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Image Annotation Probabilistic Topic Model Improving Corr-LDA Model
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Abstract: In this paper we reach the image data with the text keywords and find that the things which are marked frequently occupy a
large part of the whole picture while the existing image annotation work did not consider this information in view of this the paper
proposes a probabilistic topic model of image annotation based on Corr-LDA model the text topics of this model are from image topic
distribution then derives a parameters estimation algorithm based on the variational EM algorithm as well as gives the method of an—
notating new images according to the model. The experimental results on LableMe and UIUC-Sport datasets show that the image anno—
tation performance of the proposed model is better than other compared models.
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Table 2 Comparison of F-measureon UIUC-Sport datasets mm-L.DA
\Corr-LDA McasLDA
mm-LDA  Corr-LDA McasLDA Corr-LDAITD 30 43. 5% mm-LDA
K=10  0.354 0.356 0.359 0.374 ~Corr-LDA ~Mca-sLDA 2%. La-
K =20 0.359 0.365 0.366 0.386 belMe
K =30 0.354 0.371 0.375 0.398
K =40 0.353 0.369 0.374 0.400
K=50  0.360  0.369  0.376 0.405 4.3 log
K =60 0.368 0.370 0.374 0.388 4. 5 UlUC-Sport LabelMe
K =70 0.370 0.371 0.373 0.389 log 20.40.60.80
K =80 0.372 0.372 0.376 0.393 log CorrLDA
K =90 0.371 0.373 0.376 0.388
K =100 0.370 0.372 0.375 0.383
4  UlUC-Sport 1
3 LabelMe Frmeasure Fable 4 Comparison of log ikelihood on UIUC Sport d
e F —>port dataset
Table 3 Comparison of F-measure on LabelMe datasets - OTpatison o7 “ogTiReTooc on ot daasem
K =20 K =40 K =60 K =80
mm-LDA  Corrd.DA Mca=sLDA CorrL.DATD
K=10 0.416 WT 0,409 0,418 Corr-LDA -13742.8 -13690.5 -13648.9 -13605.5
K =20 0.418 0.422 0.423 0,428 Corr-LDATD  -12754.4  -12587.5 -12645.3 -12627.2
K =30 0.417 0.414 0.416 0.435
K=40  0.416 0.416 0.417 0.432 5 LabelMe log
K =50 0.417 0.419 0.421 0.429 Table 5 Comparison of log dikelihood on LabelMe datasets
K =60 0.419 0.419 0.420 0.423
K=70 0.420 0.419 0.420 0.422 K =20 K =40 K =60 K =80
K =80 0.419 0.416 0.418 0.424
K=90  0.420  0.418  0.420 0.422 ComdDA  -12892.3 -12739.2 —-12702.6 -12684.2
K=100 0.420  0.416  0.416 0.421 Corr-LDAITD -11680.2 —11517.4 —11798.0 —11697.9
4.2.4.3 UIUC -Sport  LabelMe

Ground truth Ground truth
grass ,building , buildings ,sand ,
sky ,window , beach,sky
column ,window mountain ,rocks ,
Corr-LDA sea water
sky , building , Corr-LDA
trees, road , sky , buildings ,
street mountain,
D migdel road , street
sky , grass , Our model
building , sky ,mountain,
window , road buildings ,
window ,
sea water

Ground truth

building , window ,
street,car

side occluded ,
window occluded,
occluded ,door
Corr-LDA

sky ,building ,door ,
window, water

Our model

sky ,building ,street ,
car ,window

Ground truth

Waterfall ,tree trunk,

tree ,water river ,
brushes ,trees
Corr-LDA

sky, tree ,stone,
brushes, car

Our model

sky , tree ,water ,
window , brushes

3 LabelMe

Fig.3 Comparison of annotation performance on LabelMe datasets
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