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(57) ABSTRACT 

An adaptive radar processing system includes an antenna 
array for transmitting a radar signal and for receiving a 
return radar signal, and a signal processor programmed With 
an enhanced FRACTA algorithm (FRACTAE). The basic 
FRACTA algorithm is enhanced to FRACTAE With (any or 
all of) ?ve enhancements, versions l-5. Version 1 is a 
stopping criterion, for censoring samples, that is adaptive to 
a radar return data set. The inclusion of a stopping criterion 
improves the computational speed of FRACTAE thereby 
improving its ef?ciency. Version 2 uses global censoring. 
Version 3 uses fast reiterative censoring. Version 4 uses 
segmenting of data vectors for AMF application. Version 5 
uses Knowledge-aided covariance estimation (KACE) to 
reduce the required sample support that may be necessary in 
non-homogeneous environments, providing substantially 
the same level of detection performance With considerably 
less training data. 
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RADAR PROCESSOR SYSTEM AND METHOD 

[0001] The present application claims the bene?t of the 
priority ?ling date of provisional patent application Ser. No. 
60/499,373, ?led Sep. 3, 2003, incorporated herein by 
reference. 

FIELD OF THE INVENTION 

[0002] This invention relates to a processing method and 
system for radar applications. More particularly, the inven 
tion relates to adaptive radar processing. 

BACKGROUND OF THE INVENTION 

[0003] Radar systems such as those used for airborne 
applications typically have to contend With the presence of 
non-homogeneous clutter, jamming, and dense target clus 
ters. An approach that has proved successful in minimiZing 
the masking effect of undesirable false signals on a target 
return signal is adaptive matched ?ltering for signal pro 
cessing. 

[0004] Adaptive signal processing systems have many 
applications including radar reception, cellular telephones, 
communications systems, and biomedical imaging. Adap 
tive signal processing systems utiliZe adaptive ?ltering to 
differentiate betWeen the desired signal and the combination 
of interference and noise, i.e. thermal or receiver noise. An 
adaptive ?lter is de?ned by four aspects: the type of signals 
being processed, the structure that de?nes hoW the output 
signal of the ?lter is computed from its input signal, the 
parameters Within this structure that can be iteratively 
changed to alter the ?lter’s input-output relationship, and the 
adaptive algorithm that describes hoW the parameters are 
adjusted from one time instant to the next. 

[0005] Common applications of adaptive signal process 
ing include: an adaptive radar reception antenna array, an 
adaptive antenna array for adaptive communications, and 
adaptive sonar. In these systems, desired signal detection 
and estimation is hindered by noise and interference. Inter 
ference may be intentional jamming and or unintentional 
received radiation. Noise is usually described as ever present 
receiver thermal noise, generally at a loW poWer level. In 
these applications antenna arrays may change their multidi 
mensional reception patterns automatically in response to 
the signal environment in a Way that optimiZes the ratio of 
signal poWer to the combination of interference poWer plus 
noise poWer (abbreviated as SINR). The array pattern is 
easily controlled by Weighting the amplitude and phase of 
the signal from each element before combining (adding) the 
signals. In general, multidimensional samples may be col 
lected, e.g. over antenna elements, over time, over polariZa 
tion, etc., Where each sample is a separate, input channel to 
the adaptive processor. Adaptive arrays are especially useful 
to protect radar and communication systems from interfer 
ence When the directions of the interference are unknown or 
changing While attempting to receive a desired signal of 
knoWn form. Adaptive arrays are capable of operating even 
When the antenna elements have arbitrary patterns, polar 
iZations, and spacings. This feature is especially advanta 
geous When an antenna array operates on an irregularly 
shaped surface such as an aircraft or ship. 

[0006] Adaptive signal processing systems are required to 
?lter out undesirable interference and noise. Due to the lack 
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of a priori knowledge of an external environment, adaptive 
signal processing systems require a certain amount of sta 
tistically independent Weight training data samples (called 
secondary sample data) to effectively estimate the input 
noise and interference statistics. 

[0007] “Ideal” Weight training data has a Gaussian prob 
ability distribution for both its real and imaginary baseband 
components. HoWever, real-World Weight training data may 
be contaminated by undesirable impulse noise outliers, 
resulting in a non-Gaussian distribution of real and imagi 
nary components. 

[0008] The number of Weight training data samples 
required for SINR performance of the adaptive processor to 
be Within 3 dB of the optimum on average is called the 
convergence measure of effectiveness (MOE) of the proces 
sor. A signal is stationary if its statistical probability distri 
bution is independent of time. For the pure statistically 
stationary Gaussian noise case, the convergence MOE of the 
conventional Sample Matrix Inversion (SMI) adaptive linear 
technique can be attained using approximately 2N samples 
for adaptive Weight estimation, regardless of the input noise 
covariance matrix, Where N is the number of degrees of 
freedom in the processor (i.e., the number of antenna ele 
ments or subarrays) for a spatially adaptive array processor, 
or N is the number of space-time channels in a space-time 
adaptive processing (STAP) processor). Referred to as the 
SMI convergence MOE, convergence Within 3 dB of the 
optimum using approximately 2N samples for adaptive 
Weight estimation has become a benchmark used to assess 
convergence rates of full rank adaptive processors. General 
information regarding SMI convergence MOE may be found 
in Reed, I. S., Mallet, J. D., Brennan, L. E., “Rapid Con 
vergence Rate in Adaptive Arrays”, IEEE Trans. Aerospace 
and Electronic Systems, Vol. AES-l0, No. 6, November, 
1974, pp. 853-863, the disclosure of Which is incorporated 
herein by reference. 

[0009] Conventional sample matrix inversion (SMI) adap 
tive signal processing systems are capable of meeting this 
benchmark for the pure statistically stationary Gaussian 
noise case. If, hoWever, the Weight training data contains 
non-Gaussian noise outliers, the convergence MOE of the 
system increases to require an unWorkably large number of 
Weight training data samples. The performance degradation 
of the SMI algorithm in the presence of non-Gaussian 
distributions (outliers) can be attributed to the highly sen 
sitive nature of input noise covariance matrix estimates to 
even small amounts of impulsive non-Gaussian noise that 
may be corrupting the dominant Gaussian noise distribution. 
General information regarding the sensitivity of the SMI 
algorithm may be found in Antonik, P. Schuman, H. Melvin, 
W., Wicks, M., “Implementation of Knowledge-Based Con 
trol for Space-Time Adaptive Processing”, IEEE Radar 97 
Conference, 14-16 Oct. 1997, p. 478-482, the disclosure of 
Which is incorporated herein by reference. 

[0010] Thus, for contaminated Weight training data, con 
vergence rate may sloW signi?cantly With conventional 
systems. Fast convergence rates are important for several 
practical reasons including limited amounts of Weight train 
ing data due to non-stationary interference and computa 
tional complexity involved in generating adaptive Weights. 
In other Words, the time Which elapses While a conventional 
system is acquiring Weight training data and generating 
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adaptive Weights may exceed the stationary component of a 
given non-stationary noise environment, and an adaptive 
Weight thus generated has become obsolete prior to comple 
tion of its computation. 

[0011] Most real World data does not have a purely Gaus 
sian probability distribution due to contamination by non 
Gaussian outliers and/or desired signal components. Con 
ventional signal processors assume that the Weight training 
data has a Gaussian distribution, and therefore they do not 
perform as Well as theory Would predict When operating With 
real World data. If Weight training data contains desired 
signals that appear to be outliers, the performance is simi 
larly degraded. 
[0012] Optimal, reduced rank, adaptive processors are 
derived primarily to combat the problem of non-stationary 
data conditions (i.e. loW sample support) often encountered 
in general applications. HoWever, they still have conver 
gence MOE’s that are degraded by outliers. For radar 
applications, these provide better SINR output than full rank 
methods, typically through the use of localiZed training data 
to improve statistical similarity With the range cell under test 
(CUT). An exemplary system is described in US. patent 
application Ser. No. 09/933,004, “System and Method For 
Adaptive Filtering”, Goldstein et al., incorporated herein by 
reference. 

[0013] Also, full rank, robust, adaptive processor research 
has resulted in novel open loop processors capable of 
accommodating an amount of non-Gaussian/outlier con 
taminated and nonstationary data, While still producing an 
SMl-like convergence MOE. An exemplary system is 
described in US. patent application Ser. No. 09/835,127, 
“Pseudo-Median Cascaded Canceller”, Picciolo et al., incor 
porated herein by reference. 
[0014] Reduced rank processors have a convergence MOE 
typically on the order of 2r, Where r is the effective rank of 
the interference covariance matrix. Effective rank refers to 
that value of r Which is associated With the dominant 
eigenvalues of the interference and noise covariance matrix. 
General information regarding “effective rank” and general 
trends in the convergence MOE of reduced rank processors 
may be found in “Principal Components, Covariance Matrix 
Tapers, and the Subspace Leakage Problem”, J. R. Guerci 
and J. S. Bergin, IEEE Transactions on Aerospace and 
Electronic Systems, Vol. 38, No. 1, Jan. 2002. 

[0015] Fundamental to most adaptive matched ?lter 
(AMF) methods is the accurate estimation of the unknown 
input covariance matrix. The true covariance matrix pro 
vides the optimal linear Weighting of MN input elements 
such that the output signal-to-interference ratio is maxi 
miZed, Where N is the number of antenna elements and M is 
the number of pulses. Due to the lack of knoWledge of an 
external environment, adaptive techniques require a certain 
amount of data to estimate the MN><MN input covariance 
matrix effectively. Minimizing the convergence MOE is 
important since the characteristics of the external interfer 
ence change rapidly With time in many environments. 

[0016] Typically for adaptive radar applications, the 
sample covariance matrix is estimated using training data 
from range cells close to the CUT. HoWever, the presence of 
outliers in the training data can skeW the covariance matrix 
estimate such that a true target in the primary range cell is 
suppressed. Therefore, it is important that all relevant out 
liers be excised. 
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[0017] A variety of conditions exists Wherein outlier data 
can be present. For example, sidelobe-clutter discretes could 
be present in only a feW range cells. The temporal covari 
ance matrix of the sidelobe-clutter discretes is much differ 
ent than that of other sources such as the surrounding sea 
clutter. This problem is closely related to the existence of 
land-sea clutter interfaces, Which cause signi?cant degrada 
tion in airborne radar adaptive processing. Other sources of 
outlier data are the desired targets themselves. For example, 
if one is trying to detect an individual target adaptively in the 
presence of a formation of targets (such as an airborne 
formation), the other desired target returns, located in dis 
tinct range cells about the individual desired target With 
essentially the same velocity vector, can be present in the 
training data. All of the desired targets have approximately 
the same desired steering vector. The presence of the desired 
target returns in the training data can severely degrade the 
adaptive match ?lter’s performance, because the training 
data is used to estimate a Weighting vector Which is in the 
null space of the signal and interference sources that are in 
the training data. Hence, if a signal that has the desired 
signal’s steering vector is in the training data, the adaptive 
Weight vector may null the desired signal. 

[0018] “Outlier Resistant Adaptive Matched Filters”, K. 
Gerlach, IEEE Trans. on AES, Vol. 38, No. 2, July 2002, 
incorporated herein by reference, describes a robust AMF 
Whereby outlier data vectors in the training data are censored 
from the covariance matrix estimate using the Maximum 
Likelihood Estimation (MLE) setting. The Reiterative Cen 
sored Fast Maximum Likelihood (RCFML/GIP) technique 
is based on eliminating a ?xed number of snapshots from the 
training set in reiterative fashion using a version of the 
GeneraliZed Inner Product (GIP) metric, described in 
“Screening among Multivariate Normal Data”, P. Chen. W. 
L. Melvin. and M. C. Wicks, Journal ofMullivarialeAnaly 
sis, 69, pp. 10-29, 1999, and incorporated herein by refer 
ence. The RCFML’s convergence performance Was shoWn 
to be relatively unaffected by the presence of outliers Where 
the interference scenario consisted of homogeneous Gaus 
sian noise plus the outliers. 

[0019] It Would be desirable to extend these techniques to 
situations that include nonhomogeneous clutter and other 
such interference sources. 

SUMMARY OF THE INVENTION 

[0020] According to the invention, an adaptive radar pro 
cessing system includes an antenna array for transmitting a 
radar signal and for receiving a return radar signal, and a 
signal processor programmed With an enhanced FRACTA 
algorithm (FRACTA.E). The basic FRACTA algorithm is 
enhanced With any or all of ?ve enhancements (FRACTA.E 
versions 1-5). Version 1 is a stopping criterion, for censoring 
samples, that is adaptive to a radar return data set. The 
inclusion of a stopping criterion improves the computational 
speed of FRACTA.E, improving its performance and effi 
ciency. Version 2 uses global censoring. Version 3 uses fast 
reiterative censoring. Version 4 uses segmenting of data 
vectors for AMF. Version 5 uses Knowledge-aided covari 
ance estimation (KACE) to reduce the required sample 
support that may be necessary in non-homogeneous envi 
ronments, providing substantially the same level of detec 
tion performance With considerably less training data. 

[0021] Also according to the invention, a method for 
adaptive radar processing includes transmitting a radar sig 
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nal; receiving a return radar signal; and processing the return 
radar signal With the FRACTA.E algorithm, versions 1-5 or 
any combination thereof. 

[0022] Version 1, for example, uses a stopping criterion. 
The inclusion of a stopping criterion improves the compu 
tational speed of FRACTA.E thereby improving its effi 
ciency. The stopping criterion is denoted as the Censoring 
Stopping Rule (CSR). 

[0023] Further modi?cations that increase the utility and/ 
or the performance of the adaptive radar processing system 
With FRACTA.E include the application of Global Censor 
ing (GC) (version 2) or the application of Fast Reiterative 
Censoring (FRC) (version 3). Adaptive processing at less 
than full resolution by segmenting the data vectors is another 
enhancement to FRACTA (version 4). This is henceforth 
denoted as Data Vector Segmentation (DVS). 

[0024] An additional modi?cation improving the perfor 
mance of the system and method of the invention is supple 
menting FRACTA With Knowledge-aided Covariance Esti 
mation (KACE) (version 5), Which reduces the required 
sample support that may be necessary in non-homogeneous 
environments. FRACTA.E (version 5) can then achieve 
substantially the same level of detection performance With 
considerably less training data. 

[0025] Versions 1-5 may be used in any combination 
together to realiZe improvements in computational perfor 
mance and speed. 

[0026] Additional features and advantages of the present 
invention Will be set forth in, or be apparent from, the 
detailed description of preferred embodiments Which fol 
loWs. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0027] FIG. 1 is a schematic diagram of an adaptive radar 
system according to the invention. 

[0028] FIG. 2 is a block diagram shoWing the general 
operation of the FRACTA algorithm. 

[0029] FIG. 3 is a graph for the KASSPER datacube 
shoWing incident poWer vs. range and Doppler along the 
boresight direction according to the invention. 

[0030] FIG. 4 is a graph for the KASSPER datacube 
shoWing the average poWer incident upon a single antenna 
element relative to the noise ?oor according to the invention 

[0031] FIG. 5 is a graph for the KASSPER datacube 
shoWing the output poWer residue using FRACTA.E ver 
sions l, 2, and 3 (With the CSR, GC, and FRC enhance 
ments) according to the invention. 

[0032] FIG. 6 is a graph for the KASSPER datacube 
shoWing the ACE using FRACTA.E versions 1, 2, and 3 
(With the CSR, GC, and FRC enhancements) according to 
the invention. 

[0033] FIG. 7 is a graph of the detection map of 
KASSPER using FRACTA.E versions 1, 2, and 3 (With the 
CSR, GC, and FRC enhancements) according to the inven 
tion. 

[0034] FIG. 8 is a graph for the KASSPER datacube 
illustrating the clutter poWer at a speci?c range as a function 
of aZimuth and Doppler according to the invention. 
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[0035] FIG. 9 is a graph for the KASSPER datacube 
shoWing the incident poWer along the boresight direction in 
terms of range (35-50 km) and Doppler according to the 
invention. 

[0036] FIG. 10 is a graph shoWing the detection perfor 
mance using FRACTA.E versions 1, 2, 3, and 5 (With the 
CSR, GC, FRC, and KACE enhancements) according to the 
invention. 

[0037] FIG. 11 is a graph shoWing the APR for a sample 
support of 30 using FRACTA.E versions 1, 2, and 3 (With 
the CSR, GC, and FRC enhancements) according to the 
invention. 

[0038] FIG. 12 is a graph shoWing the APR for a sample 
support of 30 using FRACTA.E as in FIG. 11 except also 
using FRACTA.E version 5 (the KACE enhancement) 
according to the invention. 

DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENTS 

[0039] Referring noW to FIG. 1, a radar system 100 
includes an N-element uniform linear array 102 resulting in 
N Radio Frequency (RF) input channels. Each of the N array 
elements has M time delayed inputs 104 Which are com 
bined via adaptive linear Weighting to form outputs 106 such 
that an output performance measure (such as signal-to-noise 
(S/N) poWer ratio) is optimiZed. The adaptive linear Weight 
ing is determined by a STAP processor 105. A combiner 108 
accumulates the Weighted outputs to form the ?nal output 
poWer residue. 

[0040] Assume that for each of these RF channels, the 
radar front end carries out ampli?cation, ?ltering, reduction 
to baseband, and analog-to-digital (A/D) conversion. The 
output of each A/D is a data stream of in-phase and quadra 
ture phase (I, Q) output pairs. The I and Q components 
represent the real and imaginary parts, respectively, of the 
complex valued data stream. The radar Waveform is 
assumed to be a burst of M identical pulses With pulse 
repetition interval (PRI) equal to T. Target detection is based 
upon the returns from this burst. The input data in the 
respective channels are sampled to form range-gate samples 
for each pulse. For a given range gate, an MN-length sample 
vector called a snapshot is formed by stacking in succession 
the N-length data vectors associated With each of the 
antenna channels for each of the M pulses. Signal presence 
is sought in one CUT at a time. The secondary data vectors 
(of length MN) are called the training data and are used to 
form the adaptive Weight vector (of length MN) Which 
implements an AMF. This adaptive Weight is applied to the 
CUT data vector (of length MN) Which may or may not be 
one of the secondary vectors. The secondary and CUT 
vectors are assumed to have the same covariance matrix in 
the derivation of the optimal estimate of the optimal adap 
tive Weighting vector. HoWever, the issue of the effects of 
nonhomogeneous CUT and secondary data vectors ( i.e., 
they may have different covariance matrices) on perfor 
mance is important because of the resultant performance 
degradation. This effect is modeled via the RLSTAP clutter 
model Whereby nonhomogeneous synthetic clutter in range 
is generated. The input interference present in the main and 
auxiliary channels consists of three statistically independent 
components: thermal noise (system noise and external ther 
mal noise), clutter and jamming. Let Z represent one of the 
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MN-length data vectors. Assuming that there is no desired 
signal present, then Z=Zt+ZC+Zj Where Zt, Z0, and ZJ- represent 
the thermal noise, clutter, and jamming components, respec 
tively. Let Rt, RC, and RJ- represent the MN><MN covariance 
matrices associated With the thermal noise, clutter, and 
jamming components, respectively, Where each is a positive 
semi-de?nite Hermitian (psdh) matrix. If R is the covariance 
matrix of Z de?ned as R=E{ZZ'}, Where E denotes the 
expected value and ' denotes the conjugate transpose opera 
tion, then because of the mutual statistical independence of 
thermal noise, clutter, and jamming components: R=Rt+RC+ 
Rj. It can be assumed Without loss of generality that the 
thermal noise on each of the MN elements of Zt are statis 
tically independent and With poWer equal to one. Thus 
R=IM @IN Where Ih denotes the h'th order identity matrix and 
Q the Kronecker matrix product. Furthermore it is com 
monly assumed that the jamming components are statisti 
cally independent from pulse-to-pulse (i.e. barrage jam 
ming); thus it can be shoWn that RJ-=IM®RJ- Where RJ- is the 
spatial N><N jamming covariance matrix associated With the 
elements of the linear array. 

[0041] The primary data vector may contain a desired 
signal vector denoted by as Where a is an unknown complex 
amplitude and s is an MN-length column vector related to 
the desired signal. For the input data structure previously 
described, the spatio-temporal steering vector s takes the 
form: s=sd®sS, Where s‘,1 is an M-length temporal steering 
vector related to the desired signal’s Doppler shift and sS is 
an N-length spatial steering vector associated With the 
desired signal’s spatial phase shift. For a moving target With 
DQopgler phase shift per pulse equal to (I): sd=(1€¢e2j¢. . . 
e )T Where superscript T denotes transpose. 

[0042] Given s and MN><MN interference covariance 
matrix R, it is Well-knoWn that conjugate Weighting of the 
MN-length primary data vector Which maximiZes output 
signal-to-interference poWer ratio (SIR) is given by W=R_lS. 
For adaptive problems, R is generally not knoWn but there 
may exist a priori information about the structure of R. For 
example, as noted above, the jamming component of R has 
the form IM®Rj Where RJ- is the unknoWn spatial N><N 
jamming covariance matrix. Furthermore, for radar systems 
at microWave frequencies, the thermal noise is generally 
dominated by the internal noise poWer that can be readily 
measured. Hence, it can be assumed that the thermal noise 
covariance matrix is knoWn. Given this knowledge, the Fast 
Maximum Likelihood (FML) algorithm described in “Fast 
converging adaptive canceller for a structural covariance 
matrix”, M. J. Steiner and K. Gerlach, IEEE Trans. on 
Aerospace and Electronic Systems, Vol. 36, No. 4, pp. 1115 
1126, Oct. 2000 (“Steiner et al.”) and incorporated herein by 
reference, may be used to compute the adaptive Weight from 
the uncensored or censored input data. 

[0043] Methods for censoring input data vectors from the 
training data are as folloWs. The initial training data (ITD) 
is de?ned as an initial or original set of K input snapshots of 
length MN, the censored training data (CTD) as an Mout 
element subset of ITD of censored snapshots Where MOut is 
a ?xed number of input data vectors that are censored, and 
the uncensored training data (U TD) as the K-Mout element 
subset of ICT of uncensored snapshots. Thus ITD= 
UTDUCTD. Let Zk, k=1, 2, . . . K, denote the MN><1 vectors 
of ITD, and R equal the estimate of the covariance matrix 
Which is derived using ITD. 
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[0044] There are tWo metrics that are most often used to 
censor data vectors from the ITD. These are the Generalized 
Inner Product (GIP) and the Adaptive PoWer Residue 
(APR). Regarding the latter, APR metric is a discriminant 
for censoring sample snapshots. In its most simplistic form, 
the APR is the instantaneous poWer of the adaptive ?lter 
output for a range cell associated With a particular snapshot. 
The motivation for using the APR metric for censoring data 
samples is intuitively straight-forward: a large APR (rela 
tively speaking) Would indicate that the given cell does not 
share all of the covariance matrix structure of the ambient 
cells and thus should be censored. 

[0045] For illustrative purposes (there are other Ways of 
de?ning these metrics), GIP and APR are de?ned by 

GIP: zk’R’lzk, k=l, 2, . . .K, (1) 

APR: [sk’R’1zk]2, k=l, 2, . . .K. (2) 

The simplest form of a censoring algorithm using either one 
of the above metrics is as folloWs. Let n1k (k=1, . . . K) denote 

either Zk'R_lZk or [Sk'R_lZk]2. Let m(k), k=1, 2, . . . K denote 
the ordered sequence Where m®§m(2)§ . . . §m(k). If MOut 
data vectors are to be censored, then the data vector indices 
corresponding to some combination of the MOut loWest 
and/or highest valued metrics (i.e. m(k), k=1, 2, . . . K) are 
censored. The data vectors associated With the indices that 
Were not censored are used to estimate the covariance matrix 
and hence to calculate the adaptive Weight. For the censoring 
algorithms to be presented, the highest valued metric indices 
are alWays censored. An effective censoring methodology 
Was introduced in Chen et al, supra, Whereby data snapshots 
are censored reiterately. If Q denotes the set of sample 
indices for a given ITD set, then it is evident that a reiterative 
procedure for eliminating an arbitrary number of data snap 
shot indices from Q/is to eliminate a snapshot one at a time 
Where at each step, Q is set equal to the set of indices of the 
remaining snapshots. For example, if the GIP metric Were 
used then on the ?rst iteration the unknoWn covariance 
matrix Would be estimated from the ITD using the FML. 
Thereafter, the GIP metric is calculated for the K snapshots 
in the ITD (see Eq. (1)) and put in ascending order. The 
range sample snapshot associated With the largest GIP is 
censored resulting in a neW training data set that consists of 
the K-1 remaining snapshots. The second iteration censors 
in similar fashion a snapshot from the remaining K-1 
snapshots Where the unknoWn covariance matrix is calcu 
lated via the FML algorithm from these snapshots. This 
methodology is reiterated for as many times as desired. With 
respect to the GIP and APR metrics, this censoring/adaptive 
Weight technique is denoted as the Reiterative Censored 
FML using the GIP metric (or simply RCFML/GIP) and the 
Reiterative Censored FML using the APR metric (RCFML/ 
APR). 
[0046] TWo exemplary methods of processing input data 
are Sliding WindoW Processing (SWP) and Concurrent 
Block Processing (CBP). For SWP, the CUT and a ?xed 
number of cells to the right and left of the CUT (these cells 
are called guard cells) are not in the ITD. In addition the ITD 
changes for each CUT. The ITD consists of the K/2 (assume 
K is even) snapshots (indexed in range) to the immediate 
right of the right guard cells and K/2 snapshots to the 
immediate left of the left guard cells. The CUT has the 
center index of the ITD. An adaptive Weight is calculated 
from the ITD or UTD (depending on Whether censoring is 
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used). This adaptive Weight is applied just to the CUT. After 
a given CUT is adaptively processed, the next CUT (i.e. the 
CUT associated With the next contiguous range cell) is 
adaptively processed, and so on and so on. If SWP is used 
for the tWo censoring algorithms previously discussed, these 
algorithms are designated as SWP RCFML/GIP and SWP 
RCFML/APR. For CBP, there are no guard cells and the 
CUTs are a group of range indices centered on the center 
index of the ITD. One or tWo adaptive Weights are calculated 
and applied back onto the CUTs. If CBP is used and one 
adaptive Weight is calculated, the previously mentioned 
censoring adaptive algorithms can be re-designated as CBP 
RCFML/GIP, and CBP RCFML/APR. 

[0047] This combination of using the FML algorithm, 
Reiterative Censoring, the APR metric, Concurrent Block 
Processing, the TWo-Weight-method (2 adaptive Weights) 
and the resultant ACE metric, termed “FRACTA”, is 
described in “Robust STAP using reiterative censoring”, K. 
Gerlach and M. Picciolo, pp. 244-51, Proceedings of the 
IEEE Radar Conference, (2003) (“Gerlach et al.”), incorpo 
rated herein by reference, Which also discloses that a tWo 
Weight CBP adaptive censoring algorithm yields improved 
performance compared With a single-Weight algorithm. The 
combination of CBP RCFML/APR test statistic and the ACE 
test statistic yields an effective metric for discerning real 
targets in nonhomogeneous interference. 

[0048] The general operation of FRACTA is illustrated in 
FIG. 2 Which as described above reiteratively censors the 
FML covariance matrix estimate using APR, by reiteratively 
removing from the block of training data the cell that 
possesses the largest APR, Where the APR for the kth 
snapshot of training data is 

in Which s is the length-MN steering vector, Zk is the kth 
length-MN data vector, and R is the covariance matrix 
estimated by FML from the set of K data vectors. In CBP, 
a set of contiguous CUTs are operated on simultaneously in 
Which no guard cells are used and the CUTs are in the 
training data. The training data is reiteratively processed to 
excise any range cells that are likely to be targets (i.e. have 
a relatively large APR), Which results in a set of censored 
cells (potential targets if a CUT) and a set of uncensored 
cells. The uncensored cells are used to compute an adaptive 
Weight WC that is then applied to the censored CUTs. The 
total data block (both censored and uncensored cells) is also 
used to compute an adaptive Weight WU for the uncensored 
CUTs. The use of these tWo Weights results in targets 
standing out dramatically from the suppressed noise and 
interference. A cell averaging-constant false alarm rate (CA 
CFAR) detection threshold is performed on each censored 
CUT in Which the value of the average background noise 
and interference is computed using the output residue from 
local uncensored CUTs. Finally, the ACE is used to deter 
mine Which of the potential targets that passed the CA 
CFAR coherently match the steering vector of interest. In 
this Way, the ACE eliminates false targets that may come 
through the space-time ?lter sidelobes. 

[0049] It should be noted, hoWever, that the censoring 
process in FRACTA is computationally demanding and is 
the most computationally intensive portion of the FRACTA 
algorithm as Well as being the ?rst level of detection. 
FRACTA therefore is preferably enhanced in a ?rst version 
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termed FRACTA.E version 1 by the application of a stop 
ping criterion for censoring samples that is adaptive to the 
data as the vast majority of the targets Will be located in 
Dopplers that are relatively close to the clutter yet high 
Doppler regions cannot be ignored or targets may be missed. 
In FRACTA.E version 1, a robust Censoring Stopping Rule 
(CSR) adaptive to the data is preferably applied as folloWs. 
A probe data vector that is appended to the data block takes 
on the form 

probexxps (4) 

Where (Xp is a pre-determined magnitude that is set such that 
the probe vector is nominally detectable (10- 15 dB above 
the noise ?oor). The APR of the probe is found to be laps‘ 
R_1s]2, and Whenever this value exceeds the APR for all the 
true data vectors, censoring is halted. Note that the CSR is 
someWhat conservative because it does not contain noise 
and interference Which Would increase the APR of the probe, 
especially near the clutter ridge. Therefore, it is still useful 
to maintain an upper limit on the number of cells alloWed to 
be censored for a given data block. 

[0050] Besides the CSR, other approaches also enhance 
the performance and/or reduce the computational load of the 
FRACTA algorithm. In a second version termed FRACTA.E 
version 2, the approach is Global Censoring (GC), Which 
pertains to the Way in Which data is assigned to blocks for 
processing. Conventional Wisdom leads one to set small 
block siZes When computing the adaptive Weight vector due 
to the possible non-stationarity of the data. HoWever, When 
performing censoring using the APR metric, one is search 
ing for data vectors that possess some degree of similarity 
With a speci?c steering vector s and it is not necessarily 
important to maximally suppress the interference as in AMF. 
Furthermore, at each reiterative step all the remaining 
uncensored data vectors are contained in the current estimate 
of the covariance matrix, thus it is desirable to have the 
target-like cells to be “nulled the least”. Typically, only a 
relatively small number of range cells Will contain a target. 
HoWever, targets also tend to be clustered close together 
such as ground traf?c on roads. Therefore, it makes sense to 
use as many data vectors as possible for censoring in order 
to drive doWn the eigenvalues of R corresponding to target 
cells especially in regions of dense target clusters. In this 
manner, GC takes a large block (if not all) of the data vector 
samples to perform censoring for each individual doppler. 
Hence, target cells tend to be nulled the least and therefore 
Will most likely possess the largest APR values resulting in 
their being correctly censored. 

[0051] In a third version termed FRACTA.E version 3, the 
approach is Fast Reiterative Censoring (FRC), in Which the 
FML for covariance matrix estimation is replaced With a 
Loaded Sample Matrix Inverse (LSMI). Although it is 
taught in references such as Steiner et al., supra that FML 
and LSMI produce very similar results, a signi?cant dis 
tinction is that LSMI requires substantially less computa 
tional effort. Furthermore, the structure of LSMI enables the 
covariance matrix to be reiteratively re-estimated after a 
snapshot has been censored Without the need to compute a 
full matrix inverse. This is accomplished by employing an 
approximation to the matrix inversion lemma (also knoWn as 
Woodbury’s identity), described in “Mathematical Methods 
and Algorithms for Signal Processing”, T. K. Moon and W. 
C. Stirling, pp. 258-261, Prentice Hall, Upper Saddle River, 
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N.J., (2000), incorporated herein by reference, in Which the 
updated covariance matrix is computed as 

Where Zk is the data vector being censored, R(m_l)_l is the 
inverse of the covariance matrix estimate prior to the mth 
censoring stage, K(m_ 1) is the number of uncensored samples 
prior to the mth censoring stage. The initial inverse covari 
ance matrix estimate Rm)‘l is computed directly from LSMI 
and the initial number of uncensored samples Kw) is the data 
block siZe. This is an approximation to the inverse covari 
ance matrix in Which KUU) Will decrease by l at each 
reiterative stage. 

[0052] Besides the computation speed enhancements of 
FRACTA.E versions 1, 2, and 3, there exists tWo additional 
modi?cations to FRACTA that enable loWer sample support 
Which is useful in severely non-stationary environments, a 
fourth version termed FRACTA.E version 4, and a ?fth 
version termed FRACTA.E version 5. Both of these modi 
?cations pertain to the application of the AME. 

[0053] The FRACTA algorithm censoring is preferably 
done at full resolution (full integration gain MN) to ensure 
as much accuracy as possible in culling outliers from the 
data. HoWever, AMF can be performed at a loWer resolution 
With a graceful degradation in performance. In other Words, 
one can use less than MN elements of the respective data 
vectors to compute the output residue. This is useful because 
feWer data vectors are needed to estimate a smaller covari 
ance matrix properly, thereby reducing the adverse effects of 
non-stationarities in estimating an adaptive Weight vector. 
Furthermore, smaller covariance matrices substantially 
reduce the computational burden of computing a matrix 
inverse. If the respective data vectors are segmented prop 
erly (p=2, 4, etc.), then adaptation can be performed on each 
segment (using the corresponding segment of the steering 
vector). The p segmented correlation matrices can be recom 
bined as 

R11 0 0 (6) 

- 1 0 kg‘ 5 
= _- O 

0 0 1%,?‘ 

to generate the recombined correlation matrix Which is 
employed to compute the APR and ACE. This is FRACTA.E 
version 4. 

[0054] In general, it is preferable to use FRACTA.E ver 
sions l, 2, and 3 and in conjunction. In order to ascertain the 
performance of the FRACTA.E algorithm (versions 1, 2, and 
3 combined), it is applied in simulations to the KASSPER 
challenge data cube, described in Gerlach et al., supra, and 
shoWn in FIG. 3, in Which M=32 pulses in the CPI and N=ll 
antenna elements. The average poWer incident upon a single 
antenna element relative to the noise ?oor is depicted in FIG. 
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4 With the dynamic range roughly 27 dB. Based on this, the 
(Global) censoring block siZe is set as K=l000. 

[0055] A probe that is 10 dB above the noise ?oor is 
employed for the Censoring Stopping Rule. Furthermore, 
since the clutter returns can be several orders of magnitude 
greater than the noise ?oor near the clutter ridge, a maxi 
mum number of censored cells is instituted for each Doppler 
bin and is set to 100. For adaptation, the total block siZe is 
set to KA=120, of Which the 50 cells in the center constitute 
the primary data block. At the boundaries of the 1000 range 
cells the secondary data is offset so that the total block siZe 
remains constant throughout. 

[0056] The output APR and ACE are illustrated in FIG. 5 
and FIG. 6, respectively, in Which full resolution (MN) Was 
employed for adaptation. The enhanced FRACTA algorithm 
(versions 1, 2, and 3 combined) is quite effective at locating 
sloW-moving targets very close to the peak of the clutter 
ridge. Of the 32 Doppler bins, only 9 contain true targets and 
they are all clustered about the clutter ridge. Upon using 
CSR, a total of only 4 cells Were censored in all the Doppler 
bins not containing targets. The overall result is that When 
running the FRACTA.E algorithm (With versions 1, 2, and 3 
combined) on a single processor, the computation speed is 
80 times faster than the original FRACTA algorithm and 
better than 3 times faster than the standard SWP using 
LSMI. 

[0057] FIG. 7 presents the true targets (black x) along With 
the cells detected by FRACTA.E (versions 1, 2, and 3) (gray 
bar). The peak of the clutter ridge is represented by the 
dashed vertical line near 50 m/s in Doppler. Using a priori 
knowledge of the covariance matrices With a yields 192 
detected targets out of the 268 targets present for a single 
false alarm. Thus PF=l/32,000=3.l25><l0_5 is the estimated 
false alarm probability Where there are 32><l000 range/ 
Doppler cells. In comparison to the a priori detection results, 
FRACTA.E (versions 1, 2, and 3) also detects 192 targets for 
a single false alarm. Therefore, for this particular data set, 
the performance of the FRACTA.E algorithm (versions 1, 2, 
and 3) achieves the optimal. 

[0058] Regarding the performance of the FRACTA.E 
(versions 1, 2, and 3) algorithm When the data vectors have 
been segmented for the purposes of AME (combined With 
version 4), the detection performance degrades gracefully 
until a breakdoWn point is reached. As can be seen in Table 
1, below, there is some small loss When going from full 
resolution to segmentation/recombination by half or by a 
quarter. When segmenting by an eighth the number of 
detections drops off more substantially. HoWever, as one 
increases the number of segments, the siZe of the covariance 
matrices decreases and the algorithm becomes more paral 
leliZable and thus computational complexity and speed 
greatly improve. For practical implementation, this may be 
a necessary trade-off. 

TABLE 1 

Number of detected targets for number of segments 

1 seg. 2 seg. 4 seg. 8 seg. 

# targets detected 199 173 167 118 



US 2007/0080855 A1 

[0059] FRACTA.E version 5 is a modi?cation to FRACTA 
that includes Knowledge-aided Covariance Estimation 
(KACE), or partial approximate knowledge of the clutter 
covariance matrix, which is based on the simpli?ed General 
Clutter Model (GCM) described in “Airbome/spacebased 
radar STAP using a structured covariance matrix,” K. 
Gerlach and M. L. Picciolo, IEEE Trans. AES, vol. 39, no. 
1, pp. 269-281, Jan. 2003, (“Gerlach and Picciolo”), incor 
porated herein by reference, and in “Space-time adaptive 
processing for airborne radar,” J. Ward, MIT Lincoln Lab 
Technical Report ESC-TR-94-109, Dec. 1994, also incor 
porated herein by reference. Prior knowledge is assumed for 
the number of antenna elements and pulses in the CPI, the 
radar [3 parameter (the number of half-wavelengths traversed 
by the platform between successive pulses which measures 
the slope of the clutter ridge in aZimuth-Doppler), the crab 
angle, the clutter power, the model for the intrinsic clutter 
motion (i.e. Gaussian, Billingsley, etc.) and its associated 
parameters, the element-spacing to wavelength ratio, and the 
look direction aZimuth and depression angles. All of these 
are either system design parameters or are readily measur 

able (but not necessarily accurate). In general, the KACE 
covariance matrix takes the form 

where NC is the number of independent clutter patches 
evenly distributed in aZimuth, E1, 1P1, b1, and a1 are the power, 
intrinsic clutter covariance matrix, temporal steering vector, 
and spatial steering vector, respectively, of the 1th clutter 
patch which are functions of the parameters above. The 
operators 0 and ® are the Hadamard and Kronecker matrix 

product operators, respectively. 

[0060] It was shown in Gerlach and Picciolo that despite 
a mismatch in the GCM covariance matrix due to moderate 

inaccuracies in the a priori parameters, the use of the KACE 
covariance matrix can still provide signi?cant performance 
improvement because what is not known or properly incor 
porated into the assumed clutter covariance matrix, is con 
tained partially in an estimated component of the model. 

[0061] KACE is employed in the computation of the AMP 
weight vectors as 

[0062] such that the effective covariance matrix is com 
prised of both clutter covariance information measured 
directly from the environment and estimated a priori infor 
mation. 

[0063] For range cell 500, FIG. 8 illustrates the clutter 
power at a speci?c range as a function of aZimuth and 
Doppler. FIG. 9 shows the incident power along the bore 
sight direction in terms of range (35-50 km) and Doppler. 
The radar operating parameters for the KASSPER datacube 
can be found in Table 2. 

Apr. 12, 2007 

TABLE 2 

Operating parameters for KASSPER 

Parameter Value 

Carrier frequency 1240 MHZ 
Bandwidth 10 MHZ 
Number of pulses (M) 32 
Number of array channels (N) 11 
Pulse repetition frequency 1984 HZ 
|3 0.923 
Crab angle 3° 
Clutter power 37 dB 
Antenna element spacing (half-7t) 0.9028 
Depression angle 5° 

[0064] The performance in simulations of FRACTA.E 
(versions 1, 2, 3, and 5), i.e. when supplementing the 
data-estimated covariance matrix with KACE, is as follows. 
For KACE one assumes a Gaussian intrinsic clutter model 

with correlation coef?cient p=1 and employing the param 
eters from Table 2. A CSR is applied to halt censoring that 
is 10 dB above the noise ?oor, which has been normaliZed 
to unity. Furthermore, since the clutter returns can be several 
orders of magnitude greater than the noise ?oor near the 
clutter ridge, a maximum number of censored cells is 
instituted for each Doppler bin and is set to 100. Also, all 
1000 range cells are used for Global Censoring. 

[0065] FIG. 10 presents the number of target detections for 
a single false alarm (this corresponds to PFE3X10_5) when 
using different sample support for the AMP weight compu 
tation. There are roughly J =50 dominant eigenvalues for the 
KASSPER datacube. Hence, above 2><50=100 samples 
FRACTA.E (versions 1, 2, and 3 combined) detects 192 out 
of the 268 targets present. This is the same number of targets 
detected as when clairvoyant knowledge of the clutter 
covariance is used, as described in “Efficient reiterative 
censoring of robust STAP using the FRACTA algorithm,” S. 
D. Blunt and K. Gerlach, Proc. Inll. Can]. on Radar, pp. 
57-61, Adelaide, Australia, Sept. 3-5, 2003, incorporated 
herein by reference. As one would expect, the detection 
performance degrades as the sample support decreases due 
to insu?icient information from which to estimate the cova 
riance matrix. However, when the data-estimated covariance 
matrix is supplemented with KACE as described in “Robust 
adaptive signal processing methods for heterogeneous radar 
clutter scenarios,” M. Rangaswamy, F. C. Lin, and K. R. 
Gerlach, IEEE Radar Con/‘f, pp. 265-272, Huntsville, Ala., 
May 5-8, 2003, incorporated herein by reference, the detec 
tion performance of FRACTA.E (versions 1, 2, 3, and 5) is 
maintained at a high level for much lower sample support. 
In fact, quite close to clairvoyant performance is maintained 
for sample support as low as J/2. It is also evident that at 0 
sample support, which is the situation in which KACE alone 
is used without adaptation to the data, 101 out of 268 of the 
targets are detected. The performance improvement gained 
by employing KACE (version 5) with FRACTA.E (versions 
1, 2, and 3 combined) can especially be seen when one 
examines the output power residue (i.e. the APR) for a low 
sample support. FIGS. 11 and 12 illustrate the APR for a 
sample support of 30 for FRACTA.E (versions 1, 2, and 3) 
and FRACTA.E (versions 1, 2, 3, and 5), respectively. 
FRACTA.E with KACE (versions 1, 2, 3, and 5) suf?ciently 
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mitigates the clutter thereby revealing the targets, all of 
Which are quite close to the clutter ridge. 

[0066] Obviously many modi?cations and variations of 
the present invention are possible in the light of the above 
teachings. It is therefore to be understood that the scope of 
the invention should be determined by referring to the 
folloWing appended claims. 

1. An adaptive radar processing system, comprising: 

an antenna array for transmitting a radar signal and for 
receiving a return radar signal; and 

a signal processor programmed With a FRACTA algo 
rithm stored in the signal processor on a computer 
readable medium, said algorithm including a stopping 
criterion for censoring samples, said stopping criterion 
being adaptive to a radar return data set. 

2. A radar processing system as in claim 1, Wherein the 
FRACTA algorithm includes an Adaptive PoWer Residue 
subprogram for censoring data vectors from a set of Initial 
Training Data. 

3. A radar processing system as in claim 1, Wherein the 
stopping criterion comprises a probe data vector appended to 
a data block of the form 

OLPS, 

Where (Xp is a pre-determined magnitude set such that the 
probe vector is nominally detectable above a noise 
?oor, an APR of the probe is \(xps'R_1s\2, and When said 
APR of the probe exceeds an APR for substantially all 
true data vectors, censoring is halted. 

4. An adaptive radar processing system, comprising: 

an antenna array for transmitting a radar signal and for 
receiving a return radar signal; and 

a signal processor programmed With a FRACTA algo 
rithm stored in the signal processor on a computer 
readable medium, Wherein adaptation is performed at 
less than full resolution. 

5. A radar processing system as in claim 4, Wherein 
respective data vectors are segmented and adaptation is 
performed on each segment. 

6. A radar processing system as in claim 5, Wherein p 
segmented correlation matrices are recombined as 

R1 0 0 

,1 0 R; a 
_ __ O 

0 0 1%,? 

to generate a recombined correlation matrix used to compute 
the APR and an ACE. 

7. An adaptive radar processing system, comprising: 

an antenna array for transmitting a radar signal and for 
receiving a return radar signal; and a signal processor 
programmed With a FRACTA algorithm stored in the 
signal processor on a computer readable medium, said 
algorithm including Knowledge-aided Covariance 
Estimation (KACE). 
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8. A radar processing system as in claim 7, Wherein a 
KACE covariance matrix takes the form 

Where NC is the number of independent clutter patches 
evenly distributed in aZimuth, E1, F1, b1, and a1 are the 
poWer, intrinsic clutter covariance matrix, temporal 
steering vector, and spatial steering vector, respec 
tively, of the 1th clutter patch Which are functions of the 
parameters above, the operators 0 and Q are the Had 
amard and Kronecker matrix product operators, respec 
tively; and 

KACE is employed in the computation of the AMP 
Weight vectors as 

such that the effective covariance matrix is comprised of 
both clutter covariance information measured directly 
from the environment and estimated a priori informa 
tion. 

9. An adaptive radar processing system, comprising: 

an antenna array for transmitting a radar signal and for 
receiving a return radar signal; and a signal processor 
programmed With a FRACTA algorithm stored in the 
signal processor on a computer readable medium, said 
algorithm including global censoring. 

10. An adaptive radar processing system, comprising: 

an antenna array for transmitting a radar signal and for 
receiving a return radar signal; and a signal processor 
programmed With a FRACTA algorithm stored in the 
signal processor on a computer readable medium, said 
algorithm including fast reiterative censoring. 

11. A method for adaptive radar processing, comprising: 

transmitting a radar signal; 

receiving a return radar signal; and 

processing the return radar signal With a FRACTA algo 
rithm stored on a computer readable medium, said 
algorithm including a stopping criterion for censoring 
samples, said stopping criterion being adaptive to a 
radar return data set. 

12. An adaptive radar processing method as in claim 11, 
Wherein the FRACTA algorithm includes an Adaptive PoWer 
Residue subprogram for censoring data vectors from a set of 
Initial Training Data. 

13. An adaptive radar processing method as in claim 11, 
Wherein the stopping criterion comprises a probe data vector 
appended to a data block of the form 

ups, 

Where (Xp is a pre-determined magnitude set such that a 
probe vector is nominally detectable above a noise 
?oor, an APR of the probe is \(xps'R_1s\2, and When said 
APR of the probe exceeds an APR for substantially all 
true data vectors, censoring is halted. 




