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A lightweight multiple object detection algorithm for roadside perspective
based on improved YOLOv4

JIN Li—Shengl’Q, ZHANG Shun-ran®, GUO Bai—cangl’QT, WANG Huan-huan', HAN Zhuo—tongl, LIU
Xing-chen'

(1. College of Vehicles and Energy, Yanshan University, Qinhuangdao 066000, China; 2. College of Transportation,
Jilin University, Changchun 130022, China)

Abstract: Facing the detection requirements of multi category and variable scale vehicles in the road traffic scene, how
to effectively construct structured data with low computational power to achieve beyond sight distance perception, and
overcome the limitation of single vehicle sight distance is one of the important problems to be solved in the field of
autonomous vehicle environment perception technology. In this paper, we propose a lightweight roadside perspective
based multi object detection algorithm that balances accuracy and real-time performance. First, a reverse residual network
structure embedded in the channel domain attention mechanism is used as the backbone of the network, replacing the
single stage detection algorithm feature extraction network with a deep separable convolution to reduce the number of
feature extraction network parameters. Second, spatial pyramid pooling (SPP) is used to process the output feature map
of deep networks, then we select maps of different depth feature in the lightweight backbone network to output, and use
the path aggregation network (PANet) to fuse deep semantic information and shallow superficial information to form the
neck of the detection model. Finally, at appropriate network depth, three different network outputs of feature map sizes
are set at the head of the detection model to regress the target information of different sizes of targets in the same image.
A lightweight detection model M3-YOLOWVA4 is established. The experimental results show that the mAP of M3-YOLOv4
on RS-UA dataset is 0.906, which performs 1.1 % decrease compared to the YOLOv4. The parameter quantity of the M3-
YOLOv4 model is reduced to 10 % of the YOLOvA4, and the forward inference speed of the model on the same platform
also shows significant advantages.

Keywords: autonomous vehicle; environmental perception; roadside perspective; multiple object detection; YOLOV4;
deep learning
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YOLOvV4 Il i 46 B, A5 B )l 25 s 43 2R B A
480.30, £ i 29 60 000 1K 154X, fx £ 401 2K £ € 1E (26,
27) X I8 9, 55 59 540 JOE AR 13451 R H 9 26.74, 8
AN RIS R 10 B /ME. mAP il 28 B 0 458 5 B
iy Jz Bt HH 9 FEE 2 ST I 6% oF BI0HE A5 TR LA 28R, T BA
R IR, mAP {8 5 28 54 58 1E 96 %, 7E 55 10 epoch 4k HYL 4
mAP £ K1H 4 96.36 %.

M3-YOLOv4 illl & 7F 46 i, M3-YOLOvV4 £ 1% F
T 25 B E, I S5 S 45 A 8K N 746.70, 4 3
180000 X 1% AKX, fix £ I 25 40 2K F2 0€ 1E 32 Fff i, 28
177300 3 AT 43451 2R A8 9 31.92, J9 I R 45 2% 1
B /M. mAP {5 £ 5 7E 96 % P IT, 156 B M3-YOLOv4
5 YOLOV4 W 45 %o A 2 I 2k 84 42 90L& M RE 1 3%
Uf, e % 75 X0 55 B 3 47 4% & Ak Ak 38 S O E 0 24
£E ) 2% 2] RE )1, L7 28 epoch Ak B 75 mAP i K AH
96.32 %. YOLOvV4 5 M3-YOLOV4 [ AP {ii A1 mAP 1f
XFHL R 1 Fios.

#£1 YOLOv4 5M3-YOLOvV4 I AP{EFI mAP{EXILE

AP
st mAP
WE ARE ORKIE Hih
YOLOv4 0.959 0.970 0.844 0.896 0.917
M3-YOLOv4  0.947 0.975 0.813 0.890  0.906

28 b WS R A A B HY X 2 4 B AL AL L, B 2R O
A5 HAh 552 00 (A 0 AP 350 BT 1 %, 1
B0 B2 45/, M3-YOLOV4 A % YOLOvV4, AP 18 °F
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ms, B A 2 508 K/ R 31,13 ML A Rt IR, 3 ik A
7 YOLOv4 7£ CPU F i inference time >N 286.00 ms,
GPU N iZ 8 4r N 33.52ms, B M S ¥ & K/ A
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R A BE A 1 28 23 5508 R /N 1) 10 Yo, 9 28 i [r) 41E 2R
TH A YOLOVA W 4t B A BN B B 1R 5. A&
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3007 40 100
" L7 90.6 - 264.22
2401 £ 32¢ 80
2 £ o4l =
% 180 .5 24 = 60 21.23
g o A~
S 120f 2 16F < 40}
= 5 g
& 5
60} c.é 8t 201 13
ot 0 0

mAP inferencetime params
B YOLOv4 B M3-YOLOv4

B9 YOLOv45M3-YOLOvV4 /Y3 TEFR%TEL

AR SR H ) 5 AEE R IR B B AR PEAIK T 1.1 %,
(SR AR AL [ 2 o A SE A ORI A2 R
BIE R 7 AR, LRERE, AU L ALE A
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el mAP?  Params/M|  FPS/Hzt
RCNNE! 0.593 - 0.1
Faster R-CNN[?# 0.827 79.32 17
Sspi#! 0.684 68.53 34
YOLOv3! 0.747 65.47 21
YOLOv4-Tiny®! 0.795 34.94 28
YOLO900012! 0.833 - -
EB?7 0.897 — 9
MVDP! 0.889 - 59
YOLOv4 0.917 264.22 30
M3-YOLOv4 0.906 31.13 47
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