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What is the aim of visual saliency?
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Coin flipping
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Rolling a dice



Are saliency algorithms better than 
“coin flipping” or “dice rolling”?
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Method for testing

• Selecting fixated and non-fixated regions from 200 
landscape images.

• Mean saliency of image regions is calculated.

• Discriminant analysis.
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Results
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Relative probabilities for the fixated and non-fixated regions for an 
average observer.



Conclusion 1

• Saliency algorithms are good discriminators 
for highly salient and highly non-salient 
locations, however, in the middle range their 
performance is similar to that of a random 
classifier. 
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How is saliency calculated in images?
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Visual saliency
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Color Intensity Orientation

Saliency map

First implementation 
proposed by Itti et al. 
(1998).



Saliency calculation

• Based on calculating differences in :

– Color, brightness, and orientation.

• Can we define these operations under a 
more strict mathematical description?
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Can asymmetry be used as a measure of saliency?
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Method

• The dihedral group D4

– Symmetry group of the square,

– Elements are: rotations by 0, 90, 180, and 270 degrees  and reflections 
along the four axis.

• D4 transformations have properties that can be used for image 
compression, denoising, indexing, and retrieval.
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Method

Group based saliency map

Group transformations
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Asymmetry calculations



Results
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Ranking of saliency models using shuffled AUC metric.



Conclusion 2

• Asymmetry can be used as a measure of 
saliency.

• The transformations pertaining to the dihedral 
group D4 correspond to salient image regions. 

• It is among one of the four best models in the 
literature.
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How is the performance of visual 
saliency models evaluated?
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Evaluation
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Image

Gaze map

Saliency map



Challenges associated with the 
evaluation of saliency algorithms
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• Center bias (center viewing)
• Edge Effect



Are gaze data driven by image content?
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Method

• Gaze data are represented as spatial histograms.

• Probability histograms for one observer and 
different images are collected in a matrix.

• Eigen decomposition.
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Results

• Nearly 23 percent of the data is accounted by 1 Eigenvector.
• First Eigenvector represents center viewing.
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First Eigenvector
Eigenvalues for an average 

observer



Method

• Probability histograms for one image and 
different observers are collected in a matrix.

• Eigen decomposition.
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Results
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• Agreement between different observers varies from 25 to 92 percent.
• Average agreement is nearly 50 percent,

– Suggests that gaze data are driven by image content.



Can we use this statistical analysis to propose a robust 
metric for the evaluation of saliency algorithms?
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Proposed robust metric

• Calculation:
– Fixated locations.

– Non-fixated locations are chosen from the repeating 
pattern,
• Counteracts the influence of center viewing.
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Results
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Ranking of saliency models based on the shuffled AUC and the proposed 
robust AUC metrics.



Conclusion 3

• 23 percent of the gaze data are repeating 
across different images.

• Gaze data are driven by image content.

• Proposed metric which is based on the 
statistical analysis, is a good candidate for 
evaluating the performance of saliency 
algorithms.
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Applications of saliency

• Target detection

• Image quality evaluation

• Image segmentation

• Video and Image compression

• Image retrieval
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How can we use saliency for image compression?
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Method

• Uses image gradients.
• Gradient data away from salient locations are dampened,

– Based on the number of salient locations different gradient 
images are obtained.

• Resuting gradient images are combined and integrated.
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Results

34Original Compressed



Results
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Average bit rate for 200 images, obtained by using 
JPEG format for different quality values.



Conclusion 4

• Saliency can be used for guiding vision based  
image compression.

• Resulting images from the proposed method 
have:

– Reduced sizes,

– Good approximations of the originals.
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Can we extend saliency to three-dimensional data?
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Method

• Symmetry groups for a cube
– 48 symmetries.
– Can be represented by the transformations of the 

products of S4 and S2.
– Future work.
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How can we generate gaze for three-dimensional data?
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Method

• Replicated an experiment based on the study by 
(Pfeiffer, Latoschik, & Wachsmuth,2008)
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Vergence cue ( <1 m)



Prediction awaiting testing

• Salient information for three-dimensional data  
can be calculated by employing symmetry 
groups of a cube.

• Experiment setup by Pfeiffer et al. (2008), can 
be used for obtaining three-dimensional gaze 
data.
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Summary

1. Saliency algorithms are good discriminators for highly salient 
and highly non-salient locations, however, in the middle 
range their performance is similar to that of a random 
classifier. 

2. Asymmetry (measured by the transformations pertaining to 
the dihedral group D4) can be used for calculating saliency. 

3. Proposed robust metric is a good candidate for evaluating 
the performance of saliency algorithms.

4. Proposed compression method can use salient regions for 
image compression and the resulting images are a good 
representation of the originals.

5. Future work, salient information for three-dimensional data  
can be calculated by employing symmetry groups for a cube.
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