proposes a batch-normalization attention module and QARepC2{ module to
improve the feature extraction ability of YOLOvVS; finally, this paper uses NWD bounding box loss and Slide
classification loss to improve the detection effect of small and occluded objects. Extensive ablation experiments and
validation experiments on four mainstream vehicle detection benchmark datasets shows that QARep-YOLOv8n
improves mAP by 3.3%., 3.2%, 2. 7% and 1. 5%, respectively, compared with YOLOv8n. In addition, the proposed
method has more significant detection effects on small and occluded objects.
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Fig. 1 Haar wavelet transform structure
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ADown 66. 6 70.5 3.2 8.4
MP 67.0 70.9 3.2 8.4
HWD(Ours) 67.6 71.3 2.8 7.7
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M AW R 2 R EN BT XFE R, i,
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3) R[] A 451 2 B 50k A5 80 14 i A 5 )

S T B UE TSR A NWD 35t 28l Slide 88 4% 194 2801
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Table 2 Effect of different C2f modules on model performance

" mAP50/  Recall/ S/
] y y i GFLOPs
C2f 66. 1 70.0 3.0 8.1
Ghost-C2f 67.0 71.2 2.8 7.7
GAM-C2{ 67.2 71.2 2.8 7.7
MIL-C2f 67.6 71. 1 2.9 8.0
QARepC2f 68.0 71.8 3.0 8.1

B mAP HA 8] LR AT CToU 462k 73 51 5 0. 326
F10.4% ,NWD % = 8 25 %5 1) Wasserstein BH B 3 FA4F
U AE 1S HE Y BE B 2% ToU 453 25 X /N B A R Bk
PR TR, 4 T/ B ARG A WA
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Table 3 Effect of different loss functions on model performance

W PREL mAP@50/ Recall/
UNESITES HYEEES % %
BCE CloU+DFL 68.7 72.4
Focal CloU+DFL 68. 8 72.6
VFL CloU+DFL 68. 8 72.7
Slide CloU+DFL 69.1 72.6
Slide NWD-+ CloU+DFL 69. 4 73.0

3.2 ItLbsLIE

T k2 B AR 3BT AR R 0k B RO RN
A HE UA-DETRAC U 5 % QARep-YOLOv8n 5 JL
Bl W MY one-stage K I Bk AT T X L, ST R 45 R L
FK4Pin, £ 4 7 A, QARep-YOLOv8n # t F
YOLOv8n, mAP50 27+ 71 2. 6%, A i, 3 B A Bioh 51 A
oAty Z B8 A B UAS , 3K TR A R BT AR X YOLOv8n
ST A LS S B AR . B A, 5 LR il Y et
YOLOvV8n Bk A SO 2 I My RSB T B 5
TR R I, X F B FE T A SO T SR AR A R AE $2 B
B DL Bk R B HE AT SR R B R T R IR AE BRI
R = - C PO VA NIE R TN DN S ERER AN:OR ol el il
19458 B B A% B 47 b 5 R 32 8 3 5 T R AT 55 L 4R A
LR e

AN, A SCE X T YOLOvSn 2 39 §i J5 76 BIT-
Vehicle Al VisDrone2019 %40 £ i 46 UK 2, 92 45 45 5 4n
5 PR, MRS ATHL S QARep-YOLOvSn ik
LT YOLOv8n, 7E BIT-Vehicle fl VisDrone2019 #§
£ EAFHERETT 2. 7% M 1.5% B mAP50, JF H. 7E BIT-
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Table 4 Performance comparison between this paper’s algorithm and mainstream algorithms on UA-DETRAC dataset

LAY mAP50/ % mAP50-90/ % Recall/ % SR /10° GFLOPs
YOLOv5s™ 55.0 41.0 56.1 2.7 14.1
YOLOv6n™ 56.0 41. 4 56. 9 11.0 15.2
YOLOXs™ 56.7 41.8 57.4 8.9 26.8

YOLOv7tiny'™ 57. 4 42.1 57.7 6.0 13.1
YOLOv8n™ 58.0 42.5 58.2 3.0 8.1
OD-YOLOv8n™" 58.2 43.0 58. 8 2.8 7.7
GS-YOLOv8n™ 58.7 43.7 59. 4 2.8 7.7
Ghost-YOLOv8n™" 59.7 44. 2 60. 2 2.5 11.7
ML-YOLOv8n"* 60. 1 44, 4 60. 7 2.8 12.5
GAM-YOLOv8n""* 60. 4 44. 6 61.2 4.1 12.0
QARep-YOLOv8n(Ours) 60. 6 44.7 61.5 3.0 8.1

%5 YOLOv8n X i# B J5 7€ BIT-Vehicle 1 VisDrone2019 £[#E & F M REXT bE

Table 5 Performance comparison of YOLOv8n before and after improvement on BIT-Vehicle and VisDrone2019 datasets %

B % H A mAP50 mAP50-90 Recall
) YOLOv8n 58.0 42.5 54. 4
BIT-Vehicle
QARGP’Y()L()VSH(()UYS) 60. 7( +2.7%) 44. 8( +2.3%) 61. 5( +6.1%)
) YOLOv8n 35.2 20.9 34.6
VisDrone2019
QARep-YOLOv8n(Ours) 36. 7150 21. 50 6v) 36. 41 5u)
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Fig.5 Comparison of loss functions before and after model improvement
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Fig. 6 Comparison of detection results before and after model improvement
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