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Scalable Concept Image Annotation 
Task

•  To make image annotaEon system from wild web data
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Image Feature – Fisher Vector [Perronnin et al., 
2010]

•   

2013/9/25 CLEF Machine Intelligence Lab. / Univ. of Tokyo 4

Local 

Descriptor 

ExtracEon

StaEsEc 

CalculaEon

Norma‐

lizaEon

SpaEal 

Info
Image

Image 

Feature 

Vector

Average

Variance



Image Feature – Fisher Vector [Perronnin et al., 
2010]

•   
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Textual Feature – Pipeline

•  SupporEng concepts of both development and test set is required 

• Use WordNet [Fellbaum, 1998] as an external source 

•  Fast and significantly improves performance
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Textual Feature – Text Extraction

•   
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2013/9/3 PRMU Machine Intelligence Lab. / Univ. of Tokyo
Image related words

Text far from image is less related to the image 

=> Consider only certain words distant from image



Textual Feature – Label Estimation
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Webページ

•  Simplest method (used in ImageCLEF 2012) [Ushiku et al., 2012] 
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Image + EsEmated Label

Textual Feature – Label Estimation
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•  Problem: related word cannot be used 
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Textual Feature – Label Estimation

• Using related words are important 

•  [Jin et al., 2005] used semanEc distance from WordNet to remove 
irrelevant keywords from annotaEon 

•  [Villegas et al., 2012] used words from definiEon of concept in English 
dicEonary and constructed probabilisEc model 

• We try to collect more concept related words simply
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Textual Feature – Word Collection

•   
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Textual Feature – Label Assignment

• A label is assigned to the image if image related words contains any 
of concept related words
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Online Multilabel Annotation Learning

•   
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PAAPL – Learning Flow (summarized)

•   
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PAAPL – Learning Flow (summarized)
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PAAPL – Learning Flow (summarized)
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2013/9/25 CLEF Machine Intelligence Lab. / Univ. of Tokyo 16

Score

Mistakenly low 

scored label



PAAPL – Learning Flow (summarized)

•   
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PAAPL – Advantages

•  Score computaEon process is heavy part of PA 

•  PAAPL updates all pairs of models by one score computaEon 

•  It makes convergence faster 

•  To make faster, random sampling is adopted 
•  Only scores of some porEon of models are computed
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Multiple Feature Score Combination

•  Scores of models which were learned by different image features are 
summed in annotaEon step 

• Which combinaEon is best is evaluated by experiment
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Experiment Condition

• We applied these methods to ImageCLEF 2013 dataset 

•  Experiment order 
1.  Label esEmaEon condiEon (whether to use synonyms and hyponyms) 

2.  Text extracEon condiEon (whether to use page Etle etc.) 

3.  Comparison of image local descriptors and their score combinaEon 

•  Image feature for first two experiment is provided C‐SIFT + BoVW 

•  EvaluaEon was done by F‐measure for development set 

•  Submiled runs are computed with best parameters for development 
set
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Experiment Results – Label Estimation

• Whether we should use synonyms and hyponyms
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Synonym Hyponym MF‐samples [%]

23.4

✔ 23.2

✔ 26.1

✔ ✔ 26.6

Synonym Hyponym

Using both synonyms and hyponyms is the best

+ 3pts



Experiment Results – Text Extraction
• What elements of webpages we should use (best 3 & baseline shown)
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‐ ✔ 27.6 80009 [lowest]

10 ✔ 26.6 129050

10 ✔ ✔ 26.1 140448

1000 ✔ ✔ 20.7 193971
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Experiment Results – Image Local 
Descriptor

• Best 5 combinaEons and 4 single features (Fisher Vector applied)
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C‐SIFT GIST LBP SIFT MF‐samples [%] Test set MF‐samples

✔ ✔ ✔ 34.6 [ISI‐1] 33.2

✔ ✔ ✔ ✔ 34.3 [ISI‐2] 32.7

✔ ✔ ✔ 34.2 [ISI‐3] 31.8

✔ ✔ 34.0 [ISI‐4] 32.4

✔ ✔ ✔ 33.9 [ISI‐5] 31.7

✔ 31.2

✔ 32.4

✔ 27.9

✔ 31.1

Provided C‐SIFT + BoVW 27.6

Submiled 

runs

+ 7pts GIST is the 

best among 

single 

descriptor



Conclusion

• Visual Feature 
•  Fisher Vector with four local descriptors was used and the combinaEon of C‐
SIFT, GIST and SIFT showed superior performance than provided C‐SIFT + 
BoVW

•  Textual Feature 
•  Using synonyms and hyponyms for label esEmaEon improved performance 

•  SelecEng text related to image also highly improved performance 

•  Img tag alributes were the most important 

• Worked well in concepts of both development set and test set 

•  Learning 
•  The method which is scalable to the size of dataset was adopted
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Experiment Results – Text Extraction (All)
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Text around 

image [max 

word distance]

Img tag 

aBributes
Page EtleMF‐samples [%]

Number of images 

with label

Average number 

of labels

10 25.4 113802 0.7

100 23.1 183545 2.5

1000 20.2 192210 5.2

‐ ✔ 27.6 80009 0.4

10 ✔ 26.6 129050 0.8

100 ✔ 23.8 185471 2.5

1000 ✔ 21.3 193170 5.3

‐ ✔ 24.6 92254 0.5

10 ✔ 25.5 134318 0.9

100 ✔ 22.9 185471 2.5

1000 ✔ 20.5 193497 5.3

‐ ✔ ✔ 26.0 111247 0.6

10 ✔ ✔ 26.1 140448 0.9

100 ✔ ✔ 23.0 186394 2.6

1000 ✔ ✔ 20.7 193971 5.3



Textual Feature – Implementation Detail

• Text ExtracEon 

• Words are singularized by AcEveSupport library 

• Word CollecEon 

• Used synset of synset id specified in the concept list 

• Ambiguous words (words of mulEple meaning) are not 
used as related words 

• The word which appears in mulEple synset in WordNet 
is judged to be ambiguous 

• Hyponyms are gathered from all depths from the synset 
of concept
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