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ABSTRACT

This paper derives the theoretical background for upcoming dual-channel radar satellite missions to monitor traffic from space. As it
is well-known, an object moving with a velocity deviating from the assumptions incorporated in the focusing process will generally
appear both displaced and blurred in azimuth direction. To study the impact of these (and related) distortions in focused SAR images,
the analytic relations between an arbitrary moving point scatterer and its conjugate in the SAR image have been derived and adapted
to dual-channel satellite specifications. To be able to monitor traffic under these boundary conditions in real-life situations, a specific
detection scheme is proposed. This scheme integrates complementary detection and velocity estimation algorithms with knowledge
derived from external sources as, e.g., road databases.

1 INTRODUCTION orbit height h 515,000 m
wavelength A 0.0311m
During the past years, increasing traffic appears to be one of the satellite velocity Vsat 7,600 m/s
major problems in urban and sub-urban areas. On one hand, the beam velocity on ground vB 7,105 m/s
increase of transport safety and transport efficiency and, on the range (@ 40 degrees) Ro 670,000 m
other hand, the reduction of air and noise pollution are the main FM rate FM | -5183 Hz/s
tasks to solve in the future. Traffic monitoring has consequently | processed Doppler bandwidth PBW 3000 Hz
evolved as an important research issue. processed synthetic aperture T4 0.5788 s
Pulse repetition frequency | PRF 4000 Hz
Since the launch of new optical satellite systems, satellite im- Ground sampling distance 1-3m

agery with 1-meter resolution or higher is commercially avail-
able and a number of approaches have been developed to detect Table 1: Parameters of the TerraSAR-X satellite.

or track vehicles in this Image_ry (see eg refe_ren'ces In (Le't'Pmouer (t)l and the measured echo signal of this point scatterer
loff et al., 2005), these proceedings). Traffic monitoring based oftan consequently be written as

optical satellite systems, however, is only possible at daytime and

cloud-free imagery. Spaceborne SAR (Synthetic Aperture Radar A

systems bypass t%esg limitations. Ye§tr)1/ere are o?her diﬁicultiegu(t) = ao(0) - ap(B) - g(m — 2R/c) - exp{—]T -R()} @)
inherent in the SAR imaging process that must be overcome to ) ) ]

design a reasonable good approach for traffic monitoring using/lt.h T andt being fast and slow time, respectived;r — 22/c)
spaceborne radar. It is the focus of this paper to thoroughly and2€ing the delayed complex pulse envelope, @@), as(8) be-
lyze and quantify these effects and to develop an approach that {89 the amplitude of the two-way antenna patterns in elevation
capable to detect vehicles travelling strictly on streets and roadand azimuth, respectively (Bamler and &ttter, 1993). For fur-
and to estimate their velocity, thereby considering the restrictiongher investigations the amplitude = ao(0)-as(3) g(7—2R/c)

of civilian SAR satellite systems. is set to 1 to simplify the equations.

We exemplify our approach by the upcoming TerraSAR-X mis-Azimuth focussing of the SAR image is done using the matched
sion. Its high resolution synthetic aperture radar sensor operatdifer concept. According to this concept the filter must corre-
in X-band and delivers images of 1-3m resolution. The systeng$pond to

can be switched to an experimental split-antenna mode, which ac- s(t) = exp{j4—7r “R(t)} @)
quires two high resolution SAR images of the same scene within A

a small time frame. Especially this split-antenna mode is goingn order to give an optimally focussed image. To compute the
to provide data suited for traffic monitoring. The relevant systemmatched filter correctly, the real range history to each target in
parameters and notations are summarized in Table 1. the image must be simulated. For this, a priori information about
sensor and scatterer position and motion in necessary. Usually,
the time dependence of the scatterer position is ignored yielding
Priover(t) = Pmover. Additionally, in the case of spaceborne
SAR, exf{—j 4= -R(t)} is often approximated by eXgm F'Mt*}

with FM = figR(t) being the frequency modulation rate of
The position of a radar transmitter on board of a satellite is giverthe azimuth chirp accounting for satellite motion only. This con-
by Psat(t) = [Zsat(t), ysat(t), zsat(t)]. A point scatterer is as- cept is commonly referred to asationary-world matched filter

2 MOVING OBJECTS IN SAR IMAGES

2.1 Object Motion Effects in TerraSAR-X Data

sumed to be aProver = [Tmover(t), Ymover(t), Zmover(t)]. (SWMF). Per definition a SWMF does not correctly represent
The range to an arbitrarily moving and accelerating point tarthe phase history of a moving object resulting in image deteriora-
get from the radar platform is defined W(t) = |Psqt(t) — tions.
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2.1.1 Azimuth Displacement due to Across-Track Motion target's motion in line-of-sight exceedsf; > % or vyg >

The target should now move with velocity,o in across-track 4 PREA  Thjg effect can be observed in the lower right cor-
direction. This movement causes a change of range history prarer of Figure 1. There, the across-track velocity of the object
portional to the projection of the motion vector into the line-of- rises above the ambiguity limit. As a consequence the object is
sight direction of the senseios = vyo - sin(6), with 6 being the  \rapped around the frequency band and appears at the position
local elevation angle. In case of constant motion during illumina-of the ambiguity (negative displacement).
tion the change of range history is linear and causes an additional
linear phase trend in the echo signal. The resulting signal of ap.1.2  Signal Blurring due to Along-Track Motion  The tar-
object moving in line-of-sight direction with velocity,, is con-  get is now assumed to move with velocity, in azimuth direc-
sequently: A tion (along-track). The relative velocity of sensor and scatterer
u(t) = exp{jm F'Mt"} - exp{—j Tvlost} (3) s different for the moving object and the surrounding stationary
world. Thus, along track motion changes the frequency modula-

The spectruni’(f) = U(f) - S(f) of the moving target after tion (FM) rateF M,,,; of the received scatterer response. The FM

focusing with a matched filter of the form (in time-domain) irsat;iv(gnatfsrget moving in along-track direction with veloaity,
s(t) = exp{—jr FM#?} . ) FMp: = FM (1 . Zﬂ) ®)
B
results in The received signal of a target moving in along track and its as-
) 5 sociated spectrum can be written as
T :exp{f | 2T ———— vos}exp{f 2 77)205} 5
(f) j2m g fu 27 5 Viesy ) wme(t) = expljmF Mot} ©
2
As one can se€]’(f) is composed of a linear phase (first part) Umi(f) = exp{—jm f } (10)
and a constant phase term (second part). Following the laws of FMp,

Fourier transform the linear phase component corresponds to a
time shiftt.p; 7. in time domain Fourier-transforming the linear The product of the spectf®,..(f) = Um:(f)-S(f) corresponds

term of Equation (5) yields: to the convolution in time domain and results in
2v f2
_ 2Ulos T = —j . 11
tanige = oot [s]. ®) 2 exp{ ”apM} -
Some simple transformations of Equation (6) give #zmuth  where
displacement of a moving object in space domain 1 Vsat Vo p (12)
. 6FM VB (veqrvp)3
los
Aazimuth =—-R— [m] (7) . . .
Vsat The phase of the focused sigrid).: (f) is quardatic and causes

a spreading of the signal energy in time or space domain depend-
With tspife = A“Uig“” wherevp is the beam velocity on ground. ing on §F M. Unfortunately, the Fourier transform @, (f)
Across-track motion consequently results in an along-track dishas no analytic solution. Nevertheless, considering the station-
placement of the moving object. It is displaced in flying directionary phase approximation the width of the focused peak can be
if the object moves towards the sensor (i.e. the range decreasedj)proximated by
and reverse to flying direction if the movement is directed away

from the sensor (i.e. the range increases). As the r&higede- AL~ PRF Usat  Uz0 (5] (13)
fined by R = c’;;z;) the azimuth shift is strongly dependent on TSEM - M o Jveavs s

the viewing angle.

with T4 being the aperture time. Interpretation of Equation (13)
Based on Equation (7) and on Table 1 the azimuth shift of a tarshows thaa moving vehicle is smeared by twice the distance it
get moving with velocityv, in across-track is calculated for the moved along-track during the illumination tinfe,. It has to be
TerraSAR-X case. The results are presented in Figure 1. kept in mind that the approximation in Equation (13) only holds
if vzo > 0.

3000

As the backscattered energy of the moving object is now spread
over a larger area the peak value of the signal drops down with
increasingu,o. The signal amplitude at positian=0 (the posi-
tion of the signal peak) can be calculated by integrating the signal
spectrum.
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Figure 1: Azimuth displacement of a moving object in meter asTo solve Equation (14) analytically, we make use of the stationary
function of@ andvy phase approximation. Hence, the signal amplitude calculates to

]
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As can be seen, moving vehicles imaged by TerraSAR-X are dis- h(0; vg0) & SFM = 1 (vsatvB)? (15)
placed significantly from their real position even for small across- AV BRSO U0

track velocities (about km for 50 km/h at45° inc. angle). This

effect strongly hampers the recognition of cars in TerraSAR-XThe decrease of peak power in TerraSAR-X images as a func-
images as their position is not related to semantic informationtion of the along-track velocity is illustrated in Figure 2. As can
e.g. streets. Figure 1 also shows that the azimuth displacemepe seen, the effect of along-track movement has significant in-
is ambiguous if the doppler shifk f; = 2“% introduced by the fluence on the peak amplitude in TerraSAR-X images. Strong
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blurring distributes the backscattered energy and results in a drop I [ aoms
of 50 % peak power or more if.o > 14.4 km/h. Consequently, i A g-;’;}gﬁfl |
nearly all ground moving targets will suffer from energy disper- o8 a=150ms |
sion, which decreases the signal-to-clutter ratio and renders target o7f -- as2msd |
detection more difficult if tried to be detected with a SWMF. osl
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Figure 3: Broadening of the point spread function as a function
B 75 A0 A% 10 175 of a, in TerraSAR-X SLCs.

Vyglkm/h]
<308 @ Vo= 14.4 kmih function._ For TerraSAR-X the deformation of the point spr_ea_d
Figure 2: Decrease of peak power with in TerraSAR-X SLCs.  function is very small even for very strong and very unrealistic
acceleration values. For typical accelerations in common traffic
scenariosd, < 2 I7) the effectis nearly zero.

2.1.3 Effects due to Object’s Acceleration In the majority of

GMTI literature, it is assumed that vehicles travel with constant
velocity and along a straight path (Gierull, 2004, Livingstone et
al., 2002). If vehicle traffic on roads and highways is monitored,

target acceleration is commonplace and must be considered Bn one hand. effects of moving obiects hinder the detection of
any processor or realistic simulation. Acceleration effects do no . i g Objec
ars in conventionally processed SAR images. On the other hand,

only appear when drivers physically accelerate or break but alsgjese effects are mainly deterministic and thus can be exploited

due to curved roads, since the object’s along-track and acros . A -

track velocity components vary during the radar illumination.  © 1Ot only detect vehicles but also measure their velocity. The
main tasks to accomplish this are tbstimationof blurring and

displacement (or equivalently, the interferometric phase of two

co-registered images). The solution to this typical inverse prob-

lem can be eased when incorporating a priori knowledge about

the appearance, location, and velocity of vehicles.

3 APPROACH TO DETECTION AND VELOCITY
ESTIMATION OF MOVING OBJECTS

Let a radar transmitter on board of a satellite at the altitttle
move with constant velocity,,: in along-track direction (x-axis).
The point scatterer is assumed to be at positidnyo, 0) at az-
imuth timet = 0 and to move with velocity components,

andv,o and acceleration components anda, in along-track oy scheme for vehicle detection and velocity estimation relies
and across-track direction, respectively. The vehicle’s height ig three basic components: (1) The integration of a priori knowl-
ass.ume.d to be zero over the entire opservatlon period and tt&jge (Sect. 3.1); (2) a Constant False Alarm Rate (CFAR) detec-
vehicle is assumed to be non-rotatings is the slant rage at az- o gperating on along-track interferometric data to estimate the
imuth timet = 0 and (¢) represents the range from the radar to 4¢ross-track velocity component (Sect. 3.2); and (3) an algorithm
the target as any time for estimating the along-track velocity component based on fre-

The third order Taylor series expansion of the range to an accef'®"Y modulation rate variation (Sect. 3.3).
erating point target from the radar platform is given as (Sharm&.1 Integration of A Priori Knowledge
and Collins, 2004):
Assuming objects being point scatterers and given the SAR- and

R(t)=Ro + Youyo, + platform parameters, the displacement effect in along-track di-
Ro rection due to an objects across-track motion can be predicted
1T ) , yS when real position, velocity, and_motion di_rection_ of the mover
R (V20 — Vsat)” + Vg0 <1 - R2) + yoayo} t° 4 are known. Because of the functional relation of interferometric
01 0 phase and object velocity in across-track direction, also the inter-
1T e 5 ferometric phase of a (displaced) moving object can pe .derived.
5Ro Yoayo | 1 — Rz + (V20 — Vsat)@zo | t7 — These types of predlctlpn may be interpreted as a priori knowl-
L 0 edge that can be acquired, analyzed and stored independent of
1 [ yovyo(veo — vsar)? + y0v20:| 3 (16) image acquisition.
2R | B3 In our case, road network databases serve as basic source for ac-

. ) . quiring a priori knowledge. Typically, these databases contain
It can be seen in Equation (16) that acceleration components apoad axes in form of polygons and attributes like road class, road
pear in the quadratic and the cubic term of the Taylor series eXpjidth, maximum velocity, etc. attached to each polygon. Using
pansion. Theacceleration in across-track directiofa,) causes  thjs information a number of "maps” representing the a priori in-

a quadratic phase component in the range equation which resulfgrmation can be derived (i.e. displacement map, velocity map,
in a spreading of the signal energy in time or space domain deynd interferometric phase map).

pending on the targets across-track acceleration. Considering the
TerraSAR-X system parameters given in Table 1 the amount oBesides the information about the phase, also a priori informa-
defocussing in TerraSAR-X images is calculated as a function ofion about the vehicle’s radar cross section strongly supports de-
across-track accelerationFigure 3 gives an impression off the tection. As it is well known, significant variations of radar cross
amount of blurring that has to be expected for accelerations thatection exist over different aspect angles of cars. Typical vari-
commonly occur in vehicle traffic on roads or highways. It canations are derived from simulations and experimental measure-
be seen from Figure 3 that image degradation due to across-trackents. Such information can also be incorporated into the detec-
accelerations is significant far, > 1 7. tion scheme with the help of a road database, since - given the
sensor and platform parameters - the aspect angle under which a
Along-track acceleration.. appears in the cubic term of the range car must have been illuminated by the sensor can be calculated
equation and results in an asymmetry of the focused point spreddr each road segment.

91



CMRTO05: Object Extraction for 3D City Models, Road Databases, and Traffic Monitoring - Concepts, Algorithms, and Evaluation

I 4 25+
H

5l

norm. magnitude
norm. magnitude

o5t

E] 05 05 1

o
Phase [rad]

Phase [rad]

Figure 5: Theoretical joint PDF of the alternative hypotheses and
dts position relative to the hypotheses "Clutter only”. The dashed
ine is an example for an improved curve of separation.

Figure 4: Theoretical joint probability density functighi (1, )
of single-look interferometric phase and magnitude normalize
to E [n] = 1. Coherency is set tip| = 0.95. The dashed line is

an example for a curve of separation. distributed. This holds for many military applications, where ve-
hicles are not bound to roads and can move in any arbitrary di-
rection. In case of public traffic, where a priori information about

. ) position, velocity and movement direction of vehicles is available
In the case of along-track interferometry (ATI) an interferogramig a certain degree, the use of a simple CFAR detector is sub-
I'is formed from the original complex data séisand/>. Forall  gptimal. As outlined in Sect. 3.1 it is possible to derive expecta-
stationary targets the interferometric phase valiies (o1 — 2)  tion values for position, velocity (i.e. interferometric phase), and
will be distributed around the expectation valtigy] = 0. The  aspect-dependent radar cross section of vehicles using ancillary

joint probability density function (pdfje (n, v) of amplitude and gata. In the following, we integrate these data into the ATI-CFAR
phase of an interferogram has been derived in (Lee et al., 1994)etector.

and (Joughin et al., 1994) using the underlying assumption of
jointly Gaussian-distributed data in the two images. It is givenThe moving target signal is assumed to have a peak amplitude

3.2 ATI Constant False Alarm Rate Detector

by: [ and a phase shiff. The Parametef is proportional to the
square root of the radar cross sectianA new class describing
2nn g 2nm |p| cos () the superposition of moving target signal and clutter, called 'vehi-
fe ;) T (n) (1 iy |2) exp P ) cle & clutter’ can be introduced now. The Class ‘vehicle & clut-

ter’ is a subset of the class 'no clutter’. Unfortunately a pdf
% ( 2nn > a7) ferm (n,v) describing the probability density of this class has
n—1

not been found yet. An approximation, valid far >> 1 has
been derived in (Gierull, 2002). This approximatifin . (7, )

wheren is the number of looksT" (e) is the gamma function S 9iven by:
and K, (e) is the modified Bessel function of theth kind. As Form (m, ) =
a precondition for the validity of the pdf it was assumed that’ ™™\

n—1

E[n] = 1. Multilooking is done by averaging ovet pixels 2n" 1y ((77 — §cos (1 — 9))* + 6% sin (1 — ,9)2) =
assuming stationarity. For medium resolution SAR the jointly 5
Gaussian assumption has been validated in most agricultural and 7T (n) (1—1pl*)
heavily vegetated areas. (an (ncos (1) — & cos (19))>
exp .
Figure 4 shows a typical example of the pdf assuming a coherency 1—p?

1. The pdf is centered on a phase valuejof= 0 as expected.

of |p| = 0.95, n = 1 and a expected signal amplitude®fr] =
o

2n\/(77 — dcos (1 — 9))* + 62 sin (¢ — 19)2>

Based on this pdf a constant false alarm rate (CFAR) detector can
be designed that groups all image pixels into two classes. Class  \ith § = B (18)
1, called "clutter only”, contains all pixels that only carry image
information. Class 2, called "no clutter”, contains all pixels that Using this approximation as an alternative hypothésis., (1, ¥)
are not part of the image pdf. This class 2 includes pixels thagllows to define a new likelihood ratio. Again thresholds can be
contain moving vehicles but also all sort of outliers. Since theapplied resulting in new curves of separation. These lines are not
pdf of this second class is not known, it is assumed to be equallisolines anymore, but they separate the class 'vehicle & clutter’
distributed over a large area. With this assumption we can commuch better from the class ’clutter only’. Thus the risk of falsely
pute a likelihood ratio. Classification is done by comparing thatdetecting an outlier is reduced aritl 4 is decreased. Figure 5
likelihood ratio with thresholdea. This approach provides curves shows an example of the shape fof..., (n, ) and its position
of separation between the two classes, which are actually isolingglative to the hypotheses ’clutter only’. An example of a curve
on fe (n,v). of separation is also given. It encloses the class 'vehicle & clutter’
much better than the one in Fig. 4. The incorporation of a priori
An example of a possible curves of separation is indicated innformation into the vehicle detector improves the amount of de-
Fig. 4 by black dashed lines. The chosen curve of separatiotected targets and also reduces the number of false alarms. But,
determines the probability of false alarmi,(,); sometimes also in order to define the 'vehicle & clutter’ pdf external data sources
referred to as ™false alarm rate™ (FAR). It is simply the integral are indispensable that allow to obtain the necessary a priori in-
of the Clutter pdf over the area whefe(n, ¥) < a. formation about the vehicles impulse respofisend the vehicles

. . ) . interferometric phasé.
Applying a CFAR detector of the given design for detecting ve-

hicles is optimal only in cases when amplitude and phase of do evaluate the quality of this approach, an ATl CFAR simula-
possible moving target in an arbitrary image pixel is uniformly tor has been implemented whose output are Receiver Operator
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Characteristics (ROC) Curves (Laika et al., 2005). This simulapoint scatterer in this slice in real data and Fig. 8c) the same but
tor can be parameterized in such a way that a priori informatioranalytical and noise-free function. For stationary points, the en-
about the interferometric phase and amplitude can be integrateztgy peak of the sharpness function would come up along the
or omitted. Hence, the benefits of integration a priori informationslice’s central row. The faster an object moves, the more the en-
can be quantified. ergy peak deviates from this row. This effect can be seen, for
instance, in Fig. 8b). As a consequence of this observation, the
To evaluate the performance of the two detectors with and the dealgorithm must be able to find the energy peak of the potentially
tector without a priori information the detection threshold thresh-Speckle-disturbed sharpness function. The distance from the cen-
old « is varied and the probability of detection and probability of tral row to the found point gives immediately the estimate of the
false alarm are determined for each step of this variation, everalong-track velocity.
tually resulting in ROC-curves. Figures 6 and 7 show the ROC-
curves of the two detectors for different signal-to-clutter ratiosFor extracting the energy peak, we implemented a simple but ef-
(Fig. 6) and for different number of looks (Fig. 7). The compari- fective blob detection scheme that analyzes the local curvatures
son of the two AT detectors shows a clear advantage for the oni@ azimuth- and FM-direction (see Fig. 8c), thereby incorporating
using a priori knowledge. Especially in bad detection scenario@ certain amount of smoothing depending on the expected noise
the improvements tend to be larger. level of the images. Combining local curvature maxima and en-
ergy amplitude by the geometric mean yields the final decision
Once a vehicle has been detected with this algorithm, there eXtunction, from which the maximum is selected.
ist two complementary ways to estimate its across-track velocity: o ) ) .
(1) 2r-multiples of the interferometric phase measured in thisSummarizing this section, our system is based on two comple-
particular pixel; an (2) the displacement of this from the corre-mentary algorithms, one for detection and velocity estimation us-
sponding road. The second measure is much more accurate, y&f across-track phenomena and the other using along-track phe-
it might be ambiguous in case of a very dense road network whefomena. Both are optimized using a priori knowledge derived
a displaced car can be re-projected onto more than one road. TH&m ancillary data and they are linked via information about the
first measure is less accurate and also ambiguous by multiplé§ad network.
of the interferometric phase. However, since the interferomet-
ric phase can be transformed into a displacement value, it can 4 EXPERIMENTS AND VALIDATIONS
be interpreted as a likelihood function indicating the probability

of a particular road section being the true corresponding roao\.n order to verify the validity of the theory, a flight campaign

Hence, the interferometric phase helps to robustly resolve po:- ; e .
tential ambiguities in velocity estimation based on displacemen ';:I z?;; C?Rg“gg?;ggoensgglfst?g é?si%rf;cgloggglgéfsnzfvm
Having established the match of detected vehicle and its corre- chni ués emploved and to reveal unforeseen problems. An ad-
sponding road section, also the along-track velocity componen itionac? goal ofpth()e/ flight campaign is to simula?e TerraSAR-X
can be computed via simple trigonometry. data for predicting the performance of the extraction procedures.
To this end, an airborne radar system has been used with a num-
ber of modifications, so that the resulting raw data is compara-
. e ble with the future satellite data. Please note that the following
The approach outlined so far can only be applied if displacemeni, yeriments are not intended to yield an in-depth performance
occurs at all. This does not happen for objects moving purelytharacterization of our approach when applied to different real-
in along-track direction. Hence, in this section, we turn to thejite traffic scenarios. In fact, such experiments will be carried out
estimation of along-track velocity. during 2005. This first campaign was motivated by the need to
roof, validate, and possibly improve theory and simulations with
elp of controlled conditions.

3.3 FM Rate Variation Detector

The main reason for blurred imaging of moving point scatterer:
is awrongly assumed FM rate in the SWMF caused by neglecting

the objects along-track velocity. However, focusing moving ob-puring the campaigs controlled vehicles moved along the run-
jects is in fact possible when choosing the correct FM rate duringyay of an airfield. All vehicles were equipped with a GPS system
matched filter design. Our strategy for finding the correct relativeith a 10 Hz logging frequency for measuring their position and
velocity relies on hypothesizing a series of FM rates and analyzye|ocity. Some small vehicles were equipped with corner reflec-
ing a pixel’s "sharpness function”, eventually yielding the correcttors to make them visible in the image. 6 GMTI experiments
estimate of the along-track velocity. The known location of roadsyjth varying angle between the heading of the aircraft and the
as well as the expected range of vehicle velocities allow to restric\t,ehides, have been flown. The vehicles have been moved with
the search space (see also (Gierull and Sikaneta, 2004)). such velocities that they approximately match traffic scenarios as

. . . . recorded by satellites.
Figure 8a) illustrates a stack of differently focused SAR-images

and a slice alor\g a certain azimuth line to be ana[yzed. Figure 8[1)1 order to verify the theory, the predicted image position of a
shows the typical shape of the sharpness function for a movinghoving object is derived from the object’s GPS position and its
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Figure 6: Performance of an ATI-detector using a priori infor- Figure 7: Performance of an ATl-detector using a priori infor-

mation (solid line) compared to an ATl-detector using no a priorimation (solid line) compared to an ATI-detector using no a priori

information (dashed line) for signal to clutter ratios of (innermostinformation (dashed line) for different numbers of looks(signal to

to outermost) -3dB, 0dB, 3dB, 6dB and 10dB (single look). clutter ratio fixed at 6db). From outermost to innermost: 1 look,
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(a) Slice through differently focused SAR images.  (b) Sharpness function of moving object in slice. (c) Analytical sharpness function.
Figure 8: 2D-slice along azimuth line through stack of SAR images, focused with different FM rates.
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(a) Validation of dsplaceme effects.
Figure 9: Experiments with airborne SAR.

(b) left, (c) right: Velocity estimation using road data, isplacement, and phase values.
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