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Overview: The Vision Feature Analysis Tool (VFAT) is designed to enable quick
analysis of features in an image for the purpose of identification and tracking. This
document is an overview of the VFAT which is a work in progress. It is designed to give
the other project authors information they need to integrate or interoperate with it. As it is
a work in progress specific information about certain aspects may be lacking but I will
attempt to make some suggestion about the structure of the final implementation.
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1. Resources provided by and Needed by VFAT
1.1 Resources Needed and Usage
1.1.1 Saliency Map
VFAT uses the saliency output from the iLab Neuromorphic Toolkit (INT) to find the
most salient regions in an image. This allows VFAT to reduce the regions of interest to a
smaller subset of the image and enhance computation efficiency. This is done by taking
in an input image and using brain and visualCortex to compute the most salient regions
in the image. The current scheme uses the max norm saliency method since it is slightly
less selective than the fancy norm method.
The saliency map is used as follows. First it is computed by brain and the saliency map is
handed to featureClusterVision. The saliency map is averaged over consecutive iterations
to create a temporally smooth saliency map. This is done by applying the following
formula to the saliency map

smt + smt −1 ⋅ w
w +1
Where sm is the saliency map at time t and time t-1 with w as a constant weight. What
this does is smooth the saliency map over iterations. This is nessesary since the saliency
map does not explicitly include temporal dynamics outside of the motion and flicker
channel.
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smt =

After the saliency map is processed it is treated as a statistical map for the purpose of
selecting areas of the image most likely to contain interesting things. The current method
extract the most interesting points using a particle filter method. 300 to 600 locations are
choosen in an image from which to extract feature information. The more salient a
location is, the higher the probability that it will be selected. Additionally, locations that
exhibited good statistics previously are likely to be retained. Thus, of the several hundred
locations examined, some are new, while others are good locations from the last iteration.

1.1.2 Saliency Channels and Image Features
For each of the salient locations extracted from the saliency map, features are extracted.
These include the features used to compute the saliency map such as blue/yellow color
contrast as well as independent features such as hue and complex features such as
junctions. For saliency feature channels and complex feature channels, the outputs are at
multiple scales, in this case 6. That means for instance that the blue/yellow channel is run
on the image at 6 different sizes. Thus, for multiple scales and channels, over 144
features are extracted initially at every location. For the independent features such as hue,
only one scale is used. Thus, if 300 locations in the image are selected and 144 features

are extracted, the data set is 300x144 is size. For expediency of processing, this will be
reduced by ICA/PCA mentioned next. More information on saliency channels and
features is available at: http://ilab/publications/Itti_Koch01nrn.html

1.1.3 ICA/PCA
ICA (Independent Component Analysis)/PCA (Principle Component Analysis) matrices
must be provided for each of the saliency channels as well is for the complex mixed
channel. The matrices are computed a priori by ICA/PCA methods. The current method
is to place matrix files in plane text tab delimited format on the hard drive and call to load
matrix. VFAT then multiplies each channels outputs buy the matrix, commonly called an
unmixing matrix which increases the mutual information between the scales in each
channel while reducing the dimensionality. This has the effect of reducing the feature set
from 144 potential features to no more than 40.
It should be noted that the features used can be turned on and off. This is done in the file
features.conf which controls the operating parameters of featureClusterVision. So far the
most handy channels have been the mixed complex channel and HSV color channel
combined with spatial information. Additionally, a weight bias can be applied to each
channel making it more or less important in the analysis that will follow.

1.1.4 NPclassify (Feature based classification)
Feaures are initially related to each other using a non-parametric classification scheme.
This works by finding a mass for each location. This is the inverse sum of distances
between this location in feature space and all other locations. That is, for each location
you find out how far every other location in feature space is from it. You sum these
values and take the inverse. This creates a density metric. Using linking with gradient
decent, classes are broken apart at the mode of the clusters. This creates classes that are
groups of closely knit clusters. In essence, each class is a group of locations that are very
similar. More information on NP classify can be found at:
http://www.mundhenk.com/research/SPIE-2004-Catagorize.pdf

1.1.5 CovEstimate (Fast Gaussian Approximation)
Following classification, features classes are generalized in several ways. This is done for
several reasons. The first is that generalized classes take up less memory then the whole
class itself. This is akin to compression for instance with jpeg. We have reduced the
information and lost some of the fine details in the process. However, we have hopefully
retained most of the important information about the features in the image.
CovEstimate takes each class and returns an n-dimensional gaussian around the class. It
also returns information such as liveness. As part of the gaussian information, the mean is
retained which is the center of mass for each class. Part of the responsibility of

covEstimate is to match classes between frames. This creates temporal contiguity
between classes and facilitates tracking.

1.1.6 fCV_STM (Short Term/Working Memory Component)
This is a work in progress. It takes in the generalized features and links them to each
other as well as maintaining a memory of recently observed features. This should provide
much more robust tracking and identification. The current design is not finalized at this
point so details are not available.

1.2 Resources Provided
1.2.1 Feature Clustering
VFAT provides a set of classes of clustered features. These are features which are both
spatially and featurelly similar. This then indicates that the clustered features belong to
the same object. This indicates a unique and individual object from a vision standpoint.
The mechanism is to simple for complex identification such as face identification, but is
efficient enough to run in real time at 30 frames per second.
Feature clusters also provide a simple signature of objects by their mean features and
distribution of features. Thus, by either manually inserting an object signature or by
training on one, VFAT can be used to make basic visual discriminations between objects.

1.2.2 Object Trajectory
Since VFAT groups features spatially and creates temporal contiguity, it will be able to
create trajectory patterns for clustered groups. This should aid in Executive analysis of
the behavior of different objects in an area. Combined with the motion channels, this
should aid in solving the problem of tracking crossover where two similar objects move
past each other with one occluding the other. Since we have a signature of the features it
should aid in differentiating occluding objects.

Figure 1 VFAT attempts to determine which classes are the same over two consecutive frames. Same
colors indicate that VFAT believes that they are the same object. For instance the face in purple, the
shirt in light blue, the pillow in white, and the bookshelf in medium green.

1.2.3 Portable Signatures
VFAT currently contains the statistical properties of each class of objects in individual
objects. As such, the signature can be passed to other processes as a singal object of type
covHolder. This is a fairly compact object with size in the order of D2 where D is the
number of features that are finally selected for usage. Ideally, all information about any
given class of features will be held in this object.

Figure 2 From frame 300 these are the saliency map, the NPclassify cluster results and the
generalization of features by nearest neighbor and Bayesian methods. All dots of the same color
are classified as belongin to the same class.

Provided information in the portable signature will include:
1. Gaussain fit over features
2. Mean value for features per class
3. Independent standard deviation for features per class
4. Spatial location for class
5. Physical characteristics such as size of mass, center of mass.
6. General class entropy (temporal and non-temporal)
7. Trajectory of data (speed, direction, variance and entropy of movement)
8. Sample Size
9. Liveness data for class (How long it has been tracked for)
10. NPclassify properties such as density metrics.
11. State links used to cross correlate signatures.

2. Structure and execution of VFAT
2.1

Object Layout

Currently VFAT is a in a prototype layout. Interfacing to and from other modules it not
implemented. However, the methodology of construction makes modularization trivial.
The following shows the basic objects and how they fit together. Currently there are five
basic classes used in VFAT with more likely to be created in the near future. A test
program can be accessed called fzvision.C. This contains a basic loop that re-executes
brain.C and visualCortex.C for saliency and then featureClusterVision.C to process
fearures. featuresClusterVision.C in tern calls NPclassify to cluster features and
covEstimate to analyze their statistical properties. For each class, properties are held in
the class covHolder.H. ICA/PCA is currently carried out inside featureClusterVision
since it is nothing more than a matrix multiplication operation. Future short term memory
will be held in fCV_STM.C.
VFAT makes use of several tools in the INT. It uses the Image class extensively for
processing images. It also uses the model manager to access brain and visualCortex.
readConfig.C and readMatrix provide access to matrix files and configuration files stored
on disk.

Figure 3 The current implemented structure of VFAT is shown here.

