44 % 510 W H 3 b % it Vol. 44, No. 10
2018 4 10 H ACTA AUTOMATICA SINICA October, 2018

ET Fg-CarNet )R SHEH 7 LR

M &R HZA B R

W E RSP REGE RS WA RIS B T EEA RN AR AR S AR L |
BUS D3 /NG SR I AR LSk A0 4 S TRIUE 1Y) PR/, SR 2 1E T RGBT, 48 —Fh 2 0 2 2 B RR AR R A 1 B AR
122 W 25457 Fg-CarNet (Convolutional neural networks for car fine-grained classification, Fg-CarNet). %M AIAR &4 1E
Jor R RRAE A3 T 45 AL, RFILA A B R R A I AT BEAT RRAE SR I, 5% 90 2% v [ 2 77 A A AE HEAT PR AN R BE R, DASRIIUA IX
Sy TERYRAE, $& SR ERIBRE Sy, B /NETRAL A T A R E0AY, R 190 248 4 2AS TRt 5 8 1) TR I RIS T I 2 2 28
JUN. A CompCars $ifade FHEATHAIE, SCInaiREW], Fe-CarNet $2EUHY A FFEAE ORI M 28 B 3 280/ DV TR I, 2203
SRR B fr, ST SR A SRR

KB2IE B ESAEA I, BRGNS, ZAEREFHERE, S BFAT

SIARIN R, S0, oM, Bk BT Fe-CarNet [WAHAISAEA 2058, A3k, 2018, 44(10): 1864—1875
DOI 10.16383/j.aas.2017.c170109

Fine-grained Classification of Car Models Using
Fg-CarNet Convolutional Neural Network

YU Ye! JIN Qiang® FU Yun-Xiang' LU Qiang’

Abstract Car model recognition has very important application in intelligent transportation systems and vehicle-related
criminal case detection. A multi-branch and multi-dimension feature fusion convolutional neural network (CNN) model,
Fg-CarNet (convolutional neural networks for car fine-grained classification), is proposed. This model uses car frontal
face images as data source, and aims to solve the classification difficulty caused by the wide variety of car models and
little differentiation between some models. Based on the image feature distribution characteristic of frontal face images,
the Fg-CarNet divides them into upper parts and lower parts to extract features in parallel, and then merges the features
generated by middle layers of the network to extract more distinguishing features. Through using small convolution kernel
and global average pooling, the classification accuracy of Fg-CarNet is improved and at the same time the size of network
parameters is reduced. With CompCars dataset, experiments are carried out. The results show that the proposed method
can achieve the highest recognition accuracy while keeping the smallest size of network parameters, i.e, the method can
achieve the best classification result.

Key words Fine-gained classification of car models, convolutional neural network (CNN), multi-dimension feature
fusion, block parallel
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Loss

conv3 — conv4

convl conv2

[HE

Loss
K5 ZREGHRHEREG

Fig.5 Multiscale convolution feature fusion

conv
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3.1 SEIEUEE

FEIE Fg-CarNet 128 ) 25 8436 11 44
ZEARRE ANRRAE SR A R, AR SCHESCHR [26] B
() CompCars s F XA BT T4
ik, CompCars FUHEHE 2 — AR AR A4 %L
s, 20k B BRI AL PR+ O s R4 1716 Fh
2 208 826 B 4 [ 5. Fg-CarNet #1450 2%
A 2 BN R A4 4 4 1 1 R R AT e A
FIRS AR EL, #EH T CompCars Hr)-R 11 i
FEEARAEIEA T, X TR E i TR RIS R
LR ARIAEE N 3L 281 NS 44 481 SRR EG,
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T REBIANIE 6 Brs. ASCHH AR 70 % 1524
IR, HAthiry 30 % 1E R4

& 6 CompCars H ¥ 5 A5

Fig.6 Sample images of the surveillance

data in CompCars

3.2 ELWIMERIEE

SCES AR R IRIE AN R CPU 24 Intel Core i7-
6700K; WFE N 32GB; k5 Nvidia GTX TI-
TAN X; BA7H 12 GB. 525 A B AU 7E T AR
Z CAFFEPY F5z8l, CUDA ik 8.0.

TEX} UpNet #1 DownNet Hr 3 s B 50 £2 g
FEGEAT Bl A B B B, SR A I 4% 7 A i R AR [ A

HLRL, ik Fe-CarNet R 5 AR 256 x
256, i HL B B 145 il 00 45 15 4 35 R v RRAE B ARG R
Sk, T R 25 R BE T T S 3] Ay JE At Do) 285 2 4 4
2R BRI CK 224 x 224, FE LA B
BE, 45 W 4 A0t i A2 IR SCHik (5] FR o IR T
RSTAMHFE R AL EE, Fn: 7214k Fg-CarNet
2, BRI S T T REAR R R INE 46 290
x 290, 4 AT B O R AR F AR 3L 5 BkR
/NA 256 x 256 (1) IR, TR ERAS I S AT R 1%
BlE, PAFHACP R IR B R, B, BT R
AT PASKAS 10 KNG EIR. Ha, ra 5SS
BB IIE. MHXH BAGE #5745 [ 1
H KN R 256 BB, A R IIE. 5256
FH ) 28 A5 2L 1) (10 A SR W 25 SRy A o 1) - e B AT LA,
FERW I, s B3E R 0.9, batch_size $EE
k128, WIGF 3] R E A 0.001. R4 25 AT
T, A 100k RIEFCFER 10 £5, B BILEAR
300k ¥, SUOEEANYNGRIr Bear > RIEARHIR. AEM
BB, AR SCIRAEXS MR A AT 3, A B s
AU A AL 3L 5 5 K/INA 256 x 256 B, F
N ARAG A B3 AT B 5 44, A HIKF B e 1Y
F, SR 10 ASFEAS: 3K BA5 R BCFY
VE R a 25 5.

3.3 Fg-CarNet £ CompCars I EETFH

%2 @R T A S Y Fg-CarNet J)% 4
T2 W 2 14 DA K 2 i) AlexNet, GoogLeNet
1 Network in network® (NIN) 4 B hfi 28 i) £ 465
B4 CompCars Hf 4 FIRICGEMRHE, F068 i Ah
F B4 2as . KNN 430288, B RIH 2588 .
BEHLAR AR 248 . SVM 20 238 Fl Softmax 432y
M ERIEAT - AR S5 R MK 2 FTLAF ), AlexNet
A NIN [ 28450 R 4t BCRA) A i A 4 50A 4t 1R 1 T
IR AR, GoogLeNet H HURFAE YR BN 25

£2 BRMAMKHEITE CompCars i F AN [H] 43 2as 1R 51 %

Table 2 Recognition rate of different CNN models using different classifiers on CompCars

Egi VS

o AlexNet (%) GoogLeNet (%) NIN (%) Fg-CarNet (%)
FNEE DU 91.10 96.95 86.06 98.42
KNN 93.41 98.35 92.78 98.78
2 4E A1 96.08 98.39 95.91 98.76
FEAIL AR AR 82.96 95.61 74.60 93.52
SVM 96.02 98.33 96.23 98.78
Softmax 97.73 98.50 96.51 98.89
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B2, A SCER 1 1) Fe-CarNet #5289 48 B AR AE,
I T BEMLAR AR 228 0, (8 FH oAt 7 228 14 o
W H LS T GoogLeNet, 155 T 98 % DAL, Mafk
&, Fg-CarNet FJiHSIMEmM TR REm. M3
PRRCR _F k43T, Softmax 43 ZE#R7E 45 W 25 AU 1
IURFAE_E 1 93 RO AR 2 B i 1.

AR 2 W 4 th SRR B O T B S
RE 1, ZHOBZ A Z) i G, 2 ALRE i, it
Gh, BB L TEWNFARBEZE, W20 @S
WAk, i CAFFE HEZL)I 256 B 28 0 2% )5 26 i
— MR 5 S H0 S, 3R 3 DA CAFFE 4
BRFAASEY S BSCA INoke B A% AN I 2% 1) 2 BRI,
M 3 W PAF i, Fg-CarNet #1841 S8 %
THAB=FpEA, 5 AlexNet fHI, SHEE TR T
i 40 %, SYERERBAHIL R GoogLeNet L, &
B T 6 £ SRR T 2R E ik
i) Network in Network #iZUAH L, SHORBIHBEAL
T 1A%, SRR AN 2] TR KIRTE

3 KA EBA SRR

Table 3  The size of each CNN model parameters
22 I 2 A R B ZHOR/N (MB)
AlexNet 232.1
GoogLeNet 44.7
NIN 12.8
Fg-CarNet 6.3

3.4 SHMERSLBEIRNLLE

BRI R F A SR 0 PR RS AT 2K,
5 H A2 A DR IR AT, a3
PERERA FrZe s, A SCCS #H3FR 0 BB+ 4
I I PR IEA TR AN SR AR O T AR AT UL, LE
BA RN 4 PR, fi T CompCars iz idmset,
JB T2 O A R R B 2 BEROR, R DAY 14
5K, M2 IRk 565 5K, Ao B FHEA R
A S5 F IR B RN D, SR SCRR [30] Y
FH WA 7 0 3 SRR AR AT VA A5 E Y
TEAXTF:

N
Dot

Accuracyl = 1=]i7 (1)
>

Accuracy2 = izjlv : (2)

Horp ¢ SRR IR BN A0 REAS RO BCRE, n A dE
REAREE, N WAL

¥ 1%
F4 MR TAERRBISER
Table 4 Report results of some related works

Jris (RIS e R L (%) R 2 (%)

1 NIN 281 96.51 95.25

2 AlexNet 281 97.73 96.72

3 GoogleNet 281 98.50 97.90

4 Zhang[8] 281 - 83.78

5 Hsieh 4019 281 - 51.70

6 Fang %:130] 281 98.63 98.29

7 Ours 281 98.89 98.27

F 4, B 1~ 3 TR NA MG AL M Z550)
CompCars W& BHRE AT /IS5 H, M rpaT A
E i, GoogLeNet WJIHBILE R, HAEMZE 1 &
3T 98.5%, MEHF 2 ikFN T 97.9%. H4~6 172
53CHk [18—19,30] H 4R 2B 7 CompCars
g R o Rk Re i i, Hidr, SCEk [18—19]
SR AE R IR H SCHR [30]. A TSRy AP, 3C
fk [30] £ CompCars M54 B 80 7 Sk [18
—19] BySEER, SLER LR R, HTER VAR KA
TR SRS A0 A 25 IR R B PEREANEE. SCRR [30] $R
177 ¥4 CompCars i #8545 EHUS 7R Y
HERR R, MERRR 1 353 T 98.63 %, MERIK 2 K5 T
98.29 %. A SCHE ) 5 SCHR [30] JrvEA b,
W% 1 B, HERRR 2 BEAKR, BLIAA SO AT
WER R TE G T SCHR [30] vk, Bbah, ARSCHEE
Fg-CarNet #5284 J&— it 2] sty B AL, AT DAEL 42 PR
O S IR RS A 425, T H i T T A
JEIE AL, KRBT M S ECE, 28T
W) 28 1% T P e

3.5 SHREAERIMERETHE

55 2.2 TR, R4 L RS R 40 R T A
PEATFRAESREL, AT DASE ) Fr AR AN B ) F 2R X
AR BOE A BT R RRRHE, I 5 RS
DA PR U A AE AT Bl 6, DASR S A AL S 4l 43
FEHUERR . Ry T E R 4 40 1 1 P 15 40 1 A S - 2
AT AEBE B0 22 BLTR AT R B 520, A SR T —
HXF LTy, SLIngs R wEk 5 fis. Fg-CarNet-Up
Fl Fg-CarNet-Down 4351 24 PA-R 11 240 1E i 15 1
REER A AR TR E AR L. R T RIS
S, WD R R D 2% TR A R 1 52, Fig-CarNet-
Up #1 Fg-CarNet-Down 435 Fg-CarNet [ 2%
() FusionNet Wi [ filt & 5853, £ B8 B A RRAE SR B
4> )55 UpNet Fil DownNet AHiE#: G55 M
SIS EE RN DAF Y, AU T A R A TR 1
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1%, W 1 2k 93.37%, XK 2 5 89.78%. 1M
A R AE B & B 0 R 2o IR R, R
Z1ik3 T 97.38 %, HHEHMEMF 2 WIEMRF 1 T
Mz, X2 N2 Fg-CarNet-Down #4773 26
B, FETERE AR /D 1 2 ) L E A 225G, AT 33k
T e 2 (FEL. Bk b, Fg-CarNet-Up [#)ifi
R LT Fg-CarNet-Down [ #Eff#, Xtk
TR A, BIZEW EEE o e g AE—E
IR A3, AR SR 2B IR B R B . Fg-
CarNet-Whole 5 Fg-CarNet-Down A5 2 25+ 4H [,
{B Fg-CarNet-Whole & PARE 3 440 1F Jir REAE
B, HERRR 1 BZ2RIEEN T 98.02 %, HERHZ 2 /Y
ZEIRE| T 97.84 %, B il B2 A BT 2
R IEAT R A0 b, MER RS2 T I B4 .
i Fg-CarNet B 1% FPEB5- B R AN R B+
W 2 FEAT ARSI, FFRF 4% B B2 BUR R AT 2 4t
FERA, HE5E T M 20 A R IR A e ), A
iR 1 FIERRR 2 5 _ IR LR EE I A 42 .

K5 HRENGITERE L

Table 5 Performance comparison of block fusion
il R 1 (%) ez 2 (%)
Fg-CarNet-Up 93.37 89.78
Fg-CarNet-Down 97.38 93.82
Fg-CarNet-Whole 98.02 97.84
Fg-CarNet 98.89 98.27

3.6 WEFHERI AT IL 4

R e — 25 o3 A o BORR AR AR O ROR, AR SORE
GooglLeNet, AlexNet #1 Fg-CarNet JF Comp-
Cars MHABEHLIHFAE, 6 t-SNEPO7 Jyy i
Y3 " HEPEAT I AL, PTRRALSE R ANE T R, K
H— AN AR — N REAR, R4 K BE R 27 [ —
KHA. HTEEEHMEMBNREERIT
R AR AR 2 45 i 200, TR A FRAT T e i J5 —
R E— 2 P BURREZEAT AT 18 7 (a) A

{a) UpNet

{b) DownNet

(c) AlexNet

AREBA R —MRIGES, HESER, WE
AN fER s, BEARAAE i, X UL UpNet £f
XA 2R T 52 2] 1) T AT T 4R B4 R Ay
fiE, (EXFRREAGE; B 7(b) , KRFEARRBK
TR B AE i, HoA B X o FLRR, H 38R B
RIEH, EAEI T 45 2.2 A5 F0R, ZE8E R T2
oy BB AL & 24 DX FEIWRHE, A R T R85
5 MK 7 (c) Hixt AlexNet $8BURFEFEAT 7T HL4L
MIEE AT AR H, EAR AlexNet FEHUWRRIERE (425
(B 2 &K, (HENEB WA K, XIEAGFHT 5
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ALY ZE5 R, BT DA H A JEFEA RUAR B H X 43 FF
K, HLIA— 2R AR S BB A AE— ke, SR 26 1]
ZEBEMRIRANIE K TRl T UpNet A1 DownNet 1
Fg-CarNet $ERFHEAIE 7 (e) Fiw, 425X 501
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REAS B 0 MR 28 5 2 2 A I3 Rk, (] B 2R I BE AR
REER R, RSPV 285508

3.7 TNEMFERRA AT

TE 2 REZEGRHE L& B B, AR ZRRE R 4H
BRI RE ST AR A W 4 R, X ARR A G N
o RPERE AT PEAL, 43 B AN R AL A5 B0 AR
PRI, WAL R AR 6 FrR. Hr, B
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Fig.7 Visualization of features after dimension reduction
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6 AFEHEARPITRHEA A N SR
Table 6  Recognition result based on different basic

unit combinations

BIGS L ,

2 3 4 WERIR 1
1 v v 0.98906
2 Vv v/ 0.98789
3 v v 0.98843
4 v Vv v 0.98835
5 vV v vV 0.98901
6 v v v 0.98882
7 Vv Vv Vv v 0.98835

TEBCH X0y BEMRFAE, $2 = A 2 S ha 4l o 2R v
itk. Fg-CarNet [ EZ4F 02 1) R SHIFAT
1752, 4351 H UpNet Fl DownNet ¥j->433 % 4%
X IE G PR B TR RS A EAT A SR I, B v
ESE IR A R 2) XS U 4 1 B R A LR
FR O FRAETEAT 7N EBE B R A, B T RERY R
BEEST; 3) ML/ NERUE L 4 R (A AU
TR GE) A T ) 445 S BURFALE 1) 45 R BB, ROK
PR TR S RO SCIREREW], AR
1) Fg-CarNet 4 DA/ IS MR ICAA X7 1)
AR ANFE, AERIERE LRI, RA KA
{EL. BEAh, ANSCHR 73 XICRFAEAR ORI 22 48 HEARFAIE
B 73, R At AN [] X3 8] 5 B B AR ) 1 1 kg
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