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ABSTRACT

Lincoln Laboratory is investigating several concepts to im-
prove airborne Ground Moving Target Indication (GMTI)
performance as part of the Knowledge Aided Sensor Sig-
nal Processing and Expert Reasoning (KASSPER) Pro- These GMTI shortcomings are currently under investi-
gram. Some of these concepts incorporate ideas currently gation by Lincoln Laboratory as part of the KASSPER Pro-

of slow movers- targets with a small velocity component
along the radar line of sight.

used for synthetic aperture radar (SAR) imagery and these
require longer coherent processing intervals (CPIs) than
what is typical for GMTI processing. Other concepts are
more general and are applicable to any processing inter-
val (long or short). This paper examines these concepts in
detail and demonstrates their utility with synthetic radar

gram. In this paper we explore several algorithm concepts
to improve GMTI performance. Recently, there has been
interest in concepts that involve synergies between GMTI
and SAR processing modes. A typical GMTI radar mode is
characterized with a relatively large aperture, narrow band-
width and short CPI duration. As such, we can represent

GMTI modes in the red shaded area in Figure 1. In con-
trast a typical SAR radar mode is characterized with a rel-
atively small aperture, wide bandwidth and long CPI dura-
tion. Hence we can represent SAR modes in the blue shaded

Intelligence, Surveillance and Reconnaissance (ISR) sys-2réa in Figure 1. As previously mentioned ISR systems use
tems are faced with a formidable task of locating and track- GMT! radar modes to locate moving targets and use SAR
ing all grOUnd'based vehicles within the coverage area 0.|:|magery to locate Statlonal’y targets. An intuitive compro-

the radar. Typically stationary vehicles are located with Mise for locating slow moving targets is highlighted in the
synthetic aperture radar (SAR) imagery and moving targets9r€en shaded area. In Section 4 we explore this space by
are located and tracked with Ground Moving Target Indi- considering a CPI duration much longer than what is typi-
cation (GMTI). Most GMTI architectures employ a tech- Cally used in GMTI. By adopting a longer GMTI CPI length
nique to reduce clutter such as the displaced phase centef'® Must consider range and Doppler walk. In fact the con-
array (DPCA) technique or space-time adaptive processingcept we explore in Sectlon'4 will exploit the difference in
(STAP). In general STAP provides better clutter nulling ca- D°PPler walk between stationary clutter and ground mov-
pabilities than the DPCA technique [1]. However, simpli- N9 targets to identify slow movers.

fying assumptions are often made in the development of

STAP algorithms, such as homogeneous clutter and target-

free training data. Unfortunately, in modern military appli- In Section 5 we introduce a variation power selective
cations existing ISR systems are faced with complex het- training [2] which we callpower variable training Our ap-
erogeneous clutter, clutter discretes and dense target enviproach addresses the overnulling naturpaiver selective
ronments, causing false alarms and missed detections. As #aining. Section 6 describes a multi-channel adaptive SAR
result, in some scenarios the performance of existing STAPtechnique developed for the Foliage Penetration (FOPEN)
and constant false alarm rate (CFAR) algorithms may fall Program [3] to detect ground moving vehicles below tree
short of what is predicted by theory. The most challeng- canopies. The principles in this technique are general and

ing problem for GMTI systems is the detection and tracking can also be applied to other GMTI systems. In Section 7 we
describe theextended array receivazoncept that provides
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data and actual data collected with the Tuxedo sensor.

1. INTRODUCTION




2. BASELINE STAP Table 1: System Parameters for the Tuxedo Sensor

In a previous paper [4] we introduced a baseline GMTI pro- | Parameter | Value |
cessing architecture for the KASSPER Program. The base- Center Frequency 9.6 GHz
line GMTI processing stream consists of five operations: Bandwidth 66 MHz
PRF 1,400 Hz
1. adaptive beamform, Number of Transmit Apertures 1
2. pulse compression, Number of Receive Apertureg 3
3. Doppler filter, Azimuth Beamwidth Aperture 3.6°
4. STAP and Elevation Beamwidth Aperturé 9.1°
5. detection. Polarization HH
. . A/C Heading 290°
. The adaptive begmfgrm operation suppresses unwanted Depression Angle 15°
interference appearing in the radar system frequency band Recorded Time ~ 1 minute

and reduces the number of spatial degrees-of-freedom (DOF).
Pulse compression is performed in the usual manner by con-

volving the pulse compression filter weights with the in- processed has been designated by Lockheed Martin as Pass
coming range samples. Doppler filtering is performed using Number 1960. In this data set five military vehicles traveled
two FFT operations, one for pulsés.. N — 1, (where N at low speeds, approximately 5 mph, in the grid of roads
is the number of pulses in the CPI) and the other for pU|seSdeSignated in Figure 2. Figure 3 depicts the power from
2...N. This Doppler filtering process prepares the data gne of the three sensor channels after Doppler processing
for a post-Doppler PRI-staggered STAP operation [1]. The ysing 512 consecutive pulses of data. As expected there
training strategy for this baseline STAP operation choosesare strong radar returns from building roof-tops and other
equally-spaced range samples within each Doppler bin. Fromg|ytter discretes at lower Doppler speeds. Figure 4 depicts
this training set, the sample estimate of the covariance ma-+he output power after the PRI-staggered STAP operation.
trix is computed with a diagonal loading term selected to The dark vertical stripes in this figure correspond to Doppler
satisfy a white noise gain constraint [5]. The final opera- pins in which the training data contained significant contri-
tion consists of a sliding split-window greatest-of excision pytions from clutter discretes. For these Doppler bins the
CFAR algorithm followed by an adaptive sidelobe blanker resyitant adaptive weight vector overnulled the clutter and
operation [6]. produced the low power outputs. In many of the remaining
lower speed Doppler bins the clutter discretes appearing in
3. TUXEDO DATA Figure 3 were not suppressed sufficiently by the STAP op-
eration and are still visible in Figure 4. Finally in Figure 5
Some of the KASSPER signal processing concepts proposei#’e illustrate the output data after the CFAR normalization
by Lincoln Laboratory are based on an extended GMTI CPI- process. The detections and false alarms are each marked
length (greater than 250 msec). To evaluate GMTI process-With a large ‘X’ superimposed over the range-Doppler cells
ing concepts involving these longer CPIs we are using datathat remain after the adaptive sidelobe blanking operation.
collected with the Tuxedo sensor in May of 1999 at Camp T, F, and H mark the range where there are actual targets
Navajo, Arizona. The Tuxedo Sensor is an experimental (Two-ton truck, Fuel truck and HMMWV) to detect. Notice
airborne X-band radar system, operated by Lockheed Mar-there are many false alarms due to the clutter discretes in
tin, that is capable of recording digitized data in a variety of the Camp Navajo area. The stream of detections at approx-
SAR and GMTI modes. During the data collection events imately 22.6 kilometers in range corresponds to reflections
at Camp Navajo the Tuxedo Sensor recorded data from allfrom a train that happened to pass through the targeted area
three phase centers in the antenna array for approximatelat the same time radar data was recorded.
a minute. In these events five military vehicles equipped  The results in this section are probably typical of GMTI
with GPS sensors drove on a network of roads while record-Systems that make no use of any prior knowledge of the sort
ing their position (see Figure 2). The long recording in- that we wish to exploit in the KASSPER program.
tervals, SAR imagery and vehicle ground truth make the
Tuxedo data set suitable for evaluating several of our ad- 4. MOVING TARGET FOCUSING
vanced GMTI concepts. In Table 3 we list the pertinent sys-
tem parameters for the Tuxedo sensor in its low resolution This section describes a concept for improving GMTI per-
GMTI mode of operation. formance using an approach adopted from SAR imaging of
Figures 3, 4 and 5 depict outputs from the baseline pro- moving targets [7]. Typical SAR image processing focuses
cessing stream using the Tuxedo data. The specific data setnergy using a stationary target model. Targets moving in



the cross-range direction will appear smeared and result in ~ Assuming a hamming weighted Doppler filter opera-
significant losses in target-to-clutter power, see Figure 6.tion, the Doppler resolution for a CPI of durati@his given
The techniques proposed in [7] refocuses the SAR imageby

based on the velocity of the moving target, see Figure 7. Af — @é )
Obviously in a practical application we do not know the T 2

target velocity a priori, therefore, several refocused imageswhere) is the wavelength. Doppler walk can be neglected
may be required to detect the range of speeds typical forif the range rate of the ground target does not change more
ground moving vehicles. A similar approach can be used than the Doppler resolution over the CPI duratibnalter-
in GMTI processing when the CP1 is long. We call this ap- natively for largeR,
proachmoving target focusing

A derivation for this approach proceeds as follows. Con- 1.81R )
sider an airborne GMTI platform with a side-looking ar- < 22
ray moving with velocityv 4 x in the cross-range direction.

Also consider a ground moving vehicle moving at constant Figure 8 plots the limit on CPI time for Doppler walk given
speed. Designate the ground target cross-range velocity confy equation (6). The three curves represent different ground
ponent asrx and slant-range velocity component:ass. target velocities. Notice, even at a slant range of 60 km the
We use these velocity components to define a new quantity,Cp| time limit is less than a quarter of a second. Therefore
for a one second CPI time there is considerable Doppler
V= \/(UAX —vrx)? + vy (1) walk over the CPI.

Figure 9 plots the number of Doppler resolution cells
that a broadside target traverses in a one second interval.
Again, there are three curves representing different target
velocities. The middle curve represent stationary targets and
the other two curves represent moving targets. The differ-
ences in the number of Doppler resolution cells in the three
curves represents the phenomenon we would like to exploit

(6)

that represents the norm of the relative velocity vector be-
tween the airborne platform and the ground moving target.
If we assume the ground target moves with constant veloc-
ity and is located at a rangeat timet = 0 then expressions
for range and range rate (or Doppler velocity) are given as
follows,

- N 5 279 in moving target focusing
r(t) = \/R +2Rupgt + 7 ) A target’s Doppler walk over several Doppler resolution
A(t) = Rvzg + 72t 3) cells can be corrected (or focused) such that the target ap-

r(t) pears in a single Doppler resolution cell. For a narrowband
waveform we are able to correct for Doppler walk with the

For shorter CPIs (on the order of tens of milliseconds) following complex multiplier on each pulse in the CPI
and narrow bandwidth waveforms (between 10-20 MHz)

range walk and Doppler walk of the target is negligible. In j2my2t?
fact, for GMTI waveforms with these characteristics it is exXp { R ] :
convenient to approximate the range of the ground moving
target as-(t) ~ R and the range rate a$t) ~ vrg. How- From equation (7) we see that the correction term varies
ever, by adopting a longer GMTI CPI we must consider the with the target velocity ory. The moving target focusing
effects of range walk and Doppler walk. concept involves refocusing the radar data for different tar-
Consider alonger GMTI CPI, on the order of one second get velocity hypotheses to determine if a target is stationary
(a ground moving target is typically considered coherent for (i.e. clutter) or moving.

()

up to a second). For a narrow bandwidth, dal§/ = 10 For maximum signal-to-noise ratio (S/N) we would like
MHz, and a hamming weighted pulse compression filter the to correct for each possibtebut this is costly. Figure 10 il-
range resolution is given by lustrates the response for a bank of five focusing filters over
181 a range ofy or target velocities. Note that the S/N for a
Ar = B'—Wi ~2Tm. (4) target can vary more than 7 dB depending on the target ve-

locity but this variation can be kept to only 1 dB by choos-
wherec is the speed of light. Assuming a ground target has aing the best among five different corrections. This property
maximum range rate of about 25 m/sec then over a processean be used to distinguish moving targets from stationary
ing interval of one second the ground target does not tra-targets by examining the outputs of the filter bank. Alter-
verse more than two range resolution cells. Consequently,natively, it has been noted in [10] that the focus of moving
it is fair to assume the effects of range walk are minimal. targets in SAR images may be obtained with higher order
In ongoing research we would like to consider wider band- moments of the phase error. What is remarkable about this
widths for which range walk is no longer negligible. concept is that we are able to distinguish targets that move



in cross-rangdrom stationary targets. Recall that tradition- As indicated in Figure 11, for a given Doppler bin we
ally GMTI processing enables us to detect targets that move'tile” the dynamic range o(r) into different power lev-

in slant-range Thus moving target focusing provides a new els. For each “tile” or range of energy levels we compute
capability for detecting moving targets which are not other- a different adaptive weight vector whose clutter null depth

wise detectable with traditional GMTI processing. matches the clutter power in that tile. Specifically, for tile
m we first compute the scalar
5. POWER VARIABLE TRAINING & — 02N
= -m 7 9
3 TR ©)

Power selective training is an appealing STAP training method
for airborne moving target indication (AMTI) [2]. But power wheree,, is the energy level in the center of tile and NV
selected training leads tavernullingwhich increases the is the dimension oR.. Next, we make an estimate of the
minimum detectable velocity. This is acceptable in the AMTI clutter plus noise covariance matrix appropriate forstile
problem since most airborne targets typically move at con- )
siderable speeds, but it is undesirable in the GMTI applica- Ry = fmRe + 071 (10)
tion. However, we can get the advantages of power selectiveFin ally
training in a GMTI processor without overnulling by us- '
ing a more intelligent and effective STAP training method.
We call this new techniqugower variable training without
over-nulling R, + 01" tv
Consider the notional plot in Figure 1_1, which repre- Wm = \/VH[Rm +6I]—1v'
sents the received radar power as a function of range for a
given Doppler bin. For a multi-channel radar receiver this Wherev is the space-time steering vector anis diagonal
plot represents the total received power across all channelsloading level.
If we definez;(r) to represent the complex voltage received To illustrate the benefits of PVT we processed the same
on thei*" channel for the*" range resolution bin then the Tuxedo data processed in Section 3. Figure 12 shows the
plot in Figure 11 depicte(r) = >, z;(r)z;(r)* where* output power after the power variable STAP strategy. No-
denotes complex conjugate. In power variable training we tice that clutter reflections from rooftops visible in Figure 4
initially choose candidate training data from the range are effectively eliminated in Figure 12. Furthermore, Figure
samples that correspond to the largest valuegof, high- 13 depicts the output of the detection operation following
lighted in red on Figure 11. power variable training. Notice there are significantly fewer
Subsequently, we estimate the angle of arrival for eachfalse alarms in Figure 13 relative to Figure 5.
of the candidate training samples and determine which sam-
ples are close in angle to what is predicted for main beam 6. MULTI-CHANNEL ADAPTIVE SAR
clutter. Those training samples whose angle estimates are
close to the predicted angle for clutter are retained while In recent work at Lincoln Laboratory, researchers have ex-
all others are rejected. A similar rejection procedure is de- plored a multi-channel adaptive SAR processing approach
scribed in [8]. The remainind(’ training samples, where  for detecting moving targets in SAR images [3]. This tech-
K’ < K, are used to estimate the following clutter-only nique was demonstrated using data collected with a UHF
covariance, antenna array testbed. It consists of first forming a separate
) SAR image on each of the antenna array channels. From
1 & - 9 these SAR images, data vectors are generated by concate-
R, = K’ inxi —o1 ®) nating identical pixels in range and cross-range from each
=1 channel in the antenna array. Next, a set of training vec-

where denotes complex conjugate transpose. The matrix {Ors is |_d§nt|f|ed that surrounds a given set of tes.t vectors.
The training vectors are used to estimate a covariance ma-

o21 on the right-hand side of equation (8) represents an es-' . A
timate of the covariance matrix of the system noise, in this i Of the background clutter and nois The test vectors,

mannerR,. represents an estimate of the clutter alone de- denotedk(r, ), arr]e used witlR tg comp#te tr?el(;:hange de-
void of system noise. tection statistic that is compared to a thresho

In the conventional_ power selegted trainin_g, we would x(r, C)HR—lx(r, ¢)>T (12)
have use®R. as the estimated covariance matrix, with some
diagonal loading. But in the power variable training ap- All threshold crossings are identified as potential targets.
proach we vary the scale &, according to the energy in  The covariance estimation is then repeated with such poten-
the sample we are going to try to null. tial targets excised from the training and change detection

we compute an adaptive weight vector with diag-
onal loading. Using an adaptive matched filter (AMF) [9]
normalization the adaptive weight vector for titeis,

(11)




is repeated. In this manner the effect of target self-nulling is received data.
reduced. There are several open issues with the extended array
This multi-channel adaptive SAR procedure produced receiver concept. First, this approach assumes that multi-
impressive results with the UHF testbed data in [3]. The ple waveforms, approximately orthogonal over delay and
work is general enough so that it is applicable to other multi- Doppler, can be synthesized. In practice it may not be prac-
channel radar systems that have the ability to implementtical to generate waveforms that are nearly orthogonal. There-
long dwells with wide bandwidth waveforms. However, fore, we need to investigate how nearly orthogonal the wave-
there are a few open issues that should be addressed bderms need to be. As a result of using waveforms that are
fore adopting this approach. First, note that the change denot strictly orthogonal the receiver noise floor will be ele-
tection statistic is invariant to array calibration errors, as it vated. Another issue is related to the processing hardware
does not require a steering vector. For well-calibrated arraysarchitecture. Pulse compressing multiple orthogonal wave-
the adaptive matched filter (AMF) approach outperforms forms on each channel of the receiver can be a daunting
the change detection approach. Therefore, with increasingtask. As part of our architecture study Lincoln Laboratory
levels of calibration there is a crossover point at which the will evaluate several options to meet the demands for this
performance of the AMF approach outperforms the changeapplication. Finally, the ability to synchronize the orthogo-
detection approach. Another issue is related to the com-nal waveforms for proper coherence needs to be examined.
putational cost associated with SAR image formation. The
results in [3] implemented complete SAR image formation
with polar-reformatting for each phase center on the antenna
array. Implementing this approach on a real-time processor
would be challenging. Furthermore, for shorter CPIs (on
the order of a second) and narrower bandwidths (around 5
MHz) it may be possible to implement simpler processing
(relative to SAR image formation on each phase center) at
a much lower computational cost with minimal loss in per-
formance.

8. SUMMARY

Detecting ground vehicles is challenging in real-world ap-
0olications. Modern GMTI systems are plagued with ex-
cessive false alarms, missed target detections (slow moving
vehicles), dense target scenarios and heterogeneous clutter
environments. This paper explored several approaches to
improve GMTI performance that include: moving target fo-
cusing for long CPls, excision of training data far from the
clutter ridge, power variable training without overnulling,
multi-channel adaptive SAR and an extended array receiver
concept. Our results illustrate improved detection perfor-
The extended array receiver concept is not new but can pro4mance of low Doppler targets using moving target focusing
vide GMTI performance benefits at the cost of additional and significant improvements in false alarms with power
radar hardware. In this concept separate orthogonal wavevariable training. In ongoing research Lincoln Laboratory
forms are simultaneously transmitted from each channel inwill explore the open issues associated with multi-channel
the antenna array. The entire antenna array is used on readaptive SAR and the extended array receiver concept.
ceive and separate parallel signal processing streams are
used to pulse compress the individual orthogonal waveforms.
Once pulse compressed, returns from the orthogonal wave-
forms are coherently combined.

The benefits of this approach are easily understood with
the series of plots in Figures 14, 15 and 16. If the entire
antenna array is used for transmit and receive then the two-
way beam pattern is narrow but only in a small coverage 2]
area, illustrated in Figure 14. To overcome the coverage
issue some radar systems spoil the transmit beam to illumi-
nate a wider area. A number of different receive beams can
be simultaneously formed, as shown in Figure 15. How-
ever, in this approach the two-way beam patterns have beeng] A. Yegulalp, “FOPEN GMTI using multi-channel adap-
broadened. tive SAR,” Proceedings of the Adaptive Sensor Array

7. EXTENDED ARRAY RECEIVER
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