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Crowd-sourcing experiment



~ 30 observers per image
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1D distribution of face importance
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Joint distribution of face importance
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Face importance model
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Face importance model

−4
−2

0

0
1

2
0

0.2

0.4

0.6

0.8

1

log(facesize)
log(#face)

im
po

rta
nc

e 
s

R-square: 0.8567



15

−3.5 −3 −2.5 −2 −1.5 −1 −0.5
0

0.5

1

1.5

log(facesize)

lo
g(
#f
ac
e)

Heatmap



15

−3.5 −3 −2.5 −2 −1.5 −1 −0.5
0

0.5

1

1.5

log(facesize)

lo
g(
#f
ac
e)

Heatmap

6.7%

2.7



Outline

• Crowd-sourcing experiment	



• Face-importance model	



• Salient-object detection	



• Conclusion

16



17

original image saliency map

Salient-object detection
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Saliency algorithm
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Saliency algorithm
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Saliency algorithm
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Saliency algorithm

input
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Saliency algorithm

input

face-importance map
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Saliency algorithm

input
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Saliency algorithm

input

contrast-based 
saliency map

−4
−2

0

0
1

2
0

0.2

0.4

0.6

0.8

1

log(facesize)
log(#face)

im
po

rta
nc

e 
s

face-importance map



22

Saliency algorithm
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Saliency algorithm

−4
−2

0

0
1

2
0

0.2

0.4

0.6

0.8

1

log(facesize)
log(#face)

im
po

rta
nc

e 
s

input

face-importance map

contrast-based 
saliency map



22

Saliency algorithm
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Face importance map



23

Face importance map



24

Face importance map



24

Face importance map



25

Face importance map



25

Face importance map



26

Face importance map



26

Face importance map



26

Face importance map



27

Face importance map
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Face importance map
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Face importance map
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Contrast-based saliency map
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Contrast-based saliency map
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Combination
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800 images
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Ground-truth
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Results
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precision = tp / (tp + fp)	


recall = tp / (tp + fn)
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Saliency vs importance

• Wang, J., Chandler, D. M., and Le Callet, P., “Quantifying the relationship 
between visual salience and visual importance,” IS&T/SPIE HVEI (2010): 
80-90% overlap between importance and visual gaze.	



• Crowd-sourcing needs to be easy.	



• Application-oriented. 


