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1 Introduction use of object information such as that contained in a single
harmonic in one filter.
The automatic target recognitidhTR) process using hy- One of the drawbacks of MACE, however, is that it does

brid electro-optical correlators has always been an area ofnot have sufficient noise toleranteYet, it can be reasoned
intense research. The possibility of achieving high speed that when the limited in-plane rotation invariance of MACE
and massive parallelism using reliable components and theis combined with AMPOF’s built-in noise tolerance and
apparent success of several different types of matchedsharp autocorrelation features, one may actually end up
filters'~® offer good opportunities for suitable implementa- With much better ATR performance. The resulting combi-
tion of optical correlators. Among the matched filters, the nation referred to as the amplitude-coupled MACE is thus
amplitude-modulated phase-only filigkMPOF)® is of par- expgcted to offer_minimum noise, _sharper aytocorrelation,
ticular interest here because of its sharp correlation peakMinimum correlation energy, and improved in-plane rota-
and improved noise-related performantes.t offers a  tion invariance for ATR applications using gray-scale im-
built-in noise tolerance which is essential for low-powered 29des. Accordingly, in this paper, we investigate a rotation-
optical correlators. However, as with any other matched Invariance feature of an amplitude-coupled MACE and
filters (such as a phase-only filtbinverse filter(IF), and ~ cOmpare it with that obtained using a simple MACE algo-
amplitude-compensated matched fiteAMPOF also per-  fithm. Further, we investigate the amplitude-coupled
forms poorly in distortion-related cases. Further, these (I\:/IlaAsC::sliiiéllatt?cr):]n ée;mse?\];vtg:nsﬁtésﬁ'ﬁilggbggg't%l(j{_ggcrleacsts
matched filters are not suitable for multiclass ATR applica- svnthetic a ertucre raddBAR) targets
tions since they do not offer enough flexibility for adequate y b gets.
training using different classes of distorted images.

One of the important classes of filters, namely, )
minimum-average correlation-energyACE) filters? in- 2 Background Review
corporate all possible distorted images in their formulation. The phase of a signal is a parameter vital to recovering the
Thus, these filters can accommodate multiclass ATR via signal_13 However, the amplitude content is also of consid-
appropriate training. The MACE filters have also been erable importandé=2° since it provides an added dimen-
shown to have a limited rotation-invariance propesince sion in the signal retrieval process. The AMPOF, which
it is possible to train the correlator on all the rotated images retains information pertaining to both phase and amplitude,
using the MACE algorithm. The rotation-invariance prop- has already been shown to outperform other types of
erty of a complex filter, in particular, is desirable in robot- matched filter§such as the phase-only filtdPOB] in dis-
ics, top-down reconnaissance, missile guidance, and similarcriminating in- and out-of-class targets in noisy
applications. Two different filters, namely, Mellin environment$. Further, the different parameters involved
transform-based fiIterQ\/ITF)10 and circular harmonic fil- in the AMPOF function formulation can be suitably tuned
ters (CHF),'* are well known as in-plane rotation-invariant to provide better noise tolerané@he generalized AMPOF

filters. The MTFs, however, are very computer intensive function is
while CHFs do not offer good discrimination due to partial ]
HampO(U,U)I{D/[lR(U,v)l+A]}eXF{—J(,DR(U,U)], 1

*Current affiliation: BDM Federal, 1900 Founders Drive, Kettering, Ohio Where|R(U,U)| is the amplitude of the Fourier spectrum

45420. . ;
TCurrent affiliation: Western Michigan University, E&CE Department, R(u,v) of the reference funCt'Om(X!y)’ﬁDR(u’v) is the
Kalamazoo, Michigan 49008. phase factor oR(u,v), andD andA are either constants or
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functions ofu andv. The constrainD <|R(U,v)|pnin A

r(x,y) : unrotated/

ensures that the gain of an AMPOF-based correlator is less | Xa(®¥) - X(xy. undistorted reference

than or equal to unity for all frequency components. Fur- | N-training set image

ther, whenA is a function ofu andv, |R(u,v)|=A(u,v), Trages

and D is 1, the AMPOF is nothing but an inverse filter.

Hence, a reasonably smali(u,v) value in AMPOF may Obtain AMPOF:

offer a sharp autocorrelation feature of an IF while at the ' H(u) = DR VAN ™Y

same time it can be used to avoid the indeterminate condi- 217‘3*" X,
tion otherwise associated with an IF. In fact, a prudent | orx (o
choice ofA(u,v) may actually offer bandpass characteris- N Obtain discrete AMPOF
tics to the AMPOF by attenuating unwanted noise frequen- ‘ L Lleh
cies in the filter magnitude plane. However, like any other T
matched filter, a particular shortcoming of AMPOF is that it
does not incorporate multiple image information in its for- 3‘;;3;’,‘,;’.‘?:;?;‘; o: Obtain vector c:
mulation. Hence, any rotation or distortion-related applica- R ’
tion necessitates the use of multiple filters, each corre- [P=1X]
sponding to particular distorted or rotated images.

As noted earlier, a particular frequency domain filter,
namely MACE, may include all possible distortion infor-
mation in its formulation. A MACE filter is a linear com-
bination of the preprocessed distorigchining images’ It
minimizes the average correlation plane energy while pro- Hmace = D'X(XD'X)'c
ducing a prespecified correlation to a location of the train-
ing images. The basic MACE filter is given®as

X*h=¢

Obtain amplitude-coupled MACE:

Fig. 1 Algorithm for amplitude-coupled MACE filter.

Hmace= D™ IX(X*D™1X) ¢, 2)

A bank of amplitude-coupled MACE filters may repre-
sent different distortion-relate@uch as rotation, and scale

whereD=3D;, X=%X; and c=2¢;, Hpac.iS the Fourier  cases. Alternatively, for the case of SAR application, each
transform of the filter function)X; is thei’th training set class of SAR target images may be used to generate a com-
image(where the total number of in-plane rotated images is posite filter which can be then trained and tested. A broad
N), D; is the diagonal matrix composed of the Fourier aspect of this type of an ATR system is to operate in a
transform-square of théth training set image component  wide-area search mode, maintain a very low false alarm
and ¢ is the predefined’th correlation peak at the filter  density in case of different distortions such as rotation, and
output plane. Note that the bold-faced parameters represenprovide a high probability of correct classification. The ul-
respective Fourier transformed versions and the super-timate purpose of the system is to provide a reliable base-
scripts—1 and + denote inverse and transpose operations, line ATR process based on a pattern-matching classifier ap-
respectively. The MACE filter minimizes the total correla- proach. A similar effort for the SAR target identification

tion plane energyEr=HmacDHmace SUbject to the con-  using matched spatial filters has been reported recEhtly.
straintH,,.X; =¢; for i number of training set images. The

vectorc is usually set to 1 for an in-class target recognition
situation while it is considered to be O for an out-of-class
case. o _ , , 3 Algorithm Development

A practical issue associated with the synthesis of a
MACE filter is the presence of a random bias term. A ran- For the case of amplitude-coupled MACE, we derive val-
dom bias term may be a constant noise term that is addedues for vectorc from the AMPOF autocorrelation using
uniformly to the entire input imagleﬁ.The necessary condi-  unrotated reference images only. This autocorrelation value
tion to ensure invariance to the constant noise signih is then replicated for each element of vectothat corre-
random amplitudesis*® sponds to the in-class target class. PhandD parameters
in the AMPOF function were both set to 1, for simplicity.
Since AMPOF offers a very sharp and enhanced correlation
value, the choice of this autocorrelation peak for vectsr
expected to improve the target detection feature of the com-
posite filter. Accordingly, this particular selection ofis
also expected to offer better performance even in the pres-
whereT denotes a transpose operation ard1,1,1...,7 is ence of rotation-related distortion cases. This type of con-
the constant image vector of unit amplitude. The condition straint is quite common in both theoreti¢al and
of Eq. (3) is usually satisfied by including a constant image experimentaf® research work. The algorithm for the
in the training set and setting the corresponding output to 0. amplitude-coupled MACE filter is summarized by the flow-
Further, Eq.(3) also justifies the use of zero mean noise in chart shown in Fig. 1. The rest of the elements of vector
MACE filter synthesis. are set to 0 for the out-of-class targets. An alternative

H macgc: 0, (©)
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target itself, ground clutter, and tree clutter are common in
practice. There are three variablesamely, frequency reso-
lution, angles of interest, and polarizatigiisat need to be
predefined to generate these models. The Xpatch offers co-
herent radar scattering data both unfocused and focused in
nature. Some of the reasons for using Xpatch data for simu-
lation include the high quality, diverseness, and control
over parameter selection. The high quality of Xpatch data
offers state-of-the-art scattering prediction, target/clutter in-
teractions and validation with measurements. The diverse-
ness of data include multiple frequencissich as ultrahigh
frequency, and L, X, and Ka bands for electromagnetic
waves, fully polarimetric data, all azimuth and elevation
angles, and different target articulations and obscuration.
The control over parameter selection allows quantitative
experiments.

The images generated using Xpatch are complexé4
image domain data for the above-mentioned four targets at
11 azimuth angles. The targets are located on rough ground
plane. These SAR data are generated at a frequency of 10
GHz, an elevation angle of 40 deg, an azimuth range of 1,
and a target azimuth angle in 5.2fe., 3-deg places and 2

choice to implementing an amplitude-coupled MACE filter POStdecimal degree plageShus the data range from 2 to 7
is to predefinec as 1 and O respectively for in-class and 9€9 in increments of 0.5 deg. The generated SAR images
out-of-class targets. are for horizontal polarization only at a resolution of X i

In the algorithm of Fig. 1, the bold characters represent ft: However, the data may be modified to include other
a discretized Fourier-transformed version of the corre- Ne€cessary polarizations and hence an exact model of the

sponding vector and/or matrix. We start withnumber of ata may be obtained. The CAD models of SAR images in
distorted training set images and obtain matixas de-  F19S: 3@ through 3d) are obtained at a 10 GHz frequency,
scribed in Sec. 2. Next, we obtain the diagonal mabix & 40-deg elevation angle, an azimuth range of 1, and an

using matrixX. In order to obtain the useful features of an angdle of 2 deg.
AMPOF, the AMPOF is further coupled with the MACE

function. To accomplish this, each of the magnitude and

phase components of the MACE filter is accessed and ar-5 Training and Results
ranged according to Eq1). This offers an overall AMPOF
nature to the composite MACE filter. Finally, the general-
ized MACE filter as represented by E@) is obtained.

For this rotation-invariance algorithm, the output corre-
lation peak intensity is considered as a measure of ATR
performance. As pointed out by Farn and Goodrfaine
maximization of the correlation peak metric is a reasonable
measure for the performance of any composite filter. Fur-
thermore, we test the suitability of this algorithm in terms
of probability of correct classificationR;). More impor-
tant, thisP, is obtained at an increased signal-to-noise ratio
(SNR). Note that theP,, is defined by the number of occur-
rences(in a scale of 0 through)lof maximum test corre-
lation corresponding to the respective test-pattern filter.

10 20 30 40 50 60

Fig. 2 Gray-scale image of a tank.

As discussed in Section 3, we explore two baselining prop-
erties, namely, rotation invariance and the probability of
correctness of the amplitude-coupled MACE filter. We
implement both MACE and amplitude-coupled MACE fil-
ters. For proof-of-concept rotation invariance, we consider
only one target clas.g., the gray-scale “TanK” In order

to test the rotation-invariance feature, we test the four ro-
tated images against the unrotated center im@dech is
included as reference image in the formulajiorhe corre-
lation results are obtained as shown in Fig&)and 4b)

for MACE and amplitude-coupled MACE respectively.
Since the rotated images are tested not simultaneously but
sequentially, the peak locations in Figia®do not neces-
sarily represent true locations of the images in the input
image plane. Further, since the usual response plot of an
amplitude-coupled MACE filter shows localized frequency
4 Image Database concentration at a certain region, the correlation peaks in
Two different databases of the images have been used inFig. 4(b) appear only at a certain frequency baml this

this study. The first group is a gray-scale >884-sized case atu=20). Figure 4b) shows considerable improve-
“Tank” image as shown in Fig. 2. The “Tank” image is ment in the correlation peak. This maximum correlation-
reduced to a 3232 size for the sake of memory constraint. value technique described here has been successfully used
Four different rotatedi.e., 0, 90, 180, and 270 deger- for shift-invariant pattern-matching purposes.

sions of this gray-scale image are also obtained. The second In order to demonstrate an overall rotation-invariance

group of images are SAR imadéss shown in Figs. ) algorithm, we begin the training phase with a leave-one-out
to 3(d) for “T72” tank, “M1” tank, fire “Truck” and a loop so that each time we read 10 SAR images out of a
school “Bus” respectively. These latter images are simu- total of 11 and then construct a composite amplitude-
lated using Xpatch computer-aided des{@RAD) software. coupled MACE filter with these images. We train each of

In general, three types of CAD models such as that for the the filters with the four in-plane rotated versiomg., 0, 90,

Optical Engineering, Vol. 35 No. 4, April 1996 1011



Iftekharuddin, Ahmed, and Karim: Rotation-invariant target recognitiion...

T72_tank M1 _tank

(a) (c)

Fire_truck School_bus

(b) (d)

Fig. 3 SAR image of (a) T72 tank, (b) fire truck, (c) M1 tank, and (d) school bus.

180, and 270 degof the gray-scale “Tank” images. The The simulation for another baseline feature, probability
testing is performed with the left-out image from the leave- of correctness, is performed using all four classes of SAR
one-out loop. Each one of the constructed filters with 24 targets comprising a total of 44 images. For the training
in-plane rotated versior(se., 0, 15, 30, 45, 60 deg....., 6tc.  phase, the leave-one-out loops for each of the target classes
of the left-out image in each case is tested. The overall are initiated as before. Four different types of filtezerre-
rotation invariance result is obtained as shown in Fig. 5. sponding to the four different classes of SAR targets of
The dotted curve corresponds to amplitude-coupled MACE Figs. 3a) through 3d)] are generalized using 10 images
while the “+” points correspond to MACE filters respec- from each class at a time. In order to make the overall
tively. As expected, the amplitude-coupled MACE per- computation statistically sound, noise of different variance
forms better than the MACE. This improved correlation is instantiated and added to each left-out image of each
feature is desirable for the low-powered optical correlators. class. Next, each class of filters is tested against the noisy
The four peaks in Fig. 5 for both the amplitude- versions of the left-out image. The probability of correct-
compensated MACE and MACE filters correspond to the ness vector is increased each time when the maximum test
in-class matchat the four rotation angleésn the testing correlation occurs corresponding to the respective test-
phase. pattern filter. Finally, the probability of correctness versus
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the SNR plot is obtained as shown in Fig. 6. Here, the » SNR (dB)

probability of correct classification for the amplitude-
coupled MACE filter increases with increasing signal
power. A 100% classification is obtained at about 8 dB of
SNR. Note that this curve will turn out to be much
smoother with smoother noise transitions.

Fig. 6 Probability of correctness versus SNR.

The rate of probability of correct classification is also quite
impressive.
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