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Abstract—The instantaneous area illuminated by a single-aper- SAR swath is restricted. Since illumination area and aperture
ture synthetic aperture radar (SAR) is fundamentally limited by  sjze are inversely related, the maximum allowable illumination
the minimum SAR antenna area constraint. This limitation is due 564 corresponds to a minimum aperture size requirement.
to the fact that the number of illuminated resolution cells cannot . . . . .
exceed the number of collected data samples. However, if spatial Itis QeSIrabIe to increase the smgle-pass. spo_tllght area or
sampling is added through the use of multiple-receiver arrays, then Swathwidth of an SAR system. Increasing illumination area
the maximum unambiguous illumination area is increased because is advantageous for applications that immediately require a
multiple beams can be formed to reject range-Doppler ambigui- wide-area SAR map since fewer passes are needed to generate
ties. Furthermore, the maximum unambiguous illumination area the image. For dynamic remote sensing applications that

increases with the number of receivers in the array. . id d itori fi h i
One spaceborne implementation of multiple-aperture SAR require wide coverage and monioring over time, SUch as Sol

that has been proposed is a constellation of formation-flying Moisture, ecological, or oceanographic applications, increasing
satellites. In this implementation, several satellites fly in a cluster illumination area decreases revisit time. For these applications,
and work together as a single coherent system. There are many short revisit times are crucial to maintaining valid information.
advantages to the constellation implementation including cost There have been many proposed solutions for increasing il-
benefits, graceful performance degradation, and the possibility luminati “h t of th d tth t of d
of performing in multiple modes. The disadvantage is that the umina 'On_ area, owe\{er, IMOSt oF them do So at the cost or ae-
spatial samples provided by such a constellation will be sparse and graded azimuth resolution. ScanSAR has been a popular method
irregularly spaced; consequently, traditional matched filtering [1], [6]-[11] that uses this technique. In ScanSAR, the synthetic
produces unsatisfactory results. . aperture size is limited, thereby reducing azimuth resolution but
We investigate SAR performance and processing of sparse, 5154 allowing time for the beam to be scanned in elevation for
multiple-aperture arrays. Three filters are evaluated: the matched ltipl ths. One techni 51 ch the el
filter, maximume-likelihood filter, and minimum mean-squared mu 'p_e ran_ge swaihs. Une _ec nique [5] C :_inges X e e_eva-
error filter. Itis shown that the maximum-likelihood and minimum  tion dimension of the antenna in order to optimize the illumina-
mean-squared error filters can provide quality SAR images when tion area for different grazing angles, but the fundamental area
operating on data obtained from sparse satellite constellations. |imitation is still present. Another proposed method [12] uses
We also investigate the performance of the three f||t(_ers versus multiple along-track beam positions and a larger along-track
system parameters such as SNR, the number of receivers in the t Th thod ides better SNR but d ti
constellation, and satellite positioning error. aperture. The method provides better ut does not im-
prove revisit time for large areas. Several papers in the litera-
ture divide illumination time of a single receiver into smaller
segments called subapertures, but this is done to null large side-
lobe targets, improve processing efficiency, or reduce speckle
[7], [10], [13]-[17]. Multiple looks from different off-nadir an-
. INTRODUCTION gles have also been proposed to improve range resolution [18].

COMMONLY known design requirement for syntheticLastly, constellations of independent SAR satellites have been
A aperture radar (SAR) systems is the minimum SAR aRroposed [19] for reducing revisit time. This last approach re-
tenna area constraint [1]-[7]. The requirement arises beca@s&es revisit time by optimizing the orbits of several indepen-
the illumination area of the ground must be restricted so that tH8Nt SAR sensors, but the single-pass or instantaneous illumi-
radar does not receive ambiguous returns in range or Doppler@fion area of each sensor is still limited.
spotlight mode, therefore, there is a maximum area that can bdn order to improve illumination coverage while maintaining
illuminated during a dwell. In stripmap mode, the width of th@zimuth resolution, multiple coherent receive apertures can be

used [3], [11], [20], [21]. The illumination area is determined
by the size of the individual apertures, and range-Doppler am-
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When multiple receivers are employed, each receive apertigehe time over which the transmitted signal existsis the
can be carried on a small separate satellite called a microsat. Tadar’s illumination area, and(x,., t) is complex noise. The
reduced cost and deployment difficulties associated with thesgegration in time is performed over the length of the transmit
small satellites may make a constellation of formation-flyingignal and is represented pyx,., x, t) to get

microsats more cost-effective than an equivalent large satellite .

[9]1, [22], [23]. Furthermore, the likelihood of system failure is (X, t) = / Yo(x)p(x, X, t) dA + n(x,, t). (2)
reduced since failure will occur only to individual microsats, A

instead of a satellite carrying an entire system. If enough Minerefore, the response from a differential area on the ground,
crosats fail such that performance is degraded below an accgilich depends on its position as well as the transmit signal, is

able level, replacement microsats carplggybackedn other characterized by(x,, x, ¢) to within a multiplicative constant.
missions when room is available, thereby avoiding the cost gfije integration in (2) is approximated by a summation, the

dedicated missions. _ _ _received signal becomes
The microsat constellation concept also provides flexibility

for performing in multiple modes and for multiple applications. r(x,, t) = Z Yo(x:)p(Xp, X;, YAA+n(x,., 1)  (3)
The multi-angle SAR data could be used for a variety of applica- i
tions including parameter estimation and jam-resistant commu-

nications [22]. Interferometric applications, such as terrain elyhere the indexincludes all discrete areasA that are illumi-

vation mapping, would benefit from the constellation conced?,ated and; is the position vector to the center of thi discrete

and the effective size of a constellation would prove advanﬁ%r-?a' If the_ signal Is sam_pled in space ac,:cording to the constel-

geous for space-based moving target indication. ation and in time according to the signal’s bandwidth, it
Signal processing issues concerning the microsat concgﬁ

stem from the fact that the satellites must be significantly spaced, _ n n

because the laws governing spaceborne formation flying onlgl(x”’ tm) = Z Yo(%i) (7, X tm )AA (X ). (4)

allow specific orbits. The array will have a wide spatial extent ‘

and will be sparsely sampled. It will be shown that, because ihally, the entire set of measurements can be represented using

the sparse spatial sampling of the array, advanced algorithPgtrix-vector notation

must be used to process the spatial data.

t[nple at thesth receiver becomes

The succeeding sections of this paper contain the mathe- r=Py+n (®)
matics needed for developing the processing algorithms an
present simulations that demonstrate the performance bené%ﬁser
of multiple receive apertures. Other results demonstrate effea = [r (xL, t;) = (x}, t2) -+ r (xY, tgr) ] )
tive processing of sparsely populated spaceborne arrays. B =[p; ps -+ pu]
Section I, we present a signal-space representation of the radgr= [, ~, ... ,W]T
system that will be used to derive and graphically demonstratg, — [, (L, t1) n(xt ta) -+ n(xY, tar) "
the proposed algorithms. Section Ill provides results from, _
single-aperture SAR and specifically demonstrates the need[p(xl % tl) p(xl % t2) p(xN X tBT)]T
for multiple receive apertures. Section IV presents results for ,y;”(xf)’ A T )
multiple receive apertures in a close, regularly spaced array,’ ’ (6)

and multiple receive apertures in a sparsely populated arrgiid(.)* is the matrix or vector transpose. AlsBT is the re-
Performance of different algorithms versus several systefgived time—bandwidth product of a single receiv¥rjs the
parameters is presented in Section V. Conclusions are proviggfinber of receivers in the constellation, ahlis the number
in Section VI. of resolution cells of size\ A. If the number of resolution cells
M exceeds the number of measuremeMg1’, then any solu-
Il. SIGNAL-SPACE REPRESENTATION tion to the complex RCS vecterwill contain ambiguity.
énce the measurements contain noise, the SAR problem is

The signal-space representation presented here encoura%% of estimating the values in the RCS veetohs seen in (5)

implementation of estimation algorithms through well-estal?) d . . d as i - theref K
lished linear algebra techniques and facilitates interpretationtB{Ee radar process is approximated as linear; therefore, we see

the SAR filters that are used. The complex signal that a radf estimator that can be applied as a linear process. A weight
constellation measures(x.., t), can be written as vector, or filter, will be found for each resolution cell. When we
T il

take the inner product of the received measurements with each
of the weight vectors, the estimated RCS veétdis
(X, t) = / ~o(x) / hix,, x, t, t')s(t") dt’ dA + n(x,, t)
! g (1) ¥ =Wr @
wherex.. is the position vector to the receiverjs the position

vector to a point on the groungl (x) is the complex reflectance where

per unit area ax, h(x,, x, , t) is a time-variant function de- Y=[91 2 - M ]T (8)
scribing the radar physics such as propagation and antenna gain,
s(t') is the complex representation of the transmitted sighal, W=[w; wy - wy ]H 9)
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w; is the weight vector for théth target, and-)" denotes the time. For example, it is possible to get four times as many in-
conjugate-transpose operation. It is also important to note thigpendent samples by increasing bandwidth and time each by a
this is the type of processing traditionally done in SAR, wheffactor of two, but the resolution pixels would be half the original
w; is typically matched to measurements received fromitiie size on each side. This would result in four times as many sam-
resolution cell. Although some algorithms require more conpies, but the area of each pixel would be four times smaller, and
putation for finding eactw;, the total size oW remains con- the total area would remain the same. Radar designers some-
stant; consequently, the data-dependent process of calculatiftes stagger the transmit pulse repetition frequency (PRF) or

inner products is equivalent for all linear estimators. app|y other Signa| Coding inorderto mod|fy the amb|gu|ty func-
tion. However, the total energy in the ambiguity function must
lll. SINGLE-APERTURESAR remain constant [24]. Therefore, these methods can rearrange

Ambiguities occur when the number of illuminated resoli@Mbiguity, but cannot make it disappear. It is impossible to get
tion cells exceeds the number of independent measuremeHund the fact that more resolution cells are being illuminated
collected. In spotlight mode, SAR focuses on a particular arB#n there are measurements available to distinguish them.
for some timeZ". During that time, independent complex sam- Fi9- 1(a) shows the original SAR image used as the input to
ples can be collected at a maximum rate determined by iine simulations in this paper. Areas of zero scattering are indi-
signal bandwidthB. Therefore, the maximum number of in-Cated by black while areas of high scattering are indicated by
dependent, complex samples that can be collected is equanBte- If pixel values calculated through SAR processing are
BT, also known as the time—bandwidth product. The problema$ Or above the maximum scattering level in the input image,
that bandwidth and observation time are fixed by the resolutiéfen they appear white in the processed image. Therefore, when
requirements of the system. The range resolution requirem@&fgttering estimates become very large due to high input noise
determines bandwidth, and the azimuth resolution requirem@@Wer, the visual representation of the output image becomes
determines observation time. Since it is only possible to ima%@t”rated with white. All ambiguity functions and array patterns,
unambiguously as many targets as there are independent sagy.ever, are reprgsented as black on white in order to improve
ples, and since the number of independent samples is reldiggroduction quality. o
through bandwidth and time to particular range and azimuth resWhen asingle aperture meets the minimum antenna area con-
olutions, the maximum imaging area is fixed. A simple exampf&raint, the number qf |IIum|nateq resolution cells, or pixels,
for a sidelooking, spotlight SAR is presented in the followingd0€s not exceed the time—bandwidth product of the system, and
Suppose the resolution requirements imposed on the radar Beresultis as shownin Fig. 1(b). However, if a larger area SAR

Az andAR in azimuth and range, respectively. Range resolfP@p is desired, and the illumination area is increased for this
tion is given by reason, the result is as seen in Fig. 1(c). Another way of demon-

strating why the poor result of Fig. 1(c) occurs is to determine
AR =% (10) the amount of correlation between all combinations of pixels.
2B This is determined with the conjugate transpos@ ddy
wherec is the speed of light. For a 9Gidelooking geometry
where the azimuth extent is small compared to the range, the K = [P"P|. (14)
azimuth resolution can be approximated as

AoRo 1
2v T

where )\ is the wavelength at the center operating frequen
R, is the average target range, ant the along-track velocity
of the radar platform. The area per pixel is then the product
the azimuth and range resolutions

The values on the diagonal & are the correlations of each
target with itself; therefore, their values are the squared magni-
tude of the normalized measurement vectors. Off-diagonal el-
C@/’nentsK (¢, 7), represent the amount of correlation, or am-
biguity, between targets and j. For example, the values in
tw one show how target one correlates with all other targets.
The correlation matrix for a case where the number of illumi-
nated targets exceeds the time—bandwidth product is shown in
chofly 1 Fig. 1(d). It is seen in Fig. 1(d) that there are very dark off-di-

— 12 L )
4v BT (12) agonal elements; consequently, itis inferred that there is a large

The maximum area is the time—bandwidth product multipligmount of correlation between some targets.
by the area per pixel

Az =~

(11)

AzAR =

IV. MULTIPLE-APERTURESAR

C)\()Ro . . . .
I (13) _ A necessary requwem_ent for increasing SAR map area is _to
increase the number of independent samples, or amount of in-
As can be seen from the right side of (13), the maximum ar@gmation, that is collected without modifying resolution cell
that can be imaged is determined by range, wavelength, afige in the process. It was shown that this is not possible by in-
platform velocity. creasing bandwidth or illumination time. However, the amount
One solution appears to be increasing the time—bandwidthinformation collected can also be increased by adding infor-
product. However, (10) and (11) clearly show that the resolmation in the spatial domain. By adding more antenna apertures
tion dimensions are inversely proportional to bandwidth artd the SAR system, each with its own receiver, angle-of-arrival

Amax = BTAzAR =
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@) (d)

Fig. 1. Simulation results for a single-receiver SAR. (a) The original image is reconstructed from a system that (b) limits illumination by reeatmmtim
antenna area constraint and one that (c) does not satisfy the minimum antenna area constraint. (d) The target correlation matrix for the dasein (c) is s

information can be collected. WV is the total number of re- pattern when the array is focused on the center target. This is
ceive apertures, then the number of independent samples ahi-spatial-domain ambiguity function for the center target. The
able to the system is now B7. The maximum area is againeight targets that are ambiguous with the center target are lo-
the product of the number of independent samples and the acated in the nulls of the array pattern. The total ambiguity func-
per pixel tion for the center target is, approximately, the product of the
XoRo range-Doppler and spatial ambiguity functions. This product is
(15) shown in Fig. 2(c), which shows that the total ambiguity func-
4v tion approaches the idetiumbtackshape. Energy from am-
whichis N times larger than was possible with a single receiveiguous targets has been eliminated rather than rearranged be-
Furthermore, it is noted that the angle-of-arrival informatiogause of the addition of spatial information. Likewise, the cor-
is unique from the time and frequency information, making felation matrix for this scenario shown in Fig. 2(d) exhibits no
possible to discriminate between range-Doppler ambiguities.dpynificant off-diagonal elements, indicating that no ambiguities
other words, targets that are ambiguous in time and frequengé present. The result for this method of processing applied to
(range-Doppler) will have different angles of arrival and can b&ery target is shown in Fig. 3.
distinguished. Figs. 2 and 3 demonstrate the effectiveness of multiple receive
Fig. 2 demonstrates how multiple receive apertures can ggsertures. The question now becomes what is the best method
solve range-Doppler ambiguity. In this simulation, a single apesf processing the newly added angle-of-arrival information for
ture that satisfied the minimum area constraint was divided ingogiven array formation.
nine smaller apertures of equal size, each with a coherent re-
ceiver. Iq Fig. 2(a), the ran'ge-.Dopp!er' ambiguity function foA_ Correlation Eilter
a target is shown. From this figure it is apparent that for any
target there are eight other targets that are ambiguous in th&ig. 3 was generated using matched-filter, or correla-
time and frequency domains. Fig. 2(b), however, shows the artayn-filter, processing with nine receivers in a>x3 3 regular

Amax = NBTAzAR=N
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Cross<Track

Along-Track
(a)

Cross—Track

Along-Track
{c) (d}

Fig. 2.  Ambiguities in the (a) range-Doppler map fall on nulls in the (b) receive array pattern to approximately form the (c) total ambiguity {dhGthn.
target correlation matrix has no significant off-diagonal elements, demonstrating reduced ambiguity.

ith resolution cell is the weighted conjugate transpose of its
measurement vector

W;:orr — pi2 (16)
|pi
where the superscriptorr, denotes that the filter is a correlation

filter. If the matched filters for all resolution cells are placed into
the columns of a matrix, the matched-filter estimal,.,, is

given by
W(‘,orr = D_lPH (17)
whereP is described in (6), anB) is a diagonal matrix defined
as
Fig.3. SARresults using matched filter processing for a three-by-three closely P:IL{P1 0 e 0
spaced receiver array. 0 pgpQ
D= : (18)
array. The vector representation of the correlation filter for the 0 0 oon
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When the matched filter is applied to the measurements re-
ceived, the estimate of th¢h target is

5

?07’7’)H r

’?i = (Wz

—it 3 (Wi g+ (Wi n (19)
J, i @

p varichl Crogs-Trhck
.
—

5

As seen in (19), error in the matched filtering operation comes
from two terms. The first error component is represented by
the summation term. This is the error due to clutter because =
of correlation between the desired target and other scatterers. g
The second error component is shown in the last term of (19)
as the error component due to noise. The matched-filter vector,
however, has the smallest magnitude of any filter vector that
gives~; as its expected result. Therefore, the matched filter has
the least noise power at its output of any linear filter. While the ®)
matched filter maximizes output SNR, it does not account for
clutter in any manner. In cases that are clutter limited rather
than noise limited, the matched filter does not provide optimal
estimates. However, it is this lack of dependence on clutter that
also makes the matched-filter vectors the least computationally
expensive to generate.

An important interpretation of the matched filter applied tﬁig. 4. Results from a sparse array configuration. (a) The sparse, randomly

. . . . . . ocated receiver array used with matched-filter processing to generate the SAR

angle information is that the matched filter is equivalent t@,,qe in ().
beamforming. The matched filter maximizes SNR by focusing,

or steering, the array pattern directly toward each target itl@oes. Because the array pattern behaves in this way, in gen-

estlmatlng. Range-Doppler processing reduc?s all butthe t‘f"rgf'a{l the nulls of the spatial pattern will not lie on ambiguities in

and its range-Doppler amb|_gu_|t|es. The sp_atl_al matghed_ flt ge-Doppler. Unambiguous targets in range-Doppler are still
then for_msabeam that maximizes array gain in the direction ambiguous overall, but ambiguities in range-Doppler have
the desired target and simultaneously attenuates range-Dopp E/ing degrees of correlation depending on where they fall in

sidelobes and ambiguities that fall outside the array’s mainlok{ﬁe spatial pattern. The result is the total ambiguity function

shown in Fig. 5(c). The correlation matrix for the sparse, mul-
tiple-aperture case was also calculated and is shown in Fig. 5(d).
The microsat concept calls for placing each receive aperturge perfect matrix occurs when all targets are completely un-
on its own, smaller satellite. Furthermore, the orbital dynami%rre|ated_ In this ideal case, the measurement vectors are or-
of formation flying require the satellites to have significanthogonal to each other, and the correlation matrix is in the form
random spacing between them. Therefore, the microsat argiyan identity matrix. Al dark off-diagonal elements represent
is sparsely populated, and different spatial processing mustdqi&iation from the ideal case; therefore, it is seen by comparing

applied. Fig. 4(a) shows a sparse array configuration. It is segigs. 2(d) and 5(d) that, as expected, the situation has degraded
in Fig. 4(a) that the spacing between apertures is not regUigithe sparse case.

or periodic; the apertures are randomly placed in three dimen-
sions. This represents control of the array structure by orbital Maximume-Likelihood Filter

dynamics rather than antenna array design and does not assuMe o vector of measurements. is defined as before. and

that those orbital dynamics produce a formation that is eithﬁ{e vector of noise valuen, is jointly Gaussian, complex noise

linear or planar. It is assumed that the apertures have the sS3@ o0 mean and a covariance matrix giveniiy, then the

azimuth and elevation angles at boresight; therefore, the SaE%Jhditional density of the observation and RCS vectors becomes

lites’ illumination patterns on the ground are assumed to be

B. Sparse Arrays

identical. B 1 1 Hore1
The sparse, randomly sampled array has significant consdt/7) = N exp | —5(r = Py) K (r —Pv)) .
guences on the algorithms applied to the spatial data. As seenin (20)

Fig. 4(b), matched filtering has become less effective becaussing (20), the maximume-likelihood (ML) estimator is obtained
the array pattern has sidelobes that fall on range-Doppler abpy-maximizing the argument of the exponential function
biguities. This is easily understood by viewing the ambiguity

functions in Fig. 5(a)—(c). In Fig. 5(a), the range-Doppler ambi- max _l(r _ Pfy)HK,jl(r — Pr). (21)
guity function is again shown. Instead of the well-defined main- 72

lobe, nulls, and sidelobes seen in Fig. 2(b), the array pattefRe ML estimator then becomes

in Fig. 5(b) has a smaller mainlobe due to the increased array

spatial extent and a random pattern of sidelobes and grating W, = (PHK,ij)_1 P'K ! (22)
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-
L
-
Cross—Track

Cross=Track

Along-Track AIng—Tr&ck
(a) )]

Cross=Track
L]

Along-Track
(g) (d)

Fig. 5. (a) The range-Doppler ambiguity function and (b) receive array pattern for the sparse array combine to give the (c) total ambiguity fabidigtieg
seen in (c) also appear as off-diagonal components in (d).

Next, if it is assumed that the noise samples are independémtportant. If P is ill conditioned, then the magnitude of the
then the noise covariance matrix is diagonal weight vectors that make uw,, can be very large and any
noise present in the measurements will be significantly ampli-

_ 2
Kn=0,1 (23) fied. Thus, SNR and the condition & become crucial factors
wherel is the identity matrix. The ML estimator then reducell! détermining the quality of the SAR image obtained through
to the ML filter.
The condition ofP can be improved by adding more aper-
W, =P (24) tures because the spatial degrees of freedom will increasingly

o . , exceed the number of range-Doppler ambiguities. The effect is
where(-)™" denotes the pseudoinverse operation. In order {0, same as what is seen in array pattern synthesis where the

obtain good results when the spatial array is sparsely samplgdy ees of freedom largely determine how much the mainlobe

itis clear that ambiguities in range-Doppler must fall on nullgjstorts when nulls are enforced. More apertures correspond to
in the spatial pattern. The ML estimator forces this condition qf e degrees of freedom, and more degrees of freedom corre-

the array pattern. __ spond to maintaining gain on the target without sacrificing the
The estimate of théth pixel's RCS due to the ML filter is  ,mper and depth of array pattern nulls.

then Results for the ML filter are shown in Fig. 6. Fig. 6(a) shows

% = (w?”)H r=-+ (w?”)H n (25) the output of the ML filter when the SNR of the measurements

is high. In this case, range-Doppler ambiguities are nulled by the
Comparing the forms of (25) and (19), it is seen that the cluttbtL weight vector with excellent results. In Fig. 6(b), however,

term is absent in (25). The last term in (25), however, becomii® SNR is low. Since the pseudoinverse operation calculates
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(@) (e

Fig. 6. ML processing of a sparse, random array for (a) high SNR and (b) low SNR.

weight vectors that are large in magnitude, the high noise powelLooking at (28) gives some important insight into the be-

is amplified and overwhelms the output. havior of the MMSE filter. First, in a low-noise or zero-noise
The ML filter maximizes the signal-to-clutter ratio (SCR)case K,, will be negligible andW ;. becomes

In cases where the number of receivers is significantly larger

than the number of range-Doppler ambiguities, the ML filter Womse & 2 PH

produces an excellent result. Disadvantages of the filter include

poor results when the SNR is low and increased computatigiiich is the same as the ML filter. In the low-noise case, there-
required to calculatdV due to the pseudoinverse operation. ¢ore the MMSE filter maximizes SCR. In the high-noise case,

K,, dominates an®V ;... becomes

1
72

PHM P =P (29)

D. MMSE Filter )
The minimum mean-squared error (MMSE) method uses sta- Winmse & 7 PUK T = Z—; P (30)
tistical properties of the targets and noise to calculate the filter "

that achieves the best compromise between output SCR ame filter representation in (30) is a vector in the same direc-
SNR. The MMSE filter maximizes the signal-to-interferencéion as the matched filter. An importance difference, however,
ratio (SIR) where interference is the sum of noise and cluttés.that the MMSE filter becomes inversely proportional to the
The MMSE filter, therefore, is the mathematically optimunmoise variance. Hence, as the noise variance approaches infinity,

compromise between the correlation and ML filters. the magnitude of the MMSE filter approaches zero. Therefore,
The derivation of the linear MMSE filter begins with the orinherent in the equation for the MMSE filter is the concession
thogonality principle, which can be expressed as [25] that, in the presence of overwhelming noise, it is best to estimate

the RCS values not by the measurements, but by the statistical
properties of the targets.
E [(’? -y MP} =0 (26) Fig. 7 shows the results for the three filters when applied to
three different SNR cases: low SNR, moderate SNR, and infinite
whereM is used to represent all linear combinations of the dat8NR. The apertures for Fig. 7 are in a sparse, randomly located,
r. Beginning with (26) and following through gives the MMSEL2-element array. It is seen that in the infinite-SNR case, the
operator ML and MMSE filters produce the same results. The matched
filter, however, produces results that are much worse because it
ol remains clutter limited. In the low-SNR case, the matched and
Wimse = E ['Y'YH] pH (PE [’Y’YH] PY+E [HHH]) . MMSE filters produce similar results, but the matched result is
(27)  brighter. This is because the matched filter does not reduce its
If the elements of the RCS vectey, are assumed to be inde-magnitude as noise is increased, and the brightness increases
pendent with identical statistics, afilnn'] is recognized as with increased noise power. The ML filter becomes unstable
the noise covariance matrik,,, then (27) reduces to in the low-SNR case. Its magnitude for some targets is very
large because it must compensate for loss of gain due to strict
~1 enforcement of the null constraints. In the moderate-SNR case,
Wonmse = 1P (’V,,QPPH + Kn) (28) the MMSE filter again produces better results than either the
ML or matched filter.
where the expected value of the squared RCS magnitude foilhe primary advantage of the MMSE filter is that it, by def-
each target is? = E[y/1,]. inition, provides the minimum mean-squared error in all noise
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Fig. 7. SAR images from a sparse, random array with 12 receive apertures. Comparison of the correlation, ML, and MMSE filters for low, moderiate and inf
SNR.

and clutter scenarios. The filter accounts for the statistical prop-It is mentioned here that the ML and MMSE filters could be
erties of the targets and noise in order to maximize SIR. Thalculated using the entire measurement vectors of all targets,
cost of implementing the MMSE filter is increased computatioimcluding time, frequency, and spatial measurements. However,
for calculatingW compared to the matched filter. this would require inversion of an extremely large matrix. Since
this is unrealistic, it has been tacitly assumed throughout this
paper that matched filtering is applied in the time and frequency
domains, and the more complex filters are reserved for spatial
The images presented thus far pictorially demonstrate the gflocessing. Once the time—frequency matched filter is applied,
vantages of multiple receive apertures and ML or MMSE spg-is only necessary to force the spatial weight vector to null
tial processing, but it is also informative to assess performanggge-Doppler ambiguities because these are the targets that
of the different algorithms numerically. Several error curvegyse significant problems when they come through sidelobes
are presented that demonstrate the performance of the thregfihe spatial pattern. In this implementation, spatial processing
gorithms versus different variables. The error criterion is the 3 second layer that nulls out those clutter targets that were not
mean-squared error (MSE) of the pixel magnitudes normalizggteady filtered by the range-Doppler processing. Some effects

V. NUMERICAL RESULTS

by the image’s mean-squared pixel magnitude of processing the data in this way can be seen in the numerical
results of this section and will be pointed out as necessary.
MSE — G- E =) 31 First, the effect of SNR on performance is investigated. Fig. 8
- T (31) shows the mean-squared error as a function of input SNR and
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Fig. 8. Correlation, ML, and MMSE filter performance versus SNR for &ig. 9. Correlation, ML, and MMSE filter performance versus antenna
12-receiver, sparse, random array. positioning error for a 12-receiver, sparse, random array and infinite SNR.

clearly validates the conclusions that have been stated about * 0

performance of the three filters. Most important, the MMSE o m”e'a”m
filter has the lowest error at every SNR. Also of importance i —— MMSE

the rapid increase in error as SNR decreases for the ML filt -5
and the flattening of the matched filter curve for high SNR
The flat curve for the matched filter as SNR increases shO\F,'E
that the matched filter is clutter limited; therefore, improvingy -10
SNR does not improve the results. The ML and MMSE curveZ 1
begin to flatten at lower error and higher SNR than the matche%
filter. The error floor is due to range-Doppler matched filteringg ~151
The level of range-Doppler sidelobes due to matched filtering 2
time and frequency determines the best achievable performai
when the SNR is high. If the ML and MMSE filters were ap- —2°
plied to the entire data set in time, frequency, and space, t
error would continue to decrease for increasing SNR. Applici

tion of the ML and MMSE filters in the spatial domain only, 2> 1o 12 14 16 18 20
however, does yield significant improvement over the matcheu Number of Receivers
filter as shown by the right side of Fig. 8. Fig. 10. Correlation, ML, and MMSE filter performance versus number of

Another important factor that has not yet been mentionedrigeive apertures for a sparse, random array and moderate SNR.
the accuracy of information about the physical scenario. Since
the physics must be known in order to calculate the measurey; \uas mentioned earlier that forming nulls in the spatial

ment vectors, any deviation from the expected scenario will iBéttern requires enough degrees of freedom. More degrees of

troduce error in the results. Fig. 9 shows the behavior of th&.ejom allows forming the required nulls without sacrificing
estimation error versus one particular deviation: receiver pogizin on the target. Hence, it is expected that estimation error
tioning error. In this simulation, the filters were calculated usi

ill decrease as the number of apertures increases. Fig. 10

a§sumed recewerposnmns.\_/Vhenthe. radar measurements WeHonstrates this result. The estimation error versus number
simulated, however, the receiver locations were randomly deyk o caivers in Fig. 10 is relatively flat for the matched filter
ate_d from the assumed_ Io_catlon_s accordl_ng to a Gaussian d'%@bause it only has one constraint: that the gain on the target be
bution of standard deviatiom;,, in each dimension. The stan-p,,,imized. The entire range from nine to 20 receivers provides
dard deviation of the total positioning error for each recelv%rnough degrees of freedom to satisfy this one constraint. The
was then ML and MMSE filters, however, have nine constraints (the
0. = V30 30y target and eight ambiguities). Therefore, as the number of
e » (32) ; - ;
receive apertures is increased from nine to 20, the degrees of
Fig. 9 shows estimation error versas for simulations per- freedom increase significantly. The slight improvement seen
formed at infinite SNR. The matched filter results vary littldor each of the filters as the number of receive apertures is
versus amount of positioning error. However, since placing nullscreased from 13 to 20 is due to improving SNR. This SNR
requires accurate phase information, the ML and MMSE resuilisprovement occurs because each additional aperture increases
are very sensitive to positioning error. the amount of signal energy collected.
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VI. CONCLUSION

We demonstrated the utility of multiple receive apertures. The
spotlight area, or swathwidth, of a SAR system is fundamen-[ ]
tally limited by the amount of information that can be collected 2]
at a given resolution, and multiple receive apertures mitigate
this situation by adding independent angle-of-arrival informa-
tion. We presented a sparsely populated array with randoml)}g]
placed elements and discussed the motivation for such an array
in space. We also presented additional algorithms for processing
the angle-of-arrival information and applied them to multiple 4!
receive aperture simulations. We showed results produced by
the three different algorithms for varying SNRs and investigateds;
performance versus the factors of SNR, receive-aperture posi-
tioning accuracy, and number of receive elements.

The results presented in this paper demonstrate both the neeég’s]
for and methods of applying multiple receive apertures to ob-
tain wide-area SAR images. Future spaceborne systems of thl
microsat concept are being studied, and this paper demonstrates
how the measurements from such systems can be processed
fectively. Several factors will affect this processing. One of the
most important factors is the number of receivers. In order for a
system such as the one proposed to work, there must be enoud#
receive apertures to null all range-Doppler ambiguities as wel[l10
as keep the mainlobe on the target. A sufficient number of re-
ceivers ensures that the ML and MMSE algorithms will not pro-
duce unstable results in the presence of noise; therefore, an
operational system based on the constellation concept shou[rgj/1L
have enough receivers that some gain can be maintained white)
still enforcing nulls in the array pattern. The SNR received by a
sparsely populated, spaceborne array affects the processing thal
should be used. In situations where the received SNR is high
enough, the improved performance of the ML and MMSE fil- [14]
ters justify their added computational expense.

Another important factor is the ability to position the receive [15]
apertures accurately. As with any pattern synthesis problem
where nulls are desired, the relative phase shifts between elgs]
ments are the dominant components in the algorithm. Ability to
estimate these phase shifts accurately is crucial. Although ﬂ’[‘f?]
results presented in Fig. 9 are for only one particular microsat
constellation, the improvement shown by the ML and MMSE
solutions for absolute positioning errors of one-tenth of &l
wavelength or less is probably a good rule of thumb. Again,

a benefit of having extra receive apertures becomes appareni9]
as increasing the number of apertures will ease positioning
accuracy requirements for a given error level. However, th?20
ability to obtain accurate knowledge of the receiver positions
is an essential technological requirement for any operational
implementation of the constellation concept. [21]

The MMSE solution is the most robust solution. It maxi-
mizes SCR in clutter-limited cases and SNR in noise-limited22]
cases. Its computational expense is significantly more than for
the matched filter, but only slightly more than for the ML filter.
Furthermore, the added computation is not data dependent, and
the MMSE filter can be calculated before data is collected. In
moderate-to high-SNR cases with low positioning error, the reE24]
sults produced by the MMSE filter certainly justify its added |55
computational burden.

=
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