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Abstract

This paper provides a brief status report on research aimed

at developing a distributed data fusion architecture.  The

architecture has a variety of applications that range from

hospital pathology to battlefield management. It is intended

to provide multiple analysts with the ability to

cooperatively examine multi-spectral images using

concurrent algorithms.  The image streams arrive in real-

time from multiple sensors distributed throughout a

heterogeneous network.  An application in cervical cancer

cell analysis is presented to illustrate the general concepts.

  

I. Collaborative Environment

The data fusion architecture couples the Computer

Supported Cooperative Work (CSCW) concept [1, 5]

with concurrent algorithms and programming

concepts.  The architecture leverages JAVA-based

graphical user interfaces and web-based interaction to

provide interactive data analysis.  These tools can be

used collaboratively to examine the results generated

from concurrent image fusion algorithms.  In this

paper, one such algorithm, the principal component

transformation (PCT), is used to illustrate the ideas

[2, 3, 4, 8, 9, 10].

Figure 1 shows the architectural concept.    A

heterogeneous collection of networked PC’s,

workstations, and shared memory multiprocessors

(SMP’s), provides the computational resources for

high-performance concurrent fusion algorithms.

These algorithms are implemented using a concurrent

tensor algebra library. This library is, in turn, built

upon a heterogeneous concurrent programming

library, SCPlib [6, 7], that provides load balancing

and granularity control.   Multiple sensors may be

connected at arbitrary points in the network and

interrogated through computation.  Multiple analysts

may connect to the running computation using a

standard web-browser at arbitrary points in the

network.  Each analyst may utilize a broad collection

of JAVA-based data analysis tools, for example, 2/3-

D plots, image filters, and multi-spectral viewers.

The analysts may collaborate via chat-like interfaces

to discuss the results, coordinate the computation,

and control sensors.  The status of the three central

components in this architecture is described in the

sections that follow.

II. Analysis Tools and Interfaces

Figure 2 shows the working environment of the

collaborative system.  A designated analyst (the first

connection made to the system) controls access to a

concurrent computation that directly manipulates

sensor input.  Multiple analysts may subsequently

connect to a computation from remote computers and

are provided with read access to the sensor inputs and

computation.  Coordination and discussion between

analysts is carried through a chat-like sessions.  The

designated analyst is provided with the privilege to

control the interaction modes and computation.  The



Figure 1: Collaborative Environment

privilege can be handed off to other participants as

needed.  The same view of computation is available

to all the analysts.  Each analyst is able to manipulate

sensor data through JAVA-based tools individually

and share results.  The tools provided include 2/3-D

plotting, image filtering, and multi-spectral data

analysis tools.

III. Concurrent Tensor Algebra

To represent multi-spectral images, the architecture

generalizes sequential matrix algebra to concurrent

tensor algebra.  The following hierarchy explains the

relevance of this concept to multi-spectral image

analysis:
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For example, using the alternative interpretation, a

multi-spectral image of cervical cancel cells collected

from multi-spectral sensors, can be represented

directly as a third order tensor as shown in Figure 3.
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Figure 3: PCT on Multi-spectral Image

IV. Concurrent Computation

The concurrent PCT transforms a multi-spectral

image, Is, into the tensor, Cs, using the
transformation equation: )( mIsACs −= where A

is a transformation matrix and m is a mean vector.

The computation can be divided into two parts that

calculate the transformation matrix A, and

subsequently transform the data as follows:

1. Mean vector:  Each component of the mean

vector, m, is the average of the pixel values of an

image in each spectral band and can be

computed independently as follows.

for all i = 1 to n concurrently

where K = number of pixels in an image.

2. Covariance sum: To calculate the covariance

matrix, pixels at a specific position in all spectra

are related while neighboring pixels in the same

image are not.  Therefore, the pixels in a multi-

spectral image are taken as a sequence from the

top left to the bottom right.  The sequence is

divided into P parts using integer division.  Each

part is allocated to a thread as follows.

for all p = 1 to P concurrently
sump = 0
for all pixels (i, j) in p

        sump = sump + Cij

where P = number of parts and sump is the
matrix sum of the covariance in each part, p.

3. Covariance matrix: The covariance matrix is the

average of all the matrices calculated in step 2,

and is calculated sequentially since its

complexity is related only to the number of

threads rather than the image size.

4. Transformation mtarix: The eigenvectors of the

covariance matrix are calculated and sorted

according to their corresponding eigenvalues

which provide a measure of their variances.  As a

result, the high spectral contents are forced into

the front components.  Since the degree of data

dependency of the calculation is high, but its

complexity is related to the number of spectral

bands rather than the image size, this step is done

sequentially.

5. Transformation of the data: Each pixel vector,

Isij, can be transformed independently.

Therefore, once again, pixel vectors in the multi-

spectral image are taken as a sequence and

divided into p parts.

for all p = 1 to P concurrently
for all pixels (i, j) in p

where P = number of parts.

The concurrent algorithm currently operates only on

shared memory architecture, but the tensor data

structures have been designed to cope with

Figure 4: false and true color mapping
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network architectures.  In this experiment, pathology

images are collected at 640x480 resolution, in the

visible spectrum, from 410nm to 780nm at 10nm

steps.  Concurrent PCT is performed on the image

cube.  True and false color images are created using

the first three components of the resulting image cube

as shown in figure 4.  These images are useful in

helping pathologists identify potential cancerous

areas in cell samples.

The experimental speed up is plotted against the

linear speed up in figure 5.  The speed up gained is

close to ideal with less than 20% drop of

performance.  The speed degradation was caused by

the thread overhead and the sequential code in steps 3

and 4.  When a large number of spectral bands are

used, the speed degradation reduces tremendously.

Figure 5. Speed up plot

VI. Conclusion

This paper has presented a data fusion architecture

based on distributed systems.  The technologies allow

multiple analysts to conduct research collaboratively

using Web-based programming technologies.  Image

fusion and analysis can be achieved using the

concurrent algorithms on clusters of computers.
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