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1. Introduction

Signals, Images and Target€ommanders in the U.S. Army need more complete and accurate knowledge
of the battlespace with which to make optimal allocation of resources. Advances in sensor and signal
technology provide images from SAR, HRR radar, IR, optic (including hyperspectral), and ladar devices.
However, many problems remain in the extraction of adequate information from such images. The maintargets
of interest are ground vehicles that may consist of hundreds of pixels to a subpixel at ranges from less than 1
km to hundreds of kilometers taken from UGV, Commanche, UAV, aircraft, or satellite platforms.

Detection and RecognitionTwo distinct steps to extracting information are: i) thetectionof blobs, or
regions-of-interes(ROI’s), that may be targets; and ii) thecognition or classificationof the ROI’s as

targets (trucks, tanks, transporter-elevator-launchers, etc.) or non-targets. Recognition is difficult because of
the wide ranges of depression angles and aspect angles possible; the various extraneous equipment carried by,
or attached onto, the vehicles; awide variety of kinds and types of vehicles; camouflage; partial occlusion; and

a low signal-to-noise ratio in the received signal energy.

Fusion of Multiple Images Detection and recognition may be done on single images, multiple images from
different sources or a sequence ofimages fromthe same source. To achieve higher accuracy, more thanasingle
image can be used, which leads to other problems: i) the images miegibteredso that the same pixel

indices in each image refer to the same point in the scene; ii) the images must then be fused to yield a better
single image inwhich the targets are more extractable; and iii) the processing and analysis algorithms must be
fast, either aboard the platform or at a central station to which the raw data is transmitted.

Current Algorithmic NeedsThe tasks of detection, enhancement, registration, fusion and recognition need
faster and better algorithms for situation awareness so commanders can operate inside of the enemy decision
cycle time [13]. Figure 1 shows our overall approach.

2. Regions of Interest

Speckle RemovaFor SAR images, and possibly some others, we first remove the speckle noise. If any pixel
is sufficiently different from its 6 non-maximal and non-minimal neighbors, then we replace it by the average
of the 6 values [11] (a form of selective smoothing). We then apply a dual level histogram equalization that
applies separate equalization [4] on the pixels on each side of theesbentile value to produce a more
uniform distribution in the middle region of the histogram that better equalizes the contrast.

A Statistical ApproachBy working with the original or its negative, we can assume thatthe ROI's are patches

of pixels with lighter average intensity than the background. Because of the variation in background intensity
across the image, we use a type of adaptive threshold. We use blocks to contain the ROI blobs that are twice
the size of the largest target on each oftfaedy axes, and the blocks overlap halfway on one or both of the
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Figure 1. The project process flow.

x and y axes. The variance is a difference measure
independent of changing average intensities and so the blocks
with larger variances become the ROI blocks.

Segmentation Approaches second method finds ROI's by
the total spatial frequency criterion given in the next section
where target blocks have higher total spatial frequency values
[5]. We also investigate a third approach that uses our robust
fuzzy clustering algorithm [15, 16] to cluster the image into
segments by intensity level. These clusters are independent of
location and have disjoint pieces, of which the lightest ones are
ROI's. A (2P)x(2P) block is centered on each such piece,
where the maximum target size is PxP. The block is saved for
further processing, registration and recognition. A fourth
method filters noise via the discrete cosine transform (DCT),
identifies the target gray levels in the histogram and eliminates
all non-target gray levels [2].

3. Enlargement and Enhancement of ROI’s
Enlargement of ROI's We now double a block in each of x
and y using our special fuzzy interpolation [10, 12] (better
than bilinear and faster than bi-cubic). Interpolation smooths
the block slightly so the enlarged image is now ready for
sharpening.

Enhancement of ROI's We next apply image enhancement to each ROI block with a 3x3 or 5x5 unsharp

masking convolution mask to sharpens without amplifying the noise (unlike derivative based methods such as
Laplacians). We will also use our Bessinc (Bessel sinc) function convolution mask [9] that refocuses scattered
and diffracted light captured through a circular lens and yields strongly sharpened details without noise gain.
We may then apply our fast fuzzy edge detection method [7] and superimpose the lines on the previously

enhanced block.

4. Registration
Geometric RegistratiorOf the three types of registration [1], we are concerned here with the geometrical type.

The general affine transformation may not always be sufficient, so we develop an extended spatial frequency
method and then use the usual polynomial transformation with fairly low degree so as to avoid undulations due

to too many maxima and minima [1].

Extended Spatial Frequencie$siven two corresponding enlarged blocks from two images of an ROI, it is
necessary to register them. We use a new technique that we gadiititvise spatial frequendypsi at each
pixel, which is different from but related to the spatial frequency used by [5, 6]. We compute these values on
a 7x7 nbhd of each interior pixel in a block. At pixel value f(m,n) for image location (m,n) we compute the
respectiveointwise rowcolumn left-diagonal right-diagonalandtotal spatial frequencidsy the following
equations for a 7x7 nbhd.



r(m,n) = (1/7)&:.3,3 [f(m,n) - f(m,n+K)| (row) Q)

c(m,n) = (7Y )35 1f(m,n) - f(m+k,n)| (column) 2)
ld(m,n) = (1/7) 45 [f(M,N) - (m+k,n+k)| (left-diagonal) 3)
rd(m,n) = (1/7) 5.5 [f(m,n) - f(m+k,n-k)| (right-diagonal) 4)
t(m,n) = {r(m,nf + c(m,nf + ld(m,nf + rd(m,nf}*2 (total) (5)

ROI's that contain targets will have pixel blobs with higher tqgisfdue to both target edges and intensity
changes.

Now we look for four points in each of the associated two blocks, near the top-left, top-right, bottom-
left and bottom-right of the corresponding ROI's. Such correspondence is done by matchipgftieeiture
vectors over 3x3 nbhds of each location (m,n), where the feature vectors are

v(m,n) =(r(m,n), c(m,n), Id(m,n), rd(m,) (6)

The Polynomial Image TransformationWe transform one block to fit the other one by mapping all points
(m,n) in one block to points (AM") in an output block via

m =am+bn+cmn+d, nn=am+bn+cmn+d (7

There are two equations for each pair of points, which makes 8 equations in the 8 unkpdwns a
¢, d;, &, b, ¢, d, (consider p = mn to be a third variable so that there are 8 linear equations in 8 unknowns)
[1, 3, p. 272]. We can add more terms in the polynomial and use more points, but this should not be necessary
because of thiocal registrationof ROI blocks rather thaglobal registrationof entire images. This should
be faster than spectral methods (see [1] for FFT methods).

5. Image Fusion

The Fusion ApproachWe now fuse the two corresponding enlarged and registered blocks via a simple but
powerful process. Fusion is done at each pixel with the 7x7 tdithtipsfat each pixel. We consider each pair

of corresponding pixels and select the pixel value with the greatest total pointwise spatial frequency to be the
fused output pixel value. Itis shown in [5] that the spatial frequency at a point is greater for higher clarity at
that pixel. The resulting output block will contain the best pixel values from each of the two blocks. Itis clear
that this process can be done with K > 2 corresponding blocks from K images. The fusion is done only on
corresponding blocks rather than on entire images.

6. The Hyperspectral Application

This fusionis ideal for hyperspectralimages because the computationally complex registration is not necessary.
These are a set of images taken at the same time and place of the same scene, usually in dozens of different
bands. Eachwavelength band shows the scene differently because of the interaction with the reflecting surfaces
inthe scene. Afew bands can be selected for their relevance in showing desirable details. The particular bands
will be influenced by the aspect and depression angles and the lighting. Thisis animportant area for theoretical
analysis as well as practical experimentation to catalog such bands versus conditions and backgrounds. We
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fuse blocks in the selected K bands to obtain the output pixel value at each block location (m,n), (mihaje f
is the pixel value at (m,n) of the"kmage block and,$m,n) is the pointwise totgisfat (m,n).

fou{m,n) = f.(m,n),  §.(M,n) = max.,  {sy(m,n)} (8)

7. Target Recognition

Fromthe resulting single fused image, we perfautomatic target recognitiofATR). While humans in the

loop are better at this so far, algorithms are needed that can do this quickly and accurately both as an aid to
humans and as a human replacement. Our approach uskepyclassifief17]. We first cluster thesf

vectors of the exemplar ROl block that contains a target and obtain the prototype vectors. By circular rotation
ofthese vector components we obtain 45° rotations of the targets in the (x,y)-plane, which lowers significantly
the number of cases to be stored. Given an output block of standardized size, standardized target cases are
retrieved that are the best matchesto all of its circular rotations, and interpolations may be made to get the best
match.

Another promising method is to perform thiscrete wavelet transfor(®WT) using Haar functions
for speed. The DWT coefficients for a blob are computed and the closest ones are retrieved from a base of
target coefficients. This method is invariant in spatial size of the blob, but requires a large number of stored
cases. An advantage is that the coefficients will match even if the poses differ a small amount, i.e., the aspect
and depression angles differ by a several degrees.

An third approach is to aid human perception of targets by enhancing of the ROI blobs to provide a
reliefagainstthe background by a pseudo side lighting effect on the direction fromwhich the image is captured
[10].

We will also investigate the use of exemplary data to train our powerful radial basis functional link
net [14] that is more powerful than the radial basis function neural network and is also easy to train. Our new
version of this network uses ellipsoidal basis functions that are fit to the particular exemplary class data (see
[8] for the original that was called an RVFLN). ATR was done with resilient backpropagation in [18].
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6. Proposed Cost and Duration
The proposed duration is 3-years, starting in May 2003 and ending in May 2006 (Total of $391,536).

Year 1 (Years 2 and 3 are the sanme

Pl 2 mos., full time Summer $ 18,000
Consultant 6 mos., 1/2 time $ 30,000

3 Research Ass'’ts 9 mos., ¥2 time, $1200/mo., times 3 $ 32,400
3 Research Ass’ts 2 mos. full time, Summer, $2400/mo., times 3 $ 14,400
Travel, Publication, Misc. $ 5,000
Indirect Costs  44% of ($125,000 - $30,000 [consultant]) $30,712
Total for Year 1 $130,512

7. Addendum: Biosketches of Principle Investigator and Consultant

Principle Investigator Professor Carl G. Looney, Computer Science & Engineering Dept., University of
Nevada, Reno; Ph.D. University of lowa, Mathematics; BS, MS, University of Nevada, Reno. Dr. Looney has
worked at Hughes Ground Systems in Southern California (1980-1984) both as a systems analyst employee
and later as a consultant (error analysis of the Egyptian air defense system, Japanese air defense system
design); Logicon at Vandenburg AFB, CA (tracking the Peacekeeper ICBM); Kentron Int’l (tracking cruise
missiles at Hill AFB, Utah); Veda, Inc. (avionics error analysis, operational flight program for the F4-E
German fighter aircraft); and as a mathematics professor at the University of Toledo (taught advanced
engineering mathematics, numerical analysis.

Dr. Looney initiated fuzzy Petri nets for reasoning, advanced pattern recognition with a fundamental

paper on a new fuzzy clustering algorithm, invented a fuzzy classifier that uses ellipsoidal extended
Epanechnikov functions as fuzzy set membership functions and trains itself on exemplar data with no weights.
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Additionally, he and aresearch assistantinvented a new fuzzy edge detector thatis much faster than the Canny
method and makes excellentedges. He also invented the ellipsoidal basis functional link net (not yet submitted)
and developed an algorithm that both smooths and sharpens an image. He wrote two articles in the CRC
Handbook of EEed. R. Dorf, 1995) and has recently written the chapter on pattern recognition in CRC'’s
Optic Mechatronic Systenfed. H. Cho, 2002). Some papers are listed inriferencesbove.

Consultant Dr. William A. Peppin holds a Ph.D. in Geophysics from the University of California at Berkeley.

He was recently awarded the M.S. in computer science from the University of Nevada, Reno, for which his
thesis culminates 7 years of study in image processing and applications. He was supported by a 2-year grant
from the NASA Earth Applications Commercial Applications Program. Dr. Peppin was mentored at
Homestake Mining Company in Reno by Dr. Richard Bedell on hyperspectral data (from the JPL AVIRIS
imager). Some of his most recent papers are listed below.
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