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d detection plays an increasingly important role in intelligent transportation systems,
ing, unmanned driving and so on. Deep learning based on convolutional neural networks

ith the enhancement of GPU computing power and the increase in data volume. Based on

convolutional neural networks such as LeNet, AlexNet, VGG, GoogLet, ResNet, this paper introduces and analyzes 6 vehicle

classification methods, 8 vehicle detection methods and 4 datasets used to evaluate these methods. In addition, the research

direction of vehicle classification and detection is prospected in this paper.
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1 5| = (Introduction)

R AR B 22 S BN TR AR AR, #x
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(Convolutional Neural Network, CNN). H4hE#iZm
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2 ETFCNNRIZELH 4 Z(Vehicle classification based
on CNN)

AR B B T R R HEAT R . RS
SRR R E B RE NSRRI e 4 55 vk
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W ILACNNINR LR, HPLeNet i R A HCNN,
AW NMEREM=A2EREHN, FTEATFSHFEMH
A, LeNetB AT/ NEHRLRE FUS TR HIRER, HRERE
E%@IT}EEPE/JTLFH)&%L% FHEST. ITENRE R R,
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I e
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3 EFCNNRIZEIRHE N (Vehicle detection based on

CNN)
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Tab.1 Common CNN

CNNEFE BHAE/0 A BRI A W/ Tops)
LeNet 0.6 —
AlexNet 570 15.3
VGG 1,340 6.8
GoogLeNet 60 6.7
ResNet 234 49 3.6
DenseNet 180 200 —

AR LeNet—S BEAT Bl H#E A2 ) 22 0 & s LS
SRHE, I R/NERFEAT 2, HAGE S &= T EAR G
RORTFESRME T 3 B . e 4%t AlexNetilb 7kt #2iH
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B, YOLOREAERM, 245 AEZEYOLOVS, 2016 4
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B A, ASBEL, ERARI, 2017 FREDMON%E
NARHYOLOV2! | 2018 4E#E—#4 HHYOLOV3!™, 2020 4F
BOCHKOVSKIY 458l 5 ¥R FE 22 > 1 2 M L %l i#F YOLOV3,
PR YOLOVA™, MR M4 r 2 RERIIRE S, w6yl %
YOLOVSH#ATHIF . B H A BE N &R, & MERmRyE
ZEA ARSI A A R T EGEE R AR B SRR Y A

FUZRPSR R — CNNA 3 L 2230 S O 5t e 5 B B
PLHEAT NG, 45 23 [ B s (A T S e 4, A B2
XTI S R A TR . SR Fast R—CNN,
FE R M 2 51 P B 2 AR BREINAUZ , SEBUR TR
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4 EW/HEERNREITHEHEE(Quality

assessment dataset of vehicle classification and

detection)

4.1 KITTIEEESE

KITTI# 458 8 E R /R g e TP &k F HEE
RIFFEBEHIME, T#Thttp: //www.cvlibs.net/datasets/
kittiM O T E, FEATERORN SR, ZERET AR
R REE. FREEEE . BB EE KR e R . Hod,

bR F, A CarUNAE), Van(ia5i %), TrudklR%),
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N, Tram (AP ) AMisc(HAt) /\ 2\ 7 Sghii R B2 1Y
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(a)Thi X 3 5 ((OEZp775
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(d)misd 2 B 3 5
B1 KITTI# % £
Fig.1 KITTI dataset
4.2 BIT-Vehicle#j#E &

BIT—Vehicle$t#i 4 g1 Ut BT R Hi4E, T2 T4
(5326 58, ST http: //iitlab. bit.edu.cn/mcislab/
vehicledb/ [ uli, ZEIRE A, 850 KEMEIGR, KEHW
AR G, EHR R 2 BER 3521600 x 12007
1920 x 1080, A &AM, RIE. ZWB @ F 0 A 1Y 2
o FBAEAREEME2FR, WP ABus(AIIKE),
Microbus(FFAIZ 7). Minivan(/NF8ZE) . Sedan(%i%).
SUV(BEF%), Truck(RZE)TIE, FREMEETHH

()R 5t

558 . 883 . 476 WH. 5,922 %, 1,392 #i. 822 %, ILf
10,053 %,

(d)Sedan

(©)SUV

2 BIT-Vehicle£k 35 &
Fig.2 BIT—Vehicle dataset
4.3 Stanford Cars#{#E£
Stanford Cars¥iif4E gMINE A, g http: //
ai.stanford.edu,/"jkraugéug 4r_dataset. html F#k, FEH
THI AR 73 i 3 R 1) 28 1) F EARIE R T R T
iﬁﬁ&@%‘ﬂfﬁﬁﬂg@é‘m, 185 5k &g, EIMg PRyt
F196 2, WEBHTR, FARERI INGERMMEIALE, 2%
1 1 OV SRS, 041 RS, TEVIZSERIIR
e o NI

(f)Truck

(b) “RAR” (c) “WIRIK” (d) “F=5”
B3 Stanford Cars# 3% &
Fig.3 Stanford Cars dataset

4.4 UA-DETRACHEE
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Fig.4 UA-DETRAC dataset

5 Z5ig(Conclusion)
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