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Research on vehicle classification based on Convolutional Neural Network
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[ Abstract] Since the ILSVRC competition, the Convolutional Neural Network (CNN) has developed rapidly, and many scholars
have used this technology in the field of image classification. Vehicle classification is one of the image classification tasks and plays
an important role in traffic safety. Therefore, it is more and more important to use CNN to build an efficient vehicle classification
model. In order to train an efficient vehicle classification model quickly, the paper uses the transfer learning to train the original data
of this vehicle at first. As a result, the InceptionV3 of transfer learning model has the highest accuracy. It’s about 85.91%. However,
the network structure of these models are too deep to be directly used in engineering practice. Therefore, in order to train a simple
and efficient model structure,the paper starts the study based on the basic concept of CNN and builds the model by combinating the
convolution layer, the batch normalization (BN) , the pooling layer, the dropout layer, the fully connected layer and the softmax
layer. Then the paper also uses the constraint weight with L2 as the loss function and update the model parameters by using the Adam
optimization algorithm. Finally the paper trains the model by gradually increasing the number of convolution layers and adjusting the
number of neurons in the fully connected layer with the data which is augmentated. The results show that the model structure in
which the number of convolution layers is four and the fully connected layers” neurons are 256 is the best. It’ s about 85.15%. The
ability is almost equal to the ability of the deeper networks.
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0 51 &
RN EEAF Y A EE LS A BEg

AR, AR RGN T A TS, I H SO
T R S M Z A A S R B T AT 1k, IR,

MR BB 4 B R S sl RS AR AR
XFAEREAT 28 R BESCIE RGP A EH I RE,
B4R 5 Z FPDEIR KA AR SR R R 15
M), T e AR R P, A LR BN E 0 1 B P 4
FAWTERIRAL

F M AlexNet ™' B8 T 2012 Y ILSVRC ( Large
Visual Recognition Challenge ) Lk , CNNE- g
B2 TAE R 09 0 R4 55 0 R IUS T Bifg
S8 N T BURRIEBE Al B i SR 3 SRR . BT
WFFEr CNN [ 28 2 R TEAS BT 35 0, 2 B0 AR A

T D BB AR I 2 TE R AR 2]
THIR S FHIT RS 2 2D R L o 2 SR IE RS~ 2T A
SRR AE 3 AT 55 MERA 32, 1T AR VI T2 Y
P £ BSR4 i AT SO0 75 2 e PERETH AL B AR 3
Fio BTG, 1 U5 A 1 45 ey 15 B 428
Iy IERERY ASCHIM CNN Y FEAE &5t &, - 1F
RIRAT G B S T BN 32 8 . AR
M ASCHBIEGE TAE AT AR W

(1) 2 7 0 s R A 2 45 mT DU Tl il
FHITFEARAY | P ImageNetmﬁﬁ%ﬁ”éﬁ;ﬁ%%ﬁ%

EEE T 2R (1994-) , 55 BT, ERRITE 7 0] TR E 2 2] Hlasi ] USRS B R (1968-) 5 Wi 0%, ERERT 5 Jr ml . L
BT RHIE; ™ PR(1993-) 2 WL WFSE AR EERTSE S 1 AL R RS,

Y Fs HEA: 2019-09-19

of R ML K E 2 @ AR RS A



68 B o /5 M5 MM

510 %

YR AR AT 2 WSS IR AE A B 8

(2) M T B REAR o 20 1 ] 8L, % AL 4 4K
P AT R R A

(3) A T 2% (A2 BN 2 k)2 fl 4
HEZIZ 8 R R A B BORN 4 7 4 )2 i 4 T B
SR AE) 1 B X AR S AR S B G IR I 45 254

(4) ff FHI 38 58 1 5000 2 DR T 1 T 4 6 7
FERIECHE A R
1 XI§

ARURMEFE 2R RS 2 2] SR Aar il 22 M [R5 43
RIIR A SRR A 0 B Be, i i & 6
TR SR HEAT Y25, B 35 B0l 082 R 1 1)
LS R RE SRR BRI 48 2 IR B S5 e H Y
1.1 EARHIMELEN

R TR ERER )2 R B ZE AL 4 25 CNN B8 R
JEWBEIR SETRZ R B CNN T B4R A Y 4 10 43 2850k
JE AR SC CNN B &, BB 1T CNN ZE 7 43
FAERY K5 FR 2 ERAE A CNN Ry A IRk 22
iFHBFUZ BN Relu max_pool ,dropout® Fe, ¢ |
Ab P A 220 Softmax 4 1E PE AT M 2 55 A A
e 2t R A ) A R AR R U T A
%) PEIAG B8 i %o 07 2 10 () AT RE PR A, AR SO )
4 EEZ R, B A5 1 B A CNN g5F sl 1
Fim
1.2 SKIGEHE

ARCFIEEAE K A T ImageNet KA KA 22
11 Fh A REHE 1%, T ImageNet ZUHa SCEE (1 4F 40
R B SE A RGO, 3 i TC IR HEIA AR S
B —LTe I HF U0 Gy 2 4G, U5 T3 CNN
T EL B W R VR U SR i A Hi , PRI AR SO T 4%
R SR SRR S A 2 — ) R I A R 4
BRI S NI b, PP AR SR WLER 1.,
1Al B3 7 194 5KE A

HRAE CNN X ECHE B0 1 BER |, AR SO B 1 EE
GRS N AU IS A S B L N 6T
TR — PR X I G MGG AT B R AR

Y PR ERIMGERE M RS E S 2 BOR, B
SRS B AT A SEBRR A ARSCRPERS /N
FRETRERGE AT B — A ek A TR 3 o B
AN IS AN S R €7 e s N S WV ¢ &
RIA 7 194 sK3EHN%E] 37 864 5K, A SCk BUAE— 2 (1)
A 11 5K AT R ik 3 Fos

7 CNN RERY 5 3 I G B Jal o3 S N k4
AL o IR PRS2 4

TRABIPERE ARSI . XF T 7 900 A9 %l B CNN
K199 : 1 177 I I ZRAE A | Xt T %
SRR R 401 8977 Ao, RV —2R 19 80%
AT T N R DI R Y B — 2R A 20% 1 &L Jv
R S AR B R RE

112x112x3
Conv13x3%x64
112x112x64
BN+Relu
lmlx_p(ml
56X56X64
Conv23x3x128
56Xx56x128
BN+Relu
max_pool
28%28%128
Conv33x3x256
28%28x256
BN+Relu
max_pool
14x14x256
Conv43x3x512
14X14%512
BN+Relu
max_pool
TXT7X512Flatten
Fe 256
Dropout
Fe 256
Dropout
Fe 11
softmax

1 MEERER CNN &5
Fig. 1 The CNN structure of four layers
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Tab. 1 The number of kinds of pictures

470 Kokt
ambulance 756
bus 939
convertible 798
fireEngine 710
Jeep 762
pickup 707
policeCar 544
rubbishCar 449
smallCar 514
taxi 361
truck 654
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(a) The original image (b) Horizontal operation
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Fig. 2 Data augumentaion
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Tab. 2 The parameters of the experiment computer
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Tab. 3 The common parameters of transfer learning
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Tab. 4 The precision of three transfer learning
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Tab. 5 The common parameters of different convolution layers
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Tab. 6 The precision of different convolution layers in dataset
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Tab. 7 The precision of AlexNet and VGG16
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Tab. 8 The precision of dataset in different neurons
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