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Vehicle Detection and Recognition in Unbalanced
Samples Based on SSD

MA Hao-liang, XIE Lin-bo
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Abstract:In order to realize real—time vehicle detection and recognition in a complex environment with unbalanced vehicle samples, a
framework of vehicle detection and recognition is built based on SSD algorithm. Aiming at the imbalance of difficult and easy samples in
vehicle data and the imbalance of positive and negative samples in SSD method, an improved loss function to mine difficult and easy
samples in SSD is introduced to identify vehicle types with fewer samples better by increasing the learning proportion of difficult samples.
The cascade SSD network structure is introduced to mine positive and negative samples in the first—level SSD and filter out a large
number of negative samples in the second-level SSD according to the guidance of the first-level SSD. A data set with 7 480 images and
4 vehicle types is constructed to verify this method. The experiment shows that the improved method based on SSD improves the
accuracy of vehicle types with fewer samples and the overall detection accuracy achieves 90. 0% . This method has excellent generality
for vehicle data sets with unbalanced samples and is suitable for vehicle detection and recognition.

Key words: vehicle detection and recognition ; SSD ; sample imbalance ;hard sample mining; positive and negative sample mining

51 &

B ST MU A 7 I e A R 1 22 Sl o

2019

PUABU A WTE SE A S B A b 7 S 22 Bk i
M2, W T S ROk A B E kw7 580k
ViBe Bk R R S BB IR R IR A R ik

transportation system , ITS ) 3 8 il Ay G A0 3 401388 A —
AMFFEIGT ., AR SR VR R TTS T R B4
FS A, 7 RIEE A T 5 TC YA 9% 2 40 Misg il A
N Tz,

AR I SRR B AR i — A4 3 R 4
) T AT P 2 G ) 2 7 PRGOS I ) ity b, A

5 B HA:2019-01-08 &[o H#3:2019-05-09

( Gaussian mixture model, GMM) !, SCEk[ 6] 4% H—
Fb A 38 N B E 5 RURFAE ) ViBe 12 3l 4% 5 46 0 574 4
Tl R MG, LG0T RS R A4
FEE e BUEQ AL, SCHR [ 7 ] >R H Harris $3#1E 5
SIFT FEZE & Yy 205 B0 42 B3R, SCHR[ 8 1 R 2
B 4 7545 G Adaboost 43 28 25 19 77 X0 22 5 5 47 A

™ 4% H AR B [ :2019-06-27

E4WE . EHERHRFEES (61374047 ,60973095 ) ; VL4811 FERHIF 4 B2 (1601085C)
EE R DIk R (1994-) 5 W+ 4, CCF 4251 (92423G) , BF5E 7 1) R B2 >0 | HARAS I 5 kAT, -, 8082, B 7 ) S 4 fig kil |

BSR4

[ £& i AR ik « http . //kns. cnki. net/kems/detail/61. 1450. TP. 20190627. 1105. 058. html



- 136 - HEMBARS R R

29 %

W, ALge Jr i BA SO e SR R BRI R A (H2
o SR X R SRS R R A 0 TR RS v b B
B MG EE R A AN FES O st 2 L5 )Tk T
0 A BT AT FRAE R K

Bl R 3 2 > 1 T A R TR 2 2 TE R A A T
SR s R R A2 0 A A P ARG
FHA BT X A R 55 5 (two —stage detector ) |, Ul
Fast R-CNN'""! Faster R—-CNN'"' | D K& J& T [0l 9 A9 )
1A K I % 7% (one - stage detector ), U1 SSD' |
YOLO'™ | &%t A4k i 5 050 , 7 B i 530 12 b L ik
L RN FEAE LU WA S Tk, — 5,
S5G TEA RO R AL A A U () P B . E SCHiR
(9], 7E SSD Bk ids I s A5 45 4 50 KU1 1 Sl 5 e
TPEHESR 2 = R AR . D) —Jrim, se 50 Rl A&
FEUR 22 I 24 B A S R R SR B T A s T iy Mg . SC
k[ 15]7F Faster R—-CNN g A — > % 18 0 114 #1809
2% 3B AN R RRIE R G R AR AT UG i X gk
FPRERR 0 2 AL AR, SCHR[ 16 ] 145 & Faster R -
CNN 75 AR 7Y 55 3 A [A] /DN 9 45 R 28 1) 4%
HASS G AT RN BROL B R R AL

DA b LA ) B vk 3 i B AR S — R A i
A% R AR N B 25 S 4R B ASOH A 1 A AV AN
B SEBR PR A B T, AR R X H R B DX A

VGGH:AH 4 2%

A, PR IR AR, SCP T SSD T A4
R S5 U A HEZR 208 A 2 R 2 (R i 22 53, S TH AN
(7] AP S TR R RGN 8, , 2 40 55 R 55 R 40 ) 7 5
AR T i A AR

1 JE% SSD Ak
1.1 SSD #RIZH

SSD J37k 2 v 51 ity 1) PR 1 B A D0 B9, an ] 1
iR, SSD TRt B i, B Je s AN IR R~ i 16l
#5300 * 300 B EUEAE S A . S 1 3R BUNRUEE Y
FRAE{5 B, SSD 3B VGG W 45 45 784 v 9 4~ R A 4
TEJZAE S B br ks DU 9 A 41, 43 5 RUBEE 38+ 38 (1Y
convd 3 JRMIFE R 19 = 19 (4 £c7 J2, N TIREURR
JERYFRAEAS JE., SSD 7E L5l W 4% VGG16 i Kk UK 38 i
T4 AR R B FRE HEBUZ conve _2  conv7 _2
conv8_2 Al conv9_2 , Hii i feature map A9 EE 435K
10105 5.3 %3 Fl 1% 1, SSD $iX 6 A [F] RLE
BYHRFAE JZ AR A B #5400 A K B , 4530 mbox _pribox [
£% mbox_loc R 2% Fl mbox_conf_flattern M 2%, 1531 H
FRBTFENL L, BAR BT 8 2 5 O B AR SR, RS
TINS5 55 EAE B i LOSS J2 A A, i ad
HERFEALBS R R [ (SGD) S BRI il KUAE BE 37

SSDHIMIF%  wRUFNMs  LOSSiH{E
[ [ HEBL
I: T REHIR

>
ico Bl BBk
L 256 e

B 1 SSD #) M %AE2R

1.2 SSD1’E7b$$ﬁ$ﬁ:LU’ﬁ A5 75 % 77 75 09 i8] =8 e 250

1.2.1  F 45 R R A KR -F 4 9 2

TEAN R B TE 3 55t AN [R) 288 B4 18 2R A A7 e 2 I
BZE 5, EEINAE T IX AP AA S SRS 3 e &
L BT R Le A

IR L
40000 i
£ 30000
”ﬂ} 20 000 {—
sﬁ;mooo* 7094 BE 97
0
Car Truck Tram Van
LB
B2 FimAREHREEFH SR

Pl 2 S b e 1 3 PR PR Sl AN ) 22 28

AU B o3 B AR S AT DO b 42 A Horp
Car 5 28 742 %,Truck B 1094 Zﬁﬂj,Tram H 511 ﬁﬂj,
Van A 2 914 i, wJLUE #2426 80000 43 10 BcHis
EENHKENRS, XML S FEA Y Gt 2P
ARZ TR 5 R 1 R 2 R A DA 2
2 B AP SR
1.2.2 JeBbAk AR A 3R 409 I A AR B4 19
TE— MR MR P R ER 40 ER 2 77 5 RMR, 44 o o
FEAR/IN 1T SSD SR AE 7S A AN ) RUBE ) FRAIE 141 119 i ik
HE b HEAT WA 2028 ZE U Rl B rh 3 5 A Ko 1 1A
A TR ASERY (8 D0 A 38 i 1 e B i SRR AR T A R
A moEm R E R E A kA SRR EHE (]
FEINHE R AE b A AU A A BR RO IX S SRR HE ) |
R o FpIEA ) XBE, B AN CIRAE R 4k A ARG
LRI ¢ AR EH ¢ x kA BAERERH, 5Jq Rk



12 1

Oyt R4 LT SSD AR R AR R 4G I 5 1R 51 <137 -

FHEEN S (4 +¢) x kAN, g g
BT 28, — 3 (4 + ¢) x km® D,

2 SSD Ry
2.1 FHEBESHERIZHE

TEVINZRRB B, SSD A9 i 468 2% 3 2 F A7 8 b1 2K
FEEAR BE R A IAUR 2 LHY

1
L(x7c5l’g):W[Lmnf<x?C) +8Llnr(x’l’g)] (1)

Horfr, N OB VCECH BROIARE 9 8 i ; L, (x,¢) AT
FKEAFEMR; L (v, l,g) NOLEBK; o BT
T

WNIE 2 s e A S Car BRI TR T
Truck, Tram, Van =P %E . SSD 7E Il Zhad 72
, Car 425528 LAY 805 B AU 2R FI 250 R T Truck,
Tram, Van = A2 505 1) B {5 B A 450 26 A, DR AE AR 45
D) GEARZRRME DLy ) B AR RO O T R IX A
[F) R, AT LASE 5 90 By o3 SR AT TH IR K eR B Y
P 14 75 5, B e > REARTE AR G SR TP A o LG, A
173k B X 7 AR AR BEAE B oy R FEAR X p . 7R SSD
b BRI R T T ARMESE SUIR Y TR T =X

CE(p,) =- log(p,) (2)

Horr, p, Aoy EARBE; CE(p,) A ifE Y 28
XA

FL(p,) XS XE S A A7 1) 8 5 A Y 2R
PR ZE SR«

Horh ) p, WAEGEE; v HIEHISE

Hiz 2 Mz 3, FL(p,) H CE(p,) £ T —/~¥ il
FH (1 -p,)”, CE(p,) tHXMF FL(p,) H vy =0 B
RGO, PRI SRt AR b, B (5 b R, 5 22 0 I 4 42
RS 5y 25 B R 20, SRR R U
BEARZ I T & T 325 5 4 25 10, TR G A8
TR 8376 KT AR 2 14 43 288 20 5 25 A0 (1 458 2 A 3
S FEAE U S ad B v B A3 EREAR I K o B AR
F MESY SRAEAR B S ME AAS 2R B, i 3 BT, A
T WD S JEREA I 5 L, AT DL 2 3 S8y ket
FERAT B v (38K, 5 o AR 28 A A 4 O B
T, HAR I AL ORI P o b 2t/ ) A fif 75
IR L 2ot B L 3 T MBS 2 A 44 S Y

4 FL(pt) = — (1 — p¢)¥log(pt)

0 0.2 0.4 0.6 0.8 1.0
probability of ground truth class

[ 3 A2 AR UK
T T LA B HAw 44 R SSD -1, FL 45 45 4
K 4 iR, 5 SSD &5 FAH e, SSD-1 Hg ek T 78 il 2k
B B 48 % pRES, LASZ A E LA 53 28 () 42 Al

FL(p,) == (1 - p,)"log(p,) (3)
VGGl %% SSDFft ka2 GRS LOSSIHHHR

HAn2E I
AT AMNIE

EILEIFS

_>
AL .
I BBk

B 4 SSD-1 45 W &AE %

2.2 ELRERHEXREZE

55 FE Rk X 1) T R AR ], SSD i FH A48 AR pl 42
0 28 %o UG R AT R, ZEAS [R) RUBE AR RRAE 1L 2 Bl
— ZRANAE RSF K D8 L A i BEAE | 38 o IE Al RRAE 5]
P I AE TR 5 A B AR T AT A 2R A Oy
25 o ARBERAEE AN R mose me  FEAE B A B ASA B
H ok AMEREHE , AR 1 AT AN REAE I R
2hkm® AR, ARJRAE—RIE R 3 Sl R S R 4R
R, A DR R AL S A B AR TEDL LD R 2
J& , KR B EHEAR S b ic hy SRR AS | B0 Zhoidd
FEPIESREAR I B 22 5 BRI UL AE mos m A HREAE
B L SRAF B 2km® AR 4 G 43 & SRR AR L2k

ANFIF ARG AR A 4k

R T R PRAE SRR AR S 1 TR) L, SSD B R
FEA Hb 1 e AEH22 BRI A 22700 43 2 1Y) 1 38 v B
HEATHERT R IR (5 B de e 0 LA TOREAS T RS J2 T A
(R SREAS (AR SURE A RN IE RRAS ) EL LB i 3 0 1,
LS IE SRR AS 1 L A7), 8 T 2 A A 3 L 461 0 22 3
TTREMTE . R T FEVN R B L i fif g 1 fRE AR
AN [ BT 8 2ot 2 6 i 25 DX 1 9 A i T
TE DX I B Bt 8 AR A JEARL, S BT A SSD
PR MZEAESRT | B e —4 SSD (ARM) H i
1 AT AR I AR A T HEA TR 1) 7, SRS TE SR
2 SSD(ODM) Hr LSS —2 SSD Wy 43245 R T &



- 138 - HEMBARS R R

29 %

i B K A SR AR | B ) Pk — 20 A AR 1A%
XA AR 2 RS T I0ORS A R R I 5 R R s g
SSD A4 2k R EIOE SR

L(p,,x;,c;,1,) = NL% ZL;)(PH U; =1]) +

rm

2L = L(x,g) | +

1 . ‘s
NM{ZLAQA)4-Z[L =
VL (1,8 ) | (4)

Hrr ) i FR—A> batch IS i AMRIEHE, [T R
TNER § AMEZEAEXT NV Y ground truth box FYZEGI, g %
TR | AMBEIEHEXT B B ground truth box FILE, p, #
JNTE ARM HVERS | AMBEAE Y — 0 EAG L 5 v, FRORTE

VGGH:fi: o 4

SSDP i 2%

ARM S i AR BEHE T (9 240 P00 A A, e, RN AE
ODM P& i AMBRHE T B Z I EASEE , 1, 78 ODM
HER L AMBEEAE T B AT AL N, BN, 20
78 ARM 1 ODM H' [ positive anchor 30 #: ; L, &8 —
OPRIR (A BAR\BEA A | L, 220k | L,
FoRMIFMR, 1T = 1 KRG @ A5 8 HE XY
ground truth box FYZE 5 & M5 H AR

DR T AR R S D S U RS BE, SCHORE IR Y
MG BEAT R, o R TS 0 2 4l A A R e A R e B
FEARFIIESUOREAS . O T J5 (i FLAE K Hedin 44 9 SSD-2,
HM&s A 5 s, s —2 ssb sk 2
SSD 2 [6] 4 45 FP oA T S 2 AR A SRR AT R 7 34
LR SCAE R X TR AL AR HURFIE AT RS A1

AR L 7> LOSSil 4

EEZEST ZrRE

T R

ERZX A o
R DA KPR

.

55— 2 SSDAT R
K SSDIAT R T

ms |
ssD |

A\ 4
el TS
Tl FEAHY 7y
KEFE
gk

ERR DA

il IDAZRIEN

BRIy LOSSUMHE

B 5 SSD-2 #) M %&AE %2

3 XBRESH
3.1 HIESEFMLIWIAE

R T S UE ARG I PO Sk Y P RE L R T —
ATHA 7 480 MR R Y A B 4R 28U AR B b 4
F5 PURP A2 R Hod Car 47 28 742 #, Truck 47 1 094
5, Tram A 511 i, Van B 2 914 3, MEIE 5 HFEHL
HEHL S 980 M R AE NI ZR4E , Hodx 1 500 g BURAE N
MR, AR ERIBR R N 1 PR

A1 BEEEDERNHF

2 USRS i &t
Car 28 151 591 28 742
Truck 896 198 1 094
Van 2347 567 2914

526 % FH A B 4 iR & 40 F . CPU, Intel Xeon E5 -
1650@ 3. 20GHzx12 ; GPU,,NVIDIA GeForce GTX 1070/
PCIE/SSE2 . #{EHEEH T 64 1 B ubuntul6. 04 F4F

FY¢, K H Caffe! ™ HE4E, LLFE PASCAL VOC U4 4
TUNZREF 1 VGG -16 BRI Tl 2655, 1L 0. 001
Ve RWIR 22 > %, R F multistep 27 > SRS #E 1711 45,
S — B BOR AL ZR% AR 8 TT IR & loss FaiE , 55 B Bt
R AR 27 > 38 TR 45 — B B A i A kA2 12 7
W15 B e A I i Al

3.2 FEWENSRANERSH

FEVEAE A PE BB, SO R HIAS IS B2 (AP) 1
B8 A ARG T 25 2R 1 PP AR 45 AR, {8 H] mAP ( mean
AP) VER BRI 45 R 0 PEAR FE AR AP J2 S AR
Rl 22 AR 0 2 B0, A RS 2 ey, 150 BH RSB o AR [] 26
TR AR R, A ARSI 5 U B S5 SR A
K2 PR,

P-R Fﬂgﬁ%*ﬁﬁﬁﬁ(precismn) 43 1] 2K (recall )
HIHE 2R, DL recall A f AR R precision AR, B 6
S DU A 43 5 HE SSD,SSD-1 Fl SSD-2 F iy P-
Rz,



%12 o R4 LT SSD AR A A=A 5 1R ) - 139 -
Car Precision/Recall Curve Truck Precision/Recall Curve
1.0 1.0
0.8 0.8
g 0.6 4 SsD S 0.6 SSD
:L:V)' SSD-1 (] SSD-1
D o4 SSD -2 0 o4 SSD -2
o a
0.2 0.2
0.0 4 0.0
0.0 0.2 014 0.‘6 0.‘8 1.0 0?0 0.2 0.‘4 0.6 OtS 1?0
Recall Recall
(a) (b)
Van Precision/Recall Curve Tram Precision/Recall Curve
1.0 1.0
0.8 0.8
S o6 SSD S o6 SSD
Kz SSD -1 @ SSD—1
D oa SSD -2 D o4 SSD -2
a o
0.2 0.2
0.0 0.0
00 02 04 06 08 10 0.0 0.2 0.4 06 0.8 1.0
Recall Recall
(©) (d)
B6 AEERE=FHEFHP-REL
A2 Fimpea s AL % PO £ TE ARG T A S5 5 TR LL SSD A7 2 7t
Ik Car Truck Van Tram mAP FPS Trucki? 4 24 Car
SSD 84.9 76.3 76.5 73.6 77.8 57 A TR
SSD-1  86.7 85.2 84.9 87.5 86. 1 57
SSD-2 90.0 90.6 88.7 90.9 90.0 51

X EE SSD—1 il SSD 53 A RGHIDRG JBE T LAt , %o
T Car (AL, SSD-1 Lt SSD 425 T 1. 8% , 427241
AR BEXFTF Truck, Van, Tram =P 450255 (1 6
I, SSD-1 F SSD 73l #2  1 8.9% ,8.4% ,13.9% .
HE 6 ta] LLF i, 76 [ #£ (4 recall T, Truck, Van,
Tram =Fh 5SS AI Y precision $EFHEH B . 43471 SSD-
1 AHLE T SSD Skt Ak g, SChi@ ik 78 SSD-1
FRGIA T ME S BEAZ Ik 32 THME = ST REA 7 > 1
1], AR AR T 0 30 T 2% ) (I AR A B T
Truck, Van, Tram —Fft 2228 RUAE A Dy [a) A, 55
B4 R AR SZAME Ty B AR T ik DRAE A AN - £l ]
MR I,

Tkt SSD -2 F1 SSD -1 & ¥, Xt F Car, Truck,
Van, Tram PUFP 42505 2 R0 B G0 AE 5, SSD-2 Eb SSD-
1R E T 3.3% ,5.4% ,3.8% ,3.9% . MK 6 A
A, SSD -2 B U b 4 5 S 1Y ) A A A ] R
A FTEETE . SO AR S 1 T DX A ARG I 8k 1
SRR TE SSD-1 Ry LR B 5T T PIEL SSD AV HK Y R0 25
SEMIZEPRIE TR, Dlet 1 3R T [ 5 A ARG T 5 92 R
R EHE R, AR & 7 s, 2ok Je 1 SSD -2

(2 (h)
SSDIFAGI 45 5 SSD-11ryks: Il 45 &
A7 SRk
TE ST
FEMH T B, SSD HUFF — YA ) 1 588 AT 58 A
W, AESCH SRS b o e = AL AT T 2 000
YR In TR £ Sk i s AT 3 BE a3k 2 fir/R, SSD-1
AHEG SSD BREAGHE 1 1S40 R ) R A, DR 7 3K
B B AR ), SSD -2 AH Fb SSD M4 1 %) 4% 45

3.3



- 140 - HEMBARS R R

29 %

P TR BRSNS AT LAE A AR S R AT
55, SCH T R BRAS T O i ARSI B TR] s R AT
5 SSD 4bF[d]—m 2%

4 LRIE

DL SSD 1E A A=A -5 R0 i L AR HE B | X6 4
AR AR h AR AR AR R AR A Y IR R, 51 AT
LT T RE AR 1 58 U R R pR B, TRIEE BTN T PR
SSD HREK ) 99 4 245 K6 R 72 4 1 SRR AR, S 56 45 RIE
B, Dl R A S S 1] 0 ] DA 3R v 25 G 0 5 0 591 0
PEfE, X AT B R AR 2, LW g
SSD HR I I W 2% 25 by S B0 R K iR AT E— B R
{87 19X 28 S5 R 1 2 ), % - ZE TR0 A SE B T ZE A 2 7Y
B2 A 0 HA S T RS B A
WU T it — 25T

SE Ak :

[1] SIVARAMAN S, TRIVEDI M M. Looking at vehicles on the
road:a survey of vision—based vehicle detection, tracking,and
behavior analysis[ J]. IEEE Transactions on Intelligent Trans-
portation Systems,2013,14(4) :1773-1795.

[2] TIAN Bin,MORRIS B T,TANG Ming, et al. Hierarchical and
networked vehicle surveillance in ITS: a survey [ J ]. IEEE
Transactions on Intelligent Transportation Systems, 2017, 18
(1):25-48.

[3] sk B, Edhg, F R BRI L HARL GG Hh Y N
MRS RE[)]. A3k R ,2017,43(8) :1289-1305.

(4] HMS¥E FE B, 8 B ] Kalman 38 I SCH#E 5 5 A
ZUAME g BARK I [J]. DU %22 4. A ARFL 2,
2014,51(2) .287-291.

(5] ESETR, W o, oW, % T I R B iR 5 v
WAL S HARE I [ )], TR IATST,2016,33 (12)
3880-3883.

(6] AR, RUkiEL. JET F 35N B (E-5 BURHIE 1 ViBe 2 2l 4
BRGNS ()] AT HALT AR 2018 ,44(10) :241-245.

(7] Rededi, &35 % % MY Haris 15 SIFT F0E K
TR [T]. PR EEF T #2440 ,2012,17(3) :69-73.

[8] &WeMl. BT ZEGFES TN EMKMID]. Jba.dt

(9]

[10]

[11]

(12]

[13]

[14]

[15]

[17]

[18]

R R, 2016.

KIM H,LEE Y,YIM B, et al. On-road object detection using
deep neural network [ C]//Proceedings of the IEEE interna-
tional conference on consumer electronics—Asia. Seoul , South
Korea;IEEE ,2016;1-4.

ZHOU Yi,LIU Li,SHAO Ling, et al. DAVE: a unified frame-
work for fast vehicle detection and annotation| C ]//Proceed-
ing of 14th European conference on computer vision. Amster-
dam, Netherlands ; Springer,2016 :278-293.

GIRSHICK R. Fast R—-CNN[ C]//Proceedings of IEEE inter-
national conference on computer vision. Washington D. C. |
USA:IEEE 2015 :1440-1448.

REN Shaoqing, HE Kaiming, GIRSHICK R, et al. Faster R-
CNN :towards real-time object detection with region proposal
networks[ J]. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence,2017,39(6) :1137-1149.

LIU Wei, ANGUELOV D, ERHAN D, et al. SSD: single shot
multibox detector[ C]//Proceeding of 14th European confer-
ence on computer vision. Amsterdam, Netherlands ; Springer,
2016:21-37.

REDMON J,DIVVALA S, GIRSHICK R, et al. You only look
once : unified , real—time object detection[ C]//Proceedings of
the 2016 IEEE conference on computer vision and pattern
recognition. Piscataway,NJ :IEEE ,2016,779-788.

WANG Li,LU Yao, WANG Hong, et al. Evolving boxes for fast
vehicle detection [ C]//2017 IEEE international conference
on multimedia and expo. Hong Kong: IEEE, 2017 1135 -
1140.

ShELE B AL ARV, 4. JE T Faster RONN HY RE 4 1H
BERIT7 A 5 ik 0] TS HL TR, 2018,44(7) 36—
41.

ZHANG Shifeng, WEN Longyin, BIAN Xiao,et al. Single—shot
refinement neural network for object detection [ C]//IEEE
conference on computer vision and pattern recognition. [ s.
1. ]:[s.n. ],2018.4203-4212.

JIA Yangqing, SHELHAMER E, DONAHUE J, et al. Caffe:
convolutional architecture for fast feature embedding [ C]//
Proceedings of the 22nd ACM international conference on

multimedia. Orlando, Florida; ACM,2014 :675-678.



