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Abstract
The concept of interrogating similarities within a data set 
has a long history in fields ranging from medicinal 
chemistry to image analysis. We define a descriptor as an 
entropic measure of similarity for an image and the 
neighborhood of images surrounding it. Differential 
changes in descriptor values imply differential changes in 
the structure underlying the images. For example, at the 
location of a zero crossing in the descriptor values, the 
corresponding image is a watershed image clearly sitting 
between two dissimilar groups of images.

This paper describes a fast algorithm for image sequence 
clustering based on the above concept. Developed initially 
for an adaptive system for capture, analysis and storage of 
lengthy dynamic visual processes, the algorithm uncovers 
underlying spatio-temporal structures without a priori 
information or segmentation. 9

The algorithm estimates the average amount of information 
each image, in an ordered set, conveys about the structure 
underlying the ordered set. Such signatures enable capture 
of relevant and salient time periods directly leading to 
reductions in  cost of followup analysis and storage. As a 
part of the video capture system, the above characterization 
may provide predictive feedback to an adaptive capture 
sub-system controlling temporal sampling, frame-rate and 
exposure. Details of the algorithm, examples of its 
application to quantification of biological motion, and 
video identification and recognition are presented.

Prior to the workshop, an efficient implementation will be 
posted as a web service to generate characterization of 
unknown videos online.

Introduction

Traditional approaches to extracting information from 
video captures of dynamic processes assume that the full 
information content of the image sequence is too complex, 
too incomplete or too large to be analyzed without 
intervention. These factors lead existing technologies to 
depend heavily on user input or assumptions for precise 

segmentation, tracking and quantification. Current 
approaches to motion segmentation include:

• frame-based techniques such as frame-to-frame 
differencing10,4 

• localization of coherent regions in optical flow fields 
(excellent review by Barron, Fleet and Beauchemin3) 

• spatio-temporal approaches such as coherent bundles of 
pixel evolution over time12

• level set approachs to identify trajectories of moving 
objects3 

• use of perceptual organization of spatio-temporal 
volumes15. 

While spatio-temporal approaches are less prone to noise 
and illumination changes, all approaches fail if the object 
moves too rapid, or out of focus or deforms4. 
Paradoxically, many motion characterization algorithms 
depend on robust segmentation13 or extract a specific 
pattern such as cyclic or periodic motion5,6. Another 
common approach has been to treat an image sequence as a 
spatio-temporal volume and to locate patches, small 
enough to contain uniform motion, in a larger volume16. 
However, similar to many other approaches it breaks down 
in in the presence of deformations. 

Information extracted by the algorithm is a single value for 
each image in the sequence. We call this time series, EMS. 
EMS can be analyzed to identify and assess expected 
temporal relationships, and potential discovery of 
unanticipated relationships. EMS can be computed from an 
entire sequence or from a moving temporal window.

Applications and future work

The algorithm outlined here has been used entirely for 
extracting phenotypic signatures in biological screening. 
Some of the areas to which we have applied the algorithm 
are: 

• Detecting periodic motions (without looking for it)
• Registering videos by using the output of our algorithm 

as mutual information 



• Detecting epicenters of periodic motions
• Detecting direction in transparent motion (blood flow)
• Detecting diffusions (or rate of degeneration)
• Generating audio from video motion

Our future plans will focus on detecting / locating image 
sequences within others (video ID and recognition)

Overview and definitions
We define an image, as a region (typically regtangular) of a 
stored  memory buffer that covers the entire buffer or a 
section of it. Similarly image sequences can be “window” 
sequences as well. Color and audio information were 
ignored for all examples. 

We define an ordered set, in time as a set of images 
captured and time stamped sequentially, i.e. a time stamp 
of any image is greater than all previous images in the set. 
An unordered data set can be sorted using entropic 
similarity.

Basic Concepts

The basic concepts of this algorithm are summarized in the 
following sections. �We will describe our choice for the 
similarity and grouping function. We subsequently 
exemplify its application. 

Image to Image (similarity or dissimilarity)

Normalized correlation was chosen as the pair-wise image 
similarity function for the following reasons:

Linearity and stability
A well known characteristic of Normalized Correlation is 
its predictable and largely linear degradation as one image 
is transformed or deformed a short distance over 
another(1,2). Specifically, within a small range, changes in 
normalized correlation value vary linearly with 
transformation parameters. Normalized correlation is often 
used to provide an estimate in target tracking17. Fig 1 
shows trends of variation in normalized correlation value 
as scale and position change1. The shape of the trend 
depends on the spatial frequency of the patterns used. 

Collaborative property
With illumination and observation angles fixed, changes in 
shape manifests as changes in surface orientations. Let's 
assume that we have access to function R representing 
mapping from surface orientations to image intensities and 
therefore we could relate, for a single image, gray value at 
position (x,y) and its surface orientation and surface 
reflection (p,q) using R, that is 

� It (x,y) � Rt (p,q)

For small transformations and small time intervals, 
changes in I are correlated with changes in R. In cases 
where transformations, deformations and so on are too 
large, the normalized correlation value speeds to zero. Put 
another way, when images represent smooth 
transformations, normalized correlation values vary 
smoothly. If there are abrupt transformations, normalized 
correlation value drops abruptly. 

Invariant to linear changes in brightness
This property falls out of the definition of normalized 
correlation, However note that if motion in an image 
sequence is radiometric (i.e. not a geometric movement, 
but a change in luminance), successive normalized 
correlation values will indicate a change. This is a 
desirable quality as we found in a long biological 
observation of random movements of cells. A clear linear 
component to our otherwise random characterization was 
discovered to be the microscope lamp dying slowly.

Image in the containing image set (order)

It should be clear by now that our approach is centered 
around the concept that sharing similar images or 
dissimilar images should motivate grouping. Shannon’s 
entropy2,14 measures the average amount of information a 
correlation event conveys when it appears with some 
probability. 

Using similar notations as above, we have a self-similarity 
matrix M, M � R2x2, where Mij = s (Ii , Ij ) is the piecewise 

Figure 1: Changes in correlation ( y axis ) as scale and viewing position are 
changed (photocopy of the original data)1



similarity between Ii and Ij and i < j, for the ordered set in 
time. For any row of M, say k, KM denotes the collection of 
similarity values forming a probability distribution given 
by

 p (K M) = KM / �k KM

and the entropy of this distribution is

H (K M) = � p(KM) log p(KM)

We call KM , EMS an entropic measure of similarity. EMS
is an estimate of disorder in the similarities with image Ik , 
an estimate of the disorder in the system which is viewed. 
In our future work, we will appraise similarity functions by 
how close an estimate the entropic similarity measure is of 
the underlying system.

 A simple example (point set)
To illustrate the power of this approach, let us consider a 
two dimensional point set of 1000 points sampled 
randomly from A circular annulus with center pc, inner 
radius r1 and outer radius r2, euclidean distance function D, 
the set of points p with mean of zero and variance of 1, so 
that

r12 <= D(p, pc)2 <= r22

distance is the similarity function used (Octave/Matlab 
code available). Data shown in Fig 2 is the entropic 
measure of similarity is ploted as z for the point set p. The 
entropic similarity surface captures the underlying 
structure, ring, in the 2d data set. 

Single moving object sequence

Fig 3 shows a subset of image captures of a single 
contracting heart muscle cell. Fig 4 shows the entropic 
measure of similarity time series. Contraction in heart 
muscle cells has a rapid acceleration phase followed by 
relaxation. We have used this method of direct 
measurement to quantify type and magnitude of motion in 
different biological systems. 

Multiple objects / multiple movement sequence 
A sample video, Finale.mov, was taken from the tutorial 
clips in the Adobe Permiere ©. The results shown in Figure 
5 illustrate the ability to characterize pans and periodic 
movements. 

Movie trailer content different compression 
settings and clip localization

Movie trailer http://www.apple.com/trailers/weinstein/thenannydiaries/

The entropic similarity measure is nearly identical for the 
trailers encoded at different resolutons, Fig 6. To 
demonstrate clip localization, a segment was selected at 
frame 1490 lasting 140 frames. Fig 7 shows section in the 
content signature at frame 1490 in contrast with the 
signature generated from the 140 frames in the clip.
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 Figure 6: Entropic similarity measure for heart muscle contraction 

Figure 3: A subset of heart muscle contraction sequence

 Figure 4: Entropic similarity measure for annulus ring data 
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Figure 2: Entropic similarity measure plotted for a 2d point set

Figure 4: Entropic similarity measure for contraction sequence
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Figure 6: Entropy similarity measure for the movie trailer

0

0.05

0.1

0.15

0.2

0.25

0 20 40 60 80 100 120 140

 Content Signature  Clip
 Clip Signature 
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