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EFsREABERTHEGRZESRER"

(THRLAFEERFSIESEKR £ 25 066004)
("L EEEMEEEAEETEALBE FE£§H 066004)

i B ERFFLRRAREREA R RHAL R # (SIFT) £ 4L, 42 i 17 42 (BoW ) # AL 1L
Bz ol & F K (SPM) B HAT 9 K H B, AT, 2 — W REH RN RABEAR, BEH
BEMNBELZ MG FEER, AXRBET S ERBERTNBEGT R 2 LE %, AA
BB 3 A R A E AR, o B SR B (R 09 % B SIFT FpAEFo 6 AR B B R 1 2 B 245 (CNN)
FRAE , B B R B 4 1k 45 40 A (VLAD) J7 % 20 7l 4 7 T 3 Bk oy B B0 AR A, ¥ — 1 AR By
S BRASAE T BB 2 e B R gk, b b iR 4 R 338 U B IR R B R
W EEGHR, SHEH, FEGRNKEH RS FEH RO HRNLERE

WEEEXF ANTIRFESTABZEACEMLREXELNERERET, KK
ANERNGRBERLHTT XL, S REA, Be 5 BRB AR BEET®

BRAEF NP EER,

Kegtinl KEHRE, FEHER, HEEN, RERHHERIFHD(VLAD) K, 7% 2%

Yy 5t R o AT LA E A a1 S5 4
— EEARR AT BT T 1), B e a0 AR AT
FRIEAIE Ko 75 WA AR PR BE o — 26 st
BIG I 2A ) Z RS, R R G REbL &
N TN SR, St UG R 5 VF 2 Bk
18, AR B N 2R 22 S AR RIAR L, iy HL 75
FIG i W ATAE R 2R 272 ) AR 2

Gt R RAT 55 b, S RO R 2 2 S B
KEBR AR . e R BE ST, —J7 A R
EBh ) R BEAT AR RS A A BT
B =y i, SR AR R AE R F R R, it
O L SPGB A, X SERIE G = 8 AR R, B

X FRUPE ZAS48F1 1 R HE 4 il = 4 7, XfE LA Ab sy 2
AR e 5, RS A R, Lowe 26 AP 4
i RBE AN AR 4 4F A8 4 (scale invariant feature trans-
form , SIFT) F#AIE , iZFFAETE MR R L5 ) 45 PR 2% 2
AR HA AN 7RG IR PR = 2 A kAR B
AR BB A5 A R0 R AR R 7 4 TR 3R 5
Wit [k, — R BT SIFT Sk i K4 5 2654
AR, 1A 48 (bag of words, BoW) “* B i
19T B RMSCHFR )2 R, R 7 Bk R
MR AT 240008, SRTT, BoW s A ELAA L4
WRAETT, B IR e 4 B o B 1] 1Y) PR 3R A 4L
MG E T A R A i 7 2Ok IR R 5 2k
N, BR T R A A B, T2 1 70 2 ER
PEo BT DRI A ] 8, 23 1] 4 57 85 U L ( spatial
pyramid matching, SPM) "7 BERIGE R H | B0KE 15 4]

O EFKHAKFIE IS (61303128), W 4k 4 A 48 Bl 2% 3 4 (F2017203169, F2018203239 ) , Vi 4k 44 5 55 2% 5 Bl 2 AF 5¢ 2 45 391 H
(ZD2017080) Fin[ b4 FA 2= [ml [\ 53 BHE 16 2h (CL201621) B3 H
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O3 T R, Ge i RS X B B R TR T
F DR B R R kR, 38 1 B4R
s [AME R, — BB Bt m 7 RS, AR
PR PG A AR A A2 3 ok R A R I BOE iy, 45
K TRERT LS I EERAE B . B, A5 142
T — R YH BYAFE G 5 550, 0 ) 7 2 A e A G
(locality constrained linear coding, LLC) 8 Fisher 2%
LG5 (Fisher vector, FV)™' A il A 15 45 1)

(vector of locally aggregated descriptors, VLAD)'

4, LLC B AR i 2 s AR T sl e
)RR A 2 v, T LA 5% Al A 3o 5 0 4% 2 B K
WAL o K KR e . FV AR R b
LK BR R R 38 16 ok ek — IR G, B 454 Tk
IR T AN B2 D7 v B DI, SR v S0 4 A
( Gaussian mixture model, GMM ) i 124 34 1
AR , (B2 B 5 T8 P 8 30TV A 80 g A 5 )
S 5] gy, A LUARIE S 3 0 B, LR
i, VLAD J& FV (AEMER A, B0 ] K #{ 2%
(K-means ) {25 55 07 1 A L 700 3R 288, 440 Jo) S 1
5 AT A LR 1) 22 i f) R R 2%, O 543 H ) )
G 04 JR SR ARRAE , AR ARG 0N, Bk FRL 57
TG ERG RS

LGS HHET VLAD Gl i PR 5324 vl o ffi
JH SIFT $#4F , HIRAF T B4 6943 JEVERE , SR 13 45
SR TIRBE 2 ) (1907 B AE 4y 2 mf v IS T /R
PERYZEME . U HE: B Ui 22 B 2% ( convolutional neu-
ral networks, CNN) '™ i 455 1 4% ML 24T 55 14
PEAE, CNN 7T L2 5] 56 1 1 -F 5 19 P2 (Gt A
B o PRI, 2% S8 B A R AN P B , LU R[] 3711
Z VI3, AR SCHR M T 22 2 AR R 1Y
35 5 3 S, R P 3l 7 R0 43 /s
TR B V45 e, $R BB 1 e 1) 5 4 SIFT 434F, {1
VLAD J7 3 4 it P {5 B 14 J B A E , 465 — 1t P11 1
A PG E TP 25 556 T 10032 1 PR B0 486 3 o
AR W IR IR 2R . 5 LI, SR H 1%
Befty 5 RUZ CNN HRAE, [RIREHEAT VLAD 45, 4 4]
15 B A G R 2 R . e 2
SR 5 P 2 TR T 4 B PG 0 A2 1 v S S
T BRA5 A B U B R i R 28
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1 % RRFAER T

SIFT $34E A 42 Hh LISk, 932 F T RS AL PR
AU, B —Fh B RV SR A R R AL, XSS R
BEGRNC S AR FF AL, XA AR e 5 7
B MRS — SRR E e, M B, CNN K
M — 2 JR R RN, ol ARIR USRS (i ik S
A 2 A T ) — o = 2 PR 1%, 7 R 3 TR
BIE 55 0 H 2 B 80 28 ST T B KA A
T CNN SRl A 25 LA 11 VA o 26 1
2 R 20 2 DAL RTINS RRZ 2 DM
AR EE SRR (Ut fe)=) il 1 A=,
—HEBD S AREZR . ERAERZE SRS
B, SRR RBOHFAIE , FE 2T 458 B
G RA . I, A SCH R B 5 e SIFT
PR A PR A ARG 3, R T 1 15 e ) 25 BR R
CNN FFAEAG A 2 G A0 34 , PRSI RS AR —
A AR RPREAE D 20 SCRRAE  F 2 i
5 R R S B AR 0 208 O &% R AT R
B EHMR R s e, SRR 3245 ) L (support
vector machine, SVM ) 3RS B 1R 1 73 J 0 51 .
JEAERTAAPE 1 PR .

[z RExH |

|

~[E]
VLAD NE: Al
A I 1
G
V&
=

means

B2

<= -

<>
HFHH

1 ZRRHERTHEGSR S LB EFEIER

P — T T IR BRI AT 2 RUBERE, 12
W RO BB RFIE S A T, 47 VLAD 4%, 2k
I LA AR LE B RS MR B RHAIE S5 A S 2 10 )R
WhAS Il S 5 73— J7 I, S ] SIFT Al CNN X Py A4S



JB) 4L T 2 R URHIER R ) R 57 0 Rk

TERBIEEE, 5850455 SIFT RHiExt T i {5 B 21
I §E 7 B OE AR CNN FRAEXT T R 8 U5 B 2Rk
ORI , AR ELAN TS A, B IE 2 5 BRI
FRk e, B MG 0 4 R 45 A0 45 B T 40 28851
FOCHEE, I, T R BRI ARG B X R R
PR PRI A 42 )2 10 0 SURRAE o = AN 2 IR 1 4
TEHEAT RS, DT ARAS S I 1 [l A A ik
1.1 EGRREFERR

R T AT 2 R UE B BRI
AR S 0] SR AR 1 5 SR A el T T A TR R it
JF IR R IE R R AR 2 R, AT LA 4
() Jry B8 A B 3R 3, A R 3 BT 5 1) 23 TR 25 40 15 L o
BRI F , 1 e BRI 256 x 256 K/Nf4k
B RE P AR IR s R . R, A B R
128 1R Z i Bl i 43 LA 128 R ZEF1 64 R R K
XTEVG AT RAE , BRA5 R O 128 x 128 K[43,
SRIE BRI R B 25 4R SIFT R#AIE, 5 R i, £ 1)
PRI G T pH 28 M 2% VCG-F B AL 2 iR R P AE
HJE— P ERUZE CNN FRIE, RN FUZ R AE &
B UG SRy s SUAR B, ELRRAIE 4 B A1 i 4
AR WRIE E 2R AR KR 2 R il SUE B FRAE
YERER G AR SCR T R4S O A T 2 R ERTE SUE B
HZEGAER  RIEFE N EAH BOR B T2 R
fiE AR A 4 R R AR, Hirb, VGG-F (2%
B S ABERUZ 3 2SR A, GRZ
WAL Z S HES), W iE 2 R

S2 F1 F2 filh

XN
N
AN

BEE | FREE | SRR [FRER |aERg)

B2 il &SR MEmEREEREE

K2 CERmBRZR,S FRL)=, F Foma
BRI . B RUZ i ER S g A 105 BLUs 5,
JEUE SRR 0, ELWR 5 R AR WAl )= a i SR
FRLR LB T AN AT B 25 8] RS, T 53
AR TINS5 P15 B e B AN A2 P 4 4 U2 SR

softmax 4242 , 5 21 A0 [ RIS B 28 1) 2% i
B HYHFAIE o
1.2 VLAD %4#g

G R TR IEG P i) % 4 SIFT R i AR B2 45 A1
BRI G A EGSRRE R D i i, XTI 2k
SR G B RRAE Al ] K-means 38 2550 1 58 4= il B
A M AR R LA 3T RS /Y L 5
WA B, R VLAD G AT R 1 AL SE 34 R4
HARTE , 8 e lid 7 IR & & ol i A,
SR B2 ) A, BB AR 1) -5 G2 v 1) Y
%:

NN(x,) = argmbiin |x, =b,| (1)
FEUR A [F) 2 0 i % 22 1) SR AL 1531 M A4S D 4R
[i] it V.

v, = z x, —b, (2)

x,:NN(x,) =b;

R K BT A IX A 3 A 1) e AR OB AE — B2 AL
L, A—Ak 158K/ K =M x D #— 4 i )

v = [0, 0, 0" = (o, vy, 00 ] (3)

L, J5E0H— 6 B 1 EZIE R 1 AR 1]
HUECH 1, X RAE Y AR AE R — A R |,
Feanar USR8 (R — MR TEAR RDE IR 7ot
RS PR R AT R MR AE 22 57

2 LBERERE

XU R R 1 4 14 R B i) 2 4 SIFT HFAE AN
ERUZ CNN FFHEZETT VLAD it 2 )5, B — i
80 BT A TG 9 1 2 B3 e P BT R R A o 2 i 1T 51
ARG o FEREHD , BEXT R A SIFT G5 i Rpfik
T CNN i i A1 R S R AR AR R R R R R o
TR IR)Z 5 P2 R R ATIR SUCRAE (515
R SRR, Bz R = Rt ik . X T 5
S TN S R S O EFSOU R R S PSS
HE, WL, 8 TREEYREBNERER, AR
HBURIG EURAE 2R — > e 2R 12 f) CNN Rk,
PN R 25 BRI AL IZ S G5, 4t 42 = 40 H 1Y
FAIEZE T HAR B TEANS B A 5 2850 19 =5 [0 45
B, BRI R R e 28 AR R . A SR I
FRRFAIE A R], G4 ik 24 R 2% N A ), FG o 2 4
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SIFT F#1EH 128 4, %5 F2 CNN H#1Eh 256 4k, 5
— A FEHEZ 4R CNN RHE R 4 096 2, {HH
M =200 A HEAT VLAD Zifith, 45 RO AR Z BG4
R A R G IR AR LR FE 350 R 1 x 12 800 Fl
1 x51200, 724 mfE 85 R E R RS,
PAF MBI AR 7S, A SCR AR IR Z B $ A
F 2 EG SR 5 ER A 4R CNN RRIE G, i1
AN EGFRAEEINEE G XGEE. HTA
[F] 22 UK AP 24 B AH 26 B, Ry 1 P 4% J2 R AIE
Xof T A B AR 1Y 52 00 [ 25 1 380 AN [ P15 4
WAL GG B A, X3 Fh 2 i R A
PEAT AR IBE , B

Jina = Lwy X fiy wy X fy, w3 X f3] (4)
Hrpfy o2 BB R L, Kosh 2GR,
Sy Fon4JR) CNN H#IE, T EIRELR) CNN R L
AR SIFT FRb A 3 3 2 iiE A B, 640 250 51
MIVERTE R, R, AR SCPL w, =0.2,w, =0.4,w, =
0.4 [ACEE LLGIXT 3 Bl AE R 3R HEA T AL Bk, 3R
P B T 5 E R R G RHE RS

3 XBRERLG N

3.1 HUR&

AR SR B 53 ST R AR 2 Al TR 3
SRR TG Y - 15 2R R Bl 4k 15-category
i1 SUN397 fiadle . o 15-category Bdia e v 1945
G 210 3 410 18 EE, S4LA 4 486 5K K
FEM G R IR /N2 300 x 250, 55—
AN SUN39T I n P s . B 397 Mg
SR, K2 10 Tk EE, Rk /b 100 5K IR, 2
H T K7 58 dE 4 . 1 REA SO 82 75 219
AR, I I T FE 9%, A SO SUN39T Hhie 15
A HA PRI AL SRR R — A K
4E SUN397-15, A1 45 “ball _ pit”, “wave”, “bull-

ring” , “rock _arch” ,“subway _interior” , “ice _skat-
ing rink _indoor” ,“sky” ,“bamboo _forest” ,“bow _
window _ outdoor” , “pagoda”, “skatepark” ,“electri-
cal substation” , “ocean” , “shower” ,“train _station

_ platform” . HrAREA ANiEE NG5, A
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NSRS 5, 06 AR Y5, HiE 54 “ ocean” i
“sky” X BTG IRE B, I EIZBIESE B
S AP 1230 % W i 8 N Y A L L
B B ) A28 BBk AL K] 3 B0 )1 i R X A
H, RRREESRE 80 MR IEMGH T2, 20 B IE G T
MW, LI 10 WA R4, B 10 REZE Y
I PUN A I 421
3.2 fEARK/NHERE

K-means A5 2 — 2 XF M {H 1 BEBE L
B RIS Sk M =50.100 150,200,250 53X 5 Ff
AN A, AR AR R, AR K
R 128 R S L) 128 42 KA G 7
RAE RIS B CNN REAE, $AT K-means RS,
HAFA R R 38 PSS RS AR, 36T 38 FAL B AR,
fdiFH VLAD Zifidh 7 3 60 Jm i MR e i) CNN RRAE
F7 Gt , B — Wi G0 BT A R G R AIE 98
TR B 2R IF i — 2008 I 5 R s R 1Y
B AN R4 R CNN RRAE 45 LU AR A 86
i 15-category Hdids b 4R T 402 uemf 1, 432545
FE 1 PR, % 1 PR FEE (CNN) B Y
TR . SR, S T RER AN TR
REEAZ AGRE J) , ARSI HE— 20 (d ] STFT HEAER K
PRI AERGT A, i T RR I B 4R SIFT FRRIEACE
B2 U MG T 1 Bl i R, AR R
IR EHR %5 4R SIFT FFIEHET VLAD i , 14 @I 2
FUGHIA , RN IL 5 2 B2 2 0 2 R R IR i T 9
B, 76 15-category $XH84E I Huig T 0 JS Ut 1, /3
HKEERANZR 2 Fon, 3 2 g% AE (SIFT) B[]
BIARZR

&1 {ER CNNHHEMREIRTBAR S LR

ES RS 2 i FAiE (CNN) il 3 AR
M =50 85.67% 91.00%
M =100 87.67% 91.33%
M =150 88.00% 91.67%
M =200 88.67% 92.00%
M =250 86.67% 90.67%




JB) 4L T 2 R URHIER R ) R 57 0 Rk

x2 {EM SIFT $FHEM AR R TR A R 7 K LB

ity GBI (SIFT) Rl £ PR
M =50 64.67% 89.00%
M =100 65.33% 90.00%
M =150 70.00% 90.00%
M =200 74.33% 91.00%
M =250 72.67% 90.33%

TSI E LA AN )RR AR AT 4 20
RAIE -5 GUPRAFIE ) 70 28 TR P B I A RS i) A2 A 15
O R 1.2 2 AT AR AT, A 3 R

so<y: E E & s s
70 — ar EF \i ,
A VIVIVIEIVEY
i‘ﬁk 50% “ \’ \‘ ,
R 400 ‘ V “ \‘ ~
i VEVEVEVE
MIVAVIVEVEDY
it AVEVE Y

B3 AEHFIERNDXBERBAXNIEN

H1 & 3 0] LLE ), B A R T Ba i, 4 2%
4 SIFT FEAEARAT 14 2t A Rp 1E 5 8 FH SR A IR B iy
Bz CNN RRAE RS 1) 4 SRR AE 1) 43 RS i A8 1k
FAI R e NN, HY A% A R SF S M =200
B, BIREUE SR B AR oSS MERf M . 5 EIRIEF, 43531
BRI 2 g REAE 5 218 SURFE GO ARAT 1Y
Rl RAIETE R AR 1 1Y) 43 SRS RE A [ B (R B
R, 72 AR SCSE 3 v, BRI RS S M= 200 (975
PN
3.3 zREXL

N T A SO ik Iz AR RE T, HEAT T2
Y RSBy, R 1 IS o 128 AR R Y 1 S 1 LU
128 A XS BUR AT RAE Z A, P AR W] R
(I Bl LR [P K BEAT R UG BOR A . BT
&R 128 BRE MM B DL 64 (R R LK X

FGBEATRAE , 43 ) 6 AR AT I A [R) 50 1 [ 1 e 4
Hu 48 SIFT FHAE A FUZ CNN HFAE, L M =200 1y
AR NHATEREE M F] VLAD J5 AT RFIE S i
PN ) RS (RG22 0 v 2 UG 3R, 2F— 25 4333l
W L5 R ) A3 32 2 2 R IR RS 7E 15-catego-
ry F1 SUN397-15 W BHa 5 b LA 1 o 2R ik,
yYREERINFE 3 4 PR, [N, T R 6E
fi -t 220 ] PR %) 2 )5 R, AR SCHL T I 4
B UR 4L SIFT F#AEFIEFUZ CNN F#1E, A X
FUGBEAT I B 0 R A R 2 R IRFIER R . 3R 3.
4t Scalel RN A RAEEUG P, B4 % 7 1R BRI
FEOEAS 2 2 2 K BHGHE 38 , Scale2 IR LB KN
128 Q2 RATE 128 x 128 (1 [BIG Py dt 22 2 I 114
iR, Scale3 Fm LUK h 64 {422 R Bk 128 x 128
1) EUG Pt el 2 )2 R R AR, JF ik — i AN TR 2
WY AR AR 5 IR AR 28 — D 2 2 W
CNN FRAEZR , FA% B S0 Al & R s .

£3 15-category % REHIFES MEIFEMNTLEILE
Scalel (% ) Scale2(% ) Scale3(% )

15-category

TRZH R 73.43 76.37 82.03
K2 + = 2k 90.97 91.30 92.20
)RR 83.53 87.67 88.20
FRE + & 2 90. 80 91.83 92.30

%4 SUN397-15 & REFRBISFESHEFERNS K LILE

SUN397-15 Scalel (% ) Scale2(% ) Scale3(% )

i pa 82.50 87.57 90.70
X2 + &2k 97.17 97.20 97.43

LRV LN 92.93 93.17 93.47
FE + 5 2 97.47 97.51 97.57

R KA, 26 3 1 Scale2 YL 458 119 73 2K
JEAHLE Scalel #2151 2.94% , 2R 1 4 FEHE B
AHLL Scalel $215 1 4. 14% ; Scale3 Q)2 R 1) 732K
K BEAH EE Scalel #2171 8.60% , #H HL Scale2 $2 5 T
5.66% , 1 )2 Fl i 1) 73 H KT E AN L Scalel 425 T
4.67% , Mt Scale2 A Fr$g . Ll 7, xF F
QAT B RAE 5 1 B AR B 1) 4 ) AR I
G FAL) RGN A, R 8% TE I v it bt 221 i 1 4% )
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JRERARAE , L4 O HGE X4 2 500 T, Retg R
S A 2 0 U, BRI, A SO R £ K
RFE 7 I R PEIC T 128 1R W 37 LA 64 1%
b KX EMRIEAT KA. KT, 7E Scale3 i th
VR 1 43 R B R A2 R 2 5 T 6. 17% 0%
VR P UG J22 A T J2 3R 3 0 5 PR A i 2 2 1
JRRSAE R 5 M2 + 125 J2 003 1 43 28 3 A HAIG
P RS T 10 7%, ML h B RS T
4.00% |1 + SRR I 43 SR BE AT H 24k
BRI T 4. 10% , SIRJ2 + &5 J2 R 10 49 2685 B AR
S AT LA 6 R P e g NN R AE R
P AR A R STFT AF 1 2 A 2 ik 5 A
S SUA B ELASASA T Pl 4 1 s 3 A e
QBB BRI AR . % T R % 43w
S, VL1401 4y 2 T8, DR 24 P 142 1 {62 ol
PR R4 5 4R ONN SRR , 9 RIS 4
BRI 5, LR STFT HHF 2 1 R J2 4 1
TR A B REALL B B CNN A 1 43 R0
HIA% 4 AR 76 SUN3OT-1S Bl e 1 H) S JRT I
7 3 1 15-category £y HE AL G AR A LA .
3.4 BRIEET

AR S PV Bl 7 4405 SR R P B, 4R BRCH 2 4

SIFT F#AEFI 45 A2 CNN RRAE, 14 1 22 )2 I 0 R4
R I — R A W 2 O BB AR S BRI 4
Jry CNN FHERL G, 3-45 F 8 N Z2 B IAHER R . H
T SCHY SIS 45 3T 0, SRR I > 22 80 1 RTR e s
i A5 T 22 10 Jry BB 1 A L, (H A R R R B i ik
2, o3l UG B ITAY, RO e 3 2k B . R,
EPELL 64 4530 KR EIGCRAT, BV bl — R {54845
9 PURUEESy 128 x 128 My G, MR 2 R 1Y
RZHER N E AR, JF S BUEMR 1 4 )5 CNN ¢
TE o 53 S AN [v) 23 T %) PRG3R 79 7P 45 L A1 AR
K, AT, OFH 3 R ZE I IAFELL 1:2:2 1Y
BCE LA & IR A KR FRoR . [FIRE,
TGP T LR AR 2 X H A R R AR ORI
M 2 R B SR Wi AT 1 o 2. TR 15-
category Fil SUN397-15 BI/MEUR4E |- HLAR T /0 25K
BRI ES iR, £ 5 ¥ 15-category-1 Al
SUN397-15-1 7 FLH% I i UG S URFIE A 1 2
JRUARHE 7, 15-category-2 il SUN397-15-2 2773 4F
SRR RIS SR FEA i 2 R R IE R R, H Py
AR R IR h R B 42 %45 2 CNN FHIE, R4
SRAE R AL T A

RS BIHRUREELZBERFERTHEILE

15-category-1( % )

15-category-2( % )

SUN397-15-1(% )  SUN397-15-2(% )

L2438 73.43

HhZ R 83.53

[ =Eii Bu 88.40

X2 + R 84.60

RZ + mEH 90.97

2 + mEE 90. 80

2 + TR + | 2R 91.40

82.03 82.50 90.70
88.20 92.93 93.47
88.40 96.5 96.5
92.33 93.43 96.00
92.20 97.17 97.43
92.30 97.47 97.57
93.33 97.33 98.00

H12¢ 5 ATLUE Y, B 46 1 Bt 2 0k 1 (5]
PRI 73 2 BE Sy e J2 R IR R e b, v 2 A
RZ ARZHREAR 5 SRR 200 EUS AR A
WG ARZ + S 2R R 7 S 52 + SR
AR, P 248 TARE + R 3 JERE L i
I AT 214 SR PR AR BN - S R oy 2 A+
SrEEMIEN . 24 3 FZ W EHUEAFE LR R] L)
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HIA R G J5 , BEAE B S if 1 0 R HERf PR . S L[
i, X QIS SR B 2 1 22 )22 IR R 7R 16 43
RAGIRI) 5 T AR G R 1 R FFAE , 7€ 15-category
BEGE LE LRl G RRE Y 43 2E0K5 BE AR LU AR SRR
AlAFIERE R T 29 2% a5 30 T 93. 33% 1943 25 e A
Mo 78 SUN397-15 Bii 4k 1 A e 2Bl A FRAE A 432
R EEAR HE A R AFE B A FRIE 4R 3 T 20 1% 358 T



JB) 4L T 2 R URHIER R ) R 57 0 Rk

98% WYX HMERPE . HE— P HIE T X MR T Y
REE, BERSIR RRFIE AU A RE ST o BEAL, 25 AR S
ZRRIZ + PRI + &2 A BT IEAE P
Ptk Loy A R AR AR, Ik 4 FE S P

. %90.000.600.000.000.000.000.000.00 0.000.00 0.000.00 0.000.00
coa. 19.00{¢K%30.00 0.000.000.000.050.000.000.000.00 0.000.00 0.000.00
for. |0.000.00{¢X¢4]0.000.000.100.00 0.000.00 0.000.00 0.000.00 0.000.00
hig. 9,000.000.00 K§]0.000.000.000.000.00 0.000.00 0.000.00 0.000.00]
ins. (0,000.000.00 0.00K¥#]0.000.00 0.000.00 0.000.000.000.000.000.00
mou. 9.000.050.00 0.000.00(eXeE30.00 0.000.00 0.000.000.000.00 0.000.00f
ope. 10.00 0.000.050.000.00 0.05[¢Ke[#}0.000.00 0.000.00 0.000.00 0.000.00
str. 9.000.000.000.050.050.000.00[¢k[#]0.00 0.000.00 0.000.00 0.000.00
tal. (0,000.000.000.000.000.000.000.00(gk[]0.000.000.100.00 0.000.00
off. ©.000.000.000.000.000.000.000.000.00 f§0.000.000.000.000.00
bed. 0.000.000.000.000.000.050.00 0.000.00 0.00[i¥80.000.000.100.00
ind. 9,00 0.000.000.000.000.000.00 0.000.00 0.000.00 [F550.05 0.050.05
kit. 10.000.000.000.000.000.000.000.000.000.000.00 0.00fK¥$0.000.00
liv. 19.000.000.000.000.000.000.000.000.000.000.050.050.05 0.0/
sto. [0.000.000.000.000.000.000.000.000.000.000.000.050.00 0.00{¢K¢5)

%% 3 %% 29%%24%% 4 %

El4 15 - category [ IEE N RERMBFEER

bal. [IFEJ0.000.000.00 0.00 0.00 0.00 0.00 0.00 0.050.00 0.00 0.00 0.00 0.00
bam. 900 gHifi}0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
bow. 0.00 0.00 gK4&}0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
bul. 19,00 0.00 0.00 1K&J0.05 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ele. |0.000.000.00 0.00 {t§&30.00 0.00 0.050.00 0.00 0.00 0.00 0.00 0.00 0.00
ice.  19.000.00 0.00 0.00 0.00 gH¥$J0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00:
oce. 10.000.000.000.000.00 0.00 gi«#}0.00 0.00 0.00 0.000.000.000.00 0.00
pag. 9.000.000.000.000.000.00 0.00 gR¥¥J0.00 0.00 0.00 0.00 0.00 0.00 0.00-
roc. (0.000.000.000.000.000.000.00 0.00 gK¥#]0.00 0.00 0.00 0.00 0.00 0.00
sho. 9,00 0.000.00 0.00 0.00 0.00 0.00 0.00 0.00 KY0.00 0.00 0.00 0.00 0.00
ska. 10,000.000.000.000.000.050.00 0.00 0.00 0.00[s§E&0.00 0.00 0.00 0.00

L4 L% 19 R ERY B

B S SUN397-15 HiiR& E L5 RIRBER

I A, S T SR AR SCHE 9 22 2 R TR 3R
KDL , X 15-category HHi 4R AT, K
ARSI 3 2 G H A o 2T kT AT T M
o, 45 6 iR,

H1 ¢ 6 RIHT, AR SCRY A B SCiHR [ 21 ] i
VLAD Jy i 4 it SIFT FEAE HE47 1 50 1 53 FKE i 4
15 T 15.98% , #H L SCHR[ 22 ] A A ek i ) VLAD
D4t SIFT KR AE UEAT 20 30 19 o0 NG BE#E & T
14.10% ,AH T SCHER [ 23 ] A (i T ek i) VLAD J5 vk
2R 0 5 A SR RE R B 1 CNINRRAE 114 43 250K B 42 25

3R 6 15-category HiFE F AR DX FTiELL R

RES 15-category

BOW ™! 65.87%
GIST™! 73.28%
VLAD! 77.35%
TNNVLAD ™! 79.23%
spMm 81.40%
VLAD + CNN'# 83.50%
Caffe" 87.99%
[PV 89.20%
LScSPM 12! 89.80%
ISPR + IFV! 91.00%
DDSFL + Caffe" 92.81%

A 93.33%

1 9.83% AL SCHR [ 28 ] il A caffe B5070 114
TR IR BE LA P d vy, HAR SCR ik K4k
(S 2R PR A, 18 5 AR B/, AR T AR S50k
AR

4 % %

ARSI T Z IR IR 1 R 5 26
B M B0 B S0 RAE RIS R, o1 12 B P 15 Bk
4 SIFT FRAE A FUZ CNN HEAE, i ] VLAD
T35 53 5 S P R ) Jay R AL R — i PR Y 22
AP BB AR SR 1 2% i PSR B4 i 3, el Ik
Py 5 il A AR R Bt iR e 2 (515
k. SR f AR AR AR S b= 1 ik Rl
B BIER I e R R 1w R SO, N3RS B 5
TRy s [ BRI 4 JR il SUAR B RS BB R OR
TEMA AR AR F ISR IR R T AR ST R
IS RITIR B . A SR 3 AR
FRIER A PR TRl I, B RER AT IA 35k 14 77 35k
PHR AR ERFIR A %5 1845 T2 B GA A Z 1]
AISCER, LS R TS [ RRAE B 48 2 22 S 3 T 52 i)
HAE P FEHNN I AT, H AR A R Ak A 4 2
R A . R, T — 28 0 TAR R St 5k,
XAN[RVRFAIE PO 245 B2 R AT 9 B 4 381 BT 4 ) R A il 5
Tk, LB AR 7 A

— 219 —



r R IE R

2019 4E3 H 4529 % 453 1

S7%5 3k

[ 1]

[ 9]

[10]

(11]

[12]

Zhang X Y, Wang S, Yun X. Bidirectional active learn-
ing: a two-way exploration into unlabeled and labeled
dataset[ J |. IEEE Transactions on Neural Networks and
Learning Systems (TNNLS) , 2015, 26(12) ; 3034-3044
Zhang X Y, Wang S, Zhu X, et al. Update vs. upgrade:
modeling with indeterminate multi-class active learning
[J]. Neurocomputing ( NEUCOM) , 2015, 162 163-170
Lowe D G. Distinctive image features from scale-invariant
keypoints[ J ]. [International Journal of Computer Vision,
2004, 60(2): 91-110

Mikolajezyk K, Schmid C. Scale & affine invariant inter-
est point detectors[ J]. International Journal of Computer
Vision, 2004, 60(1) : 63-86

Puggal S, Jindal S. Enhanced fingernail recognition based
on GLCM, SIFT and NN[J]. International Journal of
Computer Applications, 2018, 180(26) ;18-22
Castillo-Carrion S, Guerrero-Ginel J E. SIFT optimization
and automation for matching images from multiple tempo-
ral sources [ J ]. [International Journal of Applied Earth
Observations & Geoinformation, 2017, 57.113-122
Lazebnik S, Schmid C, Ponce J. Beyond bags of fea-
tures; spatial pyramid matching for recognizing natural
scene categories[ C]. In: Proceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, New
York, USA, 2006. 2169-2178

Wang J J, Yang J C, Yu K, et al. Locality-constrained
linear coding for image classification[ C]. In: Proceed-
ings of the IEEE Conference on Computer Vision and Pat-
tern Recognition, San Francisco, USA , 2012. 3360-3367
Perronnin I, Dance C. Fisher kernels on visual vocabula-
ries for image categorization[ C]. In: Proceedings of the
Computer Vision and Pattern Recognition, Minneapolis,
USA, 2007.1-8

Jégou H, Douze M, Schmid C, et al. Aggregating local
descriptors into a compact image representation[ C]. In;
Proceedings of the Computer Vision and Pattern Recogni-
tion, San Francisco, USA, 2010.3304-3311

Jégou H, Chum O. Negative evidences and co-occurences
in image retrieval ; the benefit of PCA and whitening[ C].
In: Proceedings of the European Conference on Computer

Vision, Florence, ltaly, 2012.774- 787
Arandjelovic R, Zisserman A. All about VLAD[ C]. In;

— 220 —

[13]

[14]

[19]

[22]

[23]

Proceedings of the Computer Vision and Pattern Recogni-
tion, Portland, USA, 2013. 1578- 1585

Peng X, Wang L, Qiao Y, et al. Boosting VLAD with
supervised dictionary learning and high-order statistics
[C]. In:
Computer Vision, Zurich, Switzerland, 2014. 660-674

Proceedings of the European Conference on

Krizhevsky A, Sutskever I, Hinton G E. ImageNet classi-
fication with deep convolutional neural networks[ C]. In;:
Proceedings of the International Conference on Neural In-
formation Processing Systems, Curran Associates Inc,
USA, 2012. 1097-1105

Cui Y Z, Cai Y H, Qiu C Y, et al. Scene detection of
news video using CNN features[ C]. In; Proceedings of
the International Congress on Image and Signal Process-
ing, Shanghai, China, 2018. 1-5

Wang J, Luo C, Huang H Q, et al. Transferring pre-
trained deep CNNs for remote scene classification with
general features learned from linear PCA network [ J].
Remote Sensing, 2017,9(3) :225-226

Girshick R, Donahue J, Darrell T, et al. Region-based
convolutional networks for accurate object detection and
segmentation[ J ]. IEEE Transactions on Pattern Analysis
& Machine Intelligence, 2016, 38(1) ;:142-158

Xiao J, Hays J, Ehinger K A, et al. SUN database:
large-scale scene recognition from abbey to zoo[ C]. In;:
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, San Francisco, USA |, 2010.
3485-3492

Csurka G. Visual categorization with bags of keypoints
(1]
ECCV, 2004, 44(247) :1-22

Workshop on Statistical Learning in Computer Vision

Sampanes A C, Tseng P, Bridgeman B. The role of gist
in scene recognition [ J ]. Vision Research, 2008, 48
(21) :2275-2283

Jégou H, Perronnin F, Douze M, et al. Aggregating local
image descriptors into compact codes[ J]. [EEE Transac-
tions on Pattern Analysis & Machine Intelligence, 2012,
34(9) .1704-1716

Long X Z, Lu HT, Peng Y, et al. Image classification
based on improved VLAD[J]. Multimedia Tools & Appli-
cations, 2016, 75(10) :5533-5555

Wang Q, Zhu J, Shao W, et al. Image classification

based on deep local feature coding[ C]. In: Proceedings



Jo AR BT 2 SR YCRHIE R N 1 R 5w 0 Rk

of the International Symposium on Intelligent Signal Pro- [26] Gao S, Tsang W H, Chia L. T. Laplacian sparse coding,
cessing and Communication Systems, Xiamen, China , hypergraph laplacian sparse coding, and applications[ J].
2017. 480-485 IEEE Transactions on Paitern Analysis & Machine Intelli-
[24] Donahue J, Jia Y, Vinyals O, et al. DeCAF: A deep gence, 2013, 35(1) :92-104
convolutional activation feature for generic visual recogni- [27] Lin D, Lu C W, Liao R J, et al. Learning important spa-
tion[ C]. In: Proceedings of the 31st International Con- tial pooling regions for scene classification[ C]. In; Pro-
ference on Machine Learning, Beijing, China, 2014. 32; ceedings of the IEEE Conference on Computer Vision and
647-655 Pattern Recognition, Columbus, USA,2014. 3726-3733
[25] Vedaldi A, Fulkerson B. Vlfeat:an open and portable li- [28] Zuo Z, Wang G, Shuai B, et al. Exemplar based deep
brary of computer vision algorithms[ C]. In; Proceedings discriminative and shareable feature learning for scene im-
of the International Conference on Multimedea 2010, Fi- age classification [ J ]. Pattern Recognition, 2015, 48
renze, ltaly, 2010. 1469-1472 (10) :3004-3015

Image scene classification algorithm based on

multi-level feature representation

Gu Guanghua™ ™ , Qin Fang™ ™
( " School of Information Science and Engineering, Yanshan University, Qinhuangdao 066004 )
( ™ Hebei Key Laboratory of Information Transmission and Signal Processing, Qinhuangdao 066004 )
Abstract

The traditional scene classification uses the bag of words (BoW ) model and the spatial pyramid matching
(SPM) model with scale invariant feature transform ( SIFT) features for classification discrimination. However, the
single low-level description fails to represent the scene images due to the complexity and variability of scenes. This
paper proposes an image scene classification algorithm based on multi-level feature representations. The convolu-
tional neural networks ( CNN) features from the convolutional layer and the dense SIFT features of the image
blocks, sampled by sliding windows evenly, are extracted and encoded by the vector of locally aggregated descrip-
tors ( VLDA) method, respectively. The encoding SIFT features and CNN features of multi-blocks are sequentially
cascaded respectively to form a low-level description and middle-level description. Both descriptions contain the lo-
cal semantic information of the image. Meanwhile, the low-level description and the middle-level description of the
image are integrated into the high-level semantic features of the full-connected layer of the image, so that a more
accurate image representation is obtained by integrating the local spatial information and the global semantic infor-
mation. In this paper, scene classification experiments are performed on two commonly used scene datasets. The
experimental results show that the fusion representation of multi-level feature descriptions achieves better classifica-
tion results.

Key words: low-level description, middle-level description, high-level semantics, vector of locally aggregated

descriptors ( VLAD) coding, scene classification
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