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Databases: 
Off the shelf and simulated degradations
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Objective Quality Metric Types
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I:  Reference  image,  J:  Compared  image,  Q:Quality map  
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Percentile Pooling
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[1] A.K. Moorthy and A.C. Bovik, "Visual Importance Pooling for Image Quality Assessment," in Selected Topics in Signal Processing, IEEE Journal of , vol.3, 
no.2, pp.193-201, April 2009

§ One  threshold  (𝑝)  – needs  to  be  tuned

§ One  weight  (𝑐H)  – needs  to  be  tuned  
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Five Number Summary
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Weighted  Percentile  Pooling

§ One parameter  (number  of  percentiles)  that  automatically  adjusts  the  
percentile  thresholds  and  weights  

Based  on  percentile  pooling  and  five  number  summary,  we  propose  

[1]  C.G.  Zewdie et  al., "A  New  Pooling  Strategy  for  Image  Quality  Metrics:  Five  Number  Summary,"  in Visual  Information  Processing  (EUVIP),  2014  5th  
European  Workshop  on ,  vol.,  no.,  pp.1-­6,  10-­12  Dec.  2014

§ Two  constant  percentile  thresholds  (25,  75)  and  their  contributions  are  same
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Proposed pooling strategy:
Weighted Percentile Pooling for Quality Maps
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Weighted Percetile Pooling:
Quality Versus Distortion Maps
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Pooling in 1D
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Pooling in 2D
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𝑊𝑃𝑃
1 → 0.99
10 → 0.98
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𝑚𝑒𝑎𝑛
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Validation Set
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Artifact type	
  \
Databases

LIVE MULTI TID2013 TOTAL

Compression 460 225 375 1060

Noise 174 225 1375 1774

Communication 174 -­‐ 250 424

Blur 174 450 250 874

Color -­‐ -­‐ 375 375

Global -­‐ -­‐ 250 250

Local -­‐ -­‐ 250 250



Quality Metrics:
Squared Error, SSIM and PerSIM
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Validation metrics:
Pearson  and correlation coefficient
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§ Pearson: Percentile and weighted percentile pooling are the best in the full database

§ Spearman: Information weighted and weighted percentile pooling using SSIM are
the best

Results: LIVE database
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LIVE  -­ Pearson LIVE  -­ Spearman



Results: MULTI database
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MULTI  -­ Pearson MULTI  -­ Spearman

§ Pearson: Minkowski and Max/min are the best for SSIM, information-­weighted and
weighted percentile pooling are the best for PerSIM, percentile is the best for squared
error

§ Spearman: Information weighted and max/min are the best for SSIM, weighted percentile
pooling is the best for PerSIM



Results: TID13 database
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TID13  -­ Pearson TID13  -­ Spearman

§ Pearson:Weighted percentile pooling is the best for PerSIM

§ Spearman: Monkowski pooling is the best for PerSIM followed by weighted
percentile pooling



Results: Statistical Significance
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M-­‐LIVE
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TID13
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Artifact type	
  \
Databases

LIVE MULTI TID2013

Compression 460 225 375

Noise 174 225 1375

Communication 174 -­‐ 250

Blur 174 450 250

Color -­‐ -­‐ 375

Global -­‐ -­‐ 250

Local -­‐ -­‐ 250

3  types  of  artifacts  

4  types  of  artifacts  

7  types  of  artifacts  

§ The  effect  of  pooling  strategy  selection  is  more  significant    when  there  are  more  
distortion  types  in  the  validation  database.



Results: Statistical Significance
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SE SSIM PerSIM

M-­‐LIVE 26 32 32

LIVE 8 30 28

TID 2013 34 38 44

§ Structural  and  perceptual  similarity  metrics  are  better  for  differentiating  
pooling  strategies  compared  to  pixel-­wise  squared  error  



Conclusions
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§ Weighted percentile pooling enhances percenile-­based methods by
automatically adjusting thresholds and weights.

§ Pooling matters, but not as much as quality attribute design.

§ Structural and perceptual similarity metrics are better for
differentiating pooling strategies compared to pixel-­wise squared
error.

§ Pooling strategy and quality attributes can not be considered as
independent processes.

§ The effect of pooling strategy is more significant when the distortion
types are diverse.


