ERRE KR
2013 4E 6 J

/I I P NI
JOURNAL OF NATIONAL UNIVERSITY OF DEFENSE TECHNOLOGY

Vol. 35 No.3
Jun. 2013

—HETRBATHFTENEGREES RN IE

N NN 2 =1 1
HaoA KA, BT LK OE
(1. AGHBERF BLAAIRELLLT, HAd KiF 410073
2. K RF BELHAEAF AR, HE K 410003)

B ZEEYER A, X T EEBRRE UGE SRR BA R Z AR AT i e br
LR 25, ISR 2 AR 2 IRRNESE /\ A RE S st IR A R PRI T o o SE 0 R AR R AT Jmd 30 S B ) A
LA K SIFT FHAESA T 5, TSI R Jm B AR AE , 72 L RE Rl F 2 T S ) AL R 22 20 6, 04T
FHIE VN2, AT R ARSI 45 2R o S0 T B X 7 28 48 A R K500 180 S A B A i e BB s 268 ] e
T, SEHG A R, SR AR ) A pR SR S 22 93288 e A B R E i 4 RUBE R/ INHE P BRI e 7 F) B BB i T LA AR
PHECR HER FIE PR R E S SR N 45 R o A7 1 AR RAIE T 2 — 5 e B2 1 SR I A AR R T2 1, AT fig

PRI RS L, REAS T AL SE PRI FH 7 22

KRR R A EAL s o 5t s I SR s SR [ AL 20 Al

HESES: TPl TEIRERE:A

NEHS 1001 —2486(2013)03 - 0078 — 06

A method of specific image scene detection based

on local invariant features

XIE Yuxiang' , LUAN Xidao® , CHEN Danwen' , ZHANG Xin'

(1. Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha 410073, China;

2. Department of Information and Computing Science, Changsha University, Changsha 410003, China)

Abstract; Automatic image scene detection is very important to image annotation and semantic retrieval. According to the requirement of

application, eight specific image scenes such as meeting, mass, beach, etc. were focused on. First, to extract the local features of images, the

local key points were detected and reduced, and then the SIFT feature descriptors were calculated. Second, a multi-classifier based on support

vector machine was constructed and the features for training were selected to achieve relatively accurate detection results. The experiments were

designed to mainly focus on two problems, namely the decision of kernel function of classifier and the strategy of feature selection. Experimental

results show that the method can achieve relatively accurate and robust results by using radial basis kernel function to construct classifier and the

feature extraction strategy of selecting the top n key points by the scale size order. This method is simple and fast, and can satisfy the actual

requirements of application for relatively high precision.

Key words: local invariant feature; specific scene; scene detection; support vector machine; multi-classifier

B {75 S BOR ME PR e, R 1™ A
Ffifs Ak LA B s VO R R AR O K . T
FARENR TS, Ho 5l SO e oh B — 2608
SCFFIE. FRS 50 A SR IN, Xt T R IR
DAL SR Z B F AR 2R . AR SCHFTER
PR SE PR T 22, B SE il R & KT R 4
PR S 5 D0 ST, B i i aod %) B tE 47 A 4%
ARFAE SR B, AL A R S0 JE AR Y A IS A
S BRR HERSG 14  SE AN, AT A I S 1 1A 4R
T SRR B B

PG 2 s ORI 5 20 W 1 i PR A
BT EARIETT AL A S0 Hr AN LR R i S

«  UWFEEER.2012 -11 - 17
E£WAB : HK A RFEEL 4 ¥ B H (60802080)

L TR ] 5 14 73 SR K [ R A T
2R R . ERAFHIE R S ORI 2 2 K R 5t
RGN St , I i IR P R I 1L 12 E 8 7200 27 ]
TRIFSCN A N BREE B B3t b B — i 1 5 4
PERIRGE R, FI0), RAR o AR 58 N B3 % & 4R 1) o
Br B T (0 SO RS A R R aE L
AR, H TR AR A LA AYERE DERA IR
FEARASTE?, DR ARAE B ) 32 05| A R AL
RIS PR . BT 2R RHE AR TR IE A H
AP , AR Z AT 58 BB TR HTRHIE Bl 5 Y
7 AR IE A 35 BGRAE LA R T 5 54
W ARG R R R T, DL TG | S

TEE B R (1976—) , 2, i mg B A, B 204% , 11, E-mail : yxxie@ nudt. edu. cn



3 4]

R, 25 - — P TR AR AN AR AR (14 R B 5 S stk N 7 1 "79

] AL | IR R SR 27 ) T 12, W Ja #
UGB Lo T3 SR N S5 AT 55 b o i, S
R[4 1 FE B 68 B B RN 2% 07 1) 5 Ry 1 T
DU o3 26 20 0 S8 BE 1 H S CRRAR L bk T
ARG 320 SCHR DS T4 M 18 i IR S B
NGAR T HIBOT IR BN 1Fos BT
S LS BEER I IE L or e, Kk 6 [ £
SefgilE 2] (MIL) HEZE Y™ Ji2 Jy DD-SVM AEZE £ 1
TR/ INGR DI Y AR 7 S R I T 12, K A i 1
FP/INX IR 5 o HEAT A , I3 Ao S 5 B0 iE
7 DD-SVM fyPERE. Li S8 it IfSC8l 7 ALIP
( Automatic Linguistic Indexing of Pictures) 2%,
AR GRS IR EUG N B BB SO R RS
B YRR KB RARAY DT AR IO L T 2
S EHR A HE & o Murphy 5542 Hi 5 ) FH 1R B K
UG P R FIN GAH DCIR , DT 47 37 5 AT
GHEARBIR T ™ o SR, W R L T A
I BoVW ( Bag of Visual Words) OO D) RO TR
A3 BB A PLSA ( Probabilistic Latent Semantic
Analysis) "R VR 222 BRI IERE FiEAT T
MR a2 1 LR AR S AR R e 3 s ) PR
TR R R R IE S, AR e S Ge TR R Ok 52
RAME I,

M RO OUE , H T B 7 5
R AT 5 3 B AR i AR KR AL A R BRI 7R LA
KGOy KA IR TE AT T o i B Rl
AR A B BT, DL S 1) 145
et 2 Iy B Wkt F e, R 3 5 iE X
) B SISO T AR . ASSCIFGT 322 X A
05 T JETT, 16 e 2 BB R Y R AL, ZRIBCE,
e R OGBS P Y G ARAE 5 76
b A IEAR AR BURY R 20y
et , TN 58 RIS AR RE S 5 1 A S I

1 EfHFES=ERES

PEE S RE S SRS AL 1 e i ML e~ et
FHLRERS B S I 5 UM B B0 b T 85 iR E
o BRUEATIEMRARE G SRR, 1 e EAR Y
NSRRI B8 7 S e A T W o S, O fi s
KGR IE BRI R Rs

ARSI EER MM A R RS R
WS LK R R HSRT N SRIEMER F E b 5 it
PG, N2 B B 5 b 5 AR A 7 Bl an P 1
IR o

ARICHRFERT S B R 5, i B

Y, — A FURI] R A R R R AL

BT R i AR A R B

Fig. 1 Samples of eight specific image scenes
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Fig.2 Flowchart of the algorithm



+ 80 o s PN e

535 &

FIR o AREIEALSE = A5, RV Bk #L | E%
RIS S 5 oy At R . v G
Ab PR 43 3 B 50 VG R B R K A
G — G IR/ N SR G TAE s R AR SR HGER 73 3258
G P 152 J S S e R G I LA R 38 A AR AR A PR 412
WS AR S e K U 5 43 A 3 43 2 22 58 )l o 2K e
(AR 15 5 U1 2 A S G 37 S5 800 ) IR A A
TR T A I TR SR A ) A

2.2 EBHHERN

2.2.1 B EBR X4 IR

FEIEAT IR G B A R B, H T A AL
IR T BRI 22 RUBE 25 [ R A T3, 3 Fh
PRONEEAR FBEHE T IR UG AT o3 br o HIEAR
RO 1 e x R el 7 22 ROBE Al , 7 U2 (1]
X EUR TG 2 S AT I R A & IR
AR A 2 SRy A G B o XA YA LA T
Xof e RUBE T TGk & B RR I RERS 72 o) —Fh R
TRE.

FEXT MG S 22 ROBE il i, FRATT e 2 R
G 4 738 W07k 70 M FE R R AR AR R 25
VF1) BRSO, 75 3] 15 7 22 40 RUEE 45 6] DoG ., #E1%
223 TR o, R P AR R A5 A A Jry 8 O B ) ok 32
o iR AR HR IR R S DoG fH 54
TRAHARR R A1 DoG AEAH Eb il R 555 1) /ML
1T DoG %] W 7 i 2k 5 SR, TR, 7 1k
DoG JRUEE % 8] ok I 3] 11 Jay 38 AR (1 38 2 42 ik
PE— AR I A RERS W 5 f Ay S e s
2.2.2 SIFT #fe46 3 F 043+ A

SE IR B B SR 2 ), R R X
AH J 0 O S A A S RUBE AR e e AR TG
KR FRAE A

SIFT FEAEH 3R T3+ 8 3 5438 /3 %
e T AR E A RS S e B TR e
H XA SR OB S AR — A 7 1), AT PSSR
UGG AR o JRy i S a5 32 07 1] P e i
T X A A SR AR IR ZE B B T ) A R
T8t 8], 7E bRt AR v, 78 DA R K gt
UL AR IR 1 N T RAR I FHAR JE 1)
FLT B GET ARG 25 6 B 1), 17 TR 1 e (i
PRI TIZ I T ALABIR F Ty . E Uk, A
BN )RR S A T A T = /ME R 8 R
& 7.

2.2.3  AFAEIR IR &

W ATGAR YRR S, RATC &G R TN
FRAE , R SCHE 5 A 07 B RUEE 7 1) fT SIFT #5AR(5
B W PTA FRIEAR FH R ST U 25, 3 hofs B AIG 5

TRRCR, T LT X SR AE R AT L 5 R 3
FRUBE IR A RFAIE 5B R S AP 45037 35 v ) DR B
BT AR BR AR T 155 3 TC AR A 3 KR
SE B R AR SO T 4 5t A G M ]
FOEEAF R IFHE T LAR =Rk e ORI

SR 1. PEIUANR BT A FRAE A SIFT A5 AL 7]
A TUIGR, K PR T AR ISR P-4

SR 2 - P R R T — % B A AR
ALY SIFT RPAE [a] 5 AP 2

SR 3 R AT R AR 5 A% IR RN AT
J¥ ARG ARG ST AR JEHEFAERT n A7 Y45 AE
MBI SR, I X SIFT AL [ A3

TN PRAE 5 225258 P X =R R R HOR
WIS o
2.3 EfEESSHNRNSSH

TERTIRFFAE SR IO Bl b, 35 R Ry AR
JERS A E Gy SAREA A TN R AL . %5 P 3
S EAUIE AR /MRS AR 2 LI e R
PUNH BAVFZ A LS E0T 58 H0R R 52
PR 1) TR AR DR SE S S K I R, SVML ) 2
A SEAEUB S - o DIC A P 1, {68 122 30 0 28 - T )
PHZRREAS G5 28 - T A A B P e R AR e Y
SVM HABAf R — 73 &, 1M A SR 20 /\ 2K
AT YR IR — A2 00 28 R, MR B A
— 20 dede Bl X T n IR, 250
KA AT n(n - 1) /2 D20 K84l i
M FEREAT /3 AR ZRIT , 1 LA 38 9 R AIE
Frl R, LA #4570 R A A% R RO TR T H
R SR Al

STy AL AR R A0 R pR RO 2P AZ R
Z I AN R B AR 1] B RS (RBE) o ZR1EA% bR
BN TAANE Y Hedn ;s Z TN R BT B2 ¢
Ir 230 e s A2 0 2 s AU (RBE) P30 2Kt
AT RO O R B — A SERF IR, AT B
FUEARE 303 A shif e 1Yo 1ESE R b B, 3A]
BERTIX =A% bR AT 5 5, LATE A M T
PR SR I PO A% PR R

3 XLWER

3.1 BIMFIRESTMiRE

D ERUEAR SCH H AR AL 18 BRI (8 A 2501
BERSARSCHTFE B R IR L 7 5, FAT T 2 25 XA
Ry BRI, % 1T — A 1R E R I
(LR ALl JL S WA/ S5 =0 Sl DR 3L /N
SRSV 2 1 N I SN 1] ) oy e



3 4]

R, 25 - — P TR AR AN AR AR (14 R B 5 S stk N 7 1 -8l

Horp  BROr G 5 2R R MO B FeiFei $2{1ERY 13 28
BB (N E ), 43 5 2 ) S ML A
IR SRS (AN W B 25 L KR A I A5
Z)) , FLEMR R 2 U8 A 4% OB T o B2
IR 400 HRIER , R 10 &t XA TPG 4%
o BTANT L5 AEAH R SE RN, XA )
T SRS IBURAIE , 9K J5 1) T S8 R AE 4 72
ANTRIAZ R 53 2 g v EAT AR 55 20 A, ) A,
PR BE R B RS A M RE

WNZABHE « e 552800 h Pk 2k 200 1R IER, —
H 1600 18 151 I 28508k 5

IR « 7 B3 200 b PR R R /Y 200
KI5, —3t 1600 M G I B 5

AR SCSLH R 23 S IR A T A
e, AR AR

Accuracy = posnum / num
P, Accuracy 7R 70 K B, posnum 7R 732K
IERRIREARZCH , num FORMEAR B
3.2 LBHERKSH
3.2.1 g#RMbAm I

SVM & HTA0 % e B0 45 2k A% e 48 2 30150
% R BORIAR ) FEAZ PR AL RBF ) o A SCE S0 =4
R PERE AT X LU B8, 3R 1 451 TS
TE SRR DL T AN RIS UL & BO0) B8R 7 5 E
AT ARSI 1 BE HE AL

F 1 ZERFESE LB SR LR

Tab.1 Comparison of selecting different kernel functions

LRk ZIA %L RBF K%L

(2) s 2 L2

M 2 e O R T —E B{E R RHIE S A T
YNZRAIIR Ay 5 (X — 2 8 A5G T o 1 5
VEVEAN R LEE, FATTARGE I 45 R AT 2 T B2
QISR RUEE e ELIS 1 377 55 RS0 000 o Af =, 4
3 e WERFATLIE S, 5 2 /95757 K il
FEIERR R AL 50% Zidr o HRUE no=1 IR,
G SR I AR A ARl A . HAE BT A
(B2 rh, A2 R A HEA R — f ve T HAt
RIGES . X A2 2 B A FFAE i 221 HL
WA, AE D A RIS o

(3) 5K 3 SLH4,

S 3 Ve CHE P R T n AL A RFE RUABCE 2
DR 75 % 4 e 5 1 PRl AR DM B SR AT AR 11 L
B0, FATTAR I 32 SR A Pl 45 7 S A ) e
B BT, R 4 P WFRHPATLUE o, SR
3 A2 5 AR HE W RSP 3 320 70% , HO
ik B2 2 M2 B B ARG HE B %

R3OIREE2 AR B AR

Tab.3  Average prediction precision of strategy two

n 1 2 3 4 5 6 7 8 9 10
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Tab.4  Average prediction precision of strategy three

n 100 200 300 400 500 600 700 800 900 1000
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20 76.8 78.3 77.5 74.3 75.3 70.6 69.5 68.6 61.6 62.6
K 62.7 51.5 65.3 64.5 65.3 65.2 63.1 64.4 60.5 62.2
EWN 57.5 59.2 63.8 67.2 65.6 65.3 64.2 62.3 63.2 61.4
£ 82.7 81.0 75.7 71.6 75.7 75.6 74.7 74.3 76.5 78.8
Ik 43.6 70.0 78.6 80.4 80.5 78.8 78.4 78.6 79.3 82.6
B 43.5 61.0 61.5 69.2 71.2 69.4 68.8 68.2 69.2 68.6
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Tab.5 Comparison of the average detection precision
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