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Abstract

We present a recursive backprojection-based procedurgyfahetic aperture imaging. In traditional
SAR imaging, radar measurements are processed in blockstifjuous azimuth angle measurements. In
continuous imaging applications, block processing gdlyegatails signi cant computational overhead, in
part due to overlapped processing of azimuth intervals. Wsider a novel recursive update approach, in
which the SAR image is updated using an autoregressivedlzdgerithm as new measurements are taken.
In this approach, the SAR image is found as a linear comlminaif a small number of previous images
and a term containing the current radar measurement. Th@uwational and memory requirements of
the recursive imaging approach are modest—on the ordét olN 2, whereM is the recursion order
(typically  3) andN? is the image size. In addition, we investigate the crossasidelobes realized
by the autoregressive imaging approach. We show that aondér autoregression of the image gives
crossrange sidelobes similar to a rectangular azimuth awndavhile a third-order autoregression gives
sidelobes comparable to those obtained from widely-usadavi's in block-processing image formation.
We compare images obtained from the recursive and blockepsing techniques, both for a synthetic

scene and for X-band SAR measurements from the Gotcha data se
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. INTRODUCTION

Synthetic aperture radar (SAR) is widely used in a number obitamt remote sensing applications,
including environmental monitoring, land mapping, anditaiy surveillance. A mobile radar system
(mounted on an aircraft or satellite, for example) inteateg a scene of interest by taking measurements
at a number of different aspect angles, and these measutiearercoherently combined to form imagery.
Radar images are formed by processing the data over a counsigset of azimuth collection points.
Commonly-used image formation algorithms include contiofu backprojection (CBP) and the Polar
Format Algorithm (PFA) algorithm [1], [2].

Recently there has been an increased interest in SAR sydteinsersistently sense a scene of interest.
An example is an airborne radar that ies a continuous circpith around a scene of interest, and forms
a sequence of SAR images of that scene. These images may berestjiand viewed as a movie, a
process called “SAR video.” Traditional image processingdion an imagel ¢ at time k using data

collected from the] most recent measurement points has the weighted sum form

X 1
I = W R(rg ) (1)
i=0

wherery j denotes the SAR measurement collected at kmej, R(r¢ ;) is the backprojection image
component computed from measuremnt;, andf w; g is a weighting sequence, or azimuth apodization
window.

If one wishes to compute a sequence of images at consecuwtivesvofk, direct computation of
equation (1) may represent a signi cant overhead in proogsand memory.

This paper considers recursive processing technigues igrdtcantly reduce the memory and com-
putation needed for sequential SAR image formation. The hdsi is to consider the image formation
process as a recursive estimation problem, and to applyitpobs from recursive estimation theory [3],

[4], [5]. In particular, we develop recursive image fornaatialgorithms of the form

hd
Ik = mlk m+ R (r) (2

m=1

whereM J.

We also consider the image quality resulting from the raeargnage formation process, as measured
by the SAR impulse response to an ideal point scattering ceMe study how selection di and the
parameterd n,g; in (2) relate to the crossrange impulse response structMeeshow that for low
recursion ordersM  3), image quality metrics are similar to block-processingrapches that employ

commonly-used azimuth window functions.



The memory and computational advantage of (2) over (1) carobsiderable. The computation of (1)
is O(JN 2) for an image of siz&l 2, whereas the computation of (2)@&MN 2). In typical applications,
J can be 100-1000 compared kd 3 in (2).

Prior work on recursive approaches for SAR image formatiotuttes [6], [7], [8]. This work considers
recursive computation of a single SAR image, rather than ifoggna time-indexed sequence of SAR
images. In this paper we provide an autoregressive forimoul#r a sequence of images, and in addition
we provide an explicit connection between the regressioarpeters in the recursive sum and the resulting
image's crossrange impulse response behavior.

One signi cant advantage of the recursive formation appnpachich we explore in Section 1V, is
that by changing the values of the, parameters in (2), one can change the effective azimuthuaper
of the formed image. The change resultsnim increasein computation. Furthermore, other choices of
the ,, parameters can result in a sequence of difference image#yl der example for detecting or
tracking moving objects in the scene. Because the imagiegatipn is computed independently for each
image pixel, different resolutions can be applied to ddférimage pixels or regions, with no change in
computational cost. Finally, these parameters can readilgdapted, enabling approaches for decision-
directed SAR image formation.

An outline of the paper is as follows. In Section 2 we presericansive formulation of the convolution
backprojection algorithm. Section 3 considers image quatietrics for recursive SAR; in particular, we
focus on the impulse response (IPR) of the radar image andamwtigal sidelobe levels obtained from
realistic scattering objects in the scene. Section 4 corsieample responses, both for a synthetic scene

and for measured imagery using the Gotcha data set [9].

II. RECURSIVESAR IMAGING
A. Backprojection Imaging

Assume a radar system interrogates a scene by transmittiadaa waveform at time from a radar
platform at location(x; y;2) = (¢ ;¥ ;z); Iis referred to as “slow time”. The waveform propagates
across the scene of interest and is re ected by elements irs¢hae. The return waveform (t) is
received and recorded; typically (t) is a narrowband signal whose spectral content is concentrat
some bandwidtiB about a center frequendy., so! 2 [! . B=2;! .+ B=2]. This process is repeated
for a sequence of discrete slow timgs

We are interested in forming an image on a scene surface dédoyerd = h(x;y). Without loss of

generality, we assume the surface is centeretkat;z) = (0;0;0) and furthermore that the imaging



surface is prede ned by the set of poir{ts ; yi; zi = h(X;yi)). Typically, this set of points is an equally-
spaced rectangular grid in theandy dimensions, and the surface is either a horizontal surface Q)
or a nearly-horizontal surface in which eaghis the ground elevation of the correspondifg;y;)
location—a so-called digital elevation map (DEM).

Let f (x;y;z) be the ground re ectivity function, where we assume z(x;y) is the height of the

ground at locatior(x;y). Then the measured return waveforn{(t) is given by:
z Z,

fogy;z) @ (U ik o) grdxdy dz 3)
R3 !min

1

r(t)= IR

where ¢ is the propagation velocity anfl min;! max] is the frequency support of the range prole
measurement. A standard method to recover the re ectivignfmeasurements from SAR data collected
over an azimuth intervdl min; max] [0;2 ]is the convolution backprojection (CBP) method [1], [2],

in which the estimated re ectivity (x;y) is
Z Z ' max

max

|(x:y) = zi e (1) (ecos +ysin )iy () V() dld (4)

mn L omin

whereV, (! ) and W ( ) are apodization windows that have support[bfin;! max] @nd[ min; maxls
respectively, and whene (! ) = Ffr (t)g is the Fourier transform of the range pro te (t) at angle .
Convolution backprojection is based on the idea that thedimensional received signal is rst Itered
(the convolution step) as (! ) ! = (') jljV:(!), then “smeared”, or backprojected along a second
dimension.

Assume that measurements are made at discrete azimutitieteangley ;; j) taken at times;.
We also assume that the elevation angleare (nearly) constant. We wish to form an imdgéx;y) at

time k using theJ most recent radar measurements. Defét) = F e (1)j! jV;(! )g. Then
¥ 1

lk(x;y) = wirt Lt j(xry) (5)
j=0

where
. 2 . . - . -
b j(GY)= o M iV i | X y;z(xy)
is the round-trip time delay between the radar transmitieation at time  ; and the image location
(x;¥;z(x;y)) on the reconstruction surface, and whereis an azimuth apodization window obtained
by sampling\, ( ). For examplef w; g may be a Hanning or Taylor window in the azimuth direction. In
addition,w; can compensate for nonuniform angular spacing between; theeasurements [10]. If we

consider the discretized SAR image ashin N matrix | whoseith column andth row corresponds



to position(x;;Vy; z(Xi;y))), then we have

1
|k= Wij j (6)
j=0

where theN N matrix Ry j = R(f , ) is formed from the vectort, = by the backprojection
operation as de ned in equation (5). For simplicity of nodati we drop the(x;y) indexing on the
image.

Direct computation of equation (6) involves N?2+ C(R) multiplies and adds, wher€(R) is
the number of computations needed to foRy ; from the measured range pro le. For the case of
a general windowf w; g, there does not appear to be a simple recursive formuldfdhat results in
signi cantly fewer computations than direct computationegfuation (6). To computk, for every index
k, direct computation using equation (6) thus involves sgamt computation and memory. For example,
to implement the simple rectangular weiggting function

WjR:il, 0 j J 1 -
- 0; otherwise

the recursive computation of the SAR image is given by
Ik =1k 1+ Rk Ry 3 (8)

The above equation requires on®N? adds per update of aN N image; however, the memory
requirement is much higher, as one needs to stdRg matrices. Alternately, one can stareft, vectors
and reconstruct eadR; as needed in (8), reducing the memory cost but requiringoneputation of the
neededR; backprojection matrices each time it is needed.

The rectangular window is rarely used in practice due to higissrange sidelobes in the resulting
image; for commonly-used window functions, the correspogdecursive update to (6) may involve
signi cantly more computations and memory than (8), and megult in little or no computational
savings over direct computation. Thus, exact recursion® finbock-processing CBP equations may be
extremely expensive computationally. We are motivateely tho consider approximations to (6) involving
signi cantly lower computation and/or memory, and to invgate what effective azimuth apodization

window such an approach produces.

B. Recursive Convolution Backprojection

For the case in which measurements are taken in a continuingegs, we develop e&cursive

formulation for SAR image formation. In particular, we aréeirested in recursive computation lgf that



approximates (6) but with signi cantly lower computatiorsaid memory needs.

A computationally simple recursive imaging approach is $e a rst-order recursion of the form

lk=lk 1+ Ry 9

where is an exponential forgetting factor satisfyifg< 1. Such an exponential forgetting recursion
is commonly used in recursive least squares estimatiojgB][4]. The recursion can be shown to result

in the exponentially-weighted sum and corresponding e&ptial window function given by

X .
Ik = 'Rk j =) wy= 1 j=0;1;::: (10)
i=0
Equation (9) can be seen as an autoregression (AR) of orderAR() recursion. A straightforward

generalization is to consider @ th order autoregressive recursion:

hd
Ik = mlk m+ R (11)

m=1
The M th order AR recursion requireSIN > memory locations to store thél previous images, and
requiresMN 2 multiplications per recursive step. In addition, the comagions are well-matched for
parallel or hardware implementations because, excephocomputation oRy, the multiplies and adds
are carried out identically on each of the? image pixel values.
The choice oM , the gain factor , and the AR coef cientd mgmzl determine the effective azimuth
apodization window of the SAR imaging process. The azimuthdain is found from the inversé -

transform of

= 12
Au(iz bH 1 1z 1 mz M (12)
h i
1
Auw(z 1) -

Below we consider the effective apodization window obtdif@ small recursive orderd =1;2; 3)

Speci cally, w; = Z

and show that these windows closely approximate three conysused window functions for block-

processing spectral analysis.

Ill. EFFECTIVEAZIMUTH APODIZATION OF RECURSIVEIMAGING

In this section we consider the effective azimuth apodiratihat results from using the recursive

image formation recursions presented above. We analyzerder casesM = 1;2; 3) and provide simple

three corresponding classical window choices. Finally, vas@nt an optimization procedure for selecting

recursion parameters that approximate a general desiizapion window.



A. Image Quality Performance Metric

We rst briey review SAR image quality performance, and dissusow the azimuth apodization
window relates to this performance.

For SAR imaging, the primary assessment of image formatiatitgus determined from characteristics
of the impulse response (IPR) of the imaging operation. The $RRe response to an ideal point scattering
center at locatior{Xo; Yo; zo), Wherezg is chosen to be on the imaging surface. Two primary measures
of image quality are the mainlobe width and the sidelobel$cwé the IPR.

To simplify the analysis, we assume that (1) the object beingged is in the far eld of the
interrogating radar, and (2) the image surface is appraeiyglanar in a region of the size of the
impulse response main lobe. In this case, the impulse resp@ngiven by the inverse 2-D Fourier
transform ofV; (! )\, ( ). This window is separable in the polar-frequency domain.eNbat the range
apodization windowV, (! ) is used only to obtain the range pro les, and is the same in Hwthblock-
processing and recursive image formulations; the onletbffice is in the azimuth apodization. We will
thus focus on comparisons of the azimuth apodizations.

Furthermore, in the common case that the azimuth eXtent; max] is small, then the apodization
window is approximately rectangularly symmetric. For maaglar systems, this assumption holds true;
for example, an X-band radar with center frequency of 10 Gstswapproximately 3of azimuth extent to
form an image with0:3m 0:3m resolution. In this case, the imaging window is approxghaseparable
in the downrange-crossrange dimensions, and furthermdte) describes the downrange window, while
W ( ) describes the crossrange window. The downrange and crgssiapulse responses are given by

the inverse Fourier transforms ¥f(! ) andW, ( ), respectively.

B. Azimuth Impulse Response Characteristics

1) First-Order Recursion:We consider rst the rst-order AR recursion = 1) given in (9). The

effective azimuth window is given by (see (10)):
wj = Jufj] (13)

whereu[j ] is the unit step sequence and whegrmdexes how far in the past, with respect to the current
measurement gt = 0, a SAR measurement has been taken. ThusQfor < 1, measurements in the
past receive an exponentially-decreasing weight of.

For equally-spacedy = k , w( ¢ j) in (13) can be considered samples of a continuous-valued



apodizing window

w()=e u() (14)
where = In =( ). The Fourier transform of this function is
1
Flw( )= W()= i+ (15)

W () characterizes the crossrange IPR function, at least forlspatture images. Note that the cross-
range sidelobes (for large) decrease on the order (f=) . This is the same behavior as a rectangular
pulsewR( ) whose Fourier transform is a sinc function. Thus, the rstesroecursive formulation results
in a crossrange IPR that is comparable to the one obtainedj asirectangular window in standard
backprojection imaging as de ned by equation (6).

In fact, for any rectangular window of width samples, (wherd is suf ciently large), there is a
corresponding value of given by

=1 = (16)

whose effective crossrange mainlobe width and sidelolgorese closely match those of the rectangular
window. Thus, the rst order image formation recursion in (9)ith =1 2=J, approximates a
block-processing CBP image formation using a rectanguladew with J azimuth measurements. The
parameter controls the scale of the window but not it's shape. In thistise we choose such that
the sum of the resulting window coef cients is unitF;/, w; =1, forcing the center of the IPR to be at
0 dB.

Figure 1 shows a rectangular azimuth window and its corredipgnexponential window, in both
the azimuth index domain and in the corresponding Fourgrsfiorm domain. This Fourier transform
domain, , corresponds to the crossrange dimension in a reconsirn®A®&R image, and the functions
shown represent the crossrange slices of the two-dimeaisiBR of the SAR imaging system under the
assumptions stated previously. We see that the responge attursive window has similar mainlobe
characteristics as the corresponding rectangular wind@panse. In the sidelobe region, the crossrange
response matches the “envelope” of the correspondingnmgatar window sidelobe response, and it has
the same decay rate.

2) Second-Order RecursiorA similar analysis can be carried out for the second-orderiliRging

recursion. FoM =2, the AR coef cients may be chosen to satisfy

Az H=1 1z' ,z2%=1 el z! 1 elz? (17)
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Fig. 1. Comparison of AR(1) recursive window to a rectangular bleadcessing window. Azimuth windows (left) and their

corresponding crossrange impulse response functions in dB (righghawn.

Here, the effective azimuth window is a damped sinusoid @imping factor and oscillation frequency

wp= JsinG ); j=0;1::: (18)

where is a constant that does not affect the window shape. This nsgpbas an initial rising ramp
shape and, for appropriately selectednd , a single large pulse. The initial ramp responsevjnlimits
its Fourier transform to decrease as?, similarly to that of a triangular (Bartlett) window, whids

de ned as 8
2. 0 i _
= ] J=2
wp= o (19)
T g=2+1 ) I 1

A close approximation to thé-element Bartlett window is obtained using a second-ordeunsion with
parameters in equation (17) chosen as:
2:8
= m; T: (20)
Figure 2 compares the Bartlett window and its correspondingstange response to that of a second-
order AR window with parameters selected using equatiof. (20
3) Third-Order Recursion:The third-order AR recursion gives a smoother window functiwhose
initial behavior mimics a quadratic; such a response hasndmmus rst and second order derivative
near zero. The AR(3) parameters can be chosen to closely>amate the shape of a Hanning window
response.

ForM =3, theAs(z 1) polynomial in (12) can be factored as (with two complex-cayajte poles)
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The recursion parameters in (21) can be selected to match mirkdggwindow as:

5
5J

28,

1 ,
J

1

1 elz? 1 z1 (21)
3
3 (22)

Figure 3 compares the Hanning window and its correspondiaogscange response to that of a third-

order AR window with coef cients selected using the equasi@bove.
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Comparison of AR(3) recursive window to a Hanning blockepesing window. Azimuth windows (left) and their
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C. General Window Approximation

The previous sections outlined simple design rules for cingathe recursion coef cients to emulate a
rectangular, Bartlett, and Hanning window using recursiagters ofM =1, 2, and 3, respectively. More
generally, one can solve an optimization procedure to ahtlos , parameters that “best” approximate
any given block-processing window, where “best” is in thesseof minimizing some criterion such as
a weighted , norm difference of the azimuth-domain coef cients or a weaghL , norm difference of
their crossrange impulse response patterns.

Letw = fwyw,:::w; ,gdenote the desired apodization window that we wish to apprate with
an AR(M) recursion. A particular scale factorand set of recursion parameters= f 1::: m g gives

rise to an effective set of weights** = fw)® ;w5*;:::g,

AR — 1 - 1
wt =2z Au(z 1) z 1+ 4z 1+ :::4 yz M (23)

that may be compared to the desired weights. Optimizatiaghérwindow domain takes the general form
N
,  =argmin j (w5 ); (24)
j=0
where s the optimal scale factor, are the optimal recursion coef cients, angl( ; ) is the cost of
mismatch for thg th window element. The unweighted approximation is achieved with (wj ;Wi )=
jw, o wE j%,j =0; :::; J. The recursive window coef cienta/** necessarily have in nite extent; the
optimization (24) truncates the number of window coef cetd J, whereJ™ J 1is chosen to capture
the dominant portion of the designed window's energy. In)(2de target windowv is zero-padded as
needed fof > J 1
Seeking a set of real and stable window weighit§ dictates that the roots @&y (z 1) lie inside the
unit circle on the complex plane and that any complex rootsiom conjugate pairs. This is achieved
by parameterizing the design window coef cierfta;* g by the rootsr = fry; :::; rmg of Au (z D)
and optimizing oveljr,mj < 1 while enforcing conjugate pairs. The one-to-one relatigndietween
polynomial roots and coef cients allows us to map an optimetl of rootsr into the desired auto-
regressive coef cients
Figure 4(a) presents the results of an example applying thergewindow tting procedure of (24),
with uniform *, weighting, to a Taylor window with sidelobe level (SLL) of35dB and four nearly
constant sidelobesn(= 4). The 3dB widths are approximately equal and, for Taylor Isides 2 and

greater, the magnitude of the AR(6) approximation is no tgretnan the Taylor side lobe levels.
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Alternatively to (24), which treats the optimization in thhéndow domain, it may be more natural to
consider optimization in the impulse response domainWe{ )= F(w ) andW*® ( )= F(w*)=
AE ) =6 denote the target and designed azimuth impulse responises, loy the DTFTs ofw
andw”® , respectively. The corresponding optimization is

z

. =argmin (W (), W™ () d; (25)
where ( ;) is a continuous cost function that may depend on the azimuogfea . The weighting
(f1;f2) = jf1 2% 8 , gives the unweighted.» optimization, however other options are more
interesting for IPR approximation. For example, we may caire¢e on tting the main lobe in the

log-magnitude domain

8
2 co(logjW ()i logjw* ( )j)?; o < o
(W :WAR>=§c1(|ogjw<)j logjw** (1)) 1 < goro < g1:(26)

0; il 1

For a given target windowV and appropriately chosery; 1, o < 1, (26) allows us to focus the
cost function on different portions of the main lobe withfelient weights. o de nes a region around
the main lobe peak, with weighty; while 1 de nes the extent of the main lobe tail which is given
weightcy. This is a single example of how ( ; ) may be chosen to emphasize certain design criteria in
the impulse response domain. Clearly, alternative costtioms may be used for different design goals.

Finally, as in the case of (24), the optimization in (25) maypeeformed over the polynomial roots
rather than the AR coef cients. In practice it is also eas@erdplace the integral in (25) with a sum over
samples oW ( ); W"* () provided from an FFT.

Figure 4(b) demonstrates the application of (25) and (26) tmgtan AR(6) recursion to the main
lobe of the Taylor window considered earlier (SLL35dB, n = 4). As illustrated in Fig. 4(b), the main
lobe was partitioned asp = 0:003 (sample number 6) and; = 0:009 (sample number 18). We chose
Cco = 20 andc; = 1 to give more weight to main lobe peak region. Compared to thelew-domain
design in Fig. 4(a), the impulse response domain t providestieb approximation of the main lobe

and has narrower width at the sidelobe level (-35dB) of th@oFawindow.

D. Sidelobe Levels and Transient Response Behavior for NaisRant Scattering Centers

The IPR mainlobe width and sidelobe levels are useful metesirhage quality, and accurately
characterize point scattering behavior, whose amplitedgpanse is isotropic as a function of frequency

and angle over the extent of the measurements used to fornmidge). However, many scattering
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Fig. 4. Approximations of a Taylor window (SLL=-35dBy = 4) with order-6 recursive windows. (a) Fit in the window
domain using Eq. (24). (b) Fit in the IPR domain using Egs.(25) anyl (26

centers exhibit anisotropic responses, especially as eifumof angle. Studies [11], [12] have shown
many scattering responses persist over limited aspecesnBecause recursive SAR is used to form a
sequence of images, it may be important to understand thsi¢ra behavior of the imaging operator as
it overlaps part of or all of the persistence extent of thezobj

To illustrate this point, we consider a scattering centeosehresponse amplitude varies with azimuth
as a Gaussian amplitude pro le [12], as shown in Figure 5. Suabspanse might arise from an object
whose nonzero length is a few wavelengths or larger, for @karhy a dihedral or side of a building
[12]. In this gure, we consider such a scattering center igthgecursively with an imaging operator
using an exponential azimuth weighting function as in eigna{10). An exponential window would
rarely be used in practice due to its high crossrange siddmlels, but it serves to clearly illustrate the
difference between the IPR response and transient scattieehavior in this example. The top row of
the gure shows the scattering center azimuth response |ayest with the effective azimuth aperture
of the recursive imaging operator. The four columns corredpm four time snapshots of a recursive
imaging process, in which the “current' azimuth angle of thdar is at the step discontinuity of the
exponential windows in the gures above. Shown in the bottomv eve crossrange response slices of
the SAR image at the range of the scattering center. For casoparalso shown in the bottom row is
the crossrange IPR of the SAR system as predicted by the azepoitization window (from Figure 1.

We see from the gure that, for this scattering center, thessrange sidelobes are for most times much

lower than predicted by the IPR analysis. When the discoityirui the exponential window in Figure 5
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overlaps the large-amplitude region of the scatteringamsse, as shown in the second column of plots
in the gure, the azimuth sidelobes are high. However, whesn ékponential window is to the left of
the scattering center (as in the rst column), or when the wimdncludes most or all of the scattering
center response, as in the right two columns, the resporss®ipened and the sidelobes are much lower,
about 35 dB below the peak response in the example shownidatker region, the sidelobe response
is primarily dictated by the scattering object's azimutisgense, not by the apodization window. If the
SAR image were displayed as a video, one would see a high blélash' during the transient time in
which the SAR system current position is aligned with theteciaig transient response. For a dihedral,
this would be the time just as the SAR system becomes broattsitie dihedral. Once the SAR azimuth
has passed the transient “ ash” center angle (3rd columm) sttlelobes become much lower. For video
SAR applications, this type of transient high-sidelobe eéveay be acceptable if it occurs for a relatively

short transient time.

3 3 3 3

2 2 2 2

1 1 1 ‘ 1
0 500 0 500 0 500 0 500
Azimuth Index Azimuth Index Azimuth Index Azimuth Index

Azimuth Response (dB)
Y
o

-20 -20 -20
-40 A -40 -40 -40
-1 0 1 -1 0 1 -1 0 1 -1 0 1
Crossrange Crossrange Crossrange Crossrange

Fig. 5. For scattering centers with limited persistence, high sidelobes aneosdy during the transient period in which the
window overlaps only part of the response (2nd from left). Showntleeeazimuth amplitude of the scattering center (top row,
blue) and the exponential window corresponding to a recursive SARenaa four “current' values of azimuth (top, yellow).
The bottom row shows the azimuth response of the scattering center #iltie¢ range of the scattering center, in dB. For

comparison, the azimuth response of the exponential window is alsonsfy@iow).

For scattering centers with large azimuth persistenceeanglch as tophats, trinedrals, and spheres,

the azimuth sidelobes are dominated by the azimuth IPR respaiithe SAR imaging operator; for these
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scattering shapes, one would expect a crossrange imagmeespimilar to the responses predicted from

the windows in given in Figures 1, 3, and 5.

IV. ADAPTIVE AZIMUTH INTEGRATION ANGLE

One signi cant advantage of the recursive image formatiorthmds is that the effective azimuth
integration angle can be varied signi cantly witto change in computation or memory requirements
This is because the recursion order, and consequently alsarionory and computation, are independent
of the effective number of azimuth samples used to form thegencf. (16), (20), and (22).

Figure 6 illustrates this point using a second-order reoargiindow. This Figure shows three azimuth
apodization windows that are realized simply by changirgguilues of the parameters used in (17). The
effective azimuth integration angle is varied fromt® 35 with no change in computational or memory

requirements.

Apodization window
© © o o o o o o
o 9 = @ @ 3 ® © -
T T T

o
[

=)

I I I I I I I
0 10 20 30 40 50 60
Azimuth (degrees)

Fig. 6. Three aperture windows corresponding to three sets of ,g parameter pairs in the second-order recursive image
formation. The selectiofh 1; >g =(1:983 0:983) gives a 3 window, f 1; 2g=(1:995 0:995) gives a 15 window,
andf 1; 29=(1:998 0:998) gives a 35 window.

V. SAR IMAGING RESULTS

In this section we present numerical results comparingttoamal, nonrecursive SAR images with those
obtained using the recursive update equations. We consigtea synthetic SAR scene consisting of

several canonical scattering shapes, and then presetisresing the Gotcha Public Release Dataset [9].
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A. Synthetic Scene

We rst present results using synthetic SAR data of a sceneaating several canonical scattering
shapes. The 20m 20m scene is shown in Figure 7. Six canonical scattering abge in the scene,
namely (from top to bottom and left to right) a 2 meter dihédaatophat with 1 meter radius, two ideal
point scatterers, a trihedral with 2 meter edges, and aoseilil (elongated sphere) with major and minor
radii of 2.5 meters and 1 meter, respectively. The peak antgg of these scattering responses were
(arti cally) set to be equal so that all could be clearly seerttie images.

We simulate a radar whose center frequency is 9.6 GHz andnbdiidis 640 MHz. The radar traverses
a circular path of radius 10km from scene center. Measuresrae taken in equal azimuth increments,
with azimuth spacing o%) . These are approximately the radar measurement paramétbies Gotcha
data presented in Section V-B.

We form SAR images of the synthetic data in four ways. We rstnfostandard, block-processing
SAR images using a convolution backprojection algorithmhviibth a rectangular azimuth window and
a Hanning azimuth window. In both cases we use a®erture, sd = 360. We also form two recursive
images, using both the rst-order recursion witlthosen using equation (16) and the third-order recursion
with , ,and chosen using equation (22). These images can be considesad@shots of SAR videos.

Figure 7 shows four SAR images for an azimuth centered5at here, the radar is located in the
direction of the top-right corner of the images. We see gagr@ement between the response envelopes
of the rectangular window and the rst-order recursive eatin the rectangular window sidelobes
are oscillatory, while the envelopes of the recursively¥fed images are smooth, but the crossrange
sidelobes decay at the same rate. The downrange responssindae, because the same (Hamming)
downrange apodization windoW (! ) was applied to the measurements in all four cases. The thilel-o
AR and Hanning-weighted images are also similar to eachr.offfee Hanning-weighted image shows
slightly wider crossrange responses, and slightly loweéelsbes, than the third-order AR image, which

is consistent with the crossrange IPR slices shown in Figure 3.

B. Gotcha Data Set

In this section we present results of block-processing andrsive imaging using measured SAR data
from the Gotcha Public Release Dataset [9]. The Gotcha radarh@s a center frequency of 9.6 GHz, a
bandwidth of 640 MHz, and an azimuth measurement samplirappfoximatelyl=120 . For this data,
the radar ies a circular path with a radius of approximatelyy km from scene center, at a hominal

elevation angle o#t5 [9].



17

-10

-15

-20

Y(m)
Y(m)

-25

-30

-35

-40
X(m)

(a) Rectangular

Y(m)

2 4 6 8 10 : U -6 -4 2

U -6 -4 2 2 4 6 8 10

0 0

X(m) X(m)
(c) AR(2) (d) AR(3)

Fig. 7. SAR images of a synthetic scene consisting of six canonical sogts&rapes. The top two images are formed using

block-processing methods with a rectangular and Hanning azimuth wintlogr bottom two images are formed recursively

using a rst-order and third-order recursion. The azimuth windowsalbfour methods are those in Figure 1 and 3. The image

resolution is approximately 0.3n0.3m.

Figure 8 shows two snapshot images from SAR videos of a parkihgdntaining several vehicles
from the Gotcha data set. Compl€380 SAR videos are provided in the multimedia supplement to this
article. Block-processing Hanning-weighted CBP imagesewlermed using an azimuth extent 8f,
and recursive images using the AR(3) parameters as in equétR) were generated. As can be seen,
these images are quite similar to each other, however, thmamyeand computational needs were quite
different. Each image of Figure 8 is composed of 5522 complex single-precision (8 Byte) numbers.

Thus, individual imagesl ) and backprojected range pro leRRf) consume 2MB each. The block-
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processed image (Fig. 8(a)) requirdd > 8B =(3 120) 512 8B=720MB of storage to form,
while the AR(3) image (Fig. 8(b)) only requirddN 2 8B=3 512 8B=6MB of storage to form.
For apertures larger thad, the storage difference would be more dramatic. From theiquewideo
frame, Figs. 8(a) and 8(b) both require computing the curbexxkprojected range pro le given a new
measurement. Figure 8(a) requires an additid®f = (3 120) 512 944 10° complex multiplies
and adds. Computing the AR(3) image, Fig. 8(b), only requaresdditionaMN 2=3 512 =8 10°

complex multiplies and adds.
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Fig. 8. SAR images of a parking lot using phase history data from the @dRciblic Data Set. (a) Block-processing image
using the Hanning azimuth window. (b) Third-order recursive imadee @zimuth windows are those in Figure 3. The image

resolution is approximately 0.3n0.3m.

As mentioned previously, the recursive imaging methodsamommodate signi cant changes in the
effective azimuth window width used to form the images synpl changing thefa,g parameters
used in the recursion. To illustrate this, Figure 9 shows ggsmat of the third-order recursive Gotcha
image sequence, where the recursion coef cients were indfs® chosen to give an effective azimuth
window whose width is approximately 25The memory and computational requirements are the same
as those used to form Figure 8(b), with the only change beiagctivice of thed g parameters used

in equation (11).

VI. CONCLUSIONS

We have presented recursive methods for computing badgirop SAR imagery, using a low-order

autoregression. In this approach, a SAR image is updatediasaa tombination oM past SAR images
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Fig. 9. SAR image of a parking lot using phase history data from the GdRcidic Data Set. The image is formed using a

third-order recursion, with coef cients selected to give an azimuth winddose width is approximately 25

along with a backprojection image formed from the current SA&surement. The number of multiplies
is on the order oMN 2, whereN 2 is the number of image pixels. In addition, the storage megoent is
approximatelyMN 2 complex numbers. This recursive update involves signi cafeglver computations
than is needed for block processing computations of sumeeSAR images, and is therefore well-suited
for applications in which a time-evolving sequence of sgste SAR images (such as “SAR video”) is
to be generated.

We have studied the effective azimuth apodization windoat tan be obtained for recursive SAR
image formation. We showed that a rst-order recursion emesla rectangular window, a second-order
recursion can emulate a Bartlett (triangular) window, antial-order recursion can emulate a Hanning
window. For each of these cases we provide a simple formulsetect the recursion coef cients to
emulate windows of various sizes. The lower sidelobe leviitgded by Bartlett or Hanning windows
are realized at the slight computational and memory expefdagher order (2 or 3) recursions. In
addition, we developed a technique for selecting recurg@ameters to approximate any desired azimuth
apodization window.

An important property of the recursive SAR imaging approaclhat simply by changing the scalar
autoregressive coef cients used in the recursion, one caushthe effective azimuth integration width
of the SAR image. This change results in no increase in memorgoprputation requirements, and

simply changes multiplier constants in the algorithm. THBAR images that integrate over, say, &
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35 of aperture involve the same number and same type of congmsatonly theM f ,g scalars

in the recursive update equation are changed. This is in @&sinto block processing approaches, in
which both computation and memory requirements increatle wtreasing aperture integration angles.
In addition, the simple multiplier change allows for on-tgechanging of aperture integration angle,

or for forming images at multiple aperture widths, with msdadditional computation and memory
requirements. Finally, while we have presented the autessgre technique in the context of SAR, we

note that it is a general method applicable to any form of pegjkction imaging.
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