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Abstract As the number of civilian vehicles in China shows a remarkable growth trend, traffic manage-
ment is facing unprecedented challenges. Against this backdrop, the development of intelligent transporta-
tion systems (ITS) is extremely urgent. As a core and crucial technology of ITS, vehicle type detection
plays a pivotal role in the field of traffic management. However, the existing vehicle type detection systems
have obvious drawbacks such as high resource consumption and exorbitant costs, which greatly limit their
wide-spread promotion and application. In response to this situation, this paper carefully constructs the
TenCar dataset containing 10 common types of vehicles and proposes a low-cost vehicle type detection sys-

tem based on the Raspberry Pi and the YOLOv4-tiny algorithm. Through practical verification, the
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YOLOv4-tiny model has achieved an accuracy rate of 85. 65% and a recall rate of 99. 9% on the TenCar
dataset. This system skillfully utilizes image recognition technology and streamlined hardware facilities to
efficiently and automatically detect the vehicle types when vehicles enter or exit a venue. This feature
greatly simplifies the process of vehicle search, making management work more convenient and efficient.
Moreover, the system has good popularization potential and is easy to be promoted and applied in places
such as companies and residential communities.
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Fig. 4 Geometric transformation image
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Fig. 14 Schematic diagram of raspberry

pi + movidius device
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Fig. 15 Detection of ten vehicle categories
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Fig. 16 Comparison diagram of distant target detection
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Fig. 17 Vehicle ingress and egress test images
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Fig. 18 Comparison diagram of AP values on test images
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Tab, 2 Comparison diagram of model AP

RaE FHR vA-tiny_AP/ % v5_AP/%
0 NIRE 90. 424 3 91.474 1
1 P D 88. 284 89. 488 4
2 TH B4 90. 636 7 91.636 2
3 KAERH 87.389 3 91. 367 6
4 HiE 91.393 0 91.982 3
5 T 2 89.377 8 91.029 1
6 THIRE 4 87.779 2 89.712 2
7 SuUv 91.441 8 91.201 3
8 4 89. 889 2 90.175 0

9 INRIR 2 90. 889 2 91.037 0
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Tab.3 Comparison table of different algorithms

R SLI I t/s FPS mAP/ %
Windows 0.019 52. 34 89. 73
Pi 0.91 1. 10 89.73
YOLOv4-tiny
Pi+Movidius 0.15 6. 69 89.73
Pi+Movidius X 2 0.078 12. 76 89.73
Windows 0.026 37. 86 91. 04
Pi 1. 89 0.53 91. 04
YOLOv5s
Pi+Movidius 0. 39 2.51 91. 04
Pi+Movidius X 2 0.15 6. 55 91. 04

VL ¢ FR IR G AR B [ RS R R

FE A0 28 0T TR SR A A TR IR b E AT IR . YOLOvA-tiny AR JE £ 46 30 19 32 47 35 B N
12,76 /s, MR R it s 11 YOLOvSs MR A2 173k 6. 55 /s, W& B R py i . 1A b o
SR YOLOv4-tiny BRBEEDRE BERG/INT YOLOVSs (B HAEIZ A7 3 7 Tt YOLOvVSs, B 5 4 A B 45k
P AT BRI AS Y A TR, PRAS SO 2835 4 Y OLOvA-tiny B AE S A5 R , DLAE FLaE— 25 1)
k.
2.4 LEBGS

MG 2. 3 AT, FE T YOLOvSs X A HEA TR 1) mAP 23k %] 91. 04 %, YOLOv4-tiny [ ZE B4
mAP 2 89. 73 % K AR BEAHZE AN R, AEBERU RS A AN 23 52 i HORS B BE A I 100 1, AR /Ny £ B AT
R E 7 THI A X AR YR S 30 ) AT AT BEA T 43 AT o PP dR 3 B AN A S B o

ARSI [RIREXTIC S T M0 5 28 ST 253 9 A2 4 1 HE A D0 P AT A 703, 328 BB RO A% S T 85 (FPS)
VERPEM RIS . SCIRLERANEE 4 i A LT E R 78 Windows RS0 oML IT T8 SRR B A5 UK A1
HATEIE R M BEIR = RS2 IR T L YOLOvA-tiny BEEIHT YOLOSs #%f F bR AS 0 o 2 DL K
I T A AL AR (FPS)

*4 EFEEME
Tab. 4 Comparison table of running speeds

et LRI t/s FPS
Windows 0.025 0 40
YOLO v4-tiny Raspberry 1.1130 0.884 0
Raspberry+OpenVINO 0.149 3 6.698 0
Windows 0.032 3 31
YOLO v5s Raspberry 2.299 0 0.435 1
Raspberry+OpenVINO 0.397 9 2.5130
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