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Outline 

• AIRS and its L3Q data 

• Modeling histograms and 
 inference based on distance 

• Exploring AIRS L3Q data 

• Conclusions and discussion   
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Atmospheric Infrared Sounder (AIRS) 

•  AIRS uses infrared  
 technology to create  
 3-d maps of air and  
surface temperature,  
water vapor, and cloud  
properties 

•  Level 1 data:  
 Observed emitted and reflected radiation in 2378 spectral 
channels for each 45 kmground footprint 
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AIRS level 2 data 

•  At each footprint, level 1 radiation data  
 are converted into a high dimensional vector 

    of weather indices.  

•  Data volume = 2.72 GB/month  
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What’s usually done 

•  Averaging (spatially and/or temporally) 
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AIRS Level 3 Quantization (L3Q) data 

•  “Summarizes” level 2 data in each 5o by 5o area 
in each month by a multi-dimensional histogram   
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AIRS L3Q data (cont) 

•  36 × 72 = 2592, 5◦ × 5◦ degree grid cells in a 
month 

• Each cell contains a  
 multi-dimensional  
 histogram Si about 
 local climate 

• Compressed dataset  
 size: 12.5 MB/month 
 (level 2: 2.72 GB/m) 
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Histograms v.s. Moments 

•  Both are summary of data, but at different levels on the 
hierarchical structure from fine to coarse “resolution” 

▫  Data 

▫  Histogram 

▫  Avergag 

•  How do we use the data summary  
 for statistical inference? 
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Inference based on distance 

•  Most of statistical models in multivariate analysis are 
based on distance 

▫  Dimensionality reduction 

▫  Clustering 

▫  Smoothing and classification 

•  We will concentrate on studying the difference among 
the results of inferences based on distances defined at 
different levels of data summaries 
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Mallows Distance 
•  Mallows distance (also called the earth movers distance 

or Wasserstein distance) 

                                                                    where 
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Mp(F,G) = inf
�

(E�kX � Y kp)1/p

(X,Y ) ⇠ �,

X ⇠ F, Y ⇠ G



Mallows distance 
•  Mallows distance (p=2) can be decomposed into two 

parts: mean difference and shape difference 

 where F0 and G0 are centered at zero 

•  Implications: 

1.  When F and G have same configuration, Mallows 
distance is equivalent to the Mean distance 

2.  When F and G have same mean, Mallows distance 
characterize their difference in configuration. 
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Spatial visualization of MDS 
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Can we Explain the difference? 



 Clustering Analysis 
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• Area: 5o by 5o grid boxes in a rectangle area 

•  Time: December, 2002 



Clustering using Different Distances 
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Typical Histograms – Mallows distance 
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Visualization of Histograms 
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Visualization of Outliers 
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Conclusions and discussion 

• Histograms preserve more information than 
summary statistics of the AIRS data 

•  Inference beyond the first two moments can be 
carried out based distances between histograms    

• Rigorous modeling could be developed to 
analyze the data summaries (ongoing efforts) 
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Distance between distributions  

•   Mallows Distance 

•   f-divergences 
    K-L divergence 

  Hellinger distance 
  Chi-Square divergence 
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f-Divergence 
•  In general, f-divergence is defined as 

 
   where f is a convex function that f(1) = 0 
 
▫  K-L divergence:   

▫  Hellinger distance: 

▫  Chi-square divergence: 

21 

Df (F ||G) =

Z
f

✓
dF

dG

◆
dG,

f(t) = 1�
p
t

f(t) = t log(t)

f(t) = (1� t)2



Comparison of Distances between 
Distributions 

Mallows 
distance 

Depends on the 
locations of 
support 

Always a 
metric 

Always properly 
defined 

f-divergence Independent of 
the locations of 
support 

Not always a 
metric 

Not always well 
defined 
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Beyond mean and variance 

•  Consider a family of mixture distributions :  

                                  

 

    where    controls the shape of the distribution 

•  We generate empirical distributions by sample from 
distributions defined by parameters on a grid 
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Multi-Dimensional Scaling (MDS) 
•  Given some measures of pair-wise “distances”      

between n objects, MDS tries to find n vectors                              
     such that  

•  We first use metric MDS to visualize the connection 
between histograms and their means and shapes 

•  Later, we will use MDS and other methods to explore 
differences between the Mallow’s distance and the Mean 
distance on AIRS L3Q data 
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x1, x2, · · · , xn � Rd

�ij

kxj � xjk2 ⇡ �ij
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MDS based on Mallows Distance 
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MDS based on Symmetrized K-L divergence 


