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QPSO-based Multi-instance Learning for Image Annotation
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Abstract In most existing training data set for image annotation, keywords are usually associated with images instead
of individual regions, so it is difficult to use supervised learning methods for image annotation, In this paper, based on
quantum-behaved particle swarm optimization algorithm(QPSO) ,a novel multi-instance learning (MIL) algorithm was
presented(QPSO-MIL), we formulated image annotation as a supervised learning problem under Multiple-Instance
Learning framework. This algorithm regards every image as a bag,and the feature vectors of the segmented regions in
this image as instances, We defined a fitness vector for each particle based on the diversity density(DD) function. In the
instance feature space we used QPSO to search the global maxima of DD function in each dimension simultaneously,and
took the result as a concept point of the keyword, finally assigned corresponding key words to a test image according to
the Bayesian maximum a posteriori probability criteria. Experimental results on ECCV 2002 data set indicated that the
QPSO-MIL method is effective.

Keywords Multi-instance learning(MIL) , Image annotation, Quantum-behaved particle swarm optimization(QPSO)
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T B AR, RE R X sy KBk A B — 1 R T R
ERE AR R B AR B bR B RT LA SE LR R 9 AR 1. Fan
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AN ENEI T EENGEN 5 EE, FEXRESEFIK
BRI A, HELUHET BRE A B £ TR B .

FEUR AR 53— 2 SR BT R X A S A A
AN R R, X BRI AT B 3147 . Duygulu %
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SR ESRE. B CMRM fFEffES P ERHE
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S RBT w TR HARE S R

PR BER FRBEAE M, B RSEAKE MAXITER, 85 B H

{8 Th;
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—ANMEE S, NPl M AR B A N RLF ARG

L& & SFILENTE/NF M, R4 b F 31T REHL
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Step 2 ORFEAG) ~ROFHRTHLE; QX O IHHEEA
BFHEEERE F(2);Q EFS MR TR RRAN
BEERNE; B,
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For d=1to D //D R IEHR
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Pbest;(d)=z:(d);//B# d % L HEUE
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HWR THENMEE LOARE. EFEENTRE Th
R, T BT R R T A M BUE B LI AL @R E
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HE Y L ENERO.
DFH h X RBF w: BRI
WP RAREES T, 4 X; R0 XX R R, =1,2,
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K THRIE QPSO-MIL B 5094 ¥tk , R AR AR IE R 2
HEBHEE ECCV 2002 #1770 L SEEE . BB HE LIS 5000
B E 4,3k 8 50 4 Corel Photo CDs, & CD H# T &HE
—FHH 100 BEMR. AT BRSO AFH, AXEER
FSCERLS 1Ab B 5 BB T LR, BIE B4 %X A Norma-
lized Cut JT 84381 H 1~10 XK I, 8 — KA — 1> 36 4
B RBRREFR HPEES 6. JBR B SRE . IFA
BIREBRTF THE 1~5 MRET, BEEESIFENHL
Hep 4500 IBEHMRIE RIS, 57 500 IREHRVE R IUIAE. &

Step 1

ARSI S A 374 AL, T B 7E A P %
N 263 4,
4.2 XBFHE

A 2 AHTESRH 4500 BB BRI GE S iRk LR
BB E L. TUEY, HIKECKTF 100 KEEA 36
A, HBLRECK T 50 IAIAIA 74 1, BB F 20 (R
WA U4, B R. A2 —U LW RAETHY
SRIGER. XHENIIGELE QPSO-MIL I g4d B
FEVVT BN - (D) Y 2R KK, ) K 5 ma il 2 35 (2)
UM FBAXEY, FESMENEEEATE, Iff
HETZKTEEKE. A THIEXFA NS, 7E4 X LK
F O FAERBT, IHEILERES EREAER AR, HE
AP E/MER B FERUIGRE. SR TR M=
500, B K i 48 I Bt MAXITER = 100, 3 #% B ({5 Th =
0. 001, A BRI ERE RS BHERR KM 5 M REFEER
BB RIREE B, R Recall(FF2 %) 5 Precision (A #EXK)
RGRBLWER. B RIMILEERE, E5EMN L
BEFRP,QPSOMIL BEiCRHME S KER LSRN A
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B, A REE L BURARERE K 30 2~F1 70 M REE. 5
HeHF MIL WEGARE F R, LR mE 1
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70 Keyword 30 Keyword
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QPSO-MIL 33.52 % 42.63 % 40.71 % 46.25 %
SPWDD (15] 27.31 % 35.66 % 33.86 % 36.88 %
ASVM-MILI16] 31,19 % 39.73 % 38.69 % 42.70 %
DD (107 28.61 %  36.72%  34.58%  37.89 %
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RERM L WA Z R MEAA, Fn, 5308 QPSO-MIL 75
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H, QPSO B EIME & S W 5 MRIES R 2 Z2ERHK
“flower” B &3, i DD 5518 B ML S 89 5 D BaESBR
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BRI FHARE. §2,QPSOMIL %A
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