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ABSTRACT

Rising interest in traffic monitoring applications motivate the analysis ofaB&R-X data for traffic monitoring applications. In
order to sidestep the limitations of the TerraSAR-X sensor, this paperiegara new approach to improve detection using a priori
information. Using Monte-Carlo Simulation the possibility of improving detectidth ATI is demonstrated.

1 INTRODUCTION detection. Traffic monitoring from space is quite rare so far. But
as shown in (Breit et al., 2003) first endeavors have already been
11 Motivation carried out.

As increased traffic emerges as one of the major problems in un.3 |nnovation
ban and sub-urban areas, traffic-monitoring has become an in-

creasingly impor.tant re.sea.lrch topic. Most of the co.nventionall.here are however a different premises to military GMTI on the
systems for traffic-monitoring, however, lack of spatial extent'one hand and civilian traffic monitoring on the other hand. In con-

E:t?\feetgifggg?eon:gﬂ?ggigt(i)r:g Zggf:mpsm\g?]isrzgﬁgzgg;nag:ti;'térast to military applications, civilian applications include more
; L ) ) . onstraints regarding the objects to detect. In the traffic monitor-
tem to think about in this context is the upcoming TerraSAR-X 9 9 J

Mission. Its high resolution synthetic aperture radar (SAR) sen-ing case we can assume, that vehicles are bound to roads on a
: 9 Y P known road-network. This might not be true in military GMTI.

more importantly the sensor can also be operated in an ex er(nsenerally speaking, vehicles in the traffic monitoring case can be
P Y P PEIlssumed to follow certain rules. These rules provide a priori in-

mental split-antenna mode, which acquires two high reSOIUtlor?ormation to be used for detection. It is the objective of this paper

S_AR-Im_ages_of the same scene W'Fh'“ a smal_l time frame' Esp% investigate this issue. First the detection strategies are illus-
cially this split-antenna mode is going to provide data suited for,

’ o . trated. Here special emphasis is put on the issue of incorporating
tratffic monitoring. In orderto_deterrr_nng how good_the Terre_tSAR-a priori information into the detection. Then the possibilities of
X data will be suited for traffic monitoring, detection algorithms

with a known measure of accuracy have to be developed how to acquire a priori information are given, followed by a simu-
Y ped. lation quantifying these more qualitative considerations. Results

of the simulation and the conclusions drawn from these results

12 PreviousWork conclude the paper.

The task of detecting moving vehicles with SAR sensors has been

anressed |n.several scientific publlcatlons: In mllltary rgsegrch 2 METHODOLOGY / THEORY

this problem is well known as ground moving target indication

(GMTI). The method of choice in GMTI is to use a SAR sensor . )

with at least 3 channels and use space-time adaptive processifg  Outline of the detection method

(STAP) for target detection. Further reference to that topic can be

found in (Klemm, 1998). Unfortunately space borne SAR sys-The TerraSAR-X satellite will be equipped with a single SAR an-
tems with 3 or more channels are currently not available. The uptenna of 4.8 m length that can be electronically split in 2 parts of
coming TerraSAR-X mission is equipped with a single channel2.4 m each. Therefore, the sensor can be used as a 2-channel SAR
SAR that can be switched to an experimental mode with 2 chanwith 2 antennas arranged in along-track. Both antennas observe
nels to enable traffic monitoring. Although the use of a 2-channethe same surface element on ground from the same orbit position
system is not optimal for detecting vehicles, some methods exanly separated by a short time lag of abdut = 0.16 millisec-

ist that allow detection under certain conditions. The classicabnds. When relatively calibrated SAR data from each aperture
method to do so is to use the displaced phase center array (DPCAJe focused to a complex image (using the same matched filter
method. Along track interferometry (ATI) is another method thatfor each image) and then spatially registered to each other, the
can be used. The issue of detecting moving targets using ATI isnage content will be identical provided the observed scene did
discussed in (Gierull, 2001). In (Gierull, 2002) special empha-not change within the time intervak¢. Statistical changes of

sis is put on the probability density functions associated with thighe scattering properties of the earths surface and thermal noise



in the receiver of the sensor reduce the similarity of the infor-Based on this pdf a constant false alarm rate (CFAR) detector can
mation contained in both data sets. A measure for the similarbe designed that groups all image pixels into two classes. Class 1,
ity of the images is the coherence. It ranges frortno sim-  called 'clutter only’, contains all pixels that only carry image in-
ilarity) to 1 (identical images). Due to the short time lay formation. Class 2, called 'no clutter’, contains all pixels that are
the changes of the scattering properties are negligible. Themrot part of the image pdf. This class 2 includes pixels that contain
mal noise however reduces the coherency to an expected leveloving vehicles but also all sort of outliers. Since the pdf of this
of about|p| = 0.95. Objects moving in across-track direction, second class is not known the best thing to do is to assume it be-
however, will have changed in between the two scenes, and thesmg equally distributed over a large area. With this assumption we
changes cause the following two effects in the images: can compute a likelihood ratio. Classification is done by compar-
ing that likelihood ratio with thresholds. This provides us with
e Due to some assumptions incorporated into the SAR focus2 CU"ves of separation between the two clas_ses, which are actually
ing process, an object with non-zero mean across track véS0lines onf. (n,¢). An example of a possible curves of sepa-

locity v,, will appeardisplaced in azimuth by a distance ration is indicated in Figure 1 by black dashed lines. The cho-
equivalé’nt to the spatial Shif\gzimuen = —Rvios/Vsat sen curve of separation determines the probability of false alarm

with vi0s = vy, cos (6), 6 being the local incidence angle (Pra); sometimes also referred to as "false alarm rate™ (FAR).
andv..: being the satellite velocity. Itis simply the integral of the Clutter pdf over the area where
fe (n,¢) < a. Thus, the FAR describes the rate of ‘clutter only’
e The across track velocity of the vehicle will also cause apixels that are wrongly assigned to the class 'no clutter’.
phase shift 9, which is proportional to the targets velocity, Applying a CFAR detector of the given design for detecting ve-
the sensor motion and the time delay hicles is optimal only in cases when amplitude and phase of a
possible moving target in an arbitrary image pixel is uniformly

. distributed. This holds for many military applications, where ve-
For TerraSAR-X these effects have been analyzed and quantlfl‘%cles are not bound to roads Zmd canych))F\)/e in any arbitrary di-

in more detail in (Meyer and Hinz, 2004) . These effects can X . o X

be exploited in order to detect targets in SAR images. In princi-reCt.'c.’n' In case of public traffic, whe_re a priori |nfor_mat|o_n abogt
ple, two different analytical approaches can be used to find an8°s'“°”' VEIOC'.W and movement dlrecthn of vehicles is avall-_
measure moving targets: temporal (along-track) SAR interferom@lble to a certain degree, the use of a simple CFAR detector is
etry (SAR ATI), and SAR displaced phase center antenna (SAI§Ub'Opt'mal'
DPCA). In this paper we will focus on the along-track interfer- 212

Includingapriori knowledgein thedetection The mov-
ometry approach.

ing target signal is assumed to have a peak ampliftided a

. . phase shift). The Parametes is proportional to the square root

2.1.1 Conventional CFAR detection In the case of along- o the radar cross sectian A new class describing the superpo-
track interferometry an interferografris formed from the origi-  sjtion of moving target signal and clutter, called ‘vehicle & clut-
nal complex data sets and/ by calculating ter’ can be introduced now. The Class 'vehicle & clutter’ is a
subset of the class 'no clutter’. Unfortunately a gif.... (n,¢)

r = nhh - 1] 12| exp (5 (1 — 2)) = describing the probability density of this class has not been found
= nexp (j7) (1) yet. An approximation, valid for >> 1 has been derived by
with 1 = arg (I1) andps = arg (I2) Gierull (see (Gierull, 2002)). This approximatigi .. (n, ) is

given by:
For all stationary targets the interferometric phase vallies _
(¢1 — p2) will be statistically distributed around the expectation feim (n,) =

n—1

value E [¢)] = 0. The joint probability density function (pdf) 2"+ (1 — 6 cos (3 — 9))% + 62 sin (¢ — 19)2) T
fe (n,%) of amplitude and phase of an interferogram has been T 1 5
derived in (Lee et al., 1994) and (Joughin et al., 1994) using the L (n) (1= 1pl%)

underlying assumption of jointly Gaussian-distributed data in the 2np (n cos (¢¥) — d cos (9)) _
two images. It is given by: exp 1-p2

_ oty (m\mcos <w>> , 2/ (11— 6 cos (4 — 9))? + 62 sin (3 — 9)?
A Y (R R NPT oo 7
2nn
Kn (1 - \pIQ) @ with § = % 3)

wheren is the number of looksI" (e) is the gamma function Using this approximation as an alternative hypothésis, (7, ¥

and K, (e) is the modified Bessel function of theh kind. As  allows to define a likelihood ratio. Again thresholds can be ap-
a precondition for the validity of the pdf it was assumed thatplied resulting in other curves of separation. These lines are not
E [772] = 1. Multilooking is done by averaging over pixels  isolines anymore, but they separate the class 'vehicle & clutter’
assuming stationarity. For medium resolution SAR the jointlymuch better from the class 'clutter only’. Thus the risk of falsely
Gaussian assumption has been validated in most agricultural arttecting an outlier is reduced atith 4 is decreased. Figure 2
heavily vegetated areas. Figure 1 shows a typical example of thghows an example of the shape fof.... (n, ) and its position

pdf assuming a coherency pff = 0.95, n = 1 and a expected relative to the hypotheses 'clutter only’. An example for curves
signal amplitude of [n] = 1. of separation is also given. It encloses the class 'vehicle & clutter’
Figure 1 illustrates the typical behavior of the clutter that largemuch better than the one in Figure 1. The incorporation of a pri-
phase fluctuations are associated with small amplitudes (destruofi information into the vehicle detector improves the amount of
tive interference in the speckle patterns of the images). The phasketected targets and also reduces the number of false alarms. But,
variations are drastically reduced for large amplitudes (construcn order to define the 'vehicle & clutter’ pdf external data sources
tive interference in the speckle patterns of the images). The pddre indispensable that allow to obtain the necessary a priori in-
is centered on a phase valueywf= 0 as expected. formation about the vehicles impulse respofisnd the vehicles
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Figure 3: Example for the displacement map of a single road

Figure 1: Theoretical joint probability density functigi (n,») ~ Segment. Color is proportional to the vehicles speed.

of the single-look interferometric phase and a magnitude normal- ) o )
ized to E [5] = 1. Coherency is set tp| = 0.95. The dashed Mationa number of "maps” representing the a priori information
line is an example for a curve of separation. are derived (i.e. displacement map, velocity map, and interfer-

ometric phase map). Consider a vehicle hypothesis to be tested
at an arbitrary image location with an approach as described in
35 2.1.1. Then, these maps provide information about the expected
displacement from the corresponding road, the object’s expected
8 velocity, and the expected interferometric phase, which can be
integrated into the hypothesis-test framework as shown above.
25 Figure 3 shows an example for the displacement map of a single
road segment. Besides the information about the piiaaddi-
2 tional a priori information about the vehicles radar cross seetion
is necessary for determininf (n, ). This information can
|15 again be derived using the road network. From the orientation of
the corresponding road segment the aspect angle under which the
i car is observed by the sensor can be calculated. The dependency
of the radar cross section of a car from the aspect angle is derived
05f 1 s from simulations and experimental measurements. An example
of such a curve is shown in Figure 4. The combination of both
3 05 3 05 3 — data sets enables to come up with an estimate for the most prob-
Fhase.[md ablen that can be expected. When both parameters are derived
for an arbitrary image pixel, the hypotheses ’clutter only’ and
Figure 2: Theoretical joint PDF of the alternative hypotheses andrehicle & clutter’ can be calculated and the hypotheses testing
its position relative to the hypotheses 'Clutter only’. The dashedramework can be applied.
line is an example for an improved curve of separation.
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interferometric phasé@. The next section shows how to acquire
that information. 15 [/\
10 A\

2.2 How todetermineapriori information w5 /\ fv V\ 7\

| | | I I VY S W A
As mentioned above, one obvious and well-studied effect of mov- 20\ 42/\\95,.1 LV, "1‘2@\ 140 ’go 180
ing objects in SAR-images is displaceme®t . ;,.:n in along- € 5
track direction due to an object’'s across-track motion. In the 10 w\ ,uJ
worst case, this would mean that a vehicle detector must be af
plied to the entire image. Vice-versa, assuming objects bein¢  '®
point scatterers and given the SAR- and platform parameters, thi g
effect can be predicted when real position, velocity, and motior Aspect angle | degree

direction of the mover are known. Because of the functional re-

lation of interferometric phasé and object velocity in across- Figure 4: Radar cross section depending on aspect angle. Nu-
track direction, also the interferometric phase of a (displacedinerical simulation of a medium sized car in X-Band. Courtesy
moving object can be derived. These types of prediction mayf Erich Kemptner, DLR-IHR.

be interpreted as a priori knowledge that can be acquired, ana-

lyzed and stored independent of image acquisition. In our case,

road network databases serve as basic source for acquiring a pri-

ori knowledge. Typically, these databases contain road axes in

form of polygons and attributes like road class, road width, max-

imum velocity, etc. attached to each polygon. Using this infor-



3 IMPLEMENTATION/SIMULATION SAR data-acquisition process. Now for each channel the image
containing just clutter is superimposed with the image containing

Since the probability density functions are not known exactly forjust the vehicle’s radar return by simply adding each pixel. This
certain cases, an analytical approach turns out to be troublesomigsults two images for the 'vehicle & clutter case’.
Since TerraSAR-X has not been launched yet, there is also no re¥fe now have two simulated radar images either containing 'clut-
data to work with. Hence for a first approach to grasp the probter only’ or 'vehicle & clutter’. To simulate DPCA the two images
lem a Monte-Carlo simulation was implemented. It was cross-are subtracted from each other to form a DPCA-imalg¢ Eor
checked with theoretical results as far as those are known. Th&T! an interferogram I,,) is computed by multiplying the cor-
simulation is split into two parts: The generation of a sufficientresponding pixels of the two images. If required, multilooking
number of random samples followed by the evaluation of thes¢an be done at this point as well. From the resulting images the
random samples. In all the simulations exact knowledge of phasgamples are then collected. The simulation is repeated until the
and amplitude was assumed. desired number of samples is reached.

3.1 Generation of samples: 3.2 Evaluation:

To generate a random sample, the whole process of data acquigiar each set of random samples a histogram is computed first.
tion is simulated: SAR-Data-Acquisition process, multilooking, The two histograms are treated as a substitute for the probability
if required, and the generation of interferograms and DPCA imensity functions. There are two alternative ways of implement-
ages. Then the pixel of interest is selected and stored in a |ISﬁ-‘g the detection:
of random samples. Two sets of random samples are created: fy construct a detector with a priori knowledge, a discrete like-
set with samples from a pixel containing clutter only; and a Sefjhgqd function is computed by dividing the histograms element
of samples from a pixel containing the radar return of a vehicleyise Then by determining whether this likelihood is greater or
embedded in clutter. The simulation is based on the followingsmgjier than a certain threshold, masks for 'clutter only’ and ve-
assumptions: hicle & clutter’ can be determined. The masks are then used to
decide whether a random sample belongs to the Hypothesis ’clut-
Homogeneous Clutter ter only’ or the Hypothesis 'vehicle & clutter’.
The detector not considering a priori knowledge ignores the 've-
hicle & clutter’ histogram and just makes use of the 'clutter only’
histogram. The concept of this detector follows the principle of a
CFAR detector as described in section 2.1.1 A discrete likelihood
SAR-Data-Acquisition process is modeled by low pass fil- function cannot be computed. Instead the threshold is directly ap-
tering plied to the 'clutter only’ histogram. Analog to the first detector
masks for both hypothesis are determined.
go evaluate the performance of the two detectors the threshold is
ried and the probability of detectio®$) and probability of
se alarm Pr4) are determined for each step of this variation.

Vehicle is modeled as a point-target

e \ehicle is moving in range with a constant velocity

First the parameters required for the simulation are fixed. Thes
parameters describe the properties of the sensor, the vehicle a q
the clutter surrounding it. Sensor parameters were set to mat L :
TerraSAR-X specifications. Some parameters can be varied be- en the false a_1|arm prot_)abl_lmes are plotted aga_lnst the prc_Jba-
fore each run of the simulation to compute different scenarios. ilities of _de_tectlon resulting in the so called receiver operating
These parameters are: Signal-to-clutter ratio (SCR), cohqa;enceCharame“StIC curve (ROC-curve).

speed of the vehicle consideregt and the number of looks.

Then, using these parameters, a pair of SAR-Imafiesaqd )

are generated. These two SAR-Images resemble the two chan- 4 RESULTS

nels of TerraSAR-X. For the sake of feasibility this is however

just done for a small section around the pixel considered. WheiThe key question when using a priori information is: "Are im-
simulating both the ’clutter only’ and 'vehicle & clutter’ case, a provements possible?” Based on the simulation explained above
pair of images containing just clutter is generated first. To do soseveral ROC-curves have been computed for varying parameter
three images.fi, J2, andJs) containing just complex gassian sets and different detection strategies. The performance of dif-
white noise are generated by a random generator. For the simierent detection methods, namely ATI with a priori information,
lation to meet the right coherenpeand backscatterer coefficient ATl without a priori information, DPCA with a priori information

o' =FE [ng]. They are summed as follows: and DPCA without a priori information was evaluated based on
the simulated data sets. To measure the performance, the ROC-
I, = o (Jl\/m + Jor/1 — |p|) (4) curves of the various detectors were compared. Ideally the ROC-
curve would jump up to a probability of detectionlfight away,
L = o (Jl\/HJr Js/1 — |p|) (5)  holding Pp = 1 for any Pr 4. The opposite case - a detector just

guessing - is indicated by the thin dashed line.

Then the noise is low pass filtered with a filter resembling theFor DPCA the priori information, described above, is not useful
SAR data-acquisition process. See (Bamler andaffleln, 1993)  in improving detection. As Figure 5 shows the ROC-curves of
for further reference on this topic. For the 'clutter only’ case thethe two detectors are the located on top of one another; the detec-
simulation of the image ends here. For the 'vehicle & clutter’ tors show the same performance. The comparison of the two ATI
case the radar return of the vehicle without any clutter is simudetectors shows a clear advantage for the one using a priori know-
lated next. Two images, each containing just a point target arkedge. For all the parameter sets examined the a priori detector
generated first. The magnitudes of the point targets are chossfielded better results than the CFAR detector. Especially in bad
to meet the assumed radar-cross sectioof the vehicle. The detection scenarios the improvements tend to be larger. Figure 6
phases are chosen randomly, but with a fixed phasegHifik- shows a comparison of different ROC-curves varying the signal
ing them to each other. This phase-shift depends on the vehte clutter ratio from -3db to 10db; Figure 7 shows a comparison
cle’s speed. Again a low-pass filter is applied to resemble thef the two detector for different looks.
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Figure 5: Performance of an DPCA-detectors for signal to clut-

ter ratios of -3dB, 0dB, 3dB, 6dB and 10dB (innermost to outer-Figure 7: Performance of an ATl-detector using a priori infor-

most). mation (solid line) compared to an ATI-detector using no a priori
information (dashed line) for different numbers of looks(signal to

5 CONCLUSION clutter ratio fixed at 6db). From outermost to innermost: 1 look,

3 looks, 9 looks.
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Figure 6: Performance of an ATI-detector using a priori infor-
mation (solid line) compared to an ATI-detector using no a priori
information (dashed line) for signal to clutter ratios of (innermost
to outermost) -3dB, 0dB, 3dB, 6dB and 10dB (single look).



