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1.0 INTRODUCTION

Automatic Target Recognition (ATR) refers Io the problem of detecting and

classifying military targets based on sensor information. Current sensors include forward-looking

infrared (FLIR), electro--optical (EO), and synthetic aperture radar (SAR). Although each 

has its own advantages, SAR has become increasingly popular due to its high-resolution images

as well as its ability to work under varying weather and lighting conditions. The growth in the

collection capacity of tb, tis imagery has spurred research for automated algorithms to process this

information. The basic 5;AR ATR architecture can be divided into three stages. The first is a pre-

screener u,~ed to select regions of interest out of a wide-area scene. The pre,-screener reduces the

overall computational complexity by quickly locating a few regions meriting a closer inspection.

The discriminator stage is used next to detect targets while rejecting clutter. The final stage is

classification where class labels are assigned to the images passed by the discriminator. In this

report, the focus is oft the application of ~dvanced correlation filters to the detection and

classificati.~n stages of pre-screened images.

In recent years, the application of.correlation pattern recognition (CPR) algorithms 

SAR ATR has yielded very encouraging result:~ [1-4]. CPR refers to the use of carefully designed

filters to recognize objects. These filters are correlated with the input image leading to large peaks

for the desired reference object. The filters are d~erived from closed form solutions obtained

through the optimization of a performance figure of merit. The resulting algorithms are

analytically simple and are easily implemented. Furthermore, the correlation operation is shift-

invariant. This enables the correlation filters to handle multiple objects within a scene in parallel.

So, algorithm complexity is dependent only on the scene size and not the number of objects in the

scene. Finally, advanced filters such as the Maximum Aw~rage Conelation Height (MACH)

correlation filter [5] and the Distance Classifier Correlation Filter (DCCF) [6] have shown the

potential f~)r distortion-tolerant pattern recognition.

Current research in SAR ATR has focused on the testing of image data obtained

through the Moving and Stationary Target Acquisition and Recognition (MSTAR) program [7].

The publicly released portion of this database contains SAR images of ten military vehicles

recorded ~mder a variety of operating cond~itions:, Previously, results of the MACH filter

combined with the DCCF have been reported for the three-cla,,~s (BMP2, BTR60, and T72 targets)

and the ter~-class problems using the MSTAR database [1,2]. Recently, Alkanhal [31 introduced

the Extended MACH (EMACH) filter and the Polynomial DCCF (PDCCF) with the goal 



improved ATR performance. For the three-class case, the EMACtt showed improved

performance over the MACH filter with regard to clutter rejection while the PDCCF

outperformed the DCCF for classification. Carlson, et al [4] demonstrated the effectiveness of

another filter, the Optimal Trade-off Synthetic Discriminant Function (OTSDF) filter, using real

and simulated SAR data . This report will evaluate the PDCCF, EMACtt, and OTSDF fiRers

applied to the ten-class case. Section 2 provides the background on the five advanced correlation

filters mentioned above. A detailed description of the target and clutter images from the MSTAR

database is provided in Section 3. Detection and recognitic, n results are shown for all filters

including the MACH and DCCF in Section 4. Finally, a summary is provided in Section 5.

2.0 BACKGROUND

2.1 Correlation Filters

Due to their shift.-invariance and distortion tolerance ability, correlation filters are

attractive for pattern recognition. Earlier filters such as the Minimum Variance Synthetic

Discriminant Function (MVSDF) filter [8] and ~he Minimum Average Correlation Energy

(MACE) filter [8] were designed so that a training image would yield a pre--specified value at the

origin (loosely termed peak) of its correlation output. Thus, a class label could be assigned to 

image based on this correlalion peak value. It was la~er obserw~d that by relaxing these constraints

(i.e., by maximizing the energy of average correlation peak of the training images instead of

forcing the correlation peaks to pre-specified values), better performance could be achieved [15].

This led to the introduction of the maximum average correlation height (MACH) filter.

2.2 Maximum Average Correlation Height (MACH) Filter

A full derivation of the MACH filter can be found elsewhere [5] but the basic concepts

are outlined below. The goal of the MACH filter is to maximize the energy from the peak of the

average training image. The filter design is completely in the fl’equency domain. So, first the 2-D

Fourier transforms (FT~ of training images of size d by d pixels are computed. This results are

then scanned from left to right and then top to bottom to fo~:m column vectors x~ containing d~

elements. Representing the 2-D filter in the same format by the column vector h, the peak (more

precisely, the value at the .origin) of the correlation output due to the ith training image can be

expressed as c, (0, 0) = h+x~. Thus, the peak intensity for the .average training image is simply

~, 1 ~v 2 2
~(0,0) ~ =-~- ~’~h+x~ = h+m (2.1)

i=1
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where m is. the average of the FTs of all N training images in the class. This is known as the

Average Correlation Height (ACH).

In order characterize distortion tolerance, a metric called the,’ Average Similarity

Measured (ASM) was introduced [5]. The ASM characterizes the dissimilarity between in the

correlation output state between the training images and their average. ]it is equivalent to the

following in the frequency domain,

I N 2ASM =--~Zi~ gi- [,,p, where gi = Xih* and fop, = Mh*. (2.2)

Xi is a diagonal matrix containing x~ (i.e., the vectorized 2-D FT of the ith training image) along

its diagonal while M is another diagonal matrix with rn along its diagonal. Both of these diagonal

matrices are of size de× d2. Note that g. is the correlation output due to the ith training image. The

second term fop, is the optimal reference correlation output leading to the minimum mean squared

error. This vector fop, is found by setting the g:~adient of the ASM with respect to fop, equal to zero

and then solving for fo~w. So, a small value ofkSM indicates that the correlation outputs from the

training images closely resemble the shape of the correlation output of their mean image while

higher A£~/ values indicate a greater dissimiilarity between these correlation outputs. We can

view the correlation outputs as filtered images since the correlation output is the inverse FT of the

product of the filter with the FT of the image. Therefore, to achieve tolerance to variations in the

training images, a value of h that minimizes the ASM is required. By substituting the values for gi

and fops, Eq. (2.2) can be: rewritten as follows.

1 N
ASM,,=h+S,~h where S.~ = -7~(X, - M)+(X~- M). (2.3)

Note that Sx is still a d2x d2 diagonal matrix. The subscript x indicates its dependence on the

training images belonging to class x.

Combining these two measures in Eqs. (2.1) and(2.3) gives the following figure of merit

used for the MACH filter:

J(.h) ~- (0, 0) :" - h ÷mm+h (2.4)
h+Ih + h÷Sxh h+(I + S~.)h

The additional h+Ih term in the denominator of Eq. (2.4) re, presents the output noise variance

(ONV) of the filter due to additive white noise’, at the input. This will provide a measure of noise

tolerance. The filter that maximizes J(h) is found by taking the gradient of J(h) with respect 

and setting it equal to zero. It can be shown that the resulting filter is

h = (I + S,,)-~m. (2.5)
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The above formulation suggests a potential problem with the MACH filter, specifically its over-

reliance on the mean training image m. Since the mean image loses many of the fine details in the

training irnages, it may not be a good representation of the class. This is particularly important for

good clutter rejection. It has been shown that the mean image of several training images does not

necessarily look anything like any of the actual training images. In fact, the mean image may

actually resemble a clutter image more than a target image [9]. This observation provided the

motivation for the development of the EMACH filter.

2.3 Extend Maximum Average Correlation Height (EMACH) Filter

In order to reduce the over-reliance on the mean training image in the co,elation filter

development, a new metric called the All Image Correlation Height (AIC~ was introduced [9].

1 N 2
A1CH =~ h+x~ -~ h+m". (2.6)

N i=1

The parameter ~ can be varied from 0 to I allowing us to vary the relative emphasis on the

average training image and on the individual ~raining images. The AICH can be rewritten in the

following form by substituting a= (2fl-~) where fl varies between 0 and 

A]CH=L Z h+xi-~+m - :h+C~h (2.7)
N i=1

where

1
C~ : ~ ~ (x~- flm)(xi -tim)+. (2.8)

The superscript fl in Eqs. (2.7) and (2.8) indiicates an implicit dependence on the value of 

parameter. In this form, the AICH can be seen as the average of the correlation peak intensities of

N exemplars. The MACH filter simply used the given training images x~ as its exemplars.

However, for the EMACH filter, an exemplar is defined as (x~ - tim). Because of this, a new

metric had to be introduced in order to force correlalion outputs from all images in the training set

to match as well as pos,sible the average of the correlation outputs from these exemplars. This is

the Modified Average Similarity Measure (MASM) defined as

MASM=--1 ~, g~ where g, = (X~ - tiM)h* and ~,~, = (1--fl)Mh*. (2.9)
N i=1

As before, fop~ is determined by taking the gradient of the MASM, setting it equal to zero, and then

solving for fop~. Substituting for g~ and fop~ leads to the following equation for the MASM.

MASM.~ = h+S~h where S~ = (X,. -(1- fl)M) + (X~- (1- ~)M). (2.10)
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Thus, minimizing the MASM improves distortion tolerance by forcing the ith transformed training

image Xi to more closely resemble the transformed reference images of the exemplars. The figure

of merit for the EMACH filter should then maximize the AICH while minimizing the MASM.

After adding the ONV term to the denominator to, account for noise tolerance, the following

revised optimization metric for EMACH filter is obtained.

J(h) AI CH - h+ Cffh   (2.11)
ONV + MASM h+ (I +S~)h ~ "

To find the filter that maximizes J(h), the gradient of J(h) wilh respect to h is set to 0 leading 

the tBllowi:ng eigenvalue/eigenvector equation:

(I + Sff)-~ C~h := J (h)h. (2.12)

From Eq. (’2.12), it is obvious that h is an eigenvector and J(h)is the co~esponding eigenvalue 

the matrix(I+S~)-~C~~. To maximize J(h), h should be selected as the eigenvectov

corresponding to the maximum eigenvalue. This is the basic formulation for the EMACH filte, r.

2.4 Eigen-Decomposition of the EMACH Filter

It should be noted that as fl increases, the average training image is de-emphasized. This

means that the contribution from the lower frequency components of the training images are

attenuated while the higher frequency components are given more weight. A possible drawback

to this is that the EMACH filter may become overly tuned ~o the details of the training class.

Thus, clutter rejection will be improved but distortion tolerance maybe diminished. To improve

the filter generalization, eigen-analysis was applied in the EMACH filter derivation [3], i.e., a

representation of the AICH metric was derived using only a few eigenvecrors. By keeping only

the eigenvectors corresponding to large eigenvalues and therefore the lower frequency

components, a balance between fl and distortion tolerance can be achieved.

After applying the spectral decomposition theorem to the NxN symmetric matrix C~, it can

be expressed as the weighted sum of the outer products of its eigenvectors,

N

~v~ v~ ~ ~ /~ +
i=1

where ~ and v~,. represent the ith eigeavalue and co~esponding eigenw~ctor of C~, V{~is a

d:xN matrix containing the eigenvectors v~ as its columns and A~ is a diagonal matrix with the

eigenvalues X~ as its diagonal elements. Substituting this expression for C.~ back into Eq.

(2.12) gives,
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A more convenient form can be obtained by defining the vector w-

(2.14)

.... A,~ (V~)+h and

rewriting Eq. (2.14) 

h = (I + S~)~V~w. (2.15)

Alkanhal [3] proved tha~ the weight vector w can be’, found as the dominant: eigenvector (i.e., the

A/~ ’~ + + ~)IV~. Ineigenvector corresponding to the largest eigenvalue) of the matrix x (V~) (I 

this form, the EMACH filter is still equivalent to the version defined in Section 2.3.

However, the generalization ability of the filter can be improved by using only N~, < N

eigenvectors of Cff. For notational purposes, two new matrices are introduced, Zff and F~.

These are analogous to V.g and A~except that Zff and Fffare composed of only the:

dominant eigenvectors and eigenvalues, respectively. The weight vector w is redefined as

w - 1 F~(Z~)+h. So, the EMACH filter can be rewritten as follows.
J(h)

h (I+S~) -~ /~= . Z,~ w. (2.16)

F~ (Z,.) and it nowSimilarly, w is the dominant eigenvector of the matrix ~ /~ ÷

contains N,, elements. This form will only be equiwdent to the EMACH filter derived in Section

2.3 when N,, = N. Numerical experiments with the three-class public MSTAR database

demonstrated that the best performance could be achieved using only the N~=I eigenvector of

C~~ [31. Therefore, all results reported in Section 4 refer to this version of the EMACH filter

using just the dominant eigenvector of Cff.

The basic steps for generating an EMACH :filter are as follows. First, Cff and (I + Sff)l

are computed from the.. training images. Next, w is determined using the N,, most dominant

eigenvalues of Cff and corresponding eigenvectors. The filter h can then be computed according

to Eq. (2.16). A procedure for selecting the wdue for fl will be discussed later in Section 4.2.2.

2.5 Distance Classifier Correlation Filter (DCCF) Theory

For the MACH filter, a filter for each class must be designed independently. ’This

approach proves useful for discriminating between targets and clutter but may lead to difficulties

when trying to classify targets. The DCCF attempts to improve class separation by maximizing

the average distance between the correlation peak of the mean image from each class and the
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correlation peak of the overall mean from all classes. The is accomplished by defining the class

separation A(h) given 

A(h) = ~-’~-’~k:~ h÷mk -h÷m" (2.1"7)

where mk is the mean FT of the kth class while m is the mean FT for all C classes. This can be

rewritten in a more convenient form as

A(h) = h÷Wh (2.18)

where

1 C

W=~-~(me-m)(m k -m)+.

At the same time, the DCCF seeks to make each class as compact as possible with respect to its

mean. This will effectively minimize the distance to the correct class. A measure B(h) defined

below was introduced to accomplish this

1 C
= ~-~h÷Skh =h+Sh (2.19)

where S~ is the same as the diagonal matrix S~: in the MACH filter derivation (Eq. 2.3) for each

class and S = -~Zs~k_~ . So, B(h) is essentially an ASM for all classes.

The filter h is determined by maximizing A(h) while minimizing B(h). This is equivalent

to maximizing the ratio of A(h) and B(h) to produce the following optimization criterion for 

A(h) h÷Wh
J th) - . (2.20)

’ ONV+B(h) h÷ (I+S)h

As before the optimal filter is found by computing the gradient of J(h) with respect to h and then

setting it equal to O. This leads to the following eigenvalue/eigenvector equation.

(I + S)q Wh = J(h)h (2.21)

The resulting filter that maximizes J(h) is the dominant eigenvector of (I+S)~W. Note ONV

term was again added te J(h) to achieve some noise tolerance.

The correct class is assigned based on the mean-squared error across the entire

correlation plane between the transformed tes~I image and each of the transformed mean images.

The test image is assigned to the class whose mean image results in the smallest ~nean-squared

error. So, ~he distance between a test image and the kth class is defined as

PDCCF.



H*z - H*m~ 2dk = for 1 < k _< C (2.22)

where z is the test image in column vector form and H is a dZ× d2 diagonal matrix with the

elements of h along its diagonal. So, H*z and H*m~ are simply the matrix-vector representations

of the correlations between test and mean images with the filter. By expanding the expression for

dk, an effective filter can be found for each class since

dk = p + bk - 2z+hk (2.23)

H*z : and H"m~ 2 arefor images that are real in the space domain where p = b~ = the energies

of the transformed test and class mean images, respectively. The effective filter is now defined as

h~ = HH*m~. Note that p is common to all walues ofd~. for a given test image and only needs to

be computed once for all distance calculations. In terms of classification performance, this term

could be ignored entirely. However, it can be used in rejecting clutter and other non-target

images. The number of online computations can be t~urther rec~uced since b~ is not dependent on z

and, therefore, can be pre-computed.

2.6 Polynomial DCCF (PDCCF) Theory

The goal of the PDCCF is to improve the performance of the DCCF by applying a

nonlinear transformation to the input image before the correlation. Although any nonlinear

mappingj~ ,can be used, we focus on power noMinearities, i.e.,

f ~ : x(m, n) ~ ~ (m, n) (2.2,4)

where x(m,n) is the input image and k is any real number. So, xi(m,n) is an image containing: the

pixels of x(m,n) raised to the jth power. A new correlation filter denoted as hj(m,n) can then be

built from the training images of the form x~(m,n). Multiple filters based on a different powers of

j can be combined to form a composite classifier with potential for improved performance. In the

case of the DCCF only the hi(re, n) filter and x~(m,n) images are used in the filter output.

However, the PDCCF tries to improve class discrimination by adding the correlation outputs for

the images~ transformed by the nonlinear mapping. So, each transformed image x~(m,n) is

correlated with its corresponding filter h~(m,n) and then all of these outputs are summed to form a

final overall output, i.e.,

g (m, n) = ~ h/(m, n) ~ (m,n) (2.25)

where g(m,n) is the filter output and ® denotes; the correlation operation.



Rather than design each filter hj(m,n) independently, it was demonstrated that a joint

design where all filters were simultaneously optimized provided better results [3]. For this

approach, i~ is necessary to return to the vector notation previously used. A derivation similar to

the DCCF can be used by defining the following vectors:

h~ m2~.
(2.26)h := and rn~ = .

where ht, h: ..... h~ are tk~e column vector forms of h~(m,n), h2,(m,n) ..... hr(m,n) and m~t ,me~ .....

m,.~ are the mean images for the kth class. The subscript in h and the first subscript in m indicate

the nonlinearity on which these vectors are based. Note that in the DCCF case, only the filter h~

and mean m~t are used in the design. From the discussion in the previous paragraph, the

correlation peak of the PDCCF from the mean image of the kth class is equal to the sum of the

peaks fiom the individual filters {h~, he ..... h~}, i.e.,

& (0,0) = ~h~mj,= h’m,. (2.27)
j-I

Similarly, the correlation pe.ak for the mean image of all classes can be represented as

r

g~ (0,0) = h+m = ,~h~m~ (2.28)
~=1

C

where m--~m~, is the overall mean for images transformed to the jth power. Using this

notation the class separation measure can be defined in the same form as the DCCF.

1 c 1 c -h+m:a{u) g, {0,0)- £ {0, 0):
,=, ,

=h+Wh (2.2.9)

The major difference between DCCF and PDCCF is in the dimensions of the h (a column w:ctor

.of size rd2 ) and W (a matrix of size alex rde).

To minimize the distance to the com~ct class, ASM is minimized. The ASM for the ~h

class must now account for the training images raised to thej/h power and is now defined as

ASMa. =~ , gi where gi Xj~i ~ and fop, = Mj~ ~ (2.30)
i=1 j=l j=l

Xs~ is a diagonal matrix with the ith training image from the kth class raised to the jth power

along its diagonal. M~ contains m~t along its diagonal. Note that g~ is simply the vector-matrix
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