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A. SCIENTIFIC OBJECTIVES: 

Conventional radar signal processing is based on two simplified assumptions about target 

scattering:   (i) that the target is a rigid body; (ii) that the target can be modeled as a 

collection of independent point scatterers without any multiple scattering effects. 

However, real radar data can deviate significantly from these two simplified assumptions. 

First, real-world targets are often observed by radar sensors under dynamic conditions 

where non-rigid body motions can exist.   These non-rigid body motions give rise to 

"microDoppler" phenomena, which have been observed in a number of SAR and ISAR 

sensors.     Examples   of microDoppler  phenomena   include  returns   from  moving 

components on the target such as scanning antennas or rotating wheels, as well as those 

from flexing and vibration of the target frame. Second, strong multiple scattering physics 

are often encountered in mlets and cavity structures on the target. For instance, the most 

prominent feature on an air target is often the range-delayed return from the jet inlet duct. 

Significant modeling work has been carried out by the computational electromagnetics 

community to characterize the complex scattering from inlet structures, yet little effort 

has been placed on utilizing the results to develop better imaging algorithms to map the 

inlet interior.   The objectives of this research program are:  (i) to gain in-depth 

understanding of these higher-order phenomena through simulation and measurement, (ii) 

to develop physics-based models and the associated signal processmg strategies to exttact 

the resulting radar features, and (iii) to exploit and utilize these additional features to 

enhance the performance of automatic target recognition (ATR) algorithms. 



B.   SUMMARY  OF  RESULTS  AND   SIGNIFICANT  ACCOMPLISHMENTS: 

During the first year of this research program, three areas of investigation have been 

initiated. First, -we have designed, built and tested a low-cost radar sensor for 

microDoppler data collection. The system costs less than $3,000 and is tunable betv^een 

4 to 10 GHz. Preliminary data from a moving human have been collected and processed. 

Second, we have begun to develop simulation tools to aid in the interpretation and 

imderstanding of microDoppler and multiple scattering phenomena in complex targets. 

In particular, a multi-platen z-buffer algorithm was investigated for fast ray tracing and 

the results show promise as a real-time simulation tool. Finally, we have investigated the 

application of genetic algorithms and time-reversal imaging techniques to improve target- 

to-clutter performance and to achieve better feature extraction. Our detailed progress 

along these three lines is described below. 

MicroDoppler Radar and MicroDoppler Data Collection. We have developed a 

wideband radar testbed that is fiiUy tunable between 4 to 10 GHz (see Fig. 1). The 

purpose of this hardware effort is to provide data collection capability that will allow us 

to study the microDoppler phenomenology in great detail. The radar is a homodyne 

system with foil I/Q detection. Data acquisition is accomplished using a National 

Instruments DAQ card and the results can be displayed on a laptop computer. Carefol 

calibration of the radar was carried out using tuning forks and an audio speaker. 
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Fig. 1. A low-cost Doppler radar system built at UT-Austin. The radar is tunable from 4 to 
10 GHz. 



Preliminary data collection of walking humans was carried out in an indoor, high- 

clutter environment (see Fig 2). The microDoppler phenomenon from human gait was 

previously investigated by Geisheimer et al. [1, 2]. It was shown that a number of 

interesting microDoppler features from a walking person can be observed using the 

spectrogram. A similar analysis was also carried out by processing the data collected 

from Navy's APY-6 radar of a person walking [3]. However, much work is needed to 

gain a more complete phenomeno logical understanding of the detailed features associated 

with human movements in a wide variety of scenarios. 
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Fig. 2. MicroDoppler features observed in the measured data of a walking person 
collected using the radar shown in Fig. 1. 

We have carried out some preluninary feature extraction effort using the joint 

time-frequency (JTF) processmg tools that we have developed previously under ONR 

sponsorship. Fig. 3 shows the use of chirplet bases to achieve signal separation of the 

human gait data. The different (dwell time)-(Doppler frequency) behaviors from various 

body movements were exploited to separate out the individual microDoppler features. 

In the coming year, we plan to carry out extensive data collection over a wide 

variety of parameter spaces, include various types of movements (walking, running, 

crawling, and involuntary motions such as respiration), different environments (indoor, 



Raw Data Parameterized by Chirplet Basis 

Fig. 3. Feature extraction of the measured walking data using joint time-frequency signal 
processing. The raw data are parameterized using the adaptive chirplet 
decomposition, and the different features are extracted based on the chirplet 
parameters. 

outdoor urban, through-wall, occluded by foliage, underground facilities), over a wide 

range of frequencies, and for different human subjects. We will investigate the use of 

improved basis sets derived from the actual physics of human movements for feature 

extraction. As this research matures, we expect to build up a comprehensive dictionary 

of microDoppler features, from which feature extraction and automatic classification 

algorithms can be successfully developed. 

Ray Tracing Simulation. We have initiated research to develop efficient simulation 

tools to aid in the interpretation and understanding of microDoppler and multiple 

scattering phenomena in complex targets. Our simulation methodology is based on the 

shooting and bouncing ray (SBR) technique. The simulation of radar returns from non- 

rigid targets is extremely computationally intensive based on SBR. Therefore, we have 

devoted our efforts to explore ways to speed up the ray tracing time. 

The Binary Space Partition (BSP) tree algorithm [4] is the most standard ray 

tracer in use.  In the algorithm, a BSP tree is first built based on the facet model of the 



target by recursively cutting the bounding box of the object along a spatial plane. Ray 

tracing is then performed by traversing the BSP tree. The BSP-tree based ray tracer is 

considered the fastest among all of the spatial subdivision approaches. Recently, the 

multiplaten z-buffer ray-tracing algorithm was proposed by Hu et al [5, 6] as an 

alternative to the traditional BSP tree algorithm. In the multiplaten z-buffer (MPZ) 

approach, a multi-layered z-buffer is first generated from the scan conversion process 

(Fig. 4(a)). Instead of just storing the z-coordinates of the visible pixels as in the 

traditional z-bufifer process, multiple z-buflfers are created to store the z-coordinates of all 

of the facets within each pbcel during the scan conversion. During the ray trace, a ray is 

tracked by moving along the ray direction pixel-by-pixel. Within every pbcel, the z-depth 

of the ray is compared to all of the z-buffer values for that pixel to check for possible 

intersections (Fig. 4(b)). Once an intersection is found, the hit point and the reflection 

direction can be calculated, and the tracing process is then iterated until the ray departs 

from the bounding box. We have evaluated the computation time performance of the 

MPZ ray tracer against that of the BSP tree-based algorithm. Results for a wide range of 

targets have been tested to determine the computational as well as memory complexity as 

functions of the number of facets and the complexity of the target. We foimd that, 

contrary to the BSP algorithm, the complexity of the MPZ is independent of the number 

of facets comprising the target (see Fig. 5). However, the computation time is dependent 

on the number of pixels traversed by a ray. 
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Fig. 4. (a) Multi-layered z-buffer. (b) Ray tracing using the multilayered z-buffer. 
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Fig. 5. Computational time of the various ray-tracing algorithms versus the number of 
facets comprising a test cavity, (a) Binary Space Partition (BSP) tree, (b) Multi- 
platen z-buffer (MPZ). (c) Multi-aspect MPZ (MMPZ) with a z-buffer every 20°. 
(d) Multi-aspect MPZ with a z-bufFer every 1°. 

To further speed up the performance of MPZ algorithm, we are investigating a 

multi-aspect MPZ approach. The approach is motivated by the fact that the number of 

pixels a ray traverses between bounces can be reduced dramatically by decreasing the 

angle between the ray direction and the z-buffer direction. In the algorithm, multiple 

multi-layered z-buffers are fcst generated from the scan conversion process along many 

aspect angles. The maximum number of multi-layered z-bufifers is limited only by the 

available memory resource. The more aspect angles that be stored, the less pixels a ray 

traverses in one bounce, and the better the time performance. During the ray trace, the 

multi-layered z-buffer structure that has the closest aspect to the ray direction is selected 

to carry out the ray tracing. A ray is then tracked by moving along the ray direction inside 

this MPZ structure pixel-by-pixel to check for possible intersections. Once an intersection 

is foimd, the hit point and the reflection direction are calculated. Based on the new ray 

direction, a new MPZ is chosen, and the tracing process is iterated until the ray departs 



from the bounding box. As can be seen in Fig. 5, a dramatic improvement of performance 

against that of the single-aspect MPZ can be achieved. We are currently investigating the 

possibility of implementing this algorithm as a real-time tool to simulate scattering from 

complex targets. 

Exploratory Research on Inverse Scattering and Time-Reversal Imaging.   We have 

carried out some exploratory research into the topics of inverse scattering and time- 

reversal imaging.   It is well recognized that traditional imaging algorithms suffer from 

resolution  limitation  and  image  artifacts  due  to  multiple   scattering  phenomena. 

Rigorously solving the electromagnetic inverse scattering problem, on the other hand, is 

much more challengmg.   In our previous research on inverse scattering, we applied a 

genetic algorithm (GA) together with a computational electromagnetics solver to attack 

the two-dimensional inverse scattering problem [7].   The inversion was cast into an 

optimization problem whereby the difference between the measured fields and the 

computed fields from a forward electromagnetic solver was minimized.  We found that 

while GA was well suited in searching for the global optimum, it suffered from slow 

convergence.    Since the evolutionary process for the standard GA to reach a cost 

minimum is in general very slow in comparison to a local search algorithm, a natural 

improvement to speed up the simple GA is to hybridize the simple GA with a local 

search. While this hybrid GA (HGA) shows improvements in performance, it also leads 

to some inefficiency.   As the parent selection scheme of GA gives priority to the best 

members, it usually leads to a population that is highly clustered around the local minima. 

This clustering is necessary for the simple GA to evolve closer to the exact minimum. For 

HGA, however, smce the local minima have been completely explored by the local 

search, such clustering will lead to the re-exploration of these regions, which is quite 

wastefiil. In our research, we have proposed a technique combining HGA with the tabu 

list concept to increase the efficiency of the HGA. The idea was motivated by the Tabu 

Search (TS) algorithm used in combinatorial problems [8, 9]. The tabu list is adopted to 

exclude those regions in the parameter space that have already been explored by the local 

search.  In this manner, there wUl be no revisiting of the explored regions and the GA 

population can be spread out to explore new regions, thus improving the search 



efficiency. We have applied this algorithm to the electromagnetic inverse problem of 

shape reconstruction of metallic cavity structures containing strong multiple scattering 

effects. The algorithm has been applied to reconstruct the shape of a metallic cavity 

based on the measured Ipswich data [10]. Fig. 6 shows that the inversion results from the 

HGA-Tabu converge faster and at higher success rate than those of the simple GA and 

hybrid GA. The algorithm could potentially be useful m other optimization/mverse 

problems. 
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Finally, we have initiated some exploratory research into the concept of time 

reversal imaging.   In the past decade, time reversal methods have been extensively 

investigated in the acoustics and mathematics communities [11-14].    The original 

motivation of time reversal was to achieve lithotripsy by focusing the acoustic field from 

a near-field, physical array on a prescribed focal point through a complex propagation 

medium.   This was accomplished by applying the time reversal operation (or phase 

conjugation in frequency) to a pilot signal sent out by the array.  It was demonstrated 

theoretically and experimentally that the fields from the array could be focused at a 

prescribed point through a complex propagation medium.   Thus, it is potentially an 

attractive means of overcoming medium distortion and clutter in radar imaging of 

occluded targets.   However, there are major gaps between what has been achieved in 

acoustics and what needs to be developed for radar sensors to achieve high-resolution 

radar imaging.  First, it has not been demonstrated to date that being able to focus on a 

point scatterer can translate directly into good imaging performance without additional 

information about the medium. Nor is it clear that any proposed algorithms can perform 

effectively in realistic radar clutter such as foUage or walls.    Second, existing tune 

reversal methods require the collection of array caUbration data in the bistatic scenario 

involving a real physical array.   Realistic radar imaging sensors, on the other hand, 

operate in the monostatic, synthetic aperture mode. Finally, contrary to the scalar wave 

case considered in acoustics, electromagnetic polarization is a new dimension that should 

be exploited in time reversal imagmg for clutter rejection. 

In our preliminary research, we address the case when the medium is unknown, 

yet a set of "calibration targets" with known positions is located in the vicinity of the 

target to be imaged. This means that once we can focus the wave on the calibration target 

using time reversal, it is possible to extract usefiil information about the propagation 

distortion caused by the clutter. Fig. 7(a) shows the scenario considered. We use point 

scatterer testing and assume that the medium distortion is described by a random phase 

function (Pthat is uniformly distributed between [0,27t] and uncorrelated between paths. 

Fig. 7(b) shows the results of applying conventional free-space miaging to the data. The 

smearing in the cross range is severe. Next, we apply a subspace-based time reversal 

algorithm [12] to the data and focus the wave onto a calibration point (xo,yo) ■ After the 
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Fig. 7. Results of time reversal imaging by focusing on a calibration point. 



time reversal process, the synthesized receive fields on the array elements are: 

where h and ky are related to the array element position and radar frequency. Since 

(xo,yo) are known, we can now remove the propagation effect and construct the image. 

The result is shown in Fig. 7(c). Fig. 7(d) shows the reference image in the absence of 

any clutter. As we can see, the time reversal processing with calibration nearly recovers 

the clutter-free image. The minor "ghosts" are believed to be due to the assumption that 

the eigenvector chosen corresponds only to the calibration point. This deficiency can be 

circumvented by carrying out a MUSIC-like procedure using null-space processing [15]. 

There are many open questions still yet to be addressed theoretically, and much more 

research is needed to make this concept a practical radar algorithm. 

C. FOLLOW-UP STATEMENT: 

During the coming year, our research will be devoted to three fronts.  First, we 

will utilize our microDoppler radar testbed to carry out extensive data collection. 

Various   scenarios   will  be   considered,   including  types   of movements,   different 

environments, over a wide range of frequencies, and for different targets.   Second, we 

will apply simulation and signal processing tools for the extraction and interpretation of 

scattering phenomenology in the measured data.    Third, we will leverage upon the 

measured database to develop classification algorithms to distinguish different classes of 

targets to achieve automatic recognition.   The potential impacts of this basic research 

program on naval radar surveillance capabilities are twofold.  First, through simulation, 

measurement and signal processing, this research will result in an in-depth understanding 

of the radar features due to target micro-dynamics and multiple scattering physics. 

Second, our research will lead to novel exploitation of target features that can 

significantly improve the non-cooperative target recognition (NCTR) capabilities for 

existing and future naval radar sensors. 
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F. INTERACTIONS/COLLABORATIONS WITH OTHER SCIENTISTS: 

During the reporting grant period, we hosted Professor Caner Ozdemir of Mersin 

University, Turkey as a visiting professor under the NATO B-2 Fellowship. Professor 

Ozdemir spent three months in the summer of 2003 at the University of Texas. He 

carried out research with our group in ground penetrating radar imaging. Both simulation 

and measurements were carried out at our facility. Some initial results of this work have 

been reported in [6] and [9]. Further collaborative research is being carried out between 

Professor Ozdemir and our group since his return to Turkey. 

We have also interacted closely with Dr. Charles Liang of the Joint Strike Fighter 

program at Lockheed Martin Aeronautics Company in Fort Worth, TX on scattering from 

inlet ducts. Extensive validation of our simulation tools were carried out against 

wideband measured data from Lockheed. We are exploring the potential of developing 

an RCS diagnostic tool for finding "hot spots" in an inlet structure for signature reduction 

applications. 
The PL together with Dr. Victor Chen of Naval Research Laboratory and Bill 
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Abstract We present an algorithm to detect the presence of 3D target motion from ISAR data. Based on the 3D 
point scatterer .«odel, we first examine the effect of 3D motion on ISAR imaging. It is shown that ex.stmg motion 
compensation algorithms cannot properly focus targets exhibiting 3D motion during the ""/g'"g '"'f^f.'^" 
algorithm is then derived to blindly detect the degree of 3D target mot.on from raw radar data. It ,s based pn 
measuring the linearity of phases between two or more point scatterers on the target. The phase est.mat.on is 
implemented using the adaptive joint time-frequency technique. Examples are prov.ded to demonstrate the 
effectiveness of the 3D motion detection algorithm with both simulation and real ISAR data. The detect.on results 
are corroborated with the truth motion data from on-boaixl motion sensors and correlated with the result.ng 

ISAR images. 

Key Words: radar imaging, motion compensation, 3D motion detection 

1.   Introduction 

High-resolution inverse sj-nthetic aperture radar (ISAR) imaging is regarded as an 
effective tool in automatic target recognition [1], [2]. Ideally, the desired target motion 
is uniform rotation without translational motion, under which a two-dimensional (2D) 
Fourier transfomi brings the radar data in the (frequencyXdwell time) domain into the 

.(range)-(Doppler frequency) domain. Otherwise, motion compensation is needed as an 
intermediate step to form a focused ISAR image. 

Since target motion can always be decomposed into translational motion and rotational 
motion, a typical motion compensation algorithm consists of two steps. First, a pomt on 
the target is focused through translational motion compensation. When there is non- 
uniform rotational motion, other points on the target are not necessarily focused. 
Rotational motion compensation is then applied to focus these other pomts. Existing 
motion compensation algorithms usually assume that the rotational motion of a target is 
confined to a 2D plane during the dwell duration [1], [2], [3], [4], [5], [6], [7]. We shaU 
use the term 2D motion to refer to target rotational motion of this type. Under the 2D 
motion assimiption, rotational compensation of a second point on the target will focus 
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the whole target. When there is 3D motion, i.e., when the rotational motion is not 
confined to a 2D plane, rotational compensation of a second point cannot focus the 
whole target. 

Recently, several independent research groups have reported that, for aircraft undergoing 
fast maneuvers or ships on rough seas, the motion of a target may be highly chaotic and 
does not always obey the 2D motion model [8], [9], [10]. As a result, the image formed 
using the standard motion compensation algorithms is blurred. In [8] and [9], the effect of 
3D motion on ISAR imaging is discussed. However, target motions are assumed to be 
known from other auxiliary sensor data that are usually not accessible in real operational 
environment In [10], the imaging interval is adaptively chosen based on the resolved 
target feature in the radar image to overcome the 3D motion issue. It requires sound 
knowledge of the target under consideration, which is often not known to the end users of 
ISAR data. 

The objective of this paper is to develop an algorithm to detect the presence of 3D 
motions during the imaging interval fiom ISAR data. Based on the 3D point scatterer 
model, we first examine the effect of 3D motion on existing imaging algorithms. We 
then develop an algorithm to blindly detect the existence of 3D motion. For this 
purpose, only the estimation of phases of several prominent point scatterers is needed. It 
can be accomplished by the joint time-frequency analysis [6]. With the detection 
algorithm, we have the ability to distinguish the time intervals when the taiget undei^oes 
smooth 2D motion from those containing more chaotic 3D motion. As a result, the good 
imaging intervals where focused images are more easily formed can be automatically 
determined. 

The paper is organized as follows. First, the ISAR imaging problem is formulated in 
terms of a point scatterer model in Section 2. In Section 3, the 2D motion assumption in 
existing motion compensation algorithms is analyzed. We show the reason why 3D 
motion is a problem for ISAR imaging. Section 4 discusses the 3D motion detection 
algorithm in detail. Examples from both simulation and measurement data are presented 
in Section 5. The conclusions are given in the last section. 

2.    2D and 3D Motion Models 

The standard model used in ISAR processing is the point scatterer model given as 

^^ f       47r/' 1 
^(■^''») ^ Z. <^'(^/>>'/)exp{ -J-^ [r{tD) + Xi + yiipito)] \ (1) 

1=1 I c 

where/is the radar frequency and to is the dwell time. The radar echo data E{f, tp) is 
in the (frequency)-(dwell time) domain, x and y represent the target range and cross- 
range positions, respectively. The target consists of A^^ point scatterers, with the /* 
point scatterer depicted by position {x,-, y,) and strength aix,-, y,). The target motion 
includes both the translational motion described by r(/o) and the rotatbnal motion 
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Figure 1. Geometry of an ISAR problem. 

described by v'fo)- When there is no translational motion and the rotational motion is 
uniform, it is seen that a 2D Fourier transform brings the radar data E(f, to) into 
a radar image aix, >-). Otherwise, motion compensation is a critical step in ISAR 

imaging. .... 
The above model is what we call a 2D problem since the target rotational motion is 

confined to a 2D plane and describable in terms of only one angular parameter (p. When 
there is 3D motion of the target, a more general 3D model is required: 

E{f,to) - f; ai{x.;yi,zdew{ -j^Hto)+Xi+yiAtD) +2/6(^0)]}. (2) 

In the above expression, a third coordinate z of the target is included to represent the 
3D target and another independent angular motion parameter 9 is introduced to 
describe the 3D rotational motion (see Figure 1). It is possible to perform 3D target 
imaging if the target motion is known exactly [11], [12]. In practical ISAR scenarios, 
however, we have no access to the target motion. Our objectives here are to examine 
the effect of 3D motion on ISAR imaging and devise an algorithm to detect the 
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(a) 
(b) 

tp 
<p 

Figure 2. Illustration of 2D motion vs. 3D motion. 

A    ^ofo ;t«.>if i e   without any additional knowl- presence of 3D motion from the radar data itself, i.e., witnoui     y 
edge of the target motion. 

3     Problen. of Existing Motion Compensatlcn Algorithms with 3D Target Motion 

i.e.. 

This allows us to cast equation (2) into the form 

(3) 

(4) 

j c      ' _,. J. iir. then the rotational motion is 
Comparing (4) with (1), we see that if we ^^J^^J " ^ + %^^^^^^      L projection from in fact a two-dimensional one and the resulting 2D image (r(x„7,)'Sin  P 

the 3D target a{x„ y, z,) onto the 2D motion Plff. ^   ^^^ t^ird phase 
The second case is when the z dimension of the ^J'^^^^^ ™ J^, ^ ^      l^ of 

tenn in (2) can be neglected. For example ^^^ V^^Tt^f ^etIhlknls in^the 

't^^:iLZ^:^t:^^^ ^s lesr^an .. .. .e 2D 

"^^n^i^ttg:i-2^^--^- rotational motion is 2D or the target is oi ^L^ expected 
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(a) (b) 

to 
to 

(c) (d) 

to to 

Figure 3. Phase linearization achieved by rotational motion compensation, (a) Phases of two point scatterer with 
2D rotational motion, (b) Both phases are linearized with rotational motion compensation, (c) Phases of two point 
scatterers with 3D motion, (d) Only one phase is linearized with rotational motion compensation. 

translational motion compensation is independent of the models in (1) and (2), only the 
rotational motion compensation needs to be investigated. Witii 2D rotational motion 
present, the phase of a point scatterer / due to the rotational motion is 

Pi{tD)=yiV>itD)- (5) 

Here, the constant 47r/>'c has been suppressed for simplicity. As we can see from (5), the 
phases of all the point scatterers are linearly related to each other (through the ratio of 
their cross range positions). If we make one of the phases a linear function of time, then 
all the phases are linearized simultaneously, and the whole target can be focused after the 
Fourier transform. This is the basis of most 2D rotational motion compensation algorithms 
based on the point scatterer model [3], [4], [5], [6]. This concept is illustrated in Figure 3. 
Figure 3(a) shows the phase functions of two point scatterers under 2D rotational motion. 
Figure 3(b) shows that both points can be made linear functions of time after we force one 
of them to be a linear function. 
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(b) 

•its   '^* 

(e) 

• ■1 i 

Figure 4. Problem with a typical motion compensation algorithm, (a) Target undergoes a 2D motwn, (b)Image 
Srlislationa! motion compensation, (c) Image after rotational motion compensatton (d) Target undetgoes a 
3D motion (e) Image after translational motion compensation, (i) Image after rotafonal compensation. 

With 3D motion, the phase of a point scatterer due to the rotational motion is 

Pi{tD)=yi'P{tD)+zfi{tD)- (6) 

In this case the phases of the point scattered are no longer linearly related. If we make one 
of the phases a linear function of time, the phases of the other point scatterers are not 
automatically made linear functions of time, as was the case of 2D motion. Figure 3(c) 
shows the phase functions of two point scatterers with 3D motion. As we can see from 
Figure 3(d), after one point is forced to be of linear phase, the phase of the other point 
remains nonlinear. „ , .     , 

Figure 4 illustrates some simulation results of the effect of the rotational motion 
compensation based on the model in (1) on the final images under 2D mA 3D target 
motion. The adaptive joint time-frequency (AJTF) algorithm reported m [6] is used for 
motion compensation. Ten points in 3D. space are used to smiulate the tadar data. 
Figure 4(a) shows an assumed 2D rotational motion. Figure 4(b) shows the image after 
the translational motion compensation. The image shows one point bemg focused in 
range cell 25 while other points are unfocused due to the rotational motion. Figure 4(c) 
shows the image after the 2D rotational motion compensation in which a point scatterer 
in range cell 57 is selected for focusing. All the point scatterers are focused mAe 
image The situation with an assumed 3D target motion is shown m Figures 4(d)-4(t). 
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Figure 4(d) shows the assumed 3D motion. Figure 4(e) shows the image after trans- 
lational motion compensation. Figure 4(f) shows the final image after the 2D rotational 
motion compensation. The two points in range cells 25 and 57 are focused, as expected. 
Another point scatterer in range cell 99 is also focused as it happens to be in the same 
2D motion plane as the point scatterer in range cell 57. However, it is not possible to 
focus all the points simultaneously with an existing algorithm based on the 2D motion 
model. 

4.    3D Motion Detection Algorithm 

Since existing motion compensation algorithms cannot handle 3D target motion, it is 
desirable to develop a general compensation algorithm that can accommodate 3D 
motion. However, this is a difficult task (see [13] for background on this problem) 
and outside the scope of this work. Our goal here is to develop an algorithm to detect the 
presence of 3D motion from radar data. If we can reliably detect those time intervals 
where 2D target motions are predominant, we can use the existing 2D motion 
compensation algorithms to form well-focused ISAR images. 

As discussed in the last section, 2D motion can be represented by a linear relationship 
between 6 and ^p. Therefore, we set out to detect the existence of a nonlinear 
relationship between 6 and g? in our 3D motion detection algorithm. First, we write 
the relationship between 6 and <^ into a linear and a nonlinear part as follows: 

G{tD) = b^{tD)+m{tD) (7) 

where b is the linear constant and mito) is the nonlinear part which indicates deviation 
from 2D target motion, or the degree of 3D motion. Next we try to gather target motion 
information by analyzing the phases of two point scatterers on the target. Let us write 
the relationship between the phase fiinctions P\ and Pi of two point scatterers as: 

P2(fe) = aP,(/o) + «(?z3). (8) 

The relationship is again decomposed into the linear part, where a is the linear constant, 
and the nonlinear part «(/£>). Our goal is to derive a relationship between mito) and nito) 
so that the presence of m can be detected by observing n. 

After the standard translational motion compensation, the time-varying phase of a point 
scatter is in the form of 

Piito) = ^yiH^ito) + Az/^Cto) (9) 

where Ay, and Az, are differential positions of point scatterer / relative to the reference 
point chosen during translational motion compensation. Substituting (7) into (9) and then 



230 J- LI, H. LING AND V. CHEN 

evaluating (9) at point scatterers 1 and 2, we have 

P\{tD) = (Aji + bAzi)ipitD) + AZM'D) 0^^) 

Piito) = (A;'2 + b^zjMtD) + Az2m(to). ('^^^ 

We next substitute (10) into (8), which leads to 

alAyi + bAzMto) + Az, m(fo)] + «('z)) = (Aj'2 + bAzi)^{tD) + Az.MtD)    (11) 

Notice that if there is only 2D motion, then the phases of the two point scatterers must be 
linear. This means if m = 0, then « = 0. By using this fact and equating the coefficients of 
(/j(/o) in (11), the constant a can be derived: 

_ Ayz + bAz2 (12) 
A;'! + bAzi ' 

By substituting (12) into (11), we finally airive at 

t, X Aj;i + Mzi      „,, ^ (13) 
^   '     Az2Ay\ - Ay2Az\ 

Equation (13) states that once the nonlinear phase term n is known, it is proportional to 
nonlinear motion m. Therefore, the steps to determine the degree of 3D target motion are 
as follows. First, we extract the phases of two point scatterers from the radar data. Next we 
find the nonlinear phase function n using a minimum least squares fit of equation (8). Once 
« is known, we use equation (13) to decide on the degree of 3D motion. The remaining 
issues are: (i) how to determine the phase fiinctions of the point scatterers, (ii) how to 
define the degree of nonlinearity and the degree of 3D motion once « is known, and (in) 
how to compare the degree of 3D motion fi-om one imaging interval to another. These 
three issues are discussed in the following subsections. 

4.1.    Phase Estimation Using Adaptive Joint Time-Frequency Projection 

After the translational motion compensation, the radar signal contains only rotational 
motion To estimate the phase of a prominent point scatterer, we utilize the adaptive joint 
time-frequency (AJTF) projection technique discussed in [6]. We begin with the radar data 
in the (range)-(dwell time) domain. Within a fixed range cell, the data can be wntten as 

EsifD) = E <^< exp( -j^iy^^ito) +z.e{to)) (J4) 
1=1 

where/, is the center frequency. Among the N, point scatterers within the range cell. 
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Doppler 
frequency 

(a) 

Scatterer#^^ 

^^.^^ Scanerer* 

(b) 

Scatterer #2 

Doppler 
frequency 

Figure 5 (a) (Dwell timeHDoppler frequency representation of radar signal in a range cell with three point 
scatterers. (b) The basis fiuiction that is best matched to the dominant point scatlerer is found by the AJTF project 

method. 

we express the phase behavior of the strongest one as a polynomial function: 

and consider 

h{t) :^ exp[-M,{tD)] (15b) 

as a basis for the radar signal. The phase parameters are then found by searching for the 
maximum projection from the radar signal onto the basis function: 

{/i,/2,/3,---) = argmax jEitD)h' {toidtD (16) 

Equation (16) means that the phase function parameters are estimated to give a maximum 
projection from the radar data onto the basis function for that prominent point scatterer. In 
the search procedure, the first term/, can be obtained by using the fast Fourier transform, 
while all other higher oider tenns/2,/3,... are obtained using exhaustive search. Figure 5 
illustrates the process of AJTF phase estimation. Figure 5(a) shows the radar signal in one 
range cell with three point scatterers in the joint (dwell time)-(Doppler frequency) plane. 
The tilted trajectory of the prominent point scatterer 1 implies there exist higher-order 
terms in the phase fiinction. Figure 5(b) shows the basis ftinction /?(//,). During the search, 
we change the position (/,), tilting (/z) and curvature (/j,... ) of A until the projection of 
h onto the radar signal is maximized. 

4.2.    Measure of Nontinearity Between Two Phase Functions 

We notice that in (8), the two phase functions are formulated with a linear relationship plus a 
nonlinear residual part. After the two phase functions are estimated using the AJTF tech- 
nique, a least-squares fitting can be performed to generate the best-fit linear part. The actual 
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Figure 6. Measure of the nonlinearity of two phase fimctions. 

phases deviates from this linear relationship. The deviation n '^^^''''^f'^.Z^f.^'^r^^ 
Le to represent the degree of phase nonlinearity over the imaging interval as follows. 

iVl2 =  /  \nu{tD )\dtD. 
(17) 

The process is illusttBted in Figure 6. The solid line is the actual relationship between «;^!^° 
phase functions P, and Pa- The dotted line is the linear approximation of the relationship. 

The area of the shadowed region is A^i 2- .     ^ ,• 
in a'milar fashion, we dLe the degree of 3D motion as the deviation from a linear 

relationship between 6 and if over the dwell interval as follows: 

M= I \mitD)\citD. 

Based on (13), we see that M and Nn are directly related: 

where 

^12 = 
AziAy2 - AV1A22 

Aji + bAz\ 

(18) 

(19a) 

(19b) 

Thus by finding the observable N^, we can obtain the degree of 3D motion Mto within a 

proportionality constant. 
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Figure 7. Effect of the number of point scatterers used on 3D motion detection result. 

4.3.    3D Motion Comparison among Different Imaging Intervals 

As indicated by (19), the phase nonHnearity of two point scatterers A^ is proportional to the 
degree of 3D motion M, so we can use the detected phase nonlinearity as a measure of 3D 
motion However, we notice that the constant of proportionality is dependent on the pomt 
scatterer positions. A problem arises when we need to compare the detection result from 
one imaging interval to that from another imaging interval. Since we cannot guarantee that 
we track the same set of points from fi^me to frame, the proportionality constant can 
change from frame to frame, and we cannot reliably observe M from 7^ across frames. To 
overcome this difficulty, we ti^ck more than two point scatterers withm each frame and 
compute Nij for each pairing of scatterers / and; (/ ^ J). Then we generate an average 
value <Nij> from all the possible phase relationships. From (19), we have 

{Nil) = {/3v)M. 
(20) 

We postulate that, from a statistical point of view, <^y> approaches a constant that is 
independent of frames if we average over a sufficient number of pomt scatterers. If this is 
true, <A^,> should become a good indicator of A/. 

We test the effectiveness of this approach on the detection result by simulation. We input a 
set of motion parametere and generate the phase functions based on the 3D motion niodel 
20 point scatterers from an aiiplane model is used. We then randomly choose a number of 
point scatterers and use their phase functions to compute <AV>. We examine how the 
results vary as different number of point scatterers is used. We find that the results begin to 
converge after about 5 scatterers. Figure 7 shows a plot of <A/^> versus the frame number if 
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GP/INS data :> Truth 3D motions 

Radar data ( ^> 
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Detected 3D 3 v 
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ISAR images 

Analysis 

Figw-e 8. Data processing flow chart. 

we use 5 point scatterers (10 phase pairs). If we increase the number ofpo'"*/'^^"^^^ *° JJ 
(45 phase pairs), there is only minor change in the detection output. Therefore, <7^^> can 
be used to indicate the degree of 3D motion given a sufficient number of pomt scatterers. 

Degree 
of 3D 
motion 

Degree 
of 3D    <u<^ 
motion 

frame no. 

Figu,^ 9. (a) Detected 3D motion torn simulated radar data, (b) Degree of 3D motion from truth motion data. 
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5.    Results 

To demonstrate the effectiveness of the 3D motion detection algorithm, we test our algorithm 
on radar data from two targets. The first target is an aircraft, which flew in a large clockwise 
circle during a 9-minute interval. We also have access to the target motion data through the 
GPS (global positioning system) and INS (inertial navigation system) sensors carried on- 
board the aircraft [14]. Figure 8 shows our processing flow chart. The GPS/INS data is used 
to establish the truth target motion. The raw radar data is used as input to the 3D motion 
detection algorithm. We can also generate the ISAR images using our AJTF motion 
compensation algorithm [6]. We are therefore able to both compare the detection result 
with die tmdi motion, and observe the effect of the 3D motion on the ISAR image quality. 

We first test the 3D motion detection algorithm on simulated radar data. To generate the 
simulation data, we use the actual motion data from the GPS/INS sensors in conjunction 
with a point scatterer model. From the aircraft model, 60 point scatterers are selected to 
simulate the radar data based on the actual motion data and equation (2). Five range cells are 
then chosen for phase analysis in the detection procedure. Figure 9(a) shows the detected 
degree of 3D motion for 20 image flames fh)m the simulated radar data. For comparison. 
Figure 9(b) shows the degree of 3D motion obtained based on the truth motion data. The 
frames with significant 3D motion are highlighted with circles and the fiwies with 2D 
motion are highlighted with diamonds. It is seen that the two results agree fairiy well. 

Next, we test the detection algorithm using the actual radar measurement data. 
Figure 10(a) shows the detected 3D motion from the radar data over 20 frames. The 
corresponding imaging interval for each flame is 2.3 seconds while the total flight duration 
is 5 minutes. The four flames with the most significant 3D motion based on our detection 
algorithm are labeled as circles. They are flames 6, 14, 17 and 18. Figure 10(b) shows the 
degree of 3D motion obtained based on die truth motion data. We observe that the truth 
motion data indeed contains a high degree of 3D motion at those four flames detected by 

our algorithm. 
To fiirther examine the quality of the ISAR images when 3D motion is present, we 

generate images using our motion compensation algorithm in Figures 11 to 14. Figure 
11(a) shows the plot of 6 vs. ^ derived from the truth motion data for frame 18, which is a 
frame found to contain substantial 3D motion. The actual motion is shown in the solid 
curve and the dashed line is the best-fit 2D motion approximation. It is clear that the curve 
deviates significantly from the dashed line and the actual motion cannot be well 
approximated with 2D motion. Figure 11(b) shows the resulting image obtained after 
the motion compensation, and is blurred in the Doppler dimension (vertical axis). As 
expected, the 2D motion compensation algorithm cannot focus all the points due to the 3D 
target motion. Figures 12(a) and 12(b) show the same conclusion for frame 14, which is 
another flame identified as having significant 3D motion. In Figure 13, we show the 
results for flame 2, which has very little 3D motion. As we can see from Figure 13(a), the 
actual motion can be well approximated by a line in the 0-^ plot. The image shown Figure 
13(b) is well focused. In particular, the point scatterers on the target show nearly equal 
range and Doppler extent, contrary to die previous two images. The aircraft body line is 
clearly recognizable. 
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Figui-e 10. (a) Detected 3D motion from aircraft radar data, (b) Degree of 3D motion from truth motion data. 

y   so 

.71     .me   .70.6   -70.*   -70.2    -70    40.»   -flO.O   <».4   ^tS.i 

Figure U. 3D motion and resulting ISAR image (frame 18). 
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y    eo 

Figure 12. 3D motion and resulting ISAR image (ftame 14). 

From Figure 10, we notice that there exists a discrepancy in frame 11, where the 
detection result does not indicate any 3D motion while the truth motion data shows a 
significant amount of 3D motion. The truth motion is shown in Figure 14(a), confirming 
the presence of 3D motion. One explanation is that those prominent points used by the 
detection algorithm lie nearly on a 2D plane so that they still can be focused. As we have 
discussed in Section 3, the 2D model is applicable if either the motion is 2D or the target is 
of 2D in extent. It is likely that the latter condition is met for this frame. This is confimied 
by the image shown in Figure 14(b). We see that the image quality is actually not so bad^ 
lierefore, our detection algorithm objectively reflects the quality of the images generated 

by the 2D motion compensation. ,     ..■      TT.-   J„*„ e»t 
A second data set is used to test our 3D motion detection algonthm. T^is data set 

consists of the ISAR data collected from a small ship on the ocean. Because of Ae surface 
movement of the sea, the target is believed to have considerable 3D motion dunng the 
imaging intervals. The 3D motion detection result is shown in Figure 15(a) with the peaks 

4fi.S    A9A    4S£    49^     SO     S02 A   M.6   50.8     51 

Figwv 13. 2D motion and resulting ISAR image (frame 2). 
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(a) 

eo 100        120 

Figure 14. Frame no. 11 showing focused ISAR image with 3D motion. 

y to 

frame no. 

(d) 

:^ 
Nip^^ •- 

20 40 eo         » 100 120 

Figure 15. 3D motion detection result fi«m radar data of a ship, (a) Detected 3D motion, (b) ISAR image from 
ftame 3. (c) ISAR image from frame 14. (d) ISAR image from frame 20. 
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ccHTesponding to regions with 3D motion. The total data duration is 20 seconds and the 
rjng dwefl timels 0.64 second per frame. For this data set, reliable truth target motion 
is not Available. Instead, we generate the motion compensated images shovm m Figures 
15(b) to 15(d) to demonstrate the effect of 3D motion on ISAR image quality. The image 
frame with he largest detected 3D motion, frames 3, is shown in Figure 15(b)^lt is poorly 
focusel Figure 15(c) shows the image from fr.me 14. which is the frame w^h the second 
highest detected 3D motion. The frame with the smallest 3D motion based on our 
algorithm, feme 20, is shown in Figure 15(d). It shows a well-focused ISAR image. Th^ 
test confinns the effectiveness of our algorithm in detecting good imaging mtervals from 
those imaging intervals containing large 3D motion. 

6.   Conclusions 

In this paper, we set out to develop an algorithm to detect the presence of 3D target motion 
from ISAR data. Based on the 3D poim scatterer model, we first examined the effect of 3D 
motion on ISAR imaging. It was shown that the existing motion compensation algorithms 
could not properly focus targets exhibiting 3D motion during the imaging interval. We 
Aen derived an algorithm to blindly detect the degree of 3D target motion from raw radar 
data It is based on measuring the linearity of phases behveen two or more point scatterers 
on the target. The phase estimation was implemented using the adaptive JO>nt Jime- 
frequency technique. Examples were provided to demonstrate the effectiveness of the 3D 
motion detection algorithm with both simulation and real ISAR data. The detection results 
were corroborated with the truth motion data from on-board motion sensors and coirelated 
with the resulting ISAR images. With the detection algorithm, we have the ability to 
distinguish the time intervals when the target undergoes smooth 2D motion from those 
containing more chaotic 3D motion. As a result, the good imaging intervals where focused 
images are more easily formed can be automatically selected. 
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CORRESPONDENCE 

Use of Genetic A^rtthms in ISAR Imaging of 
"Dugets witb Higher CMer Motioas 

Genetic idgoitthas (GA) an piopoaed tor Invene synthetic 
aperttw rwtar (BAR) Unaglnt. GA h used tor niotiM 
patwaeten seanl ki place ar ediaiutive aeardi in tbe adapdre 

Jvint OnHkr^neney (AXTR ai^orMlw^ While nainliSntog the 
smie necnmcy, GA has lower wmpttfalional coMplerity, especially 

IN-tasett witfi Ug^ enier medons. 

I.   INTRODUCTION 

An inverse synthetic aperture radar (ISAR) system 
usuaHy collects radar data fioin a target riMving on 
tlie ground, in the air, or over tlie ocean. In the ISAR 
problem, the radar is stationary whik the target moves 
whh botib translation motion and rotational motion. 
In the microwave frequency range, ISAR has been 
identified as an effectwe tool for target identificaticm 
[11- 

T^get motion is an essMitial part in ISAR 
imaging. On tiie one hand, target motion is needed 
to generate Doppler (or cross-range) resolution [2]. 
On the other hand, unwanted mMion causes image 
blurring. When the target has uniform rotational 
motion only and the radar data is collected over a 
small angular aperture, a sunple Fourier transform 
will bring &e raw radar data into a two-dimensicmal 
ISAR image. However, acUial targets observed by 
operational radar rarely have such an ideal motion. 
Tlierefore, motion compensation is needed to generate 
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focused ISAR imagery, "niere exist many different 
motion compensation algorithms, to deal with target 
motion [3-5]. Most of the algorithms start wifli coarse 
range aUgmnent based on the cbrrelation of the range 
profiles. Then the phase information wrthui one range 
cell is utilized to achieve fine.motion compensation. 

Phase estimation is critical in fine motion 
compensation. Compared with the amphtude,the   . 
phase of the radar signal is much more sensitive to 
flie change in range. Based cm the concept of signal 
parameterization reported in [6.7], an adaptive jomt 
time-frequency (AJTF) algoridim was proposed 
in [8] for phase estimation of a prominent pomt 
scatterer. In this method, the target motion is modeled 
as a polynomial function and an exhausUve search 
procedure is used to find the motion parameters that 
ai« embedded in the phase of the prominent point 
scatterer. While the performance of Ais algorithm is 
very good [9], the main bottleneck in this procedure 
is the computational complexity associated with the 
paramete- search. When the target motion is hi^y 
irregular, i.e., when the number of parameters need«Ml 
to model the motion is large, the use of the exhaustive 
search becomes prohibitively expensive. 

Our objective here is to reduce tiw c<M3tputation 
time associated with the motion parameter search . 
in the AJTF procedure. Our proposed approach is 
to incorporate genetic algorithms (GA) [10] mto 
the AJTF search process. (Some preliminary work 
on this topic was reported in [11]-) In contrast 
with conventional optimization methods, GA is a 
population-based, statistical search technique. It. 
borrows such concepts as inheritance and mutation 
from the biological .evolution process .[12]. As a 
elobal optimization technique, GA is known to be ; 
very easy to uiq>lcinent and appUcable to many design 
and inverse problems [13]. 

This paper is organized as follows. In Sections 
n and in, we outline themethodology. The AJTF 
analysis for ISAR motion compensation is described 
in Section IL GAs are uitroduced in Section m. 
The next two sections include results and analysis. 
In Section IV, simulations-with'point scattMm 
are provided to validate the use of GA for phase 
estimation. Measurement data processing results are 
shown in Section V. Finally, conchisions are given m 
Settion VI. 

II     ISAR MOTION COMPENSATION USING JOINT 
TIME-FREQUENCY PROJECTION 

We restria our attention here to rigid body targets 
with a fixed rotational axis. We also assume that 
die taigctundeigoes only a small, angular rotation 
within the dwell interval. Undiar these assumptions. 

a two-dimensional point scatterer model relates the 
radar data to a moving target through the foUowing 
equation:   •      . 

(1) 
'wh»e / is the frequency and fp is the dweU time. In 
this model, the radar data is comprised of Ifae sum of 
responses from a collection of point scatterers. (x„y,) 
denotes the point scatterer position while <r,. denotes 
the scatterer strength. The target motion includes both 
translation motion K'D) ^^ rotational motion <P(ID). 

After range compression and range alignment to 
place all the point scatterers in their correct range 
bins, the radar signal dirough one range ceU r can be 
expressed in the form of 

Erih) = Jl^a.-exp I-y^[Ar(to) + ^i + y,¥<'D)]} 

(2) 

(3) 

iWc coosider tiic rawvottioMl motion asromptioos for ISAR 
inuring in this paper. Tliose assunqitioiis nuy not hold ^f «»*"« 
gromKl vehicles or smafl 5h^». TIM «ad« is irfened to (18-20J for 
a detfflled discussioo of aio« mote challenging scenanos. 

where /o is the center frequency of the radar and 
the index includes only those point scatterers in the 
particular range celL The residual transtoion motion 
is depicted as Ar(ti>). After such coarse alignment 
procedure, the residual translation motion is smaller 
than the range resolution. However, it can still be 
larger flian the radar wavelength. Botii the residua! 
translation motion Ar(r^) and the rotational motion 
ifiifD) can be expanded into polynomial functions of 
the dwell time as 

M'o) = <'l'i) +'^'D + <'3'D • • • 

V('C) = *I'D + VD+*3'D- 

where any coefficients beyond die first order are 
detiimeotal to ISAR image formaticMi. To solve the 
ISAR motion compaisation problem, we need to 
determine fliese motion parametKS and to remove the 
unwanted nonlinear phase terms from the radar data. 

This task can be. accomplished using the AJTF 
procedure [8]. The essential idea of fliis procedure 
is to find the basis function that most resembles the 
strongest signal con^nent in (2). For our i»oblem, a 
basis functiwi in flic'form of 

is used. The best basis is found by searching for 
paramctere /,. /a, /s.-that maximize Ac projection 
ftom the radar sigiul onto the basis, i.e., 

C/i./2./3.-> = argmaxK£,(tc).fc(tD))|        (5) 

where the projection is formulated as tiie inner 
product of the two fimctions as 

{E,{tj,)MtD)) = f Eri.tB)h*(fo^tj,. (6) 
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Fig. 1.   Flowchart of GA. 

In (5). the linear coeffident /, can be found efficiently 
witii Ae fast Fourier transform (FFT). Coefficients 
for <he nonlinear phase vcnns, /2, f^,--, nvust be 
determined diiough a more time-consuming search. 

After the nibtion parameters of the prominent point 
scatteier are found, we can carry out the translation 
motion compensation by multiplying the radar data 
with file conjugate of this basis. Sinoie all the point 
scattercrs share the same translation motion in (2), this 
operation will remove the translation motion of die 
whole target Rotational motion compensation can ako 
be carried out by estimating the phase of a second 
point scatterer in a different range ceU. After flie lAase 
estimation, we can resample the data in dwell time to 
make the phase linear [3,4]. 

\\\.    USE OF CENETiC ALCX>RITHMS FOR PHASE 
PARAMETER SEARCH 

As we have discussed in the last section; 
ISAR motion compensation can be formulated 
as a parameterization process for both translation 
motion and rotational motion. In [8], a brute-force : 
search procedure is employed to carry out the  • 
parameterization. This means that we exhaustively 
search the solution space for the maximum projection. 
GAs>are investigated here to search for the motion.. ■ 
Kdrameters to reduce the computation time. We should 
jx>mt out that although a structured-tree-search is 
an easy and straightforward way to decrease the 
computational complexity, it does not always leadto 
a global optimum. -■ ' 

GA is a global optimization method based on • 
concepts from ecological systems [10, 12,14]. The 
flowchart of a typical GA process is.ilhistrated in 
Fig. 1. It starts by setting up the parameters for botii 
the physical problem and tiie GA implementation. 
GA operates on a population of many individuals. 
TV initial population is randomly generated within 
the searching Space. The goodness of the solution 
is then evaluated based on an objective function. 
The objective function is chosen as the projection • ■ 
magnitude from die radar signal onto die basis 
function (see (5)) (althou^ other objective functions 

i«iin»i-> lOfiuti 

(a)      ■ (b) 

Hg. t.   Examples of crossover and imitation operatioas in binary 
and real-coded OA, (a) Biiiary-coded GA. (b) Real-coded GA. 

■'such as entropy can also be used). The search 
is carried out in a rai^e cell with a prominent 
ppmt scatters. When such a good range ceU is 
not available, multiple range cells can be used to 
improve tiie GA phase estimation accuracy. If we 
are satisfied with the solution, the process is done. 
Otherwise, a new generation is produced for the 
next evaluation-reproduction iteration. To make 
np individuals in the new generation, some good 
parents are selected from the previous generation 
and two operations called crossover and mutation are 
applied to produce children in the next generation. 
Whether or not crossover and mutation occur is 
determined randomly. The crossover and mutation 
probabilities arc chosen based on the tradeoff between 
two conflicting requirements. Increasing the variation 
in tiie new generation brings a chance for better 
solutions, but it tends to lose the features of the good 
solutions from the .previous generation. 

Roughly speaking^ there are two kinds of GA. 
One is binary-coded GA [lO]. The other is real-coded 
GA [15]. In the former, the physical parameters to be 
searched are first discretized into binary bits. There is 
a one-to-one moping between a physical parameta: 
C and its Af-bit binary representation Cj.Cj c^ as  . 
follows: 

(7) 

where flic [C^,C^] is the valid search space for C. 
A candidate solution of the problem is expressed "in 
die form of a chromosome,'which is the collection of 
bits representing all die parameters. For crossover, a 
random break point in die chromosome is picked. The 
bits before the point from one parent are combined ^ 
wifli die bits after die point from anoflier parent to 
form one child. Another child is generated in die 
reverse fashion. For mutation, a sihgle'bit is randomly 
picked and its valued is inverted, the crossover and 
mutation operations for binary-coded GA are depicted 
in Kg. 2(a). 

In real-coded GA. there is no coding-decoding 
process and the algorithm direcdy operates on 
die physical parameters. For crossover, a linear . 
combination isusiially used as follows '' ■ 

•C,=aPi-Kl-a)P2 

C2=s(l-Q)A + aP2 
(8) 
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function 

projectioii 

Nunber of genentioiis 
(b) 

Hg 3.   GA for ttod-onfcr phase «rtini«tiOT. (a) MnW-modal objective functtoo. (b) GA convergence carves, (c) GA-««iinMed phase 
coaquued to tttt original tnith pbase. 

where two children (Ci,C2) are teproduced from t«'0 
parents (^p^)- a is a randoni numb«- between 0 aiid 
1 to ensure that the new parameters win not fall out 
of range. For mutation, a child C that is diflBKcnt from 
the parent P is needed. For. this purpose, a sohition P, 
is picked up randomly from the searching space and 
lincarJy combmed with P to gcoraate C in the same 
way as described by (8). The crossover and motaticm' 
operations for real-coded GA are depicted in Rg. 
2(b). 

The Y)asic theory in GA, the schemata meory, 
seems to favor the use <rf binary-coded GA 
[14]. Most wo* on GA has followed this path. 
Recently, researchers have also experimented with 
real-coded GA and have observed some advantages 
in convenience and accuracy [16]. In the next section, 
we test bofli binary-coded and real-coded GA in our 
phase estintadon problem. 

The GA process is usually stopped using criteria 
based on die performance of dje available solutions in 
die present graieration. In our case, we do not know 
Ac tnie maximum projection value. Tberefors, we 
dioose to stop fte GA process when the projection 
value does not increase after a certain number of 
generations. 

IV.    POINT SCATTERER SIMULATION 

Point scattaer simulations are first used to test 
the use of GA for ISAR moticai compensation. We 
jBrst test the accuracy of GA phase estnnadon. In tiiis 
example, we use two point scatto^ers widi amplitudes 
1 and 0.2. They are located wi&in one range cell 
and contain ftird-order translation motion (i.e., the 
coefficients <x,, Oj, and Oj in (3) are significant while 
all higher order coeffidoits are zero). We run bodi 
binary-coded GA and real-coded GA to search for 
02 and 03 for fliis simple phase estimation problem. 
The population aze is 50. In both cases, the oros&over 
probability is 0.8 and the mutation probability is 0.3. 
For exhaustive search, the search f« Oj ^^ <h ^ 
earned out on a 128 by 128 grid. We choose a 7-bit 
representation in binary-coded GA and search in the 
same discrete space as in the exhaustive search. The 
actual objective functiwi surface is plotted in Fig. 3(a). 
We observe many local maxima, indicating this would 
be a challmging pMxiblem for a local optimization 
meOiod. Rg- 3fl>) shows the GA convca-gence curve, 
with die red-coded GA result in solid line and die 
binary-coded GA result in dashed Kne. Since GA is 
a statistical fqjproach, we do not gtt exactly the same 
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Rg. 4.   PerfOTmsnce <rfGA compjtwl to exhaustive sear*, (a) Computatioiul coniptodly as a flmctica of the number of paramdrrs. 

(b) Aceuracy. 

result from each GA run. To decrease the statistical 
variation, the resalts in Fig. 3(b) are obtained by 
averaging over 20 GA runs. We can see that after 
about 150 generations the two projection carves 
neariy converge to the truth value of 1. We also 
observe that real-coded GA produces a sHghUy higher 
projection value. Fig. 3(c) shows the resulting phase 
from a single GA run after 200 generations. The 
estimated phase from binary-coded GA is plotted 
in circles, the phase from teal-coded GA in crosses, 
and the original phase ftinction in soHd line. We see 
veiy good agreonent among the three results, n»aning 
good accuracy from flic two GA results. 
,   In the second example we compare the. 
computationa) complexity of GA to exhaustive search 
for differtnt orders of motion. As we have pointed 
out earlier, die main problem wiA exhaustive search 
for motion parameter extraction is the computational 
load. This problem becomes more acute when the 
order of the motion is high. Again, we use two pomt 
scatterers with amplidides 1 and 0.2. We generate 
the radar data from ttwse two point scatterers with 
some preset motion. We flwn apply exhaustive 
search, binary-coded GA, and leal-codied GA for tiie 
I^hase estimation problem with different orders of 
motion. The same GA parameters as in the prevjous 
example are used and the results are avwaged over 
20 runs. The exhaustive search is known to have an 
exponential complexity of .0(exp(n)). As expected, 
the resulting compntati(m time in logaridmi scale 
diows up as a straight line in Fig. 4(8). For GA, no 
dieoietical complexity fonnnlation is available in 
general. (Tlie complexity of 0(nlogn) is claimed 
for selected test functions in [17}.) V/c van both 
binary-coded GA and real^coded GA up to sixth-order 
motion (i.c.. seaii* fw.S parameters) and plot 
flue results in Hg. 4(a). It is observed that both 
binary-coded GA and real-coded GA have much . 
lower complexity than exhaustive seardi. The 
dififwence in complexity between the two GAs is 
only minor. The projectitm values from binary-coded 
GA and real-coded GA are next.pIotted in Fig. 4(b) 
as circles and crosses, respectively. We. see that die 
i«al-coded GA results are closer to the trutti value 

of 1.0 than the Irinary-coded GA results, especially 
for higher order motions. Snice binary-coded GA 
searches on a finite grid as in exhaustive search, it 
can never get solutions tiiat surpass the exhaustive 
search result. On the other hand, real-coded GA has 
the ability to search for any real values within the 
search range. Consequently, real-coded GA has more 
chance of finding a better solution. The same trend is 
also observed with measurement data and is discussed 
further in the next section. 

V.   MEASUREMENT DATA PROCESSING 

We next apply GA on some measurement date. 
The data wwe collected from an in-flight wrcraft 
using ground radar. 128 pulses are processed to form 
an ISAR image. This correqjonds to an imaging 
interval of about 2.5 sectMids. GA is evaluated for fine 
modon coriipensation. For the firet data set, the image 
without any fine motion compensation is shown in 
Fig. 5(a). This image is unfocused due to the residual 
motion. We select a range cell widi a dominant 
scatterw (range cell 79) and ^ply GA to estim«e 
the phase based on a third-order translation motion 
model. The resulting images from binary-coded and 
real-coded GA are shown in Figs. 5(b) and 5(c), 
respectivdy. We observe that the two GA images 
are as focused as the reference image in Fig. S(d) 
obtained using exhaustive search. The corresponding 
projection values are 2401 and 2595, as ccanpared 
to the exhaustive search result of 2401. We continue 
this comparison using 19 otfier imaging intervals. 
Fig. 6(a) shows the projection values (normalized 
with respect to fl« exhaustive search result) for the 20 
frames. For 19 out of 20 frames, real-coded GA gives 
larger projection values than exhaustive seardi. The 
resulting images are atber on par or dightiy.better 
focused dian those obtained from exhaustive seardi. 
For binary-coded GA, 7 frames have lower projection 
values and are of inferior image quality to those 
from exhaustive search. The other 13 frames have 
exactly the same projection v^ues as the exhaustive 
search resuh. Sin^ilar to our conclusion earlier based 
on die simulation data, our experience with the 
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nKasuiement data indicates that real-cocfed GA 
consistently outperforms binary-coded GA in tenns 
of accuracy. The computation time using MatM> codes 
on a Pentium m 750MHz PC is snmmanzed in Fig. 
6(b). While there is little change in the co'mputati<:»ial 
time for ejchaustive search from one firame to anothCT, 
the times for binary-coded and real-coded GA exhiWt 
large variafions in these single run results ducto 
the statistical nature of GA. The average times for 
the binary-coded and real-coded GA are 19.5 s and 
11.5 s, respectively. This is compared with the 43.5 
s fiom exhaustive search. Rnally, we note that for ■ 
fliese 20 ftames the third-oider model is adequate 

to model the translation motion. Inclusion of h^her 
Older translation motion oriotatiorial motion does not 
inqnove die image quality for this'data set • 

For a second data set, we first apply thM-order ' • 
translation motion conqwnsation using real-codea 
GA. The resulting image is shown in F%. '7(a). It 
is seen Aat the selected doimnant point scatteier iat' 
range cell 64 is iKrt well'focused. This means that • 
tiie target contains higher'motion that cannot be - 
fully compensated by the third cxder motionmodel. 
This fact is also revealed by the spectrogram of the 
compensated signal in Fig. 7(b), as we observe a 
curved joint tiroerftequency (JTF) trajectory for 
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Fig. 8.   Higher-Older tnmslation mrtiro condensation, (a) Image after founh-onJer translation motion compensation using leal^xxted 
GA. (b) Spectrogram of signal in range cdl 64. (c) Spectrogram of Mgnal in range cdl 71. 

the scatterer. Next, a fotmbKmler motion model is 
tried and the real-coded GA result is shown in Rg. 
8(a). From this figure, Ifae lefErence point sciatt«Br 
is better focused and the spectrc^ram of the s^nal 
is straightaied in Fig. 8(b). Hfav-order translation 
motion is" also attempted, and the result does not show 
much improvement However, we observe thatother 
point scatterers in Pig. 8(a) are stiD.smeared. This 
is confirmed by the spectrogram of the signal at a 
different range cell (numbCT.71) shown in Fig. 8(c), 

whidi shows'that the signal trajectory is curved iii the 
spectrogtatn. Thus rotational motion tntjst exist in this 
data: We next apply fourth-order rotational motion " 
compensation using real-coded GA. As shown in 
Fig. 9(a), die whole target is much better focused after 
the compensation. The spectrograms of the signal at 
both range cells become «raig;htcned in Figs. 9(b) 
and 9(c).. .WhUe real-coded .GA takes 45 s for the 
phase estimation problem^ die computation time for 
fourtb-«der exhaustive search is estimated to be over 
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50 nrin based on tfie compleatity curve in Fig. 4(a). 
Therefore, the time savings of GA over exbaistive 
search is quite significant in this real-world 

- example. 

VI.   CONCUU5IONS 

In this p^er, GAs have been applied to ISAR 
motion compensation. Based on the AJTF smalysis, 
GA is used in the phase estimation of prominent point 
scattereis on the target. The resulting parametrized 
phases are then used few translation and rotatitmal 
motion compensation. Both binary-coded GA and 
real-coded GA have been implemented and tested 
usmg simulation and measurement data. It is found 
ttiat real-coded GA outperforms binary-coded GA in 
tarns of accuracy in the phase estimation problem. It 
is also shown that the computational con^Iexity of the 
GA search is much less than diat of exhaustive search. 
The time sa^ngs can become especially significant 
when the target exhitnts higher order motions. 
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Global Range Alignment for ISAR 

A sew ttdnlqiie fe developed for nui«e aiigaiMnt in invtne 

UpMheHc aperture nidar (BAR) Ima^ng. "Itei aWfts "a* to ft* 
cduxa an modeled as a polynenial, and the cacfllcients of Ibis 
polynoiBlal ate dMaen to opttnize a #obal ^lalltjr measmc of 
nmge i^niiienL This (ednriqoe Is robas* agatost iwfce and taisgat 
sdntOlatloo, aad avoids error accumulBtloiL In addition, Ae ahMl 

fa lfa£ tfaDc diBUin is imphinented by faitrodndng a phase ranqi 
iBlhefkequeBcydamain,wlilchnaiwve»tbeHiiiitaHffl»rf Integer 

steps. 

I.   INTRODUCTION 

Inveise synthetic ^jerture radar (ISAR) utilizes the 
Ftwrier transfonn to resolve the scatterers in azimuth. 
Before taking the Fourier transform, translation 
conqxmsatioD is needed to remove the effects of the 
translation between the radar and the target in range. 
Translation compensation consists of range alignment, 
which shifts the echoes such that the signals from 
the same scattcrcr are centered at the same range 
bin in different echoes, and phase adjustment, which 
removes tte Doppler phase caused by the ttanslation. 

If no prior knowlalge is available about the 
translation, range alignment is usually based on the 
similarity of the envelopes of the echoes. Typical. 
metiiods include the peak method [1], the 
maximinn-conelation mefliod [1], the frequency- 
domain meAod [1], flie Hough-transform method [2] 
and the minimum-entropy method [3]. 

These methods, however, have a variety of 
disadvantages. The maximum-correlation method, for 
example, aligns each echo lising tiie principle that 
the envelope correlation of two adjacent echoes is 
a maximum when Ihey are aligned. Although more 
robust tiian Ac peak method, the method is still 
somewhat sensitive to noise and target scintiDation. 
Also, it has tiie defect of error accumulation. In 
additiMi, the shift in the time domam has the 
limitation of integer steps, which means tiiat even if  . 
two echoes are conecdy aligned, thrae may still be an 
esntx of 1^ to half a range bin. 

We develop a new tedmique for range alignment 
in KAR imaging. The shifts made to the echoes are 
modeled as a polynomial, and the coefficients of this 
polynonrial are chosen to optimize a global quality 
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Publication [3] 

4e proposed cod« nvaagety saves 8% bit rate compared to JM3.9 with 
tbe best setlinijs. Complexity comparison between JM3.9 wiA five 
refetcnce frames and (he proposed algorithm is also analysed The 
sprite buffer can be i«stricted within the constant size (e.g. 2.25 times 
the frame size). Therefore *e memory cost fai the proposed sprite coding 
is Jess than that in JM3.9. For computing compleiuty analysis, vit only 
consider Ihc computing lime of motion estimation. In JM3.9, the local 
motion estimation (LME) is performed five limes (i.e. once for each 
reference fiaroc). In the puposed codec, LME is perfotmed only rmce. 
The total tniie of motion estimation in the proposed codec is for one 
LME and one GME. By utilising the fast GME algorithm, the total time 
for LME plus GME is less than five times LME m JM3.9. Similar to the 
tiadttioaal dynamic sprite coding techniques, the proposed codec has the 
disadvantage that sprite vraiping has to been perfotmed ia tbe decodo-. 
However, consideiing the significant improvemenr of coding efficiency, 
the extra computing complexity for sprite warping is acceptable. 
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Fig. 3 PSNR b» rate curves achieved from testing on Stefan sequence 

Conclusions: We have presented a highly eflficieot algorithm fiw 
dynamic sprite coding. The high coding efBciency is achieved due 
to two reasons. Fiist, the new techniques developed in JVT codec arc 
utilised; secondly, Ibe fiactional resolution sprite prediction is incor- 
porated mto the proposed algorithm. 
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Shape inversion of metsilie cairities using 
hybrid genetic algorithm combined 
with tabu list 
Yong ThoM, Jvinfei Li and Hao Ling 

An approach combining the hyteid genetic algoriflun (GA) with the 
tabu list oooccpl b propoaed to iaoease tbe search efficiency of the 
hyhrid OA The algorithm is applied to ncraistnict the ^lapc of a 
metallic cavity based on the Ipswich measmemem data. Inversioo 
results show ^jod agteemcnt with liw aetaal dupe and sigiiificant 
iiapiovenKnt in oonveigence laie over both simple GA and hylrid GA 

280 

Introduction: Electromagnetic inverse scattering emails the lecon- 
stniction of the shape or material of an object iiom its scattered field 
data. The inverse proMem caa be cast into an optimisation problem 
whereby the difference between the measured fieWs and the computed 
fields from a forward electromagnetic solver is minimised. Genetic 
algorithms (GAs) have been Iritd as the global optimiset in these 
problems (1-3]. While GA is well suited in searching for the global 
optimum, it suffers from slow convergence. Since the evolutionary 
process for the standard GA to reach a cost minimum is in general 
very slow in comparison to a local search algorithm, a lutural 
improvement to speed up the sunple GA is to hybridise the simple 
GA with a local search. This type of algorithm is usually called the 
hybrid GA (HGA) and has been explored by nsearcheis in different 
disciplines [4, 5]. While showing improvetnenis in perfbrtnance, the 
hybridisation of the two approaches also causes some inefficiency. As 
the parent selection scheme of GA gives priority to the best members, 
it ustially leads to a population that is highly clustered around the 
local minima. This clustering is necessary lor the simple GA to evolve 
closer to the exact minimum. For HGA, however, since the local 
minima have been completely explored by the local search, auch 
clustering win lead to the te-explotation of these regions, which is 
quite wastefiil. 

Tabu search (TS) is another global search strategy that has been 
developed for combinatorial problems [6, 7]. It is a local sesrch 
algoridm with memory. The most important feanue of TS is that it 
utilises a tabu list to prevent Ac revisiting of local minima. In this 
Letter, we propose a technique combining HGA with the tabu list 
concept to mci«aae the efficiency of the HGA. The tabu list is adopted 
to exclude those regions in the parameter space that have already been 
exploied by die local search. In tbis manner, there will be no revisiting 
of the explored r^ons and the GA population can be spread out to 
exptote new regions, thus improving the search efficiency. Wc apply 
this algorithm ID the electiomagnetic inverse problem of sliape 
reconstmction of metallic cavity structures containing strong multiple 
scattering effects. Results based on the Ipswich measurement data set 
aiE presented. 
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Fig. 1 Eslablishmeni of 'tabu region' 

HGA-tabu approach: In our HGA-tabu implementation, the initial 
getieration is prodwxd randomly. The new population is then 
produced throi^ the selection, crossover and mutation operators. 
After these standard GA processes, the best member P is selected as 
the mitial guess to carry out a local search. We adopt the gradient 
seareh reported in [8] as (he local search algorithm. The resulting 
local miniminn in the parameter space is denoted as Pai^ (see Fig. 1). 
P,^ is then placed into the new GA popiilatioa In addition, a 
gradient seardi is also carried out to obtain flte local maximum 
?„„ from the same initial guess in order to estimate ftc extent of 
the local minimum. Once both local searches are conq>leted, we define 
the region thai is centred at Ae minimom and limited by the radius 
l^«.«-^n™l as the 'tabu region', and lecord it into a tabu list. 
Symmetry around the local minimum is assumed in this construct in 
subsequent GA reproductions, all of the new members ate checked 
against this tabu list to ensure that none is in the tabu regions of the 
sample space. Thus the population is fbrced to spread out in the 
unexplored regions, resulting in higher HGA search efficiency. 
Putlher, a new tabu region is appended to the tabu list every time a 
new local minimum is explored by local search. 

In impIemeBting the inverse problem to reconstruct the shape of a 
cavity fiom its scattered field data, we start fiom a set of randomly 
created shapes fliaJ are described by A^ ordered points in a two- 
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dimensional space. The profile of ihe object is then obtained using 
spline inxetpoiasion. ffcxi, the method of nKOTents (MoM) solution to 
Ihe electric field integral equation is used as the forward electiDmag- 
neJic wlver to geneialc the computed scattered field £"^ from each 
assumed shape. A cost fiinetjon is defined as the rooMnean-squared 
(ma) difference between £"' and the measmtd scattered-field jF™. 
The HGA-taho algorithm is then applied as the optimiser to minimise 
the cost fimction. Binary-encoded GA is used in our implementation. 

Resuhs: We have applied the HGA-tabu algorithm lo reconstnict the 
shape of a metallic, partially open, circular cylmdrical cavity with a 
diameter of 10.8 cm (IpsOll in the Ipswich data set) [9]. The 
measurement was taken at a single frequency of 10 GHz in a bistatic 
configuration. There were a total of 36 tiansmitter positions around 
the object and IS receiver locations for each transmitter position. The 
electric field was paraJIel to the axis of Ihe cylinder. 

The number of the population for GA was set to 200, the geomeOy 
was described by H=5 points, and the crossover and mutation rates 
«wete set to 0.8 and 0.4, respectively. The search area was chosen to be 
16.2 X 162 cm. We first tested the inversion algorithms using MoM- 
simnlated field data as the input. The results showed that AK HGA-tabu 
was able to converge to the correct shape after an average of 75 
generations and the final shape was in excellent agreement with die 
actual shape. In comparison to the HGA, the HGA-tabu also showed an 
improvement of about 100 gci^eiations for conveigcnce. 

0.9-1 

landom asarch 

100 ISO 

number of heiafions 

Pig. 2 Convergmce coiKparijon for rnverstoH of IpaOll for random 
sarrck, single GA. HGA and HGA-tabu 
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Fij, 3 Ipt-Oll inversion rtsala from measured data 
a Typical lavcision lesolt by Gimple GA 
h Typical invenian rcsnh fcy HGA-tabu 

Next, we applied the inversiwi a^otitfams to die actual measured data 
for IpsOl I. Fig. 2 shows the conviajgence comparison between random 
search, ample GA, HGA md HGA-tabn. All die tesiUts were averaged 
over 10 independent runs witfi different initial p<qnilation$. As 
expected, the simple GA showed improvement over the random 
search. The HGA fijnher unproved the convergence rate of the 
simple GA. The best icsuhs were cwisisteatly i^itained by die HGA- 

labu. To achieve an tms of 0.55, the HGA requited an average of 220 
generations while the HGA-tabu algoiidnn required only an average of 
75 generations. (We note here that, due to the difference between fte 
notDcrical modelling and the measurement, the rms cnor between flie 
MoM-computed fields from Ihe exact shape and the measured field data 
is 0.73.) Fig. 3fl shows the typical sh^K from the simple GA after 250 
genetarioits plotted against the real profile of die cavity. The rcsuk 
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indicates that more iterations are needed for convergence. Fig. 36 shows 
the typical reoonstructed shape fitim the HGA-tabu after 75 genera- 
tions. As we can see, the inverted shape is very close to the real profile. 
The overhead of implementii^ the gradient search in each generation is 
about 10% of the total computation cost. The time for the tabu list 
check is negligible, as there is no cost function evaluation. 

ConclHSion: An approach combining the hybrid genetic algorithm 
with the tabu Kst concept has been proposed in this Letter. The tabu 
list was set up to increase the search efficiency by forbidding revisits 
of local minima already explored by the local search. The algoridtm 
Ins been applied to recoostructthe shape of a metaUic cavity based on 
the measured Ipswich data. Inversion resnIU from the HGA-tabu 
sbovwd faster ctmvetgence and higher success rate than those of the 
simple GA and hybrid GA. The computaiioo overhead per generation 
for die new algorithm was small. The algoridira could potentially be 
useful in other optimisation problems. 
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Publicly variable authenticated encryption 

Changsbe Ma and Kcfei Chen 

A new aoAwnticated enciyptiaii scheme with public verUiability is 
pnxoitcd. The new schcnie miuires less onnputalioiial costs and 
communicalioii overhead than the convcntiorad ngnatnre-thai- 

■ encryption approaches. Furthermore ihe message is not divulged 
dutii^ Ihe puldic verification. 

Introduction: Secure and authenticated mesiage deliver/storage is 
one of the major abns of computer and coraiiraniealion security 
research. Horster, MicheU and Peiersen (HMP for slwrt) [I] proposed 
an efficient authenticated encryption scheme with lower expansion 
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Sparse parameterlsation of electromagnetic 
scattering data using genetic algorithm 
with adaptive feeding 

J. Li, Y. Zhou and H. Ling 

A method is piesenled to parameteiise scatlHing data fiom compta 
targets. Based on a global model with botti scatterii^ ctares and 
resooancci a genetic algorithm wHk adaptive feeding is proposed fera 
sparse iqjiesenlBtion. The algorithm b tested wSh measurenKJrt drta and 
shows better performance than non-global paiameterisalioa meftods. 

Intmduction: Obtaining a sparse, physical representation of electro- 
magaetic scattering dala from a complex target is a problem of 
fundamental importance in radar signature anab^is 11-9]. The scat- 
tering centre model is the standard way to represent scattering firom 
large targets and has been used with success by the radar signature 
community for. over two decades. Many techniques including super- 
resolution {1, 2], CLEAN [3], genetic algoriOims (GA) [4-«] and 
evolutionary programming-based CLEAN [7] have been reported for 
determining model paiflmeters based on the scattering centre inodel. 

tor labels containing convex, interior structures such as cavities, a 
model combming scattering centres and resonances has been shown to 
be a moie efficient and pl^sically roeaningiiil leptesentation of both 
exterior and interior scattering fixtures [8, 9]. Howevcti finding the 
model parameteis in sudi cases k mote challenging, since the scattering 
centre and resonance bases have con^lementary behaviours in time and 
6equency. In [8], a CLEAN-based algorithm was used to extract one 
scattering centre and/or resonance at a time itciativcly. In [9], Pnmy^ 
method was fiist used to extract all the scattering centres and Aen all 
the lesonances. One drawback of these methods is that the panmieleri- 
sation results are not very sfoae since flie scattering centres and 
resonances are not extracted simultaneously 

To improve the sparsity, wc present m this Letter a global algorithm 
to patameterise complex scatteriiig data using flte combined scattering 
centre and lesonance model. The mefliod is based on a GA with 
adaptive feeding. The latter is devised to compensate for the disparity 
in strength between scattering cenfres and resonances and improve the 
performance of the GA. 

GA with adaptive feeding: The scattering model is assumed to 
comprise responses from both scattering centres and resonances as 
[9]: 

0) 

where M and .Y are the number of scattering centres and resonances, 
respectively, and/flie ftequency. For each scattering centre, i;. is the 
time delay, a„ *e freqiiency dependency coefficient and a„ the 
complex anq)litudc. For each resonance of con^ilex anqjiitude 6„ f„ 
is the resonant fiequatcy, t, the tum-on time and P, the g-fector. The 
paiameterisation process, can be fomiulated as a minimisation problem: 

!«_.'»./,. P.. t»> = a^™n»J^</'-^t/)H2 (2) 

?viierc £" denotes the measurement data to be patametetised. The 
anqtlitudes a„ and i, are not nichided in the bracket as they can be 
derived fium other unknowns using minimum least squares fitting. 

GA has been used in many engineeiing applications aa a global 
optimisation scheme. However, here we find fliat the standard simple 
GA (SGA) has difficulty m converging to the dcsiicd global <q>timuin. 
Since the energy in a resonant term is typically much lower than fliat in 
a scalterei- centre, the lesonant terms are easily missed in the SGA 

process. To avetcome fliis, a parameterisation based on a commimity 
GA wifli adaptive feeding is devised. Fig. 1 ilhjstrates the approach in 
extracting M scattering centres and N resonances. Each sobd box 
represents a community [10] using a different parameterisation order 
number. For example, Ae hi^iest order uses Af scattering centres and N 
resonances while the lowest order uses one scattering centre and no 
resonance. The parameterisalion consists of an iteiatioD process as 
follows. First, for each community, standard GA operations including 
selection, crossover and mutation are used to reproduce mcmbcTS in the 
next generation for better sohitions. Secondly, at the end of each 
generation, the residual signal of each coitmiunily is calculated as die 
error between the best sohitkm in 4e cominunily and the original data 
£"(/) and is parameterised with GA. The order number for residual 
paiameterisation is specified in the dashed box. It is the difference 
between the ortiernumher of Ae current community and the next higher 
community. Thirdly, die parameters ftom the best solution of a lower 
Older community and its readue are combined to form a candidate 
solution in the next higher order community. A zero-mean Gaussian 
perturbation is added during this stq) to create a communhy-levcl 
mutatian. By adaptively fimiing the sohitions fiom the lower order 
cummunilies forward to the higher order communities, the convergence 
of the bluest order community is significantly accelerated without 
sacrificing the optimality of the final solution. 

I                         M.N                         i 

;* *^ 
1             l*-^.N iM.oi 

... 

o,T 1          2.1          1 

1    1.1    lii.oi 

|i,o|lo,ij 

Flg.1 OA with adaptive feeding 
Best sohition ftom lower oidcf community (s<rfid box) and residue (dashed box) 
combined and fed into next higher.<)rder community. Conveigence of highest 
order cooimunhy with M statiering centres and N lesonances accelerated 
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Fig. Z ComparLmn of Ihnit: parameteriaation resula of VFtllS measure- 
ment data 
 CLEAN witti scattering centres only 
 CLEAN vviifa scattering centres and resonances 
 GA willi adaptive feeding 

VYF 218 measurement data results: The algorithm was first tested 
using numerical simulation data from a well-understood target, a plate 
with a paitialty open cavity (9J. The proposed mcdiod successfiiJly 
extracted the fimr dominam scattering centres and three resonances 
with a 5% RMS error. By comparison, the RMS error ftom the 
CLEAN mettiod is 10% after 20 terms, vAaXt: the SGA always missed 
the weakest resonance. We next applied it to the VFY 218 measure- 
ment data [11). The scattering data came fiom a 1:30 scale model 
aircraft using horizontal polarisation in Ibe S to 16 GHz frequency 
band. The look angle was at 19.6° firan nose-on so thai the inlet 
contribution was prominent in the return. Fig. 2 shows RMS error 
against total model order number {M+N) for three different meth- 
ods. The GA results were averaged over six runs. The CLEAN curve 
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with scattering-centr&-only model decreases very little after 30 trams, 
iudicaung this model is vciy inefficient in modelling the resonance 
part of the data after the scattering centres are extracted. The CLEAN 
curve wiA both scattering centre and resonance model is better. 
However, the rate of cotivetgence still slows down considerably 
after fte first 18 terms. The GA curve shows the best spatsity. It 
requires only 20 terms to achieve the same accuracy as the CLEAN 
approach with 40 terms. The model orders used m the GA are */= 14 
and W=6. However, we found that the results were not very sensitive 
to the model order selection. 

iO 12 14 
frequency, GHz 

b 

16 

Fig. 3 Acaancy of parmneterUaHon in time ami frequency domains 

a Time domain 
i Frequency domain 

To fiirther inteiptet the physical significance of the GA-para- 
meterised data, we conclatcd tbc extracted scattering centre positwMis 
with the peaks in dte target range profile and found that they lined up 
weU. FurthenntaB, the two stnmgest resonances extracted are at 
ftequeocies of 9.8 and 11J GHz. This is consistent with fte size of 
die rectangular engine inlet openii^s, which have dimensions of 
2J X 1 5 cm. (The cutoff frequencies of the TEoi and TEu modes 
are estimated at 10 and n.lGOz, respectively.) Tte other four 
lesooances at 8.6, 9.1, 94 and 13.3GHz are harder to intapret given 
the convlex shape of the actual inlet structure. 

Compaiisons of the patameterised result wifli the original measure- 
ment data in the time and frequency domains are shown m Fig. 3. We 
see feirly good agreanenls between the two. We suspect the small 
paiametetisation error to be due to die modd mismatch of (1) to the 
complex measutemmt data. Thus, increasing the model order for this 
data does not reduce die error signiCcmay. We also processed data fiom 
0° to 180° from nose-on in 5° increments, and fotmd die GA wifli 
adaptive feeding to consistently ouqierfbim CLEAN at all angles. 

Cbnchaiows: We have proposed a GA-based method for parameten- 
sing scattering data from complex targets. Based on a global model 
with both scattering centres and resonances, ottf method uses GA with 
the adaptive feeding ides to simultaneously extract all the model 
parameters. The proposed method can achieve sparser resuhs than 
other non-global based methods. The efifcctiveness of the proposed 
method is demonstrated using the VFY 218 measnremem data. The 
resulting ^>arse model facilitates target feature intrrpieiarion and can 
be used for signature reconstruction in modelling and »imuhiti<m 
applications. 
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400 mW uncooled MiniDIL pump modules 

S. Mohrdiek, T. Pliska, R. Battig, N. Matuschek, 
B. VaDc, J. Troger, P. Mauron, B.E. Schmidt, 
LD. Jung, C.S. Harder and S. Enochs 

A Dtw generation of wavelength stebilisei uncooled 980 nm pnmp 
modules in MiniDIL bousitigs is prenented, enabling 400 mW ex-fibre 
powa over a IwnKiature nmge of lO'C to 70»C. At 100°C 200 mW 
power is siill obtained wifli a robust fibre coupling sdieme. 

Inlmduciion: As the focus in optical telecommunications systems 
turns more towards affoidability. Acre is a push to produce EDFAs of 
lower cost, smaller size and less power consumption. Operation of 
980 nm pump modules without a thermo-electric Cooler (TEC) has 
been presented in (1]. The removal of the bulky and power-consuming 
TEC aUowed us to develop pump modules in a smaller, less expensive 
MiniDn. housing. Though low cost is crucial, performance and 
reliability comparable to conventional Butterfly-type modules has to 
be deraonsttBted, in order to satisfy the yet strmgcnt requitemeDts for 
metro systems. 

In diis Letter we present results of 550mW Sixe coupled power at 
25°C, 400 mW at 70°C and 200 mW at the extreme temperature of 
100°C, with MiniDIL modules incorporating the latest developments in 
pump laser devices [2, 3] and wavelengtti stabilisation by fibre Bragg 
gratings (FBGs) [4]. Litde change m fibre coupling efficiency witfi 
leuipaature demonstrates the robustness of the fibre aligimtent scheme. 
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Application of adaptive chirplet representation for 
ISAR feature extraction from targets with rotating 
parts 

J. Li and H. Ling 

Abstract: The problem of feature extraction from inverse synthetic aperture radar (ISAR) data 
collected from Targets with rotating parts is addressed. In traditional ISAR imaging, rigid-body 
motion is usually assumed. When non-rigid-body motions are present, it is not possible to obtain a 
focused image of both the target and the rotating pan. To solve this problem the radar signal is hrs 
parameterised using the adaptive chirplet signal representation. The signal from the body and that 
from the rotating part are then separated in the parameter space. Point-scatterer simulation results 
sh^w that better geometrical features of the body and better micro-Doppler features ol the rotating 
part can be extracted after the separation. The algorithm is also demonstrated using the 
measurement data from an in-flight aircraft and a walking person. 

1   Introduction 

Recently, there has been increasing interest in studying the 
so-called micro-Doppler phenomenon [1,2] for radar target 
identification applications. Micro-Doppler is used to 
describe the fine Doppler feature from some moving part 
on the target that is different from the main body Doppler 
feature. In most of the conventional work on inverse 
synthetic aperture radar (ISAR) imaging, the target is 
assumed to have rigid-body motion [3, 4]. However, non- 
rigid-body targets can often be found in real-worid 
siuiations. As a simple case, a target may consist of a 
main body and a rotating part. For example, an in-flight 
aircraft with jet engine rotation, a ship with scanning 
antenna motion and a ground vehicle with spinning tyre 
motion all involve this type of configuration. Under these 
conditions, difficulties in understanding the resulting ISAR 
image arise due to the  violation of the  rigid-body 
assumption. 

In this paper, we set out to extract better target features 
from ISAR data when a target has a rotating part beside the 
main body. Tlie challenge is that the body image is 
contaminated due to the interference from the rotating 
part. It is also more difficult to extract the motion 
information from the rotating part as it is overshadowed 
by the body returns. Our approach is to first parameterise the 
radar signal using the adaptive chirplet representation [5,6]. 
The chirplet basis is a four-parameter function localised m 
the joint time-frequency plane. While both Gaussian [7] 
and chirp-type [8] bases have been reported for joint 

© lEE. 200.1 
lEE Proceedings online no. 2()0.'0729 

doi: 10.1049/ip-rsn;2003n729 

Paper lirsl received -list January and in revised form 6lh June 200.1 

J. Li is wilh llic Department of Electrical Engineering. The University of 
Texas-Pan American. Edinburg. TX 785.19. USA 
H. Ling is wilh the Department of Electrical and Computer Engineering. 
The University of Texas at Austin. Austin. TX 78712. USA 

284 

time-frequency processing of ISAR data, the chirplet basis 
is selected to represent the radar signal in this paper. Since 
both amplitude modulation (AM) and frequency modulation 
(FM) are part of the basis, the chirplet can more efliciently 
represent the radar signal from a target with a rotating part. 
With the adaptive chirplet representation, different motion 
behaviours of the target components are mapped into 
different parameters of the corresponding bases. Conse- 
quently, the returns from the body and the rotating part can 
be more easily separated. After the .separation, better target 
feature extraction can be realised by processing the two 
parts individually. This includes both the extraction of the 
geometrical features from the main body and the micro- 
Doppler features from the moving part. 

In the following section, we present the model and 
formulation of the problem. After a close examination of the 
point-scatterer signal model of a target with individual 
motions, we show that the chirplet basis is well suited for 
parameterising and separating the rotating part signal from 
the main body signal. The chirplet-based adaptive signal 
representation algorithm is tested with point-scatterer 
simulation data and results are shown from two sets of 
measurement data. The first data set is from an in-flight 
aircraft with jet engine rotation motion. The second data set 
is from a walking person with arm swinging motion. 

2   Signal model and formulation 

2.1 Point-scatterer model of radar signal from 
target with rotating part 
The point-scatterer model is usually used in radar imaging 
to model the radar signal scattered by an unknown target. 
In this model, the radar return signal is expressed as a sum 
of point-scatterer responses 

+y„,sine,Mj (0 

lEE Prm-.-Rmlar Soiwr Nmi);.. Vol. 150, No. 4. Aupisi 2003 



where the radar signal £ is a two-dimensional function of 
transmitting radar frequency / and pulse dwell time /. 
The target consists of M point-scatterers, each with position 
(.v„„ v,„) and complex scattering coefficient c,,,. Suppose the 
radar is stationary, the target motion is described by the 
translation motion «,„(') and the angular motion 0„,{i) for 
each scatterer. 

A rigid-body target is usually assumed in traditional 
ISAR imaging, i.e. all the point-scatterers in (1) share the 
same translation motion /?,„(/) and rotational motion 0„,{i). 
Here, we shall consider a non-rigid-body target consisting of 
two parts, a main body and a rotating part. In this case, we 
can simplify the model in (I) by using different motions for 
the two parts while still applying the rigid-body assumption 
for each part. This leads to 

£(/,/) = £B(/,0+ £«(/.') 

= J2 <^m exp \ -j-J- [«is(') + -V„, COS Ouil) 

■v A' /       ATTC 

-fv,,sin 6»B(;)] [ +^(T„exp|-7"-^[/?«(') 

-I-.v„ COS 9R{I) + V„ sin 9Kit)] \ (2) 

with subscripts B and R denoting the body and the rotating 
part, respectively. 

Both the main body and the rotating part move with 
respect to the radar. The difference is that the rotating part 
has an additional rotation motion beside all the motions of 
the main body. For the main body, during the imaging 
interval we can apply the small-angle approximation usually 
used in ISAR imaging. That is 

J cos SB(?) « 1 
\ sin ^BW «««(') (3) 

We also assume that a standard motion compensation 
algorithm [4, 9, 10] has been utilised to remove both the 
translation motion and the nonuniform rotational motion 
from the body, after which we can write 

where f% is the effective body rotation rate after the motion 
compensation. The arrow symbol above is used to indicate a 
new assignment of the variable on the left after the motion 
compensation operation. 

For the rotating part, the motion relative to the main body 
is rotation only. This implies that the rotating part has the 
same translation motion as that of the body while the 
rotation motion will change accordingly, i.e. 

\0n{>)^6^R{') (5) 

However, the small-angle approximation does not hold for 
the rotating part. Since its rotation rate is usually much 
larger than that of the main body, a rotating scatterer might 
undergo many cycles while the main body rotates only a few 
degrees during the imaging interval. Substituting (3)-(5) 
into (2), we have 

nt=\ '■ ■' 

+^a„exp{-y^l.v„cos»UO+.v„sinflJ,(/)]|   (6) 

which is the radar signal from a target with a rotating pan in 
the two-dimensional (frequency, dwell time) domain after 
motion compensation of the main body. Since it is more 
efficient to process range compressed data, we Fourier 
transform (6) with respect to/and bring the radar data into 
the (range, dwell time) domain. The radar signal through a 
fixed range cell /• is given by 

-('--■v,„) 

xexp 

— v„ sm I 

■v,„ - .v„,we;), 

.v„cosd]f(f) 

•v„coseje(0 

(7) 

+ 2^<^n/i,.>sincj—^ 

»].(/)]}exp {+7^ 

-v„sin«J,(0]| 

where,/;, and//,,,, are the carrier frequency and the bandwidth 
of the radar, respectively. 

Some observations can be made here about (7). There 
exist substantial differences between the main body signal 
and the rotating part signal. Each body-scatterer in the first 
term has constant amplitude a,„ and constant Doppler 
frequency -i2f,/i)(0By,„ with respect to t. However, the 
signal of each rotating scatterer in the second term contains 
both AM and FM components. This can be seen by the 
presence of the time-varying function &],(/) in both the sine 
and the exponential terms. Consequently, a second Fourier 
transform of (7) with respect to / will focus the target body 
in cross-range, but not the rotating part return. This results in 
the observed interference from the rotating part in the ISAR 
image. 

2.2   Chirplet basis 
The chirplet basis function [5, 6] is well suited for 
parameterising the AM-FM radar signal in (7). A chirplet 
is a four-parameter basis of the form 

/,,(,) = r^yexp{-a,(/- /,)-}exp{-;2ir/,(/ - /,) 

-j^M'-h?} (^) 
where /* is the time centre of the signal, /;. is the centre 
frequency, /8j is the frequency modulation rate and a*. 
defines the time extent of the signal. The joint time- 
frequency plot of a chirplet function is illustrated in Fig. \a. 

Actually, the chirplet basis is one of the many options that 
can be used to model the radar signal accurately. However, 
there are some attractive attributes of this basis. First, the 
basis function is an AM-FM signal and only a sparse set of 
these bases is needed to approximate the time-frequency 
structure of the radar signal in (7). Secondly, the chirplet 
basis is a well understood basis with only four parameters. 
Only moderate computation time is needed to search for 
the basis parameters. Thirdly and most importantly, the 
parameters of the chirplet can be used to separate the two 
components of the signal. This is because signals from the 
main body and the rotating part are captured by chirplet 
bases with different parameters. 

To see this more explicitly, let us assume a first-order 
rotational motion in the time neighbourhood of each chirplet 

0R{t)=^O,+co„{t-t,) (9) 
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Fig. 1    Chirpli'l hasis and cliirplcl piirameler.s 

u Joini limc-lrcquencv rcprcscniiiiion of a chirplci basis 
/, Dis.ribution olchirpiel paramC-rs lor Ihc main b>xly (solid) and rolai.on 
pans (dolled) and separation thresholds (dashed) 

where 0, is the angle at the time centre. The rotating part is 
assumed to have a constant rotation rate (f;„ durmg the time 
inierv'al near h although it could have more complex 
motions during the whole imaging intcr\'al. 

After substituting (9) into (7). we take the first and second 
derivatives of the phase term with respect to / and compare 
them to those from (8) to arrive at expressions for./i and A- 
The results can be written as 

/, = - ^(Ofi[.v„ sin o)i,{i - Ik) - y„ cos lo^it - h)] 

= - — I„(:JK sin [<')K{I - Ik) ■ 
c 

If, 

(10«) 

(10/;) /3ji = —±i:/„(4cos [w/((( - h) - f"] 

where (/„, :„) are the polar repre.sentations of (.v,„ y ). It can 
be seen from (lOo) and (10/?) that the parameters./i- and ft 
are distributed along an ellipse as follows: 

h,"jiy-     \ <r ) 
(11) 

where the size and the axial ratio of the ellipse are controlled 
by w» and /„. Similarly, the equation to associate the 
chirplet parameters with the main body signal is given by 

(/„,WB)'      Cmwi) 
(12) 

where the scatterer radial length /„, and the rotation rate wg 
are used for the main body. 

Even though (11) and (12) have exactly the same lorm. 
the main body and the rotating part are separable in the 
parameter space because of their different motions. 
Essentially, while the sizes of the two pans are comparable, 
the rotating part rotates much faster than the mam body 
during the imaging interval, i.e. 

WK > ("B (13) 

Con.sequenily. the chirplet parameters/^ and A for the main 
body and the rotating part are distributed very diflerently m 
the parameter space. A rotating part scatterer is represented 
as a larger and rounder ellipse while a body-scatterer is 
represented as a smaller and flatter ellipse. Actually, the 
ellipse for the main body is nearly a line .segment on the 
fk axis since the first term of (7) is assumed to have zero 
Doppler rate. The different distributions of the chirplet 
parameters are illustrated in Fig. 1/;, where the outer ellipse 
represents the rotating part signal while the inner one 
represents the main body signal. A simple criterion to 
separate the two parts can thus be defined; the body signal 
has small ./i and A while the rotating part signal has either 
large /i or ft. 

Another interesting observation we can make from the 
above discussion is that the main body and the rotating part 
signals have large overlaps in fk. while they have little 
overlap in ft. Therefore, the Doppler rate is more important 
than the Doppler frequency in separating the two signal 
components. This point will be further illustrated by 
examples later. 

To summarise, if we parameterise the radar signal in 
question into a set of chirplet bases, it is possible to separate 
the contributions from the target body and the rotating part 
based on the parameters of the chirplet bases, as we have 
discussed above. 

2.3 Signal separation based on adaptive 
chirplet signal representation 
To decompose the radar signal into a set of chirplet bases, 
we apply the adaptive signal parameterisation algorithm 
[11 12]. We start with the radar signal in a fixed range cell 
with returns from both the body and the rotating part, which 
is labelled as £,(?) in (7). Next, we parameterise £,(/) by 
projecting the signal onto chirplet bases ol different 
parameters and find the one with the maximum projection 
value. Next, a residual signal is generated by subtracting the 
contribution of the just-found basis from the signal. This 
process is then iterated to generate a series of chirplet basis 
functions that, when summed, can approximate the original 
signal. The steps are summarised below: 

Step 1. Set iteration index number k to I and the residual 
signal Rk{l) to £,(') ,, ■   ■ ■      ,u 
Step 2. Find the Ath chirplet likil) by maximising the 
projection from the residual signal Rkii) onto the basis, i.e. 

{/*,./");,«*, A} = arg max K/?*.(0,/'*('))!       (14) 

where the inner product is defined as 

{Rki>),l'M= rUi)lh{<)d' (15) 

The radar data are assumed to exist over the time inter\'al r,, 
to ;,. The coefiicient of the chirplet is the corresponding 
projection 

Ck = {Rk{')Mt)) ('6) 

Step 3. Subtract the extracted signal from the residual 

/?.+I(')-^A(')-'-A(') (17) 

Step 4. Increment k by one and repeat steps 2 and 3 until k 
reaches a preset number or until the energy of the residual 
signal is below some threshold set based on the signal- 
to-noise ratio. Suppose N chirplets are found from this 
procedure, the radar signal is parameterised as 
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(18) 

After the parameterisation of the radar signal, the body 
signal can be separated from the rotating part signal using 
the criteria discussed previously. We classify those chirplets 
with small/A and ft as the main body components and the 
chirplets with either large./i- or large ft as the rotating part 
components. The final body-only signal and the rotating part 
signal are assembled from the corresponding chirplet bases 
according to (18). •   u j 

Following the separation, we can process the mam body 
signal and the rotating part signal individually for better 
information extraction. Based on our discussion about (7), 
for the target body the feature of interest is the geometrical 
information in the ISAR image. A better body image can be 
reconstructed after removing the rotating part components. 
For the rotating part signal, it may be impossible to also 
construct a focused image of the rotating part if the PRF of 
the radar is too low. However, it is possible to extract useful 
information about the motion of the rotating part from the 
separated data. 

3   Point-scatterer simulation results 

We first lest our algorithm with point-scatterer simulation 
data. Six point-scatterers are used in the simulation with five 
points representing the rigid body and one representing the 
rotating part. The positions and the strengths of the six 
scatierers are shown in Fig. 2. Scatierer 6 rotates around 
scatterer 2 at a rate of 6.67 Hz and a rotation radius of 20 cm. 
Wc assume the radar has a 10 GHz centre frequency, 
800 MHz bandwidth and 1400 Hz PRF. The target body 
rotates about 4° over 384 pulses during the data collection 
time. 

Simulated radar data are generated using the point- 
scatterer model in (6). The resulting radar image is shown 
in Fig. 3. The three point-scatterers in the centre range 
cell are shadowed by a noisy vertical micro-Doppler band 
due to the motion of the rotating point-scatterer. Our 
objective is to reconstruct the five body-scatterers and to 
estimate the rotation rate of the rotating scatterer from the 
radar signal. 

Different behaviours of the body and the rotating 
part  are better identified in  the joint  time-frequency 

Rg. 2 Poiiil-xccillerer represenliition of the nrin'mal Uirffi'i 
consistinii of fiye rigid poiius (1-5) and one rolulina poiril (6) 
11(7/1 strenifihx 2. 5. 2. I. I. and.?..?.?. respectiyely 
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Fig. 3    SimnlaU'd ISAR imaae of lite larf-el with non-rigid-lmdy 

motion 

0.05 0.10 0,19 
dwell time, s 

0.20 0.25 

Fig. 4   Spi'ciioaram of the radar .signal ihroiiifh range cell 65 

domain. The spectrogram obtained from the short-time 
Fourier transform is shown in Fig. 4 using the data in range 
cell 65, which contains responses from scatterers 1, 2, 3 
and 6. In this Figure, we see interesting features about the 
target. First, there are three horizontal Doppler lines. The 
one at zero Doppler is due to scatterer 2. The two at 
±100 Hz are due to .scatterers 1 and 3. Secondly, there is a 
sinusoidal-like micro-Doppler curve due to the rotating 
scatterer 6. Amplitude modulation of this signal is also 
observed. 

Following the steps in Section 2.3, we first parameterise 
the signal using A' = 100 chirplets. The .spectrogram of 
the resulting parameterised signal is shown in Fig. 5. We 
see fairly good agreement between the original signal and 
the parameterised signal. Next, we separate the contri- 
butions from the static and dynamic parts of the target 
based on the Doppler frequency fk and the Doppler rate ft 
of the chirplet bases. A simple threshold of 3200 Hz/s on 
the Doppler rate and 300 Hz on the Doppler frequency is 
used to discriminate the static and dynamic part of the 
target. The spectrograms of the resulting radar signals are 
shown in Figs. 6a and 6h for the rigid body and the 
rotating part, respectively. We see that the body with 
nearly constant Doppler and the rotating part with fast 
changing Doppler are separated. 

We use the same procedure to parameterise and 
separate the radar signals from range cells 60 to 70. 
After removing the rotating part interference, the final 
ISAR image is shown in Fig. 7. The five .scatterers of the 
static body are now correctly focused. To obtain more 

287 



0.05 0.10 0.15 
dwell tims, s 

0.20 0.25 

Fig. 5    Si>eili(>,qrcmi of the ptintmewrised radar siffital usiiiff 

100 chirplel bases 

0.05 0.10 0.15 0.20 
dtwl time, s 

a 

0.2S 

Fig. 6   Separated body and rolaliita pan signal 

a Spcclrogram of Ihc three main body scallcrers 
h Spectrogram of the rotating part 

Fig. 7    Reamslnuled ISAR image using the main Imdy signals 

nnlv 

Fig. 8    Rotation rate estimation using autocorrelation 

a Result from the rotating pan signal after separation 
/) Result from the original signal before separation 

information about tlie rotation motion, an autocorrelation 
analysis of the separated rotating point signal is shown in 
Fig. 8a. The period of the rotation motion is determined to 
be 0.15 s from this Figure. This agrees with the true 
rotation rate of 6.67 Hz. For comparison, the autocorrela- 
tion of the raw radar signal before separation is shown in 
Fig. Sib. It is difficult to detect the periodicity from the 
plot as the rotating scatterer signal is heavily contami- 
nated by the large body return. 
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4   Measurement data results 

The algorithm is next applied to two sets of measurement 
data. The first data set is the radar data collected from an in- 
flight aircraft during the frontal view of the target. The 
second data set is the radar data collected from a walking 
person. In both cases, the goal is to separate the main body 
signal from the rotating pan return for better target feature 
extraction. 
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Fig. 10   ISAR imat-e of lite ainrafi wiilt JEM lines 

4.1   Jet engine modulation removal from an 
in-flight aircraft 
The geometry of the problem is shown in Fig. 9. The radar 
collects backscattering data from an in-flight aircraft. The 
resulting ISAR image obtained using a joint time- 
frequency based motion compensation algorithm [9] is 
shown in Fig. 10. We observe a vertical noisy band due to 
the rotating engine blades, which is the well known jet 
engine modulation (JEM) phenomenon [13]. Tlie geometry 
of the aircraft body is obscured due to the presence of the 
JEM lines. 

Simple Doppler gating is typically used to alleviate this 
problem. Tlie result in Fig. 1 \a is generated by putting zeros 
in cross-range cells 1-32 and 62-128 in the image area 
with JEM lines. The high Doppler frequency components in 
the jet engine return are removed in this manner. However, 
we see that in areas where the JEM lines overlap with the 
target image, this technique does not work well, as it cannot 
distinguish the aircraft body signal from the JEM signal 
with low Doppler frequency. 

Using the chirplet-based adaptive signal representation, 
we first parameterise the radar signal. Figure 11/^ is the 
reconstructed ISAR image using a separation criterion 
based on Pt only, i.e. we remove those chirplet bases with 
large /J^. from the parameterised signal. It is much better than 
Fig. 11 a in revealing the aircraft body feature. This confirms 
our previous observation that the Doppler rate is a better 
discriminator than the Doppler frequency in separating the 
two signals. Finally, we use both /3<. mdft to separate the 
two signals. The aircraft body image reconstructed from 
chirplet bases with both small Pk and small ft is shown in 
Fig. 1 Ic. We see an even better representation of the aircraft 
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Fig. 11   Aircraft body and JEM line separation 
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body feature in the JEM region. The JEM signal is also 
displayed in Fig. Ud. The signal is aliased because of the 
low PRF of the radar in comparison with the rotation rate ol 
the engine blades. This example shows that this algorithm 
works'despite the strong Doppler aliasing of the rotating 
part signal. 

4.2 Arm swing rate estimation from a walking 
person 
The second data set is the measured radar data collected 
from a walking person. The geometry of the problem is 
shown in Fig. 12. Two types of motions are involved; the 
translation motion of the person's body and the swinging 
motion of the arms (or legs). Figure 13 shows the range 
profiles after coarse range alignment using amplitude 
correlation. Due to the limited range resolution relative to 
the tarnet size, it is very hard to discern any uselul leaiures 
about either the body or the arms in this Figure. Figure 14 is 
the spectrogram of the radar signal through range cell 32- 
Interesting target features are revealed in this Figure. The 
horizontal Doppler line is due to the body motion as the 
person walks at a relatively constant speed during the 1.28 s 
dwell inten-al. The sinusoidal-like curve shows the micro- 
Doppler phenomenon from the swinging arm motion. The 
Doppler spread is caused by the vao'ing speed ol the arm 
and the changing angle between the instantaneous swinging 
motion and the radar incident wave. We also observe the 
periodicity of the arm motion. 

To separate the body and the arm returns, the adaptive 
chirplet representation is applied. After the parameterisa- 
tion we again separate the body return from the arm retuiri 
by classifying those bases with large Doppler irequency/t 
or large Doppler rate A as contributions from the arms. The 
spectrograms of the separated body and arm signals arc 
shown in Figs. \5a and 15/;, respectively. The main ieatures 
of the target are kept after the separation, indicating good 
accuracy of the parameterisation. We also observe a 
sionificant denoising effect from the parameterisation. 
This is because noise in the measured data does not have 
the time-frequency characteristics of a chirplet and it is left 

Fig. 12    ISAR inianin^ of a ualkina person 
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Fig. 13    Radar data after range compression 
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in the residual signal after the parameterisation. The arm- 
swing period can be easily estimated from the arm-only data 
by taking the autocorrelation of the time sequence. The 
peaks in Fig. I6a correspond to the period of the signal, 
which is found to be 0.44 s. Based on this swing rate and the 
speed of the person (2.3 m/s) estimated from the same radar 
data, the stride size of the person is determined to be about 
I.Om. For comparison, we have also generated the 
autocorrelation of the original data without the joint 
time-frequency processing (Fig. 16ft). In this case, 
the radar return from the arm is overshadowed by the body 

dwell tone, s 

Fig. 14    Spectrosram of the radar sii;nal conlainint^ body and 

ami components 

-400, i       02     55      oS      oS      1^       i^ 
dwell Hme, s 

b 

Fig. 15    Separated sisfiial components 
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lEE Proc.-Radar Snmr Nmis.. Vol. 150. No. 4. Aiiiiusi 200i 



1.0 

o.e 

0.6 

r=0.44s 

0.4 ■ 

0.2 . 1 . . -  .1 1     A 

-1.5       -1.0      -0.5 0 0.5 
time, s 

1.0        1.5 

1.0        1.5 

Fig. 16   /lr/»-.vH7';is rate eslimaliim iisiiif; imloroirelalion 

u Afler signal scparalion 
/> Before signal separation 

return and the peaks in the autocorrelation function are 
significantly less pronounced. 

Finally, we note here that only a simple exhaustive search 
has been implemented to carry out the chirplet decompo- 
sition in our examples. In the walking person example, the 
decomposition of a signal with 1024 data samples into 
50 chirplets took 1050 s using MATLAB on a personal 
computer with a 2.26 GHz Pentium 4 CPU. A fast 
implementation of the chirplet decomposition has recently 
been reported in [14] and should speed up the processing 
significantly. 

5   Conclusions 

In this paper, a chirplet-based adaptive signal representation 
algorithm has been applied to extract features from ISAR 
data of a target with a rigid main body and a rotating part. 
Because the micro-Doppler feature of the rotating part is 
very different from the body Doppler, the two interfere with 
each other if processed together. To overcome this problem. 

we parameterise and separate the two parts using the 
adaptive signal representation. In particular, after formulat- 
ing an AM-FM model for the radar signal, the four- 
parameter chirplet basis is used to account for the time and 
frequency localisation of the signal. After the parameterisa- 
tion. the separation is achieved by a criterion based on the 
extracted Doppler frequency and Doppler rate parameters. 
The algorithm has been successfully tested with point- 
scatterer simulations and applied to two measurement data 
sets. In the aircraft data, we are able to reconstruct a better 
aircraft body image after the separation. In the walking 
person data, we are able to more accurately estimate arm 
swing rate. The results demonstrate the potential application 
of this algorithm for target identification using ISAR data 
from non-rigid-body targets. 
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A SYNTHETIC APERTURE ALGORITHM FOR GROUND- 
PENETRATING RADAR IMAGING 
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Ciftlikkoy, 33343 Mersin, TURKEY. 
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A formulation for ground penetrating radar (GPR) imaging using synthetic aperture 
concept is introduced. We show that it is possible to form a 3D image by inverse Fourier 
transforming the multi-frequency, multi-spatial scattered field. The proposed algorithm 
for GPR imaging is tested with measured and simulation data. 
The resulting images demonstrate good agreement between the measured and simulated 
cases. 

Introduction: The imaging of buried objects or inhomogeneities underground using ground 

penetrating radars (GPR) has been a topic of interest for a wide variety of applications ranging 

from mine detection to archeology. Many GPR imaging algorithms have been proposed in 

the literature [1-5]. Although good depth resolution can usually be realized in GPR images 

using frequency diversity, good resolution in the cross-range dimensions is much harder to 

achieve. Capineri et al. [3] proposed a method for obtaining good resolution in GPR images 

out of B-scan data by applying the Hough transformation technique. Moirow and Van 

Genderen [4] and Van Dongen et al. [5] applied the back propagation and conjugate gradient 

inversion techniques to form two-dimensional (2D) and three-dimensional (3D) images for a 

borehole radar. However, these techniques have significant computational burden. 

Therefore, there is a need for obtaining images with good range and cross-range resolution 

with a fast algorithm. 

We have previously developed a synthetic aperture algorithm for imaging antenna- 

platform interactions based on multi-frequency, multi-spatial scattered field data [6-8]. In this 

paper, we extend our algorithm to generate 3D GPR images of scattered data fivim buried 

objects underground.    This technique is based on the approximate Fourier transform 



relationship between the frequency-spatial variables and the distance-angle information of the 

buried scatterer. The algorithm is quite attractive since it forms 3D images by using a fast 

Fourier transform (FFT) followed by a simple transformation from the distance-angle domain 

to the image domain. It is computationally fast. Furthermore, the cross-range resolution can 

be made as good as the range resolution by controlling the size of the collection aperture. 

SAR Approach for GPR Imaging: Similar to the antenna synthetic aperture radar algorithm [6- 

8], our GPR imaging algorithm is based on collecting the multi-frequency scattered electric 

field over a two-dimensional spatial grid lying on top of the ground as shown in Fig. 1. We 

assume the target point P is located at an unknown location (xt, yt, Zi). We also assume that 

the frequency bandwidth is small compared to the center frequency and that the aperture 

dimensions are small compared to i?^,, the path length from P to the receiver. Under these 

assumptions, the scattered electric field at the receiver can be approximated as follows: 

£ (;t ,^.^^.)^^..g-y*(/?l/+^2/) .g-A-^'sin«/ .g-A-^'sinaysinA (1) 

where At is the strength of the scattered field, k = 2n^lA is the wave number in the soil 

and ff^is the relative permittivity of the ground.. *: is proportional to the radar frequency, and 

kc corresponds to the wave number at the center frequency. By taking the 3D inverse Fourier 

transform of the scattered electric field with respect Xok,x' and z', it is possible to pinpoint 

the total travel distance and the angles related to the scatterer location as follows: 

Es {R, U, V) = ArS(R- (Rii + R2i)) • HU - sin a,- )-SiV- sin a,- sin ^ )      (2) 

Here, we introduce three new variables R=Ri+R2, C/=sina and V=sma'sm^ for simplicity. 

Once an image in the (R, U, V) domain is generated, we can then transform it from the (R, U, 

V) into the spatial (x, y, z) domain by using the trigonometric relationship between the 



variables (R, a, fi) and {x, y, z). The transformations from (R, U, V) to (x, y, z) is unique and 

correctly maps the scatterer location [8]. However, the resultant point spread response in the 

image is slightly distorted due to the nonlinear nature of the transformation. 

Experimental Results: To test our GPR imaging algorithm, we built an experimental setup 

shown in Fig. 2. In this setup, a wooden pit was constructed and was filled with play sand. 

The dielectric constant of the sand was measured by comparing the phase delay between a 

pair of antennas in the air to that in the sand. The dielectric constant of the sand was found to 

be nearly constant at 2.26 for the frequency range from 5GHz to 6GHz.   For our GPR 

experiment, a rectangular copper plate whose dimensions are 46cm in the x-direction and 

30cm in the z-direction was buried at 46cm below the sand surface. The plate is located at 

50cm away from the transmitter along the x-axis.  The S21 between the transmitter and the 

receiver was measured using an HP8753C network analyzer. As the transmitter and the 

receiver antennas, identical coax-fed, rectangular waveguide antennas whose dimensions are 

3.81cm and 1.91cm were used. The transmitter antenna was assumed to be placed at the 

origin and the receiving grid was assumed to be centered at Im along the positive x-direction. 

Both antennas were horizontally polarized such that the electric field was parallel to the metal 

plate. The scattered field was collected over 100 different spatial points. The size of the 10- 

by-10 receiving grid was 31.04cm in the x-direction and 14.83cm in the z-direction. For all 

100 points, the signal frequency varied from 4.9226 GHz to 5.9352 GHz over 25 evenly 

sampled points. The measured data from the experimental setup in Fig.2 were collected onto a 

computer and processed. After applying the proposed algorithm, we generated a 3D GPR 

image of the region below the surface. Fig.3 (a) shows the 2D projected GPR images onto the 

principal Z-Y, X-Y and X-Z planes. Overlaid on the images are the projected outlines of the 

plate.   We observe two main hot spots in the image. The stronger one corresponds to the 



scattering from the middle of the plate where a specular point exists. The weaker one 

corresponds to the diffraction mechanism fi-om the front edge of the plate. Both image 

features agree well with the geometrical locations of the plate. In addition, resolutions in the 

cross range directions (i.e., in the x- and z-directions) are nearly the same as the resolution in 

the range (y) direction. Note that the spots in the image do not have a simple point spread 

form and they are somewhat defocused. This is due the non-linear transformation from the (R, 

a, P) to the {x, y, z) domain, and a method to overcome this effect has been discussed in [7,8]. 

Nonetheless, we can still see the separation between the two points on the plate, which are 

spaced 23 cm apart Therefore, our technique is able to achieve good resolutions in both the 

range and the cross-range dimensions. 

Simulation was also carried out using a physical optics calculation. After obtaining the 

simulation data of the experimental setup, we applied the same imaging algorithm to form the 

simulated GPR image. Fig. 3 (b) demonstrates the 2D projected GPR images from the 

simulation data. By comparing the measured GPR images to the simulated ones, we see good 

agreement between the two. Since the physical theory of diffraction contribution was absent 

in the simulation, we notice that the edge diffraction contribution in the simulation is weaker 

than that from the measured image. Finally, data were also collected and images formed 

using other non-metallic objects. High-resolution images could be formed consistently using 

the algorithm. 

Conclusion: We presented a Fourier based imaging algorithm for ground penetrating radar 

based on the synthetic aperture radar concept. The algorithm uses the phase information of the 

scattered field. By inverse Fourier transforming the scattered field data, we have shown that it 

is possible to form high-resolution 3D GPR image of the region below the ground surface. To 

test our imaging algorithm, data were collected from a buried metallic plate using an 



experimental setup. Our imaging algorithm successfully formed a 3D GPR image of the plate. 

The measured image was also compared to that formed from simulation data generated using 

the physical optics calculation. Good agreement between the measured and simulated images 

was observed. The limitation of the present imaging algorithm is that it assumes the soil 

medium to be homogeneous and the soil property is known a priori. 

Aknowledgements: This work is supported by the Scientific and Research Council of Turkey 

(TUBITAK) under NAT0-B2 research scholarship programme and in part by the Office of 

Naval Research under contract No. NOOO14-03-1-0021. The authors would also like to thank 

to Dr. Hosung Choo (now with Hongik University, Korea) for his help during the 

experiments. 



References 

1 DANIELS, D.J., Surface-Penetrating Radar, 1996, London: ffiE Press. 

2 MAST, J. E., LEE, H., and MURTHA, J. P.. "Application of Microwave Pulse-Echo 
Radar Imaging to the Nondestructive Evaluation of Buildings," Int. J. Imaging Syst. 
rec/i., 1992,4, pp. 164-169 

3 CAPINERI, L., GRANDE, P., TEMPLE, J. A. G., "Advanced Image-Processing 
Technique for Real-Time Interpretation of Ground-Penetrating Radar Images," 
Int. J. Imaging Syst. Tech., 1998,9, (1), pp. 51-59 

4 MORROW, I.L., and VAN GENDEREN, P, "A 2-D Polarimetric Backpropagation 
Algorithm for Ground-Penetrating Radar Applications," Microwave Opt. Tech. Lett., 
2001,28,(1), pp. 1-4 

5 VAN DONGEN, K.W.A., VAN DEN BERG, P.M. and FOKKEMA, J.T., "A 
Directional Borehole Radar for Three-Dimensional Imaging, Proc. GPR 2002, Ninth 
Intern. Conf. on GPR, 2002,1, Santa Barbara, USA, pp. 25-30 

6 OZDEMIR, C, BHALLA, R., TRINTINALIA, L.C. and LING, H., "ASAR - Antenna 
Synthetic Aperture Radar Imaging," IEEE Trans. Antennas Propagat, 1998, 46, (12), 
pp. 1845-1852 

7 OZDEMIR, C, BHALLA, R., and LING, H., "A Radiation Center Representation of 
Antenna Radiation Patterns on a Complex Platform," /£££ Trans. Antennas 
Propagat., 2000,48, (6), pp. 992-1000 

8 OZDEMIR, C. and LING, H., "ACSAR - Antenna Coupling Synthetic Aperture Radar 
(ACSAR) Imaging Algorithm," J. Electromag. Waves App., 1999,13, (3), pp. 285-306 



List of Figures: 

Figure 1. Geometry for GPR Imaging 

Figure 2, Experiment setup. 

Figure 3.2D projected GPR images for (a) measurement data, (b) simulation data. 



Air, e 

Figure 1. Geometty for GPR Imaging 



Network Analyzer 

m iili OQ 

Computer 

Figure 2. Experiment setup. 



-0.5        0        0.5 

Figure 3.2D projected GPR images for (a) measurement data, (b) simulation data. 


