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1.. Introductio n 

Thee ability to reliably identify aircraft is an important aspect of air traffic safety. 
Civiliann air traffic controllers need to be constantly updated on the status of 
aircraftt moving through the local airspace. In military scenarios, the need to 
reliablyy identify aircraft is even more stringent, since erroneous identification 
couldd easily result in friendly fire incidents. 

AA common technique for identification of military aircraft is Identification 
Friendd Foe (IFF). IFF identification is initiated when the interrogator transmits 
aa challenge to the aircraft. Friendly aircraft are supposed to be equipped with 
aa transponder, which replies to the challenge by transmitting an identification 
codee to the interrogator. Some IFF modes of operation require more informa-
tionn to be included in the reply, such as the current aircraft altitude. Hostile 
aircraftt will in general not be able to respond properly to the challenge because 
off  the lack of a (compatible) transponder, and will therefore be identified as 
hostilee (or at least not friendly). Various other identification techniques are 
usedd in combination with IFF. For example, friendly aircraft can be required to 
limitt their flight path to pre-defined regions of airspace called corridors. 

Civiliann aircraft use a technique similar to IFF called Secondary Surveillance 
Radarr (SSR). Although SSR like IFF provides information on aircraft type, its pri-
maryy purpose is to keep track of the location of civilian aircraft. Until recently 
itt could be safely assumed that all civilian aircraft carried a SSR transponder. 
However,, on September 11th, 2001, terrorists hijacked several civilian aircraft, 
whichh were then used to attack both the World Trade Center and the Pentagon, 
resultingg in the loss of over three thousand lives. By disabling the SSR transpon-
derss the terrorists prevented air traffic controllers to detect the altered flight 
pathh of the aircraft. 

Thee fundamental drawback of techniques like IFF and SSR is that they require 
activee cooperation from friendly aircraft. However, the events of September 11 
andd many other incidents in recent history show that the cooperation of friendly 
aircraftt is not guaranteed. Friendly aircraft have failed to produce valid IFF 
repliess for a number of reasons, including hardware failure and human error. 

Non-CooperativeNon-Cooperative Target Recognition (NCTR) techniques do not require the 
activee participation of friendly aircraft. Instead, they rely on sensor measure-
mentss to independently obtain information on the aircraft. The goal of NCTR 
iss to infer the original aircraft type from these measurements. This is a classic 
examplee of a pattern recognition problem. 



1.. Introduction 

Thee term pattern recognition describes a wide area of research, which in-
cludess topics from the fields of signal processing, computer science, and statis-
tics.. Typical pattern recognition problems range from speech recognition and 
handwrittenn character classification to robot localisation and fault detection in 
industriall  machinery. The problem of deciding from which aircraft a particular 
measurementt originates is an example of a classification problem. In classi-
ficationn problems, the task is to develop an algorithm (or classifier) which is 
capablee of deciding to which of a set of distinct classes a given measurement 
belongs.. In the case of aircraft classification the classes are different types of 
aircraft,, and it is the task of the classifier to decide from which aircraft a given 
measurementt originates. 

Classifierss can be based on a set of rules derived from expert knowledge of 
thee problem domain, or they can be based on the statistical properties of a 
trainingtraining set: a collection of measurements for which the corresponding class is 
known.. In the latter case, the resulting statistical classifier assigns a new mea-
surementt to the class which most likely generated the measurement [1, 2, 3, 4]. 
Model-basedModel-based classifiers assume some explicit functional form of the true distri-
butionn of the measurements (for instance, a Gaussian distribution), and infer 
thee optimal model parameters from the training set. Classifiers based on tem-
plateplate matching, such as the nearest neighbour classifier, implicitly assume some 
distributionn by defining a similarity measure between an unknown measure-
mentt and the measurements in the training set. Finally, statistical classifiers 
cann also be constructed using discriminant analysis, which uses the data set to 
constructt optimal decision boundaries separating the different classes present 
inn the data set. 

Manyy different sensors can be used to obtain measurements for constructing 
aa training set. Radar is an attractive sensor for aircraft classification, which 
comparess well to alternatives such as imaging or infra-red sensors. It is capa-
blee of operating over ranges up to several hundred kilometres, operates equally 
wellwell by day or by night and is insensitive to a wide range of weather condi-
tions.. Radar range profiles are a specific type of radar measurements which 
aree often used for classifying aircraft [5, 6, 7, 8, 9, 10, 11, 12, 13], but have 
alsoo been used for classifying ships [14, 15, 16, 17, 18, 19] and ground based 
vehicless [20]. Radar range profiles are essentially one-dimensional 'images' of 
aircraft,, measured along the line-of-sight between the radar and the aircraft. An 
examplee of a range profile is shown in figure 1.1. Range profiles have a number 
off  properties which makes them suitable measurements for classification pur-
poses.. They can be measured relatively quickly, and can be measured at any 
orientationn of the aircraft. Furthermore, the requirements on radar hardware 
aree relatively modest. 

Thee use of range profiles for aircraft classification does however have draw-
backs,, which this thesis aims to solve. The main drawbacks are the need for 
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Figuree '1.1: Example of a range profile of a Boeing 737-500. The radar is situated on the 
leftt hand side. Radar returns from the scatterers on the aircraft (circles) are projected 
ontoo the line-of-sight, resulting in a radar range profile (bottom). Taken from [7], with 
permission. . 

translationn invariant classification, the limited accuracy of estimates of aircraft 
orientationn with respect to the radar, and the difficulty of obtaining sufficient 
trainingg data. 

Thee need for translation invariant classification results from the fact that 
changess in the distance between the radar and the aircraft causes cyclic shifts 
off  the resulting range profile. The distance between radar and aircraft is usu-
allyy not known with high enough precision to correct for this effect, and so 
aa classifier has to be invariant to arbitrary shifts of the range profile(s) to be 
classified. . 

Translationn invariant classification is often achieved by using a translation 
invariantt similarity measure for comparing range profiles [11, 14, 18, 21]. The 
mainn drawback of these approaches is that they are relatively slow. Another so-
lutionn is to extract translation invariant features from the range profiles [12,22], 
whichh has the drawback that potentially discriminative information is removed 
fromm the data. This thesis solves the problem of translation invariant classifi-
cationn by denning a translation invariant representation of range profiles. This 
method,, described in chapter 3, aims to provide fast classification, but does not 
discardd any potentially useful information from the range profiles. 

Rangee profiles are highly dependent on the orientation of the aircraft with 
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respectt to the radar, which is usually expressed as an aspect angle, defined in 
chapterr 2. In [11] it is shown that the performance of a nearest neighbour clas-
sifierr increases when aspect angle estimates are used to only compare range 
profiless with those profiles in the training set which were obtained at com-
parablee aspect angles. Furthermore, the availability of accurate aspect angle 
informationn is important for a number of radar signal processing techniques. 

Althoughh aspect angles of aircraft can be estimated from tracking data, the 
estimatess suffer from both systematic and random errors in the order of a few 
degreess [23]. Since range profiles can differ dramatically even over changes in 
aspectt angle smaller than one degree, increasing the accuracy of aspect angle 
estimatess could significantly increase classification performance. Chapter 4 de-
scribess a method which combines aspect angle estimates obtained from track-
ingg data with the corresponding radar measurements to improve the accuracy 
off  aspect angle estimates. 

Thee main drawback of using radar range profiles for aircraft classification 
iss that very large training sets are required for constructing reliable statistical 
classifiers.. The reason for this is twofold. First, range profiles are generally rep-
resentedd as high-dimensional vectors containing several hundreds of elements. 
Itt is well known that constructing statistical classifiers in high-dimensional vec-
torr spaces requires huge amounts of training data [4]. Second, the large depen-
dencyy of range profiles on aspect angle causes large within-class variability, and 
soo a large training set is required to accurately reflect the statistical distribu-
tionn of range profiles. Unfortunately, measuring range profiles in a controlled 
experimentt is both expensive and time-consuming. Also, not all aircraft types 
aree available for measuring. Obtaining enough range profile measurements to 
constructt a sufficiently large training set is therefore not a feasible option. 

Simulatedd range profiles provide an alternative source for constructing a 
trainingg set. Simulated range profiles can be obtained using electro-magnetic 
simulationn software together with CAD models of aircraft such as shown in fig-
uree 1.2. Simulated range profiles can be obtained quickly, cheaply, and at any 
orientationn of the aircraft. Furthermore, CAD models might be obtained even 
forr aircraft not available in real life. 

Simulatedd range profiles are in many ways different from measured range 
profiles.. If a simulated training set is used to construct a classifier for measured 
rangee profiles, it should base its decision solely on those features which are 
presentt in both simulated and measured range profiles. This observation leads 
too three research questions answered in chapters 5 and 6: what are the common 
featuress present in both simulated and measured range profiles, how can these 
featuress be extracted from the data, and how can the extracted features be used 
forr aircraft classification? 

Thee differences between simulated and measured range profiles are often 
ignoredd when constructing a classifier from a simulated training set, assum-



Figuree 1.2: A CAD model of a Fokker 100. 

ingg that simulated and measured profiles can be compared directly. Although 
reasonablee classification performance can be obtained in this way, it does not 
providee insight in exactly which properties of simulated and measured range 
profiless provided the basis for comparison. Also, it was shown in [7, 11] that 
correctingg for some of the differences between simulated and measured range 
profiless results in increased classifier performance. 

Inn this thesis it is argued that the common features between simulated and 
measuredd range profiles are the positions of local amplitude maxima, i.e. peaks, 
inn range profiles. Chapter 5 defines a generative model of peak positions, which 
iss capable of generating the statistical distribution of peak positions, given the 
aspectt angle at which the aircraft is observed. The parameters of this model 
havee clear physical interpretations. They include the three-dimensional position 
off  aircraft parts which contribute significantly to the observed range profile (so-
calledd scatterers), as well as the probability that a given scatterer is visible at a 
givenn aspect angle. 

AA statistical classifier for measured range profiles, based on the generative 
modell  of peak positions, is constructed in chapter 6. This classifier is trained 
solelyy from simulated training data, but is capable of classifying measured 
rangee profiles. It can be used to classify single range profiles as well as se-
quencess of successive range profiles. Finally, it is translation invariant, and 
treatss the uncertainty in aspect angle estimates in a statistically sound fashion. 

Beforee presenting the actual research on radar range profile processing and 
classification,, this thesis starts by providing an overview of the basic principles 
off  obtaining and pre-processing radar range profiles in chapter 2. 





2.. Radar Range Profile s 

2.1.. Introductio n 

Highh resolution radar (HRR) range profiles are essentially one-dimensional 'im-
ages'' of radar targets (see figure 1.1). If a range profile is measured with suf-
ficientt resolution, the separate contributions of the scatterers, i.e., the parts of 
thee aircraft that strongly reflect the radar energy, are resolved. Range profiles 
thereforee provide information on the geometry of the aircraft, and so they are 
suitablee features for automatic aircraft classification. This chapter summarises 
thee main properties of radar range profiles, after first defining the appropriate 
coordinatee systems in section 2.2. 

Radarr range profiles are obtained by transmitting a radar signal that com-
prisess a wide range in frequency, using either a single pulse (a chirp), or a 
seriess of pulses with increasing frequency. A range profile is defined as the 
squaredd magnitude of the coherent complex radar returns, after optional pre-
processing.. All phase information is usually discarded. The resolution of the 
rangee profile is inversely related to the transmitted bandwidth B, as will be 
shownn in section 2.3. However, optional windowing in the Fourier domain usu-
allyy decreases the resolution (see section 2.5). 

Radarss usually measure a sequence (or leg) of consecutive range profiles over 
aa period of time. The motion of the aircraft during this period causes the air-
craftt to appear at different positions in different profiles. This effect is known 
ass translation range migration (TRM). Aircraft motion also influences the pose 
off  the aircraft with respect to the radar (or aspect angle). Occlusion of scatter-
ers,, rotational range migration (RRM) and speckle are effects caused by aircraft 
rotationss which greatly influence range profiles. Section 2.4 discusses these 
sourcess of range profile variability in detail. 

Throughoutt this thesis simulated range profiles will be used as the basis for 
constructingg classifiers. Section 2.6 discusses the basics of range profile simula-
tion,, and the main differences between measured and simulated range profiles. 

Finally,, section 2.7 describes the details of the data set used in the experi-
mentss performed for the research described in this thesis. 
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Figuree 2.1: The definition of aspect angle 0 in the aircraft-fixed coordinate frame 
(e(exx,e,eyy,e,ezz).). The unit vector - s is the reverse line-of-sight. 

2.2.. Coordinate Systems 

Thiss section introduces a coordinate system, used throughout this thesis, in 
whichh locations relative to the aircraft and aircraft orientation with respect to 
thee radar are defined. 

AA set of unit vectors (ex, ey,ez) attached to the aircraft define the axis of the 
aircraft-fixedaircraft-fixed coordinate system shown in figure 2.1. The positive x-axis points 
inn the direction from the tail to the nose of the aircraft. The positive y-axis 
pointss from the wing tip at the starboard side of the aircraft to the wing tip 
att port side. Finally, the z-axis points from the bottom of the aircraft to the 
top.. Note that the origin of the aircraft-fixed coordinate system is fixed but 
arbitrary. . 

Radarr line-of-sight is defined as the direction from which the radar illumi-
natess the aircraft. The line-of-sight is expressed in the aircraft-fixed coordinate 
systemm as a unit vector s attached to the origin. 

Thee orientation of the aircraft with respect to the radar is determined by the 
orientationn of s with respect to the principal axis of the aircraft-fixed coordinate 
system.. Aircraft orientation is generally described as a two-dimensional aspect 
angleangle 0 = (6a, 6e),1 Aspect azimuth, 6a, is defined as 

66aa = arctan ( ~S ' g y ) , (2.1) 
VV e x J 

11 Although three angles are required to completely specify aircraft orientation, rotations of the 
aircraftt in the plane perpendicular to the line of sight do not influence range profile measure-
ments.. Therefore, a description of aircraft pose in terms of aspect angles is sufficient. 
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i.e.,, 9a is the angle between the positive x-axis and the projection of - s on 
thee plane spanned by ex and e .̂ Aspect elevation, 9e, is defined as 

66ee = arccos( -s-e2) , (2.2) 

i.e.,, 9e is the angle between the positive z-axis and - s. Figure 2.1 shows the 
geometricall  construction of both aspect angles. 

Aspectt azimuth is zero if the aircraft is viewed from nose-on and 180 degrees 
iff  viewed from tail-on. If the aircraft is observed from the starboard side then 
99aa < 0. If the aircraft is observed from the port side then 9a > 0. Since aircraft 
aree usually symmetric, it can be assumed that a range profile measured at an 
aspectt azimuth 0a is identical to a profile measured at ~9a (for a given aspect 
elevationn 0e). 

Estimatess of the aspect angles of an aircraft in flight can be obtained either 
fromm onboard equipment, like INS or GPS-based systems, or they can be derived 
fromm tracking data - a sequence of three-dimensional aircraft positions, which 
cann be obtained from a tracking radar. While onboard equipment provides 
thee most accurate aspect angle estimates, such equipment is only available in 
controlledd experiments. When performing radar measurements of targets of 
opportunity,, one has to rely on estimates from tracking data. 

Aspectt angle estimates from tracking data are obtained by combining the 
trackingg data with aerodynamic assumptions on the most likely pose of the 
aircraftt given its flight path. Generally, one assumes that an aircraft moves in 
thee direction of its nose. However, e.g. wind conditions can cause the aircraft 
too move in a slightly different direction, which results in a systematic error on 
aspectt angle estimates. If information on the weather condition is available, the 
systematicc error on aspect angle estimates can be considerably reduced [23]. 

Aspectt angle estimates also suffer from random errors which are the result 
off  small rotations of the aircraft due to flight corrections or rapidly changing 
windd conditions, e.g. turbulence. 

Positionss along the line-of-sight s are denoted by slant range r. The slant 
rangee of a point x = (x, y, z)T in the aircraft-fixed coordinate system is defined 
ass the projection of x on the line-of-sight s, 

r(s,x)) = s-x. (2.3) 

Usingg the definitions of aspect angle in equations (2.1) and (2.2), the line-of-
sightt s can be expressed as a function of aspect angle as 

s(0)) - ( - c o s ^ s i n ,̂ - s in0as in#e, - cos0e) T . (2.4) 

Consequently,, the slant range of a point x as a function of aspect angle 9 is 
givenn by 

r(0,x)r(0,x) = s(0) x. (2.5) 

Supposee that an aircraft, observed initially at aspect angle 0, performs a rota-
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tionn such that the aspect angle changes by a small amount A0. Then, the slant 
rangee of a point x can be approximated by a linear function of A0: 

r(0,x)r(0,x) « r(0o,x) + ra
L A0a + re  A0e, (2.6) 

wheree the cross ranges r£ and r\ are denned as 

yd yd 

ri ri 

i.e.,, rf is the projection of x on the direction perpendicular to both the posi-
tivee 2-axis and the line-of-sight, and rf is the projection of x on the direction 
perpendicularr to both the line-of-sight and the plane spanned by the positive 
z-axiss and the line-of-sight. 

2.3.. Radar Range Profile s 

AA radar measures the radar reflectivity of an aircraft by transmitting an electro-
magneticc pulse and recording the amplitude and phase of the reflected signal 
(thee radar return), as a function of time.2 A range profile is defined as the 
squaredd amplitude of the radar return. A range profile thus represents the 
energyy of the reflected signal as a function of slant range r. 

Iff  the width of the transmitted pulse is much shorter than the size of the 
aircraft,, the different parts of the aircraft contributing to the total radar return 
aree resolved in the resulting range profile, as can be seen in figure 1.1. The width 
off  the transmitted pulse thus determines the resolution of a range profiles - the 
shorterr the pulse, the more detail wil l be seen in the range profile. 

Thee niiriimum pulse width a radar can achieve is limited by the power (energy 
perr unit of time) it is capable of transmitting. Unfortunately, most radars are 
incapablee of transmitting the power required to achieve sufficient range resolu-
tion. . 

PulsePulse compression [24] allows a radar to achieve high range resolution even 
withh relatively long pulse widths. This is achieved by modulating the frequency 
f{t)f{t)  of the transmitted pulse during the total pulse width T = te - ts, where 
ttss and te denote the times of respectively starting and ending the pulse trans-
mission.. Radars utilising pulse compression are essentially measuring the total 
radarr return G( ƒ) in the frequency domain. A range profile is then constructed 

22 Throughout this thesis it is assumed that the same radar is used for both transmitting and 
receivingg (monostatic radar). 

-r(0,x)-r(0,x) = (ez xs) -x, 
d0d0a a 

^ r ( ö ' X )) = s h ^ ( S X ( e 2 X S ) ) ' X ' 

(2.7) ) 

(2.8) ) 
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byy applying an inverse Fourier transform to G(f). The range resolution of the 
resultingg range profile is determined by the total bandwidth B spanned by ƒ (r). 

Thee chirp waveform is a common application of this idea. The chirp wave-
formm is constructed by linearly varying the transmitted frequency over the time 
periodd T, 

f(f(tt)=f)=f 00 +  foTts<t<t e. (2.9) 

Anotherr common waveform [25] is the stepped frequency waveform (SFW). 
Steppedd frequency waveforms are produced by linearly sampling the desired 
bandwidthh B at specific frequencies fi, 

BB = LA/ , (2.10a) 

fifi  = fo + lAf, (2.10b) 
11 = 0 1. (2.10c) 

Forr each frequency ƒ*, the total radar return Gi - G(fi) is then measured by 
transmittingg the corresponding pulse at times U, 

UU = U + l*j-,  (2.11) 

wheree At is the time interval between transmitting two successive pulses. 
Thee corresponding radar return g in the time domain is then reconstructed 

byy performing an Inverse Discrete Fourier Transform (IDFT) on the L +1 returns 
Gi, Gi, 

gg = f'HG), (2.12) 

Thee elements y\ (usually called range bins) of the resulting range profile y = 
(yo(yo JL ) are then given by 

yiyi = \gi\2. (2.13) 

AA problem with the use of the SFW is that radial motions of the aircraft 
causee a distortion of measured range profiles. To rrünimise these distortions, a 
velocity-tolerantvelocity-tolerant stepped frequency waveform (VTSFW) can be used. In [11] it is 
shownn that by decreasing the time interval between transmitting the frequen-
ciess fu any constant velocity of the aircraft is automatically compensated for. 
AA VTSFW is produced by transmitting the frequencies fi at specific times 

(yl(yl + l)(yL+L-y) 
tltl  = Atmin j — j , (2.14) 

wheree Atmm = ti - £L-I is the time delay between the two final pulses, and 
y^Bjfo. y^Bjfo. 
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Thee radar return of a complex target can be described as a coherent sum over 
thee returns of a set of discrete scatterers [26]. With this assumption, the total 
coherentt return G for a given frequency fi and aspect angle 0 is given by 

M M 

Gi(0)Gi(0) = X Gfl(0), (2.15a) 
m=\ m=\ 

G]G] nn(0)(0) = Am(fi,0)exvi<t>m(fi,9), (2.15b) 

wheree Am is the real-valued amplitude and 4>m the phase of the return of the 
mthh scatterer. In general, both will be a function of frequency and aspect angle. 

Thee most basic scatterer is the point scatterer. A point scatterer is considered 
too be rigidly attached to the aircraft body at some location x in the coordinate 
systemm shown in figure 2.1. 

Thee radar return of a point scatterer has two defining characteristics: it has 
aa constant amplitude with respect to both frequency and aspect angle, and 
itss phase varies linearly with both frequency ƒ and slant range r. The radar 
returnn of a point scatterer located at a position x in the aircraft-fixed coordinate 
systemm is given by 

Gi(0)Gi(0) = A e x p - ^ £ r ( 0 , x ), (2.16) 
c c 

wheree r{0,x) is denned in equation (2.5). 
Manyy other types of scattering behaviour, such as specular reflections and 

cavityy resonances, are present in actual HRR measurements [27, 28]. However, 
thee relation between position, aspect angle and radar return of these scatter 
typess is very difficult to determine, although efforts have been made to con-
structt parametric models of non-point scattering [29, 30, 31]. 

Itt is instructive to explicitly calculate the range profile resulting from a single 
pointt scatterer at position x. From equations (2.12) and (2.16) it follows that 

.. (smTTl'\ . ( 4nf fn . 

wheree c is the speed of light, and V, ƒ and 0° are defined as 

i'' = i - — r ( 0 , x ) , (2.18) 
c c 

// = /O + | L A / , (2.19) 

4>i4>i  = j ^ j - i . (2-20) 

(2.17) ) 
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Thee elements yi of the resulting range profile y are therefore given by 

yiyi = ^(^\. (2.21) 

Equationss (2.21) and (2.18) show that a point scatterer causes a local maximum 
off  y in the range bin yi that contains the point scatterer. In other words, the 
slantt range of a point scatterer can be estimated from a range profile by locating 
thee local amplitude maxima. 

Fromm equations (2.21) and (2.18), two important parameters can be obtained. 
Thee nominal range resolution Ar is defined as the distance in metres between 
too successive range bins yi, and is given by 

Arr = ^ . (2.22) 

Duee to the periodicity of (2.21), a shift in slant range of an integer multiple of 
2^72^7 will cause the scatterer to appear in the same bin in the range profile. The 
length h 

RuRu = ^ (2.23) 

iss therefore called the unambiguous range interval 

2.4.. Range Profil e Variabilit y 

Thiss section discusses the main sources of range profile variability: measure-
mentt noise, translational range migration, rotational range migration, speckle, 
andd occlusion. 

Radarr measurements are subject to measurement noise, which is caused by 
bothh thermal noise in the radar receiver and clutter - unwanted radar returns 
fromm for example birds or atmospheric effects. The signal-to-noise ratio is 
mainlyy determined by the distance between the radar and the aircraft, since the 
powerr of the reflected signal measured by the radar is inversely proportional to 
thee fourth power of the distance between the radar and the aircraft. 

AA range profile suffers from translational range migration (TRM) when a 
changee in distance between the radar and the aircraft causes scatterers to move 
fromm one range bin to the next. Since all scatterers are translated by the same 
amount,, the relative distance between two scatterers does not change. There-
fore,, the shape of the profile does not change due to TRM, and so the effect of 
TRMM is a translation of the original range profile. In case of a stepped frequency 
waveform,, this shift is cyclic. 
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Iff  an aircraft rotates over a significant aspect angle (of the order of a few 
degrees)) such that the outermost scatterers move from one range bin to the 
other,, the range profiles collected during this rotation suffer from rotational 
rangerange migration (RRM) [13]. 

Thee next source of variability, speckle, is also related to aircraft rotations. 
Specklee occurs if in a single range bin I two or more distinct scatterers are 
present.. Then, only a slight rotation of the aircraft in aspect azimuth or ele-
vationn is enough to change the differential path length to the radar over half 
thee wavelength. This causes the coherent sum g\ of the scatter contributions 
too turn from constructive to destructive interference (or vice versa) within tiny 
changess of aspect angle; generally between one and two orders of magnitude 
smallerr than the aspect angle changes associated with RRM. 

Thee effect of speckle is that the range profile amplitudes yi vary rapidly if a 
sequencee of consecutively measured range profiles is considered. In this case, 
thee change in aspect angle is due mainly to small aircraft yaw motions during 
thee recording time. Because the rotations causing speckle are smaller than 
thee accuracy of any aspect angle estimate, speckle is is usually modelled as 
statisticall  variance of peak amplitude. 

Thee so-called Swerling cases [32] are models of amplitude fluctuations in 
thee case of a very large number of point scatterers being present in a single 
rangee bin I. Swerling cases 1 and 2 apply when all scatterers are of compara-
blee strength. Swerling cases 3 and 4 apply when one scatterer is significantly 
strongerr than the other scatterers. Although the Swerling cases are derived 
fromm the limit case of an infinite number of scatterers, in practice they work 
welll  even if only a few scatterers are present [24]. 

Itt has been shown [33] that, for any Swerling case, the resulting distribution 
p{yi)p{yi) of yi is a chi-square distribution with 2k degrees of freedom, given by 

'W-TT-W-f^rW-^ VV  (2'24) 
(k-l)lyi(k-l)lyi  \yi ] \ yi ) 

wheree y\ denotes the average value of yi. Swerling cases 1 and 2 are described 
byy k = 1, while Swerling cases 3 and 4 are described by k = 2. 

Fromm (2.24) one can calculate the expected variance of on range profile am-
plitudess yi. For both k = 1 and k = 2, this variance varies with yi as 

ofecyf.ofecyf. (2.25) 

Fluctuationss of range profile amplitude due to speckle are thus multiplicative 
inn nature - the larger the profile amplitude, the larger the variance. This poses a 
problemm for many statistical classifiers, which are often based on additive noise 
models.. Section 2.5 provides a solution to this problem by applying a non-linear 
transformationn to the range profiles. 
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(a)) Frequency domain. (b)) Range domain. 

Figuree 2.2: The Hamming window in both the frequency and the range domain. The 
grayy line in figure (b) shows the IDFT of the default square window. 

Thee final source of range profile variability discussed here is occlusion. Occlu-
sionn occurs when a scatterer is positioned such that it is not observable by the 
radar.. In our application, this is always a case of self-occlusion, which means a 
scattererr can only be occluded by another part of the same aircraft. An occluded 
scattererr does not contribute at all to the measured range profile. Rotations of 
thee aircraft in the order of 10 degrees can cause occluded scatterers to become 
visiblee and vice versa. 

2.5.. Range Profil e Pre-Processin g for Classificatio n 

AA consequence of using a stepped frequency waveform is that effectively a 
squaree window is applied to the 'true' radar return in the frequency domain. 
Thiss introduces high side-lobes in the range domain. It is therefore common to 
applyy a filter to the complex radar returns before performing the IDFT, which 
reducess the height of the side-lobes at the cost of a slight loss in resolution. 

Thee choice in filters is rather large (see [34] for an overview), each with their 
ownn advantages and disadvantages. The profiles used for the work described 
inn this thesis have all been filtered using the Hamming window [35], shown in 
figurefigure 2.2. Figure 2.3(b) shows the effect of applying the Hamming window on 
thee resulting range profile. Application of the Hamming window increases the 
nominall  range resolution by roughly a factor of 1.3, 

Arr « 1.3 
2B' 2B' 

(2.26) ) 
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Afterr applying a window to the (I +1) coherent returns, they can also be zero-
padded,, thereby increasing the dimensionality from L + ltod = z(L + l), where 
zz > 1 is the oversampling factor. Zero-padding has the effect of interpolating 
thee resulting range profile, and thereby artificially increasing the number of 
rangee bins in the profile. Note that this does not increase the resolution of the 
profilee - it only allows for easier detection of amplitude peaks. The effects of 
zero-paddingg on a range profile are shown in figure 2.3(c). 

Inn section 2.4 it was shown (equation (2.25)) that the variance of peak ampli-
tudess due to speckle was multiplicative in nature. However, many classifiers, 
suchh as the nearest neighbour classifier, assume an additive noise distribution, 
suchh as Gaussian distributed white noise. It can therefore be beneficial to trans-
formm the data in such a way that the resulting variance is additive instead of 
multiplicative. . 

Itt has been shown that applying a Box-Cox transformation [36, 37] to range 
profiles,, the multiplicative peak amplitude variation induced by speckle can 
bee transformed to be as additive as possible [11, 38]. A number of equivalent 
definitionss of the Box-Cox transformation are found in literature - in this thesis, 
thee Box-Cox transformation of a range profile y is defined as 

(yi)(yi)n n 

== Kyu , (2.27) 
yjlAyi)yjlAyi)2n 2n 

wheree y' is the transformed profile, and r]  = [0,1] is a free tuning parameter. 
Thee effect of applying a Box-Cox transformation to a range profile is shown in 
figurefigure 2.3(d). In [11, 38] it has been shown that a value of n ~ 0.2 is optimal 
forr transforming the multiplicative amplitude fluctuations caused by speckle 
too normally distributed fluctuations. Note that the transformed profile is also 
normalisedd to unit vector length to make the final classification independent on 
thee absolute magnitudes of the range profiles. 

2.6.. Simulate d HRR 

Simulatedd range profiles are produced by supplying radar simulation software 
withh CAD models of aircraft. Simulated range profiles are a cheap and efficient 
methodd for obtaining large amounts of profiles, which can be used as a training 
sett for constructing a classifier (as discussed in section 2.1). 

Aircraftt CAD models represent the geometry of aircraft as a collection of 
discretee elements. These elements can be parametric functions (such as for 
examplee NURBS [39]), or simple primitives (such as the flat patches of the model 
shownn in figure 1.2). 

Simulatedd range profiles are immune to some of the sources of range profile 
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Figur ee 2.3: Examples of the effect of the different pre-processing methods described in 
sectionn 2.5 on a (measured) range profile. Note that the profiles are normalised to 
unitt vector length, and so the vertical axes are dimensionless. 
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variabilityy discussed in section 2.4. Simulated range profiles do not suffer from 
measurementt noise (apart from negligible errors due to the limited numerical 
accuracyy of computer computations). Also, simulated range profiles do not 
sufferr from translational range migration (provided the origin of rotations of 
thee aircraft model is fixed). 

Otherr differences between measured and range profiles result from the lim-
itedd accuracy of HRR simulation. First of all, simulation software can only ap-
proximatee the process of radar scattering. Also, CAD models are only approxi-
mationss of the geometry of aircraft. 

AA large variety of radar simulation software packages exists. A frequently 
usedd package is XPATCH [40]. For the work presented in this thesis, the RAP-
PORT33 software package [41] was used exclusively. This section will therefore 
restrictt the discussion of radar simulation to the approach taken in RAPPORT. 

RAPPORTT is a radar simulation package which is developed at TNO Physics and 
Electronicss Laboratory. It calculates the total coherent radar return (amplitude 
andd phase) of an aircraft model (for a given frequency and aspect angle) using 
aa combination of ray tracing and physical optics, RAPPORT uses a ray tracing 
algorithmm to calculate the trajectory of the radar waves as they hit the aircraft. 
Fromm these paths (which may contain multiple bounces), it determines which of 
thee flat patches in the aircraft model are 'visible' to the radar, i.e. contribute to 
thee total radar return. 

RAPPORTT then uses a high frequency approximation to radar scattering called 
physicalphysical optics to calculate the radar return of each visible facet. The total radar 
returnn is the coherent sum of the contributions of each facet. 

2.7.. Available Data 

Thee data set used throughout this thesis contains both simulated and measured 
HRRR data collected from five civil aircraft, seen at approximately broadside as-
pectt angles: the Boeings 737-500 and the 747-400, the Fokker 100, the Airbus 
A3100 and the McDonnell-Douglas of the 80-88 series. 

Thee measured range profiles were collected during the ORFEO measurement 
campaignn [42], using the FELSTAR4 radar at TNO Physics and Electronics Labo-
ratory.. The range profiles were measured using the velocity tolerant stepped-
frequencyy waveform described in section 2.3. Table 2.1 shows the parameters 
off  the waveform used. 

AA typical ORFEO measurement consists of multiple profiles of an aircraft in 
flightflight  (i.e. a leg) as the full waveform is repeatedly transmitted while the radar 

33 Radar signature Analysis and Prediction by Physical Optics and Ray Tracing 
44 FEL S-band Tracking and Acquisition Radar. 
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100 m 

McDonnell-Douglass 88 (MD80) 

Figuree 2.4: The five models available for RCS-predictions. Above each model the name 
off  the aircraft type is shown. Between brackets, the code-names used throughout 
thiss thesis are given. The number of flat facets ranges from 5,238 for the Airbus to 
17,9355 for the Boeing 747. 

Carrierr frequency 
Bandwidth h 
Numberr of pulses 
Frequencyy step 
Nominall  range resolution 
Unambiguouss range 
Minimumm delay between pulses 

/o o 
B B 
LL + l

Af Af 
AR AR 
Ru Ru 
A U U 

== 3.0738 GHz 
== 452.2 MHz 
== 324 
== 1.4 MHz 
== 0.33m 
== 107.5 m 
== 420 jus 

Tablee 2.1: ORFEO waveform parameters 
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iss tracking the aircraft. For each leg, aspect angle estimates were obtained from 
thee tracking data. The aspect angle estimates contain a systematic error of 
aboutt 5 degrees, and a random error of about one degree. More detail on the 
ORFEOO measurement campaign is provided in [11, 42]. 

Forr each aircraft in the database a CAD model was used to obtain simulated 
profiles,, using the RAPPORT software package. Each CAD model consists of a 
collectionn of flat patches (or facets), whose union approximates the shape of 
thee aircraft. Figure 2.4 shows a rendered representation of these models. The 
numberr of flat facets ranges from 5,238 for the Airbus to 17,935 for the Boeing 
747.. This demonstrates that the number of facets for the Airbus is relatively 
low.. From figure 2.4 the rougher surface of the Airbus can actually be observed. 
Clearly,, the predictions for the Airbus will therefore be less accurate than for 
thee other aircraft types. 

2.8.. Conclusions 

Thiss section provided an overview of the basic physical and statistical proper-
tiess of radar range profiles. Radar range profiles, denoted by y. are measure-
mentss of reflected radar energy as a function of slant range r. 

Thee measured range profiles used throughout this thesis are obtained using a 
Velocityy Tolerant Stepped Frequency Waveform. The benefits of this waveform 
aree twofold. First, by transmitting the total required bandwidth over a relatively 
largee period At, the hardware requirements on the radar equipment are modest. 
Second,, by a specific choice for the times at which the specific frequencies in 
thee waveform are transmitted, the resulting measurements are not influenced 
byy radial motions of the aircraft. All measured range profiles used in this thesis 
weree obtained during the ORFEO measurement campaign. 

Thee main sources of range profile variability are measurement noise, trans-
lationall  range migration, speckle, rotational range migration and occlusion. 
Translationn range migration occurs when the distance between the radar and 
thee aircraft changes due to aircraft motions, and causes cyclic shifts of range 
profiles.. Speckle, rotational range migration and occlusion are all effects caused 
byy changes in aspect angle 0. Speckle causes rapid amplitude fluctuations when 
moree than one scatterer are present in a single range bin. RRM causes scatter-
erss to move from one range bin to the next. Occlusion causes scatterers to be 
'invisible'' in range profiles, and occurs when a scatterers are hidden from the 
radarr by other parts of the aircraft. 

Thee usefulness of radar range profiles for classification can be enhanced us-
ingg signal processing. By windowing the radar returns in the frequency domain, 
highh side lobes in the range domain are suppressed. Zero-padding the returns 
allowss for easy interpolation of the range profile, which allows for more accu-
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ratee detection of amplitude peaks. Finally, the Box-Cox transformation trans-
formss the multiplicative variability caused by speckle into additive variability. 

Simulatedd range profiles are produced using radar simulation software with 
CADD models of aircraft. They are free of the influence of measurement noise 
andd TRM. Due to limitations of both the simulation software and the CAD mod-
els,, they are necessarily only an approximations to measured range profiles. All 
simulatedd range profiles used in this thesis were obtained using the RAPPORT 
softwaree package. 
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3.1.. Introductio n 

Measuredd radar range profiles are subject to the effects of translational range 
migrationn (TRM): changes in the distance between the radar and the aircraft 
causess cyclic shifts of the range profiles. Since the distance between radar and 
aircraftt cannot be measured with sufficient accuracy to correct for this effect, 
measuredd range profiles are subject to arbitrary shifts. This is a problem for 
classifiers,, since two or more range profiles can only be meaningfully compared 
afterr they are aligned, either with respect to each other, or with respect to some 
externall  reference frame. Another solution is to classify range profiles on the 
basiss of translation invariant features extracted from the range profiles 

AA general classification framework consists of several discrete stages: data 
acquisitionacquisition (measuring radar returns, computing profiles within a simulated en-
vironment),, pre-processing (scaling, noise removal), feature extraction (includ-
ingg dimension reduction) and finally the actual classifier. Translation invariance 
can,, in principle, be achieved at any of these stages. 

Duringg the pre-processing stage of a classification method, data is prepared 
forr later feature extraction. Pre-processing typically includes transformations 
suchh as scaling and noise removal. Translation invariance in this phase is 
achievedd by registering the profiles: each profile is translated such that some 
optimisationn criterion is maximised. 

Inn the literature both relative and absolute alignment procedures are found in 
thiss stage. It is important to note that this problem is often ignored in literature. 
Also,, many papers report on experiments using simulated profiles only - in this 
casee the exact distance between radar and aircraft always constant, and so TRM 
iss not a source of error. 

Relativee alignment is commonly achieved by aligning two profiles such that 
theirr correlation is maximised. The third profiles is then aligned with respect 
too the second, the fourth with respect to the third, and so forth. One draw-
backk of these and similar approaches, extensively discussed in [43], is that if 
onee profile is misaligned, this error propagates and disturbs the alignment of 

*AA paper containing parts of this chapter has been accepted for publication in IEE Proceedings -
Radar,Radar, Sonar and Navigation. 
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subsequentt profiles in the data set. In [43] a method is proposed to deal with 
thesee misaligned profiles. 

AA method for obtaining absolute alignment during the pre-processing stage 
iss given in [22]. This method, which the authors call auto-aligning, registers 
profiless by translating them such that the entropy of an energy vector E, whose 
elementss are the inner products between the translated profile and K Gaussian 
windowss with increasing standard deviation crk, is minimal. 

Thee second opportunity for obtaining translation invariant classification is 
duringg the feature extraction stage. A common approach [12] is to use the 
magnitudee of the Fourier transform of the range profiles as feature vectors, 
discardingg all phase information. In [22] translation invariant features are ob-
tainedd by first calculating the bi-spectrum (defined as the 2-D Fourier transform 
off  the third-order autocorrelation function) for each profile, which is then inte-
gratedd and inverse Fourier-transformed to obtain features (called accumulated 
bi-spectralbi-spectral features). 

Usingg translation invariant features can significantly decrease the computa-
tionall  cost of classification. The main disadvantage of these and similar ap-
proachess is that extracting translation invariant features involves discarding 
potentiallyy discriminating information, which can result in a decrease of classifi-
cationn performance. Exactly which features should be considered, and whether 
thiss approach in general provides acceptable performance, is still an open ques-
tion. . 

Obtainingg translation invariant classification in the actual classifier is proba-
blyy the most common approach to solving the problem of translation invariant 
classificationn reported in recent literature. In [11], several similarity-based clas-
sifierss using the Sliding Euclidean Distance (SED) are discussed. The SED is a 
metricc defined as the minimum Euclidean distance between two profiles y i ,y2 

overr all possible cyclic translations: 

SED(y1,y2)) = argmin | (S 'y1) -y 2 |2, (3.1) 
i i 

forr I = 1,. . ., I , where I is the total number of range bins in each profile. The 
operatorr Sl shifts its argument vector I elements cyclically to the left (and so 
5Lyy = y). Since 

l (S f y i ) - y 2 l 2== lyil 2 + | y2 |2 - 2 ( Sf y i ) - y 2 l (3.2) 

thee SED is equivalent to the normal Euclidean distance after first aligning yi 
andd y2 such that their cross-correlation 

A(00 = (S*yi)-y 2 (3.3) 

iss maximal. The Fast Fourier Transform allows for an efficient implementation 
off  this procedure. Let Y denote the FFT Jiy) of y. The discrete correlation 
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theoremtheorem [44] states that 
AA = J - ^ Y i Y f ] , (3.4) 

wheree Yf is the complex conjugate of Y2. 
Inn [14, 21] similar approaches using cross-correlation are described. Some 

disadvantagess of these approaches are summarised in [43]. A general drawback 
off  correlation-based translation-invariant classifiers (including the SED) is that 
theyy are computationally expensive, since a correlation has to be computed be-
tweenn each range profile to be classified and every range profile in the training 
set. . 

Inn [18] translation invariance is achieved in a model-based classifier by mod-
ellingg the statistical variations of profile centroids with respect to a set of ref-
erencee profiles. During actual classification, the likelihood that an unknown 
testt profile y belongs to a given class C is integrated over all possible centroid 
positions,, weighted by the centroid distribution. 

AA general disadvantage of obtaining translation invariance in the actual clas-
sificationn stage is that meaningful feature extraction becomes very difficult. 
Manyy often-used statistical feature extraction methods (like Principal Compo-
nentt Analysis) depend heavily on statistical properties of the data. Incorrect 
alignmentt will affect these properties, decreasing the accuracy of the feature 
extraction,, which in turn decreases classification performance. 

Thiss chapter introduces a method for obtaining translation invariant range 
profilee classification by absolute alignment in the pre-processing stage. Sec-
tionn 3.2 shows how the problem of determining an absolute alignment of radar 
rangee profiles can be described as a problem of phase estimation. Section 3.2.2 
describess an alignment method based on this description, called the Smoothed 
Zeroo Phase Representation. Experiments to quantify the effect of different align-
mentt methods on classification performance are described in section 3.3, the 
resultss of which are presented and discussed in section 3.4. Finally, section 3.5 
drawss conclusions from the experimental results. 

3.2.. Zero Phase Representatio n 

Thee effects of Translational Range Migration can be best described in terms of 
thee phases of the Fourier-transformed profiles. A well-known symmetry of the 
Fourierr transform is that for any function ƒ (x) with Fourier transform J(ƒ), 
thee Fourier transform of ƒ (x - s) is given by 

f(f(x-s))f(f(x-s)) = eiws f(f(x)), (3.5) 

i.e.. a translation in the range domain is equivalent to a phase shift of F( ƒ (x)) in 
thee frequency domain. In the discrete case, where the function ƒ is represented 
ass a set of samples fn = ƒ (x„ ) for n = 1,... ,d, a similar property holds for 
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cyclicallyy shifted versions of ƒ„: 

J(flnJ(fln + kimodd)= f(fn)e2TTinkld. (3.6) 

So,, for a discrete shift k, the phase <\>  of the first AC component will be shifted 
byy 2nkld, and higher order phases by integer multiples of 2jrkjd. 

Supposee a leg consisting of N profiles y;, i = 0,. . ., N-1 is measured from an 
aircraftt in flight at discrete times tt. Let 0(tj) = 4>i denote the corresponding 
phasess of the first AC component of the FFT's of y,. 

Variationn in 4>t is caused by both rotational and translational effects. Suppose 
forr the moment that the aircraft remains at a fixed distance R w.r.t. the radar 
whilee rotating. This means </>, is solely a function of the aspect angles Ba and 
99ee: : 

((ppii^^ ((p(0p(0aa(t(tll),e),eee(t(tii))^cf))^cf ))f.f. (3.7) 

Sincee the aircraft remains at a fixed position, all variation in 4> is the result of 
specklee and rotational range migration. 

Inn a more realistic setting, the distance r(t0 = r, between radar and aircraft 
alsoo varies with time. This is a linear effect on 4>i, 

**  l Ru (3.8) 
==  4>f + 0(ri-R), 

wheree ƒ? = 2TT/RU and Ru is the unambiguous range interval (defined in sec-
tionn 2.3). 

Thee last term in (3.8) is the source of TRM. If the n were known exactly, 
reversingg the effects of TRM would be trivial: the phase sequence </>, could be 
adjustedd by subtracting 0(r, - R) at each time step, and the higher phases by 
integerr multiples of j8(rj - R). However, n is not known, and so the last term 
inn (3.8) has to be estimated through other means. 

3.2.1.. Pure Zero Phase Representation 

AA simple method for finding a translation invariant representation (which has 
beenn previously used for alignment of panoramic images [45]), is setting each 
(pi(pi to zero and adjusting the higher order phases accordingly. This eliminates 
thee range term in (3.8), but at the same time introduces an alignment error due 
too discarding the <pf. 

Ass an example, in figure 3.1(a) a leg of simulated range profiles of a Fokker 
1000 aircraft viewed over a 180 degree turn is shown. These profiles are perfectly 
alignedd as the aircraft rotated around its center without changing its distance 
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too the radar. For comparison the same leg in the Pure Zero Phase Representa-
tionn (ZPR) is shown in figure 3.1(b). 

Fromm figure 3.1 it is clear that the ZPR results in a very rough alignment. 
Thee clear tracks visible in figure 3.1(a) are still recognisable but less smooth in 
figurefigure 3.1(b). 

3.2.2.. Smoothe d Zero Phase Representatio n 

Thiss section proposes a more sophisticated method for dealing with the range 
termss in (3.8): the Smoothed Zero Phase Representation (SZPR). It is based on 
thee assumption that the relative location of the majority of prominent scat-
tererss within the profile will remain stable over small changes in aspect angle. 
Therefore,, two successive profiles in a leg can be accurately aligned relative to 
eacheach other by maximum correlation (as in equation (3.3)). Relative alignment 
throughh maximal correlation is a popular approach in the literature for obtain-
ingg translation invariant classification within similarity-based classifiers. 

Thee goal of the SZPR is to combine the advantages of relative alignment 
throughh maximal correlation with the advantages of an absolute alignment us-
ingg the pure ZPR. Consider again equation (3.8). The phases 4>t and <£;_i mea-
suredd at times ti and tt-i are related through 

4>i4>i  - 4>i-i  = <t>t-4>U  + Pin -n-i) 
== 4>* - <t>u + M n , (3 ,9) 

forr i = 0.....JV - 1. Now, for each profile yt, i > 0, the optimal shift with 
respectt to the previous profile yi_i can be estimated using using maximal cor-
relation.. This shift corresponds to a phase shift 54>c

t. The assumption that this 
phasee shift correctly aligns profile y*  with respect to y ^ is equivalent to the 
assumptionn 04>c

t = pAri. Since /? is known, this means that for each measure-
mentt (except the first) the relative translation Ar*  of the aircraft between two 
successivee measurements can be estimated. 

Usingg this estimate, a corrected phase sequence 4>c
{ can be constructed from 

thee original phases </>*  as 

i i 

j t ll  (3.10) 

==  4>t + fiiro - R) 

forr i = 1,..., N - 1. In other words, all profiles are now registered at r = ro, the 
distancee between radar and aircraft at the moment the first measurement was 
made. . 
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Figuree 3.1: Outputs of the several alignment procedures for one leg of simulated pro-
files.. The profiles were obtained at aspect elevation 9e = TT, and aspect azimuth 9a 

rangingg from 0 to TT. On the right, the phases of the resulting profiles are plotted. 
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Too obtain absolute alignment, all profiles should be registered at the refer-
encee distance R. This can only be achieved if ro is known. However, TQ is not 
known,, but it can be estimated using the following heuristic approach. At each 
time-step,, /?(r0 - R) is estimated locally by a moving average over (pc

{. This 
estimatee is then subtracted from 4>c

t to obtain a final phase estimate </>{: 

ll  w 

k=-w k=-w 

Byy varying the window size w of the moving average filter, this alignment pro-
ceduree can be 'interpolated' between the absolute alignment of the pure ZPR 
{w{w = 1) and relative alignment through pure correlation (w = N). 

Inn theory the optimal window size w depends on the differences in aspect an-
glee between successive profiles, which in turn depends on the pulse repetition 
frequencyy (PRF) and the target rotation rate. For small differences in successive 
aspectt angles (high PRF and/or low target rotation rate), alignment by maxi-
mumm correlation works well, and so a large value of w can be used. When the 
PRFF is small, or the target rotates quickly, the quality of alignment by maximum 
correlationn degrades, and and so a smaller value of w should be used. 

However,, in practical situations, i.e. when looking at targets of opportunity, 
thee target rotation rate can not be measured accurately enough to allow for 
dependablee estimates of w. This chapter therefore tries to find a globally ac-
ceptablee value for w by experimentation. 

Figuress 3.1(c) and 3.1(d) show an example of the effect of the SZPR on a stack 
off  profiles. Since filtering with a windows size w makes aligning the first w - 1 
profiless impossible, these are left blank in the plots. 

3.2.3.. Implementatio n and Computationa l Cost 

Thiss section compares the computational cost of nearest neighbour classifica-
tionn using the SED with classification using the SZPR and a normal, i.e. non-
sliding,, Euclidean distance. The example task is the classification of a leg con-
sistingg of M profiles ym, given a training set containing N pre-aligned (using 
thee SZPR) training profiles ym. 

Nearestt neighbour classification using the SED requires following computa-
tionss for each of the MN possible pairs of test profiles ym and training profiles 
Yn-Yn-

1.. Calculate the FFT's Ym and Yn of ym and yn. 

2.. Calculate the correlation function A = f-l(YnY^) and find the maximum 
off  A. This determines the optimal alignment from maximum correlation. 
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Task k 
FFT T 
Calculatingg A 
Phasee adjustments 
Filteringg phase sequence 
Shiftingg profiles 
Euclideann distance 

SED D 
MN MN 
MN MN 
MN MN 
--
MN MN 
MN MN 

SZPR R 
MN MN 
M-\ M-\ 
MM - 1 
1 1 
M M 
MN MN 

Tablee 3.1: Computational cost of classification using the SED and the SZPR. The table 
elementss on the right denote the number of times the computations shown on the 
leftt have to be performed to classify a leg containing M profiles on the basis of a 
trainingg set containing N profiles. 

3.. Collect the phase 4>m of the first AC component of the Ym's, and adjust it 
suchh that it reflects the optimal alignment. 

4.. Use the adjusted phase to align Ym with Yn-

5.. Calculate the Euclidean distance between the two profiles (which can be 
donee directly in the Fourier domain.) 

Nearestt neighbour classification in the SZPR, using a normal Euclidean dis-
tancee measure, requires the following computations to be performed: 

1.. Calculate the FFT's Ym and Yn of ym and xn. 

2.. Calculate the (M - 1) correlation function A = f-1(YmY l̂_l) and find the 
maximumm of A. This determines the optimal alignment from maximum 
correlation. . 

3.. Collect the phases 4>m of the first AC component of the Ym's, and adjust 
themm such that the leg is now aligned using maximum correlation. 

4.. Filter the resulting phase sequence using a moving average filter with win-
doww size w. 

5.. Use the the filtered phase sequence to align Ym in the SZPR. 

6.. Calculate the Euclidean distance between each of the MN possible pairs of 
testt and train profiles (which can be done directly in the Fourier domain). 

Tablee 3.1 summarises the computational costs, showing the number of times 
differentt computations have to be performed. From table 3.1 it is clear that 
classificationn using the SZPR is significantly faster than using the SED. The com-
putationss directly associated with aligning the profiles have to be computed N 
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timess less when using the SZPR than when using the SED. The filtering of the 
phasee sequence adds some computational cost to the SZPR, but the filtering can 
bee implemented efficiently using the Fourier transform, similar to the correla-
tionn function [44], and does not contribute significantly to the total number of 
computationss performed. 

3.3.. Experiment s 

3.3.1.. Availabl e Data 

Forr the classification experiments, two sets of range profiles are used in this 
chapter.. The first set contains measured range profiles, the second set contains 
simulatedsimulated range profiles. 

Thee measured data set contains a total of 836 profiles in 6 legs. The measure-
mentss were performed during the ORFEO measurement campaign, discussed in 
sectionn 2.7. The estimated aspect angles are plotted in figure 3.2 as well. 

Forr each aircraft simulated profiles were calculated at 505 grid-points in as-
pectt azimuth and elevation: one profile every 2.5 degrees in aspect elevation 
andd every 0.2 degrees in aspect azimuth. See figure 3.2. All simulations were 
donee using the RAPPORT software package, discussed in section 2.7. 

Alll  range profiles in both data sets were Hamming weighted and zero-padded 
too 512 range bins. Each range profile y was consequently transformed using 
thee Box-Cox transformation defined in equation (2.27), with q = 0.2. 

3.3.2.. Constructio n of Simulate d Legs 

Inn the case of measured profiles, the concept of a leg is clear: profiles are col-
lectedd from each aircraft a number of times in rapid succession. Each set of 
measurementss is therefore a leg: a sequence of profiles ordered in time. 

However,, simulated profiles are only labelled by aspect angle. Since the SZPR 
reliess on ordered sequences of profiles, artificial legs have to be constructed 
fromm the set of simulated profiles. For each aircraft in the simulated data set, 
firstt all profiles obtained at identical aspect elevation are collected. These col-
lectionss are then ordered according to aspect azimuth. Therefore, one leg of 
simulatedd data consists of 105 profiles at a constant aspect elevation, ordered 
byy aspect azimuth which ranges from 80 to 100 degrees with a step size of 0.2. 

3.3.3.. Range Profil e Classificatio n 

Forr the purpose of comparing the quality of different alignment methods the 
choicee of classifier is arbitrary. This chapter therefore solely uses the 1-nearest 
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Figuree 3.2: The aspect angles of the measured and predicted range profiles. The solid 
liness represent the measurements. Each curve is labelled by the call sign of the 
aircraftt (defined in section 2.7). Each of the dots represent the aspect angle of five 
predictedd range profiles, one for each aircraft type. 
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neighbourr classifier, since it is is straightforward to implement, and appropriate 
forr all considered alignment methods. All classification experiments reported 
inn this chapter are therefore based on this algorithm. 

Too examine the effects of the different alignment methods on classifier per-
formancee (expressed as the percentage of correct classifications), two sets of 
experimentss were performed. 

Forr the first set of experiments the set of simulated profiles was split into 
aa training and a test set. The training set was produced by taking the odd 
numberedd profiles from each leg. The test set consisted of all remaining, even-
numberedd profiles. In reality the training and test set are not so highly corre-
lated,, and consequently the classification performance will in general be lower 
thann the performance reported in this chapter. However, the goal of this chap-
terr is to investigate the relative merits of the various alignment techniques, and 
thereforee absolute classifier performance is not relevant. 

Thee effect of different alignment procedures on the the classification perfor-
mancee was measured using the classification performance on correctly aligned 
setss as a comparison baseline. 

Forr the second set of experiments, the training set consisted of all available 
simulatedd profiles. The test set consisted of the legs of measured profiles. 
Again,, the effect of different alignment procedures was measured in terms of 
classificationn performance. 

3.4.. Result s 

3.4.1.. Classificatio n Performanc e 

Thee classification (using a 1-nearest neighbour classifier) of the simulated test 
dataa using simulated training data was optimal, i.e. all 1751 test profiles were 
classifiedd correctly. A perfect classification was also obtained by using the SED 
insteadd of the normal Euclidean distance. 

Usingg the pure Zero Phase Representation for absolute alignment results in 
thee confusion matrix shown in table 3.2. In this case, 13 profiles were classified 
incorrectly.. Classification performance in the SZPR was also measured for a 
windoww size ranging from 1 to 20. Optimal performance was obtained at a 
windoww size of 8. In this case, only one profile was classified incorrectly. These 
experimentss show that in theory the SZPR is a viable method for absolutely 
aligningg range profiles. 

Inn practice, however, one wants to classify measured profiles from a training 
sett of simulated profiles. To mimic this situation (and simultaneously research 
thee effect of noisy data on alignment), artificially generated measurement noise 
wass added to the simulated test set. Gaussian noise with variance a2 and zero 
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Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.99 9 
0.00 0 
0.00 0 
0.00 0 
0.00 0 

B74F F 
0.00 0 
0.99 9 
0.00 0 
0.00 0 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
1.00 0 
0.00 0 
0.00 0 

FK10 0 
0.00 0 
0.00 0 
0.00 0 
0.99 9 
0.01 1 

MD80 0 
0.01 1 
0.00 0 
0.00 0 
0.01 1 
0.99 9 

Tablee 3.2: Confusion matrix using a 1-NN classifier on profiles in the Zero Phase Rep-
i"- tjC* 1,-«'-i«-'Ai.. m e l uu i i . o i i u no (.in, i i o v u u i i ui i Q i igc p i v j i n ca a a s i g u cu IU 111C (.IdSSCb 

shownn in the column labels. The row labels denote the true class label. The overall 
classificationn error is 1 %. 

meann was superimposed on the radar returns in the frequency domain of the 
simulatedd test set. Then, overall classification performance was measured for 
correctlyy aligned profiles, profiles aligned using the SED, and profiles in the ZPR 
andd SZPR as a function of a. For the SZPR a window size of w = 8 was used. As 
aa reference, the results for optimally aligned profiles are provided as well. All 
resultss are shown in figure 3.3. 

Thiss process was repeated 5 times, each time drawing independent samples 
fromm the Gaussian noise distribution. The classification results were averaged 
overr these 5 experiments. The error bar in 3.3 shows the standard deviation 
overr these 5 measurements. 

Ass could be expected, using correctly aligned profiles is optimal in terms of 
classificationn performance. Classification using the SED outperforms the SZPR, 
andd is more robust with respect to noise. Recall, however, that classification in 
thee ZPR/SZPR is roughly 500 times faster compared to the SED. Also, observe 
thatt for low signal-to-noise ratios, the lines converge to an error of 0.8 since the 
classificationn becomes effectively random over five classes. 

Finally,, classification experiments using the measured profiles for testing 
weree performed. The training set consisted of all simulated profiles. Again, 
thee SZPR was tested for window sizes ranging from 1 (which is equivalent to 
thee pure ZPR) to 20. For this set, again a window size w = 8 produced the 
bestt classification in the SZPR. In table 3.3, confusion matrices for the SED, 
thee ZPR, and the SZPR with w = 8 are shown. As in the case where simulated 
profiless were used for both training and testing, classification using the SED out-
performss both the ZPR and the SZPR, although the differences in performance 
betweenn the three methods are smaller. The significantly overall larger classifi-
cationn error of all methods compared to the two previous experiments are due 
too the fact that in this experiment, measured range profiles are classified using 
aa simulated training set. 
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Figuree 3.3: Classification error for correctly aligned profiles (solid), using the SED (dot-
ted),, the ZPR (dashed) and profiles in the SZPR using a window size w = 8 (dash-
dotted)) as a function of the SNR. 
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Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.96 6 
0.00 0 
0.32 2 
0.03 3 
0.09 9 

B74F F 
0.00 0 
0.98 8 
0.00 0 
0.00 0 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
0.47 7 
0.00 0 
0.00 0 

FK10 0 
0.04 4 
0.02 2 
0.04 4 
0.82 2 
0.89 9 

MD80 0 
0.00 0 
0.00 0 
0.17 7 
0.15 5 
0.02 2 

(a)) Confusion matrix for classification using the SED. 
Overalll  classification error is 30.4 %. 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.82 2 
0.00 0 
0.36 6 
0.06 6 
0.16 6 

B74F F 
0.00 0 
0.96 6 
0.00 0 
0.02 2 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
0.44 4 
0.00 0 
0.00 0 

FK10 0 
0.16 6 
0.03 3 
0.03 3 
0.53 3 
0.83 3 

MD80 0 
0.01 1 
0.01 1 
0.18 8 
0.39 9 
0.01 1 

(b)) Confusion matrix for classification in the ZPR. 
Overalll  classification error is 38.5 %. 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.79 9 
0.00 0 
0.27 7 
0.02 2 
0.12 2 

B74F F 
0.00 0 
0.96 6 
0.01 1 
0.00 0 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
0.47 7 
0.00 0 
0.00 0 

FK10 0 
0.19 9 
0.01 1 
0.02 2 
0.87 7 
0.83 3 

MD80 0 
0.02 2 
0.03 3 
0.23 3 
0.11 1 
0.05 5 

(c)) Confusion matrix for classification in the SZPR. 
Thee case reported is for a window size of 8. Overall 
classificationn error is 35.5 %. 

Tablee 3.3: Confusion matrices for the various alignment methods. The tables show the 
fractionn of range profiles assigned to the classes shown in the column labels. The 
roww labels denote the true class label. The training set consists of synthetic profiles, 
whilee the test set consists of measured profiles. 



3.5.. Conclusions 37 7 

3.5.. Conclusion s 

Thiss chapter described two new methods for aligning range profiles during the 
pre-processingg stage of a classification framework. The first method, called the 
Zeroo Phase Representation, obtains absolute range profile alignment by shifting 
rangee profiles such that the phase of the first AC component of their Fourier 
transformm is zero. The second method, called the Smoothed Zero Phase Rep-
resentation,, effectively interpolates between the absolute alignment obtained 
usingg the pure Zero Phase Representation and the relative alignment obtained 
byy correlating successive range profiles in a leg. 

Thee main benefits of both methods are twofold. First, the range profiles 
aree aligned in a pre-processing stage, resulting in more possibilities for con-
sequentt statistical feature extraction. Second, when compared to the common 
approachh to translation invariant classification using the Sliding Euclidean Dis-
tance,, range profiles aligned using the ZPR or SZPR can be classified much 
faster,, since in this case a nearest neighbour classifier using the standard Eu-
clideann distance measure can be used. Classification of a leg containing M 
rangee profiles requires roughly M times less alignment-related computations 
thann classification using the SED. 

Usingg the ZPR or SZPR does result in a decrease in classifier performance com-
paredd to classification using the SED. The difference in performance has been 
shownn to be dependent on the signal-to-noise ratio of the range profiles. For 
bothh very high signal-to-noise ratios (over 20 dB) and very low signal-to-noise 
ratioss (below 5 dB), the difference in performance is negligible. For intermediate 
signal-to-noisee ratios, classification using the SED outperforms both the SZPR 
andd the ZPR, with the SZPR outperforming the ZPR. 

However,, by combining range profile alignment using the SZPR with subse-
quentt statistical feature extraction could result in better classification perfor-
mance.. Whether such an approach outperforms classification using the SED 
wouldd be an interesting topic for future research. 





4.. Improving Aircraft Rotation Estimates 

4.1.. Introductio n 

Thee aspect angle at which an aircraft is observed heavily influences range profile 
measurements.. The effects of speckle, rotational range migration and occlusion 
(ass was discussed in chapter 2) are the cause of significant range profile variabil-
ityy over both small (less than one degree) and large (tens of degrees) changes 
inn aspect angle. Therefore, knowledge about the aspect angle at which a range 
profilee is obtained can significantly increase classification accuracy. Further-
more,, information on aspect angles also benefit many HRR signal processing 
techniques. . 

Aspectt angles of aircraft can either be measured using onboard equipment, 
orr they can be estimated using tracking data [23]. Onboard equipment is only 
availablee in controlled experiments, and so for the purpose of non-cooperative 
aircraftt classification estimating aspect angles from tracking data is the only 
sourcee of aspect angle information. 

Somee research reported in the literature treat aspect angle estimation as an 
integrall  part of the classification task. In these approaches, the task of the 
classifierr is to provide a joint estimate of class label and aspect angle [46, 47, 
48].. Such approaches are useful if no a priori information on aspect angle is 
available.. This chapter assumes that aspect angle estimates from tracking data 
aree available, as is the case for the ORFEO data set described in chapter 2. 

Aspectt angle estimates from tracking data suffer from both systematic and 
randomm errors (see chapter 2). The goal of this chapter is to improve the ac-
curacyy of aspect angle estimates by applying a filter to a combination of the 
originall  estimates and phase information extracted from radar measurements. 

AA simple point scatter model of radar scattering provides the basis for the 
filter.. Section 4.2 shows that a simple linear relationship exists between the 
phasee of a point scatterer and the aircraft rotation. This linear relationship is 
thenn used in section 4.3 to construct a filter for aircraft rotations. 

Thee derivation of the filter assumes that the phase of a number of point scat-
teredd is extracted from a leg of range profiles. Section 4.4 develops the feature 
extractionn algorithm necessary to extract these phase from the measurements. 

Sectionn 4.5 describes the experiments performed to evaluate the improve-
mentt of aircraft rotation estimates. Unfortunately, since no onboard equip-
mentt was present on the aircraft measured in the ORFEO campaign, the set 
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off  available measured range profiles available for this thesis can not be used 
forr evaluating the performance of the filter. Instead, the experiments are per-
formedd on simulated range profiles. Artificiall y generated measurement noise 
wass added to the range profiles so that they more closely resemble measured 
rangee profiles. 

Finally,, section 4.6 discusses the experimental results, followed by the con-
clusionss in section 4.7. 

4.2.. Phase Respons e of a Point Scattere r 

Sectionn 2.3 defined a range profile as the squared amplitude of the complex-
valuedd radar return g. This transformation discards all phase information in g, 
soo only information on the distribution of scattering centres in slant range is 
retained.. However, the phase of g does contain information. 

Sectionn 2.3 showed that the elements gi of the radar return of a point scat-
terer,, located at some position x in the aircraft-fixed coordinate system and 
observedd at aspect angle 0, are given by 

di=A\^—^di=A\^— F̂F)expi<t>i(0)expi<t>i(0ttx)x)11 (4.1) 
\ s i nZTT/ / 

wheree V, ƒ and (pi are defined as 

<M0,x)) = < f>?-^£r (0 ,x ) , (4.2) 

2.R 2.R 
I'I'  = I r (0,x), (4.3) 

c c 
f=fof=fo + | l A / , (4.4) 

Notee that the phase <f>i(0,x) in equation (4.2) is defined relative to the phase of 
thee origin of the aircraft-fixed coordinate system, which is assumed to be zero. 

Equationn (2.6) denned a linear approximation of slant range as a function of 
aspectt angle as 

r(0r(0 + A0,x) a r(0,x) + rl  &0a + r{  A0e, (4.6) 

wheree the cross ranges r*  and r[  are defined in (2.7). Combining (4.2) and (4.6) 
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showss that the derivative of the phase to 0a and 6e is respectively given by 

^ < M * , x )) = - ^ , (4.7) 

dd 0i ( 0,x ) = - ^ r * . (4.8) 
d0 d0 

Notee that (4.7) and (4.8) only hold when the point scatterer remains within the 
rangee bin I. If rotational range migration causes the scatterer to move from 
rangee bin I to range bin I + 1, a phase jump of size nL/(L + 1) occurs due 
too (4.5). 

Forr the remainder of this chapter it is assumed that the direction of the rota-
tionn vector of the aircraft is constant, or equivalently, that the plane of rotation 
iss constant. Let a denote the angle of rotation in this plane with respect to an 
initiall  aspect angle 0Q. The corresponding generic cross range r  is defined as 

r  - - j S - r r M a ) , (4.9) 

andd so a linear approximation around 0o of the phase as a function of the 
rotationn « is given by 

47TT ƒ 
<t>i(a)<t>i(a)  = <f>i(0 o) - r « . (4.10) 

c c 
Equationn (4.10) provides the theoretical basis for the filter for aicraft rotations, 
whichh will be derived in the next section. 

4.3.. Filte r Overvie w 

Chapterr 2 defined the concept of a leg: a sequence of N successive HRR mea-
surementss obtained by repeatedly transmitting the full waveform. Let gn, n = 
11 N denote the measured radar returns, i.e. the Fourier transforms of 
thee coherent responses after windowing and zero-padding. The corresponding 
rangee profiles are denoted by yn. 

Duringg the measurement of the leg, the aspect angle at which the aircraft 
iss observed will in general change due to motions of the aircraft. If the total 
durationn of the measurement is short, it can be assumed that the aircraft plane 
off  rotation is constant. Let ofn, denote the angle of rotation of the aircraft in 
thiss plane, measured with respect to some initial aspect angle 0o-

Forr the moment assume that the radar returns gn contain the contributions 
off  a total of M point scatterers. Let 4>nm denote the phase of the rath point 
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scattererr in the nth profile. It is assumed that the measurements <pnm are 
correctedd for the effects of rotational range migration, and so the subscript I is 
nott used from now on. Details of the signal processing involved in extracting 
phasee measurements from the leg and correcting the phases are provided in 
sectionn 4.4. Under the stated assumptions it follows from equation (4.10) that, 
forr small values of a, the phases </>nm are related to the rotations an by 

<t>nm=<t>nm=  <Pm(Oo) + PmOin, (4.11) 

wheree pm = -4nfr m/c, and r m is the generic cross range of the rath scat-
tererr as defined in (4.9). 

Bothh the rotations «„  and the phases (pnm are subject to measurement noise, 
andd so the linear relationship (4.11) will not hold exactly. The remainder of this 
sectionn defines a filter for both the rotation and phase measurements, which 
findss new estimates of both the rotations an and the phases 4>nm such that 
theirr linear dependency holds as close as possible. 

Lett <J2 and <x| denote the error on rotation and phase measurements re-
spectively.. The filter provides new estimates an and j> nm, which minimise a 
chi-squaree function defined as 

22 _ V" ƒ (<Xn ~ <^n) V" ( 0 nm ~ 'Prim) \ {A A7\ 

nn \ °H m a4> } 

subjectt to the linearity condition (4.11). 
Thee filter operates as follows. First, the rotations an and phases <pnm are 

usedd to construct a design matrix A, 

AA = 

ailaailaaa a2/aa ... aN/aa ' 
</>ll/0>> 021 /0\/> ... 4>N\ICT^ 

(4.13) ) 

Thenn the column mean is subtracted from A to construct a zero-mean matrix 
denotedd by A0. The columns of Ao are not independent, but instead are all 
relatedd through (4.11). The matrix columns, when interpreted as vectors in a 
MM + 1 dimensional vector space, span a subspace in that vector space. If no 
measurementt noise were present, Ao would be of rank one, and the subspace 
spannedd by the columns of Ao would be one-dimensional (i.e. a line). However, 
thee measurement error on both an and </>nm causes the rank of Ao to be larger 
thann one. The task of the filter is to approximate Ao with a matrix Ao of exactly 
rankk one. 

Thee optimal approximation Ao of rank one of Ao can be found using the 
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Singularr Value Decomposition (SVD) [44] as follows. First, the SVD of Ao is 
computed, , 

A00 = USVT. (4.14) 

Thee matrix S is diagonal, and the elements on the diagonal are the singular 
valuess Aj of A. The matrices U and V are both orthogonal in the sense that their 
columnss Uj and v, are orthonormal, 

Ui-UjUi-Uj  = öij, (4.15) 
Vi-VjVi-Vj = öij. (4.16) 

Fromm the matrices U, S and V the elements of the rank one matrix Ao are defined 
as s 

(A0)nmm = AiUnlVlm - (4.17) 

Finally,, the column mean of A is added to each column of Ao to construct the 
matrixx A 

«l/0"„„  Öi2Icra •-- «N/Ca 

AA = (4.18) ) 

whosee elements are the projections of the columns of A on the one-dimensional 
subb space spanned by the columns of Ao. It can be shown that the resulting 
elementss of A minimise the chi-squared function defined in (4.12). 

4.4.. Feature Extraction 

Thee previous section described a filter for combined rotation and phase mea
surements.. This section describes the procedure used for extracting the neces
saryy phase measurements 4>nm from a leg of radar returns gn,n= 1 N. 

Thee radar returns contain the contribution of several distinct scatterers, which 
showw up as amplitude peaks of gn, or equivalently of the corresponding range 
profiless y„ (see chapter 2). Section 4.4.1 describes a method for extracting peak 
locationss and corresponding phases from the radar returns gn . 

Thee next task of the feature extraction process is to decide which of the ex
tractedd peaks originate from a single scatterer. Figure 4.1(a) shows a leg of 
rangee profiles. In the figure several distinct tracks can be observed, where each 
trackk consists of a series of amplitude peaks caused by a single scatterer. There
fore,, the task of assigning peaks to scatterers is essentially a tracking problem, 
wheree the features to track are the set of significant peaks and corresponding 
phasess in the profiles in the leg. Section 4.4.2 describes the tracking algorithm 
usedd in this chapter. 
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Thee final task of the feature extraction process is to correct the phase mea-
surementss for the effects of both translational and rotational range migration, 
whichh is discussed in section 4.4.3. 

4.4.1.. Peak Detection 

Amplitudee peaks will be extracted from range profiles yn, whose range bins 
containn the squared magnitudes of the corresponding range bins in gn (as dis-
cussedd in section 2.3). First, all range bins containing local maxima of yn are 
detected.. Let Kn denote the total number of maxima in yn. For each maximum, 
itss slant range rnk and amplitude ank, k = l,...,Knis estimated with sub-bin 
precisionn by fitting quadratic polynomial to the amplitudes of the range bin 
containingg the maximum and the two adjoining range bins on both sides. Then, 
thee same five range bins are used to estimate the phase <pnk of gn at slant range 
rnfee using a linear interpolation of the phases of the five range bins in gn. It is 
assumedd that the range bins of gn are aligned internally, for instance using 
maximumm correlation as discussed in the previous chapter. 

Duee to measurement noise, some of the extracted peaks are not caused by 
scattering,, but are caused by the noise process. Therefore, in the next step of 
thee feature extraction process, the mean amplitude of the noise process will 
bee estimated, and only peaks whose amplitude is significantly higher than the 
noisee level will be retained. 

Thee longest aircraft used in this thesis {the Boeing 747) is about 70 metres 
long,, while the unambiguous range interval Ru is about 107 metres. Therefore, 
aa section of at least 30 metres in each range profile yn does not contain radar 
returnss from the aircraft, i.e., it only contains noise. A simple heuristic to locate 
thiss section is to define it as that consecutive region of 20 metres length with 
thee lowest average energy. The noise level n is estimated as the mean amplitude 
inn this section of y„ . 

Finally,, only peaks with a signal-to-noise ratio SNR(anfe,^). defined as 

SNR(aSNR(anknk,v),v) = l O l o g ^ , (4.19) 

abovee an a priori defined threshold are retained and used for subsequent pro-
cessing. . 

4.4.2.. Peak Tracking 

Thee next task is to decide which peaks (rnfe, ank) in the remaining set originate 
fromm the same scatterer. As discussed before, this is essentially a tracking 
problem. . 
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Manyy different tracking algorithms have been reported in literature, each with 
itss own advantages and disadvantages. For the work presented in this chapter 
aa tracking algorithm originally reported in [49] is used. The main advantage of 
thiss tracking algorithm is that it by construction provides a one-to-one corre-
spondencee between peaks rn and rM+i in successive profiles. 

Thee tracking algorithm establishes correspondences between the detected 
peakss in each possible pair of successive profiles n and n + 1. It operates 
solelyy on the set of distances between the slant ranges rnk and r(n+i)k of the 
peakss in two successive profiles - the amplitudes ank are not used for tracking. 

Att the start of the algorithm, for each pair of successive range profiles y„  and 
y n +i ,, a Kn x Kn+\ proximity matrix M is constructed. The elements of M are 
definedd as 

dd2 2 

mkff = e x p - — ,̂ for k= l , . . . ,*:n and I = 1 Kn+i, (4.20) 
2cr2crd d 

wheree dki = \rnk - ^(n+Dil is the distance in slant range between the peak 
locationss rnit and r^n+i)i-  The variance crj is a free parameter of the algorithm. 

Thee goal of the algorithm is to find a so-called pairing matrix P, which min-
imises s 

tracePrGG = XX Pnmmki. (4.21) 
itt  i 

Too construct the pairing matrix P, first the singular value decomposition of M, 

MM = USVT, (4.22) 

iss calculated. Then, a diagonal matrix S' is constructed by replacing the diagonal 
elementss of S with the value 1. In [49] it is shown that the paring matrix P, 
definedd by 

PP = US'V, (4.23) 

minimizess (4.21). 
Thee elements Pki of P are a measure of the likelihood that the peak at rnk 

andd the peak at r(n+\)i  belong to the same track. Therefore, if Pki is both a 
roww and a column maximum of P, the peaks rnk and r<n+i){  are assigned to the 
samee track. Since the rows of P are orthonormal, the assignments of peaks to 
trackss is one-to-one. Figure 4.1(b) shows an example of the tracks found by this 
algorithmm from the leg of range profiles shown in figure 4.1(a). 

Althoughh this tracking algorithm works well for our purposes, some post-
processingg of the established tracks is still required. First of all, to be useful 
forr the filter described in the previous section, all tracks should be of length 
N,N, i.e., a track should be present in the complete leg. This is essentially a 
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(b)) Tracks detected from the leg. 

Figuree 4.1: Example of the output of the peak tracker. 

missingmissing data problem. Although one could try to use interpolation techniques 
too artificially produce full-length tracks, in this chapter tracks of insufficient 
lengthh are simply removed from the set. 

Anotherr problem is that sometimes large 'jumps' in slant range can be ob-
servedd in a number of tracks. This is a results of the fact that the algorithm 
searchess for one-to-one correspondences - after identifying the most probable 
matches,, the last remaining possible match has to be assumed correct, no mat-
terr how unlikely. Therefore, tracks which exhibit slant range jumps larger than 
ann a priori defined threshold are also removed from the set. 

Thee final output of the complete tracking algorithm is a set of M tracks of 
peakk locations rnm, and corresponding (uncorrected) phases 4>nm 

4.4.3.. Phase Estimation 

Thee final step of the feature extraction process is to correct the previously ex-
tractedd phases 4>nm for the effects of translational and rotational range migra-
tion. . 

Sectionn 4.2 assumed that the origin of the aircraft-fixed coordinate system is 
alwayss observed in a range profile at zero slant range and with (by definition) 
zeroo phase. However, translational range migration causes the origin of the 
aircraftt fixed coordinate system to appear at essentially random slant ranges in 
thee different profiles in the leg. Although it has been assumed that the range 
binss of the gn are aligned with respect to each other, the extracted phases still 
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needd to be corrected for the effects of TRM. 
Inn section 2.2 it was noted that the origin of the aircraft-fixed coordinate 

systemm is fixed but arbitrary. The simplest method for correcting the phase 
measurementss for the effects of TRM is therefore to choose one single track, 
sayy m = 1, from the set of detected tracks, and to place the origin of the 
aircraft-fixedd coordinate system at the position of the corresponding scatterer. 
Then,, each phase measurement 4>nm can be corrected for TRM through 

4>nm4>nm — 4>nm - 4>nl, (4.24) 

VnmVnm ~~*  Ynm ~ fnl- (4.25) 

Afterr this transformation, all phase measurements <pnm are now relative to the 
originn of the aircraft-fixed coordinate system. 

Next,, the phase measurements need to be corrected for the effects of rota-
tionall  range migration. Section 4.2 showed that a phase jump of nL/(L + 1) 
occurss if a point scatterer moves from range bin I to range bin I + 1. Fortu-
nately,, rotational range migration can easily be detected from the slant range 
measurementss rnm, and so correcting the phase measurements #nm is trivial. 

4.5.. Experiment s 

Thiss section describes the experiments performed to test the performance of 
thee filter for aircraft rotations described in this chapter. 

Too evaluate the performance of the filter, i.e., the increase in quality of aircraft 
rotationn estimates, the true values of the rotations need to be known. Unfor-
tunately,, all HRR measurements in the ORFEO measurement campaign were ob-
tainedd from targets of opportunity, and so no onboard equipment was available 
too provide a ground truth on aspect angles and the corresponding rotations. 
Therefore,, the ORFEO data can not be used for testing the filter. Instead, the 
filterr will be tested on simulated profiles, obtained using the RAPPORT software 
packagee discussed in section 2.6. 

Sectionn 4.5.1 discusses the data set used for the experiments. To test the 
filterr figure 2.4 under more or less realistic conditions, artificially generated 
noisee will be added to both the simulated measurements and the true aspect 
angle.. Section 4.5 discusses the actual experiments performed. 

4.5.1.. Data Descriptio n 

Thee data used for the experiments consist of simulated legs of HRR measure-
mentss of the five aircraft shown in figure 2.4. Simulations were performed for 
eachh aircraft at the aspect angles shown in figure 4.2. 
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Figuree 4.2: The aspect angles of HRR measurements in the test set for each class. The 
numberss following the aircraft type are the number of measurements in each leg. 

Fromm the legs shown in figure 4.2 sub-legs containing 20 measurements each 
weree constructed as follows. Let c = 1,...,C denote the class label of each 
aircraft.. For each class c, the first sub-leg contained the first 20 measurements 
inn the leg. The second and subsequent sub-legs contained the 19 last measure-
mentss of the previous sub-leg and the next measurement in the whole leg. The 
totall  number of sub-legs for each class is denoted by Nc. 

Recalll  that a single HRR measurement consists of a set of coherent responses 
GG measured in the frequency domain (see chapter 2). To simulate the effects 
off  measurement noise, artificial complex-valued Gaussian noise to the coherent 
responsess in each sub-leg. The standard deviation CTQ of the Gaussian noise is 
definedd in terms of a signal-to-noise ratio defined as 

SNR(o-G)) = 20 log — , (4.26) 
O~G O~G 

wheree |G| denotes the average absolute value of the elements of G. After mea-
surementt noise has been added to the coherent responses, the effects of TRM 
weree simulated by multiplying each set of coherent responses with a random 
phasee shift. 

Then,, the resulting coherent responses were Hamming weighted and zero-
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paddedd to 1024 elements. Finally, an IDFT was performed to produce the radar 
returnss g in the time domain. 

Forr each sub-leg n = l,...,Nc for each class c, the true rotations of̂ 'n, 
ii  = 1 . . .. 10 were calculated from the aspect angles 0n. Rotations are defined 
withh respect to the first aspect angle of the leg 0\, and so ac{n = 0. To simulate 
thee error on rotation estimates present in actual HRR measurements, artificially 
generatedd Gaussian noise was added to the true rotations, resulting in rotation 
'estimates'' «J'n. The standard deviation of the Gaussian noise was chosen to 
bee (Ja = 2 degrees, which corresponds to the estimated errors on rotation esti-
matess for the ORFEO data. 

4.5.2.. Filte r Performanc e Evaluatio n 

Fromm each sub-leg, phase measurements were extracted using the method de-
scribedd in section 4.4. Then, the filter described in section 4.3 was applied to the 
noisyy rotation estimates «J'n and the extracted phases. The resulting updated 
rotationn estimates are denoted by «f'n. 

Duee to the noise added to the measurements, it is possible that no tracks can 
bee established from the peaks extracted from the range profiles in the leg. In 
thatt case the algorithm has failed to provide improved rotation estimates, and 
thee 'new' rotation estimates «J,n are chosen to be equal to the original noisy 
estimatess or£n. 

Thee improvement factor v c n measures the performance of the filter for each 
sub-leg,, and is defined as 

y 2 00 / c,n _ üc>n\2 
yenyen = ^i=^ai <*i  >  ( 4 2 7) 

Notee that vc ,n = 1 if the algorithm has failed, since in that case ac
t'

n = ac
t'

n. 
Fromm the set of improvement factors vf,w, the mean v and standard deviation 

crv, , 

»» = 7 I 15F I vC'n' (4-28) 

c=ll  n=\ 
CC Nc 

ö-vv = ^ Z ^ I { v c ' n - v ) 2 , (4.29) 
c=ll  n =l 

weree determined. The value of v and crv was measured several times for differ-
entt values of the signal-to-noise ratio, ranging from -5 to 10 dB. 
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Figuree 4.3: Mean improvement factor v as a function of signal-to-noise ratio. The bars 

denotee the standard deviation cv. 

4.6.. Results 

Figuree 4.3 shows v and crv as a function of the signal-to-noise ratio. For low val-
uess of the signal-to-noise ratio no tracks can be established, and so the mean 
improvementt factor is 1. For signal-to-noise ratios higher than roughly -2 dB, 
thee algorithm is able to find enough tracks, and the improvement factor de-
creasess until it reaches values of about 0.4, after which it remains constant. 

4.7.. Conclusions 

Thiss chapter introduced a method for increasing the accuracy of aircraft ro-
tationn estimates obtained from tracking data. On the basis of a point scatter 
modell  a filter was developed, which uses a combination of the original rotation 
estimatess and phase information extracted from range profiles to update the 
rotationn estimates. 

Too extract the necessary phase information from the range profiles an ex-
tensivee feature extraction method was developed. First, tracks of amplitude 
peakss were detected using a simple yet effective tracking algorithm originally 
describedd in [49]. From these tracks phase sequences were extracted, which 
weree subsequently corrected for the effects of translational and rotational range 
migration. . 

Sincee no ground truth on aspect angles are available for the range profiles 
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measuredd during the ORFEO campaign, the experiments were necessarily re-
strictedd to simulated profiles. However, the effects of measurement noise and 
translationall  range migration were artificially added to the simulated range pro-
files,, and so the resulting data set is similar to actual HRR measurements. 

Too evaluate the performance of the filter, an improvement ratio v was intro-
duced.. It has been shown that the filter does indeed improve aircraft rotation 
estimatess (typically v w 0.4), provided that the signal-to-noise ratio is suffi-
cientlyy high (larger than -2 dB). For smaller signal-to-noise ratios, the algorithm 
failss to provide more accurate rotation estimates, resulting in an improvement 
factorr of 1. 

Althoughh these are promising results, a definitive answer on the applicability 
off  this method on actual measured range profiles does require further testing. 





5.. A Generativ e Model of Poin t Scatterin g 

5.1.. Introductio n 

AA drawback of using range profiles for classifying aircraft is that measuring suf-
ficientt range profiles from which a statistical classifier can be constructed is not 
feasiblee (see chapter 1). A solution to this problem is to use a training set con-
tainingg simulated range profiles. Simulated range profiles differ significantly 
fromm measured range profiles (see section 2.6). If a classifier for measured pro-
filess is to be trained from simulated profiles, care must be taken to ensure that 
thee classifier bases its decision solely on the common features between simu-
latedd and measured profiles. 

AA reasonable assumption is that at least some of the dominant scatterers 
foundd in simulated profiles will also be present in measured profiles. For ex-
ample,, when observing a commercial airliner from approximately broadside, 
onee would expect scatterers to be located at the location of jet engines and the 
bodyy of the aircraft in both measured and simulated profiles. These dominant 
scattererss cause peaks at a certain location with a certain amplitude in both 
simulatedd and measured profiles. The peak locations, which are determined by 
thee positions of the associated scatterers on the aircraft, should be identical 
(withinn reasonable bounds) in both cases. 

Thiss is in general not true for peak amplitudes. It is very difficult to predict 
thee (relative) amplitude of peaks in simulated profiles, since not all scatter-
ingg behaviour is included in the simulation. If one or more scatterers are not 
presentt in the simulated profile, the (relative) amplitude of the remaining peaks 
aree useless for comparison with measured profiles. 

Thiss chapter therefore assumes that the common features between measured 
andd simulated range profiles are the slant ranges of amplitude peaks. 

Thee use of peak locations (in combination with amplitude information) as 
featuress for classification has previously been discussed in [8, 50], where a peak 
locationn probability function is defined which determines for each location in 
aa profile the probability that a peak occurs there. This function is estimated 
byy aggregating peak location information over all possible aspect angles. Since 
peakk locations are dependent on aspect angle (through the effects of TRM), this 
proceduree causes a 'widening' of the peak location distribution. This effect will 
bee more severe for increasing numbers of poses, and so this approach can only 
bee applied to training sets in which the pose does not change significantly. 
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Thiss chapter presents a method which uses peak locations as features for 
classification,, but does not build the classifier in the feature space. Instead, for 
eachh class the parameters of a generative model will be estimated, i.e., a set of 
parameterss from which, for any given aspect angle, the statistical distribution 
off  peak locations can be predicted. These generative models are then used to 
constructt a maximum likelihood classifier for radar range profiles. 

AA simple and adequate model for the distribution of peak locations in range 
profiless is a configuration of point scatterers, including their visibility to model 
occlusions.. The advantage of such a simple model is that its parameters (point 
scatterr locations and visibility areas) can be automatically estimated from a 
trainingg set of simulated range profiles. Once generative models for each air-
craftt are available, they can be used to determine the likelihood of an unknown 
seriess of profiles, conditioned on aircraft class. 

Inn recent literature [29, 30], a more sophisticated parametric model of radar 
scatteringg has been developed. This model includes more complicated scat-
tering,, and contains the point scatterer as a special case. This chapter uses 
aa simpler model in order to limit the complexity of the parameter estimation 
algorithm. . 

Expressingg the likelihood of peak locations given the model parameters re-
quiress the use of a set of hidden variables. The hidden variables of this prob-
lemm are the assignments of observed peaks in the profiles to scatterers in the 
model.. The optimal model parameters are estimated using an Expectation-
Maximisationn algorithm [51]. 

AA similar parameter estimation problem is presented in [52], where the goal 
iss to reconstruct the three-dimensional shape of an object from a set of images 
takenn from different camera positions. The hidden variables of this problem 
describee which observed image features correspond to which 3D feature of the 
object.. While the parameter estimation procedure presented in [52] provides 
thee basis for the procedure presented in this chapter, there are some significant 
differences. . 

Sectionn 5.2 provides detailed descriptions of the estimation of the parame-
terss of the generative models. Section 5.3 shows how the estimated models 
cann be used to construct a maximum likelihood classifier for range profiles. 
Sectionss 5.4 and 5.5 describe the experiments performed to test the models. 
Finally,, section 5.6 contains conclusions based on the experimental results. 

5.2.. Estimatio n of Model Parameter s 

Thiss section describes the construction of a model-based classifier for range 
profiles.. The generative model used by the classifier is capable of predicting 
thee distribution of amplitude peaks occurring in range profiles, given aircraft 
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typee and aspect angle. The parameters of the model are estimated from peak 
locationss extracted from a training set containing simulated range profiles. 

Alll  significant peaks in simulated range profiles are assumed to be caused 
byy point scatterers. There are a number of advantages in using such a simple 
model.. The parameters of a point scatter model are easy to estimate given only 
measurementss of peak locations in a set of profiles. Also, given such a model 
itt is possible to predict peak locations for any given aspect angle, i.e., it allows 
uss to interpolate between different aircraft poses. This is a crucial requirement 
forr a classifier for range profiles. 

5.2.1.. Observe d Variable s and Model Parameter s 

Thee training set for each aircraft consists of JV simulated range profiles. The 
aspectt angles at which these profiles were collected are denoted by 0 = {0n} 
fornn = 1,...,N. 

Thee parameters of the point scatter models will be estimated solely from the 
positionss of local amplitude maxima, i.e., peaks, in each profile. As explained in 
chapterr 2, range profiles are measurements of an aircraft's radar reflectivity as 
aa function of slant range r, defined in section 2.2. The positions of amplitude 
peakss can therefore be expressed as a set of slant ranges rnk, where n is the 
indexx of the profile in the training set, and k = 1,..., Kn, where Kn is the total 
numberr of amplitude maxima in the nth profile. Note that in general different 
profiless will contain a different number of amplitude maxima, and so Kn will be 
differentt for each profile. The complete collection of amplitude peak positions 
RR = {rnk}  are the observed variables of the problem. 

Thee distribution of peak locations is modeled by a generative point scatter 
modell  containing M point scatterers located at positions xm = (xm,ym,zm), 
m=m= 1,... ,M, in the aircraft-fixed coordinate system defined in section 2.2. For 
eachh scatterer, the corresponding peak location distribution, when observed 
att aspect angle 6, is modeled as a Gaussian distribution with mean r(0,xm) 
(definedd in equation (2.5)) and variance a^, 

p(r\xp(r\xmm,a^),a^) = 3V- ( r ; r (0 ,xm) ,O- (5.1) 

Notee that the variances a  ̂ are parameters of the generative models, and are 
assumedd to be independent of aspect angle. 

Sectionn 2.4 introduced the main sources of range profile variability. The sim-
ulatedd range profiles in the training set are not influenced by translational range 
migrationn or measurement noise, but they are influenced by speckle and occlu-
sion. . 

Bothh speckle and occlusion have an effect on the visibility of a scatterer. 
Specklee can cause the return of several scatterers present in a given range bin to 
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cancell  out completely, and as a consequence no amplitude peak will be present 
inn that range bin. Similarly, if a scatterer is occluded at a given aspect angle, it 
doess not generate an amplitude peak in the corresponding profile. 

Thee effects of both speckle and occlusion will be collectively modelled by 
introducingg a visibility matrix V. It is a N x M matrix with elements vnm, with 
vvnmnm defined as the probability of scatterer m being visible when observed at 
aspectt angle 0n. If vnm = 1, the scatterer is visible, while a value of vnm = 0 
meanss it is occluded. Values of vnm between 0 and 1 indicate that speckle is 
causingg the visibility to rapidly fluctuate over a small changes of aspect angle 
(seee also section 5.2.6). 

Forr notational convenience, Y = {X, <r, V}  is used to denote the complete set 
off  model parameters X = {x m} , a = {<r m} and V = {vnm}. 

5.2.2.. Hidden Variable s 

Thee optimal model parameters Y*  are found by maximising the joint log like-
lihoodd of the observed variables R as a function of the model parameters Y, 
givenn the aspect angles 0, 

Y**  = argmax logp(R|Y;B). (5.2) 

Thee likelihood of observing the peak positions R is dependent on the way scat-
tererss in the model are assigned to the peaks, i.e, to solve (5.2) it is necessary 
too know which of the observed peaks rnk are measurements of the slant range 
positionss of which of the scatterers xm. An example of an assignment is shown 
inn figure 5.1. 

Recalll  that in profile n there are a total of Kn detected peaks, which have to 
bee assigned to a total of M scatterers. In general Kn * M , both because peaks 
mayy be present in the profile which were not caused by any of the scatterers, 
andd because of any of the peak detection issues described in section 2.4. 

Assignmentss are described by a set of assignment variables fl . Let üonk de-
notee an assignment between a detected peak and a scatterer, 

(x)(x)nknk e {0,1,...,M} , (5.3) 

Thee statement wnk = m means that the measured slant range location rnk of 
thee fcth peak in the nth profile is a measurement of fnm = f (0n,xm) , while 
confcc = 0 means this peak is not assigned to any scatterer. An overview of the 
relationshipp between scatterers, peaks and assignments is shown in figure 5.1. 

Thee set of assignments between peaks and scatterers in the nth profile are 
denotedd by u)n = {conk}, and the complete set of assignments between peaks 
andd scatterers over all profiles by £2 = {o>„} . 
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Figuree 5.1: Example of possible assignments wnk between 4 scatterers xm (here shown 
inn 2 dimensions instead of 3), and peaks in two profiles Zi and z2. Profile Zi, mea-
suredd at aspect angle d\, contains 5 peaks at slant ranges nk, where k = 1,..., 5. The 
secondd profile, z2, measured at a different aspect angle 02, contains only 3 peaks at 
slantt ranges r2k, where now k = 1,..., 3. 

Nott all possible assignment are valid assignments. An assignment ivn is 
validd if each peak is assigned to at most one scatterer, and each scatterer is 
assignedd to at most one peak. The first condition is always met due to the 
wayy assignments are encoded. The second condition must be enforced through 
otherr means, which are described later in this chapter. 

Althoughh the assignments ft are required to be able to express the likelihood 
off  the observations given the model, their correct value is unknown. They are 
thee hidden variables of the problem. The joined log likelihood occurring in (5.2) 
cann only be expressed as a marginalisation over the hidden variables CI: 

logp(R|Y;0)) = logXp(R,n |Y;0). 
n n 

Inn section 5.2.4 an exact definition of this likelihood will be given. 

(5.4) ) 

5.2.3.. Expectation-Maximisation Optimisation 

Fromm (5.2) and (5.4) it follows that the optimal model parameters Y* are those 
thatt maximise the joint log likelihood of peak locations R and the hidden as-
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signmentt variables Q, 

Y**  = argmax l o g ^ ^ R - " ! ^ © ) - (5-5> 

Duee to the dependence of the log likelihood on the unknown assignments H, 
equationn (5.5) can not be solved directly. 

AA common approach for maximum likelihood parameter estimation in the 
presencee of hidden variables is to use an Expectation-Maximisation (EM)[51, 53, 
54,, 55, 56]. The main idea behind EM optimisation is that although the true 
valuess of the hidden variables are unknown, it might be possible to estimate a 
distributionn over H, given the input data and an estimate of the model parame-
ters.. This distribution is then used to obtain an improved estimate of the model 
parameters. . 

EMM is an iterative algorithm, and consists of an expectation and a maximisa-
tiontion step. Let t be the number of the current iteration. 

•• In the expectation step, a distribution qHO.) is computed such that 

4 f(0)) = p(£l\R,y¥t,®), (5.6) 

wheree Yf is the current best estimate of the model parameters. 

•• In the maximisation step, a new best estimate Vt+l  of Y* is constructed by 
maximisingg the expected joined log likelihood of the observed and hidden 
variables,, where the expectation value is taken with respect to qHO.): 

Y t+11 = argmax Eq<  [ logp(R,n|Y;0)] . (5.7) 

Inn appendix A it is shown that this procedure maximises log p(R|Y; 0) . Detailed 
descriptionss of the implementation of the expectation and maximisation steps 
aree given in sections 5.2.5 and 5.2.6. 

5.2.4.. Derivation of Likelihoods 

Thiss section derives explicit expressions for the likelihoods occurring in equa
tionss (5.6) and (5.7). 

Thee joint likelihood of the observed and hidden variables can be written as 

p(R,fl|Y;0)) = p(R |n ,Y;0)p(O|Y;0) . (5.8) 
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Sincee p(R|n,Y;0) is conditioned on the assignments ft, this distribution is 
independentt of the visibility matrix V, since a scatterer assigned to any given 
peakk is visible by definition. Likewise, a scatterer which has not been assigned 
too any peak invisible by definition. Therefore, 

p(R|ft,Y;0)) = p(R\n,X,<T,Q). (5.9) 

Thee peak positions are assumed to be conditionally independent, 

NN Kn 

p(R|ft,X,<7;0)) = f ] UP(rnk\conk,X,(T\en). (5.10) 
n=lk=l l 

Thee distribution of the slant range rnk of a peak assigned to scatterer m, i.e., 
u>u>nn)c)c = m, is defined as the Gaussian distribution given by 

p(rp(rnknk\w\wnknk = m,X,a;0n) = J^{rnk;r{0 n,xm),o-^). (5.11) 

Iff  peak rnk is not assigned to any scatterer, i.e., wnk = 0, all slant range are 
equallyy likely, and so 

P(rP(rnnk\c0nkk\c0nk = O,X,o-;0„) = - , (5.12) 

wheree I is the unambiguous range interval, i.e. the total length of the profile, 
definedd in 2.2. 

Thee second term in (5.8) is the a priori  likelihood of the set of assignments 
ft,ft, given the model parameters Y. It is assumed to be only dependent on the 
visibilit yy matrix V, 

p(ftPf;e)) = p(ft|V). (5.13) 

Thee a priori likelihood of assigning a scatterer ra to any of the peaks in the nth 
profilee is just vnm, which is the probability of visibility of the with scatterer in 
thee nth profile. Assigning a scatterer which is considered occluded (vnm « 0) is 
thereforee considered very unlikely, while assigning a scatterer which is known 
too be visible (vnm ~ 1) is considered very likely. Likewise, the a priori likelihood 
off  not assigning the mth scatterer to a peak in the nth profile is 1 - vnm. 

Lett €nm be a binary variable indicating whether the mth scatterer has been 
assignedd to any peak in the nth profile, 

__ J" 1 if m G u)n 
€ n m " 11 0 i f m f o j n • ( 5 ' 1 4 ) 
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Thee a priori likelihood of an assignment H is then given by 

N N 

P(CI\V)=P(CI\V)= Y\p(Wn\Vn) 
rt=1rt=1 (5.15) 
NN M 

n=\m=\ n=\m=\ 

Finally,, the distribution qHtl) defined in (5.6) can be rewritten using Bayes' 
rulee as 

HH F ' , (5.16) 
ocp(R|n ,Tt ;0 )p (n |Tt ;0 ). . 

Usingg the independence assumptions (5.11) and (5.15), equation (5.16) can be 
writtenn as 

N N 
q'itl)q'itl)  oc f l p(r„|a)n,X

t,crt;Ön)p(cünlVt). (5.17) 
n=l l 

Sincee the space of possible assignments is discrete, ql(Cl) is completely de-
finedd by a set of probabilities q[

nkm, defined as 

flnkm=P(flnkm=P(wwnknk = m|R,Yt;0)> (5.18) 

i.e.,, ql
nkm is the posterior likelihood of assigning the fcth peak in the nth profile 

too scatterer ra. 

5.2.5.. Descriptio n of the Expectatio n Step 

Unfortunately,, because of the constraints on valid assignments co„  (described 
inn section 5.2.2), it is impossible to directly calculate (5.18). Instead, the ql

nkm 

wil ll  be estimated by sampling the posterior distribution over valid assignments. 
Fromm this set of samples the qt

nkm is estimated as 

00 5 = 1 

wheree 6 is the Kronecker delta function and S is the total number of samples. 
AA Markov chain Monte Carlo (MCMC) algorithm is used to obtain the sam-

ples.. Monte Carlo algorithms (or more specifically, Metropolis-Hastings algo-
rithmss [57, 58]) sample a target distribution by sequentially generating new 
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sampless from a proposal distribution, which are then either accepted or rejected 
basedd on the value of some acceptance ratio a. 

Inn MCMC algorithms, the proposal distribution takes the form of a Markov 
process,, which means that a new sample oo'n is generated probabilistically from 
thee last accepted sample wn, according to a so-called Markov transition proba-
bilitybility  p{w'n\wn). 

Thee exact sampling process, which is performed for each profile separately, 
iss as follows: 

1.. Start with a valid assignment ws
n, 5 = 1. 

2.. For 5 = 1 to S, 

a)) Randomly generate a new valid assignment w'n from ws
n according 

too the Markov transition probability p(w'n\w
s
n). 

b)) Calculate the acceptance ratio a, 

aa__ piw'^In^O^pWnWn) ( 5 2 Q) 

piwïtlTn^On)piwïtlTn^On) p{tVn\tD5n)' 

c)) If a > 1, accept co'n by setting eu^+1 = w'n. Otherwise, accept w'n with 
aa probability a. If the proposal is rejected, set eu^"1 = ws

n. 

Thee acceptance/rejection mechanism ensures that the final set of samples are 
drawnn from p{£l\R, Y'; 0 ). This property of the sampling process is, apart from 
somee general restrictions [54], independent of the exact choice for the Markov 
transitionn probabilities. The Markov transition probabilities do however deter-
minee the efficiency of the sampling process. To ensure the algorithm explores 
thee search space sufficiently while still generating high probability samples, the 
followingg method for generating new samples was used: 

1.. Randomly choose a scatterer m e 1,. . ., M. 

2.. Find the current assignment k of ra, where k e 1,..., Kn means m is cur-
rentlyy assigned to peak k, i.e, cos

nk = ra, and k = 0 means ra is considered 
occludedd in the current value of cos

nk. 

3.. Randomly change the assignment for m from k to k', according to the 
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probabilityy P(k'\k,m) defined as 

p(k'\k,m) p(k'\k,m) 
P(k'\k,m)P(k'\k,m) = 

p(k'\k,m)p(k'\k,m) = -

XkXkrr p(k'\k,m)' 
00 if k' = k, 
(11 - Vnm) if fc' = 0 and k' * k, 
p(rp(rnknk'\x'\xmm,a,amm;0;0nn)) x vnm if k' e l,...,Kn and k' * k. 

(5.21) ) 

4.. If m is now assigned to a peak formerly assigned to another scatterer m', 
repeatt the above process for scatterer m'. Otherwise, stop. 

Thee last step in the algorithm ensures that the resulting proposal assignment 
w'w' is always a valid assignment. 

Finally,, estimates of (\tnkm are constructed from the resulting set of samples 
usingg equation (5.19). These estimates are then used to construct the expected 
jointt log likelihood in the maximisation step. 

5.2.6.. Description of the Maximisation Step 

Inn the maximisation step, a new best estimate Yt+l  of the model parameters 
iss found by maximising the expected joint log likelihood of the observed and 
hiddenn variables, 

YYt+it+i  = argmaxf r̂ [ logp(R,n|Y;0)] 
¥¥ (5 22) 

-- a rgmax r̂ [logp(R|n,X,cr;0) + logp(H|V)], 
X,o\V V 

wheree the last step uses the definitions presented in section 5.2.4. The ex-
pectedd joint log likelihood can be expressed in terms of the ql

nkm (defined in 
equationn (5.18)) as 

NN K M 

EEqqtt [logp(R\a,X,a;S)] = X S X Qnkmlo&P(rnk\u>nk = m,X,a;6n). 
n=ll  fe=l m=0 

(5.23) ) 
Thee new best estimate X t+1 of X is most easily defined in terms of virtual 

measurementsmeasurements fnm and virtual measurement variances &L, defined as [52] 

r. . 
-- ^ k " l Qnkm rnk 

nmnm ' YKn a1 

^k=\^k=\ll inkminkm (5.24) 
&L&L  = at at 

2-k=ii  <4nk 
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ff  or n = 1,.. ., N and m = 1,.. .. M. Using these definitions, equation (5.23) can 
bee written as 

^ [ l ogp (R |aX ,< r ;0 )]]  = C+ f £ {fnm~f2
nm)\ (5.25) 

n=ll  m=l 

wheree C is a constant which does not depend on X. A new estimate X t+1 of 
thee scatter positions can be found by maximising (5.25) using a General Least 
Squaress solver. 

Givenn the new position estimates X t+1, the maximum likelihood solution for 
thee model variances are given by 

(rr(rr tt + \^2 _ Zn=l £fc=l Q-nkm (rnk ~ fnm)) (t- „ „ , 

2-.n=l2-.n=l 2_,fc=i Qnkm 

Too estimate the visibility matrix, the expected log likelihood (5.15) can be 
writtenn in terms of the assignments D. as 

EEqqtt [ l 0 g p ( f t | Y ; ö ) ] = XXénmlOg(Vnm) + (1 - 6 „ m ) l o g ( l - Vnm), (5-27) 
nn m 

wheree enm is defined as the expectation value of enm, 

eenmnm = Eqt [enm]  = 2^,cinkm. (5.28) 

Thee maximum likelihood solution v  ̂ is the given by 

vvnmnm = Ênm = Z^Qnkrn- (5.29) 
k k 

Equationn (5.29) should be interpreted as follows: the probability of scatterer m 
beingg visible in profile n is equal to the sum over k of the probabilities that 
scattererr m is assigned to peak k. 

Althoughh the estimate (5.29) is the maximum likelihood solution, it does not 
reflectt the physical properties of radar scattering correctly. The problem is 
thatt in the training set, a scatterer is either present in a profile, or it is not. 
Unconstrainedd optimisation of the visibility matrix using (5.29) would therefore 
resultt in a 'binary' visibility matrix, i.e., all elements vnm would be either 0 or 
1. . 

Thiss is a problem in the case of speckle. As described in section 5.2, speckle 
causess a the visibility of a scatterer to vary rapidly over small changes in as-
pectt angle. Therefore, speckle should be modelled as a probability of visibility 
betweenn 0 and 1. 
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Too remedy this problem, the visibility matrix is smoothed after the new esti-
matess (5.29) have been calculated, by applying a Gaussian filter to the elements 

NN M 
,t,t + \ _ y Y w ,vt+i 

uu nm - £_* Z- vvn'm'  v
n'm'^ 

n' = l' = l  m' = l 

Thee elements v'1  ̂ form the new estimate of the visibility matrix V t+1. 
AA drawback of using this smoothing procedure is that the new estimate V t+1 

noo longer maximises the expected log likelihood (5.27). Consequently, the con-
vergencee of the parameter estimation algorithm is no longer guaranteed as it is 
forr true EM algorithms. Nevertheless, the approach converges in practice, and 
thee resulting estimate of V does more accurately reflect the physics of radar 
scattering. . 

5.3.. Model-Based Classification 

Thiss section describes the construction of a maximum likelihood classifier for 
simulatedd range profiles. Although such a classifier has no practical application, 
itt can validate the assumptions underlying the generative point scatter model if 
itt performs well. Furthermore, the classifier described in this section is the basis 
forr a maximum likelihood classifier for measured range profiles, described in 
chapterr 6. 

Lett c = 1,. . ., C denote the class labels of the aircraft in the database. It is 
assumedd that for each aircraft a generative point scatter model fc has been 
estimated.. The task of the classifier is to assign a class label c*  to a leg of 
simulatedd profiles Y = {y n}  with aspect angles 0 = {0 n} . 

First,, the peak locations R = {rnk} are extracted from the leg Y. Then, the 
maximumm likelihood classifier assigns to the leg the class label c* of the gener-
ativee model  y¥c which maximises the likelihood of the peak locations R, 

c**  = argmaxlogp(R|Yc;0). (5.32) 
c c 

Ass discussed in section 5.2.2, the likelihood /?(R|YC; 0) can only be expressed 

(5.30) ) 
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ass a marginalisation over the hidden assignment variables £1, 

c*c*  = a rgmax log^p(R,n |Yc ;0) 
cc n 

== argmaxlogX^(RI^.Xc, t rc;0)p(n|Vc;0) (5.33) 
cc a 

== argmaxlogF[^(Riaxc,ox ;0) ] p ( n ) Vc ; 0 ), 

wheree E denotes expectation value. 
Notee that in equation (5.33) the prior distribution p{Cl\\c;Q) over the as-

signmentss is now conditioned explicitly on the aspect angles 0 in the test set. 
Thiss is necessary because in general, the profiles in the test set will be obtained 
att different aspect angles than the profiles in the training set from which the 
generativee models have been estimated. However, the elements of the visibil-
ityy matrix Vc are the probability of visibility for the different scatterers at the 
aspectt angles present in the training set. 

Thee elements of Vc will therefore be linearly interpolated (as a function of 
aspectt angle) to estimate a new visibility matrix Vc, with elements v£m denoting 
thee estimated probability of scatterer m being visible in the nth profile of the 
testt set. 

Thee prior distribution p(£l\\c; 0) is defined as 

p(Cl\Vp(Cl\Vcc;Q);Q) = p(il\Vc) 

"f,, , w (5.34) 

n=ll  m=l 

withh enm defined in (5.14). 
Unfortunately,, explicitly calculating the expectation value (5.33) is intractable 

duee to the large number of possible assignments. A common solution is to 
estimatee the expectation value (5.33) by averaging ^(Rin.X0, ^ ;©) over a set 
off  S samples ds from p(Cl\Vc), 

11 s 

£[p(R| f l ,Xc ,ac ;e ) ]p ( n| ^)) * - £ p t R i n ^ X ^ ; © ) . (5.35) 
33 5=1 

However,, the distribution p(Cl\\c) is not very informative, since it does not 
includee the information present in the peak locations R and the other model 
parameters.. Therefore, a large number of samples would be required to reliably 
estimatee the expectation value (5.35). 

Fortunately,, equation (5.35) can be rewritten in such a way that it can be ap-
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proximatedd as the average over a set of samples drawn from the posterior dis-
tributionn p{Q.s\R, Y c;0). The posterior distribution is much more informative 
thann the prior p(Q.\Vc), and so less samples are required to reliably estimate 
thee log likelihood. 

Equationn (5.35) is rewritten as follows. In appendix A, equation (A.4), it is 
shownn that the log likelihood can be written as [55] 

log£[p(R|aXc,ox ;e) ]p ( n ivc)=JE[logp(R,a!Yc;0) l r ( n ! R T C.e) ) 

++  H[p(a\R,y¥c;&)}, 

wheree H[p(n |R,Tc;0 )] denotes the entropy of p(n|R,Yc;0), defined by 

H[p(n\R,YH[p(n\R,Ycc;Q)];Q)]  = -£ [ logp{n|R,Tc;0) ]p ( n | R T C ; 0) 

== -Xp(n |R,Yc;0 ) logp<n|R,Yc;0 ). (5" 37) 

n n 

Bothh the expectation value and the entropy term on the right-hand side of equa-
tionn (5.36) can be approximated as an average over samples 0.s, but now from 
thee posterior distribution p(fts|R, Y c;0): 

£[ logp(R,n|Yc;0) ]p ( n | R Y C ; 0)) « ^\ogp(K,Cïs\f
c]e)t <5-38> 

H[p(Cl\R,VH[p(Cl\R,Vcc;®));®))  * - i 2 logp(n , |R ,Yc ; 0 ). (5.39) 
**  s 

Thee samples used to calculate (5.39) can be obtained using the exact same sam-
plingg algorithm used during the training of the generative models, discussed in 
sectionn 5.2. 

5.4.. Experiments 

Thiss section describes the experiments performed to test both the quality of 
estimatedd point scatter models, and the use of these models to construct a 
classifierr as described in section 5.3. 

5.4.1.. Data Description 

Thee data used in the experiments described in this section consist of simulated 
profiless from the five commercial aircraft described in section 2.7. The profiles 
weree divided into a training set and a test set. The training set contained, for 
eachh aircraft, 240 profiles collected on a rectangular grid of aspect angles shown 
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Figuree 5.2: Overview of aspect angles used for generating the training and test data. The 
dots,, arranged in a rectangular grid, denote the location of the aspect angles used in 
constructingg the training set. Also shown are the aspect angles of the sequences in 
thee test set, together with the corresponding aircraft code-names. 

inn figure 5.2. Aspect azimuth covered a range from 70 to 99 degrees, while 
aspectt elevation ranged from 87.5 to 105 degrees. 

Sincee commercial aircraft tend to be longer and wider than they are high, 
changess in aspect azimuth generally have a greater effect on range profiles than 
changess in aspect elevation. Therefore aspect azimuth was sampled in steps of 
11 degree, while aspect elevating was sampled in steps of 2.5 degrees. 

Forr the classification experiments an independent test set containing simu-
latedd profiles was obtained. The test set consists of five legs containing 50 
rangee profiles each, one leg per aircraft. The profiles in leg were generated 
alongg continuous paths in aspect angle, also shown in figure 5.2. 

5.4.2.. Model Estimation 

Inn the first experiment, the training set was used to estimate the parameters of a 
generativee point scatter model for each aircraft, using the procedure described 
inn section 5.2. 

Thee slant ranges rnk of all local maxima were estimated by fitting a quadratic 
functionn to the amplitudes of the five range bins surrounding each local maxi-
mum. . 

Selectingg the model order, i.e. the number of scatterers to use in the model, is 
aa difficult problem, for which no robust and efficient automated solution exists. 

" " 

B74F F V V FK100 | MD80 0 

B73S S 
EA31 1 
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Instead,, the number of scatterers in each model was chosen a priori to be 25. 
AA good initialisation for the model parameters X, a and V is important to 

preventt the algorithm to converge to a local minimum. After experimenting 
withh different initialisation schemes, a cross-shaped formation was chosen to 
initialisee the scatter positions. In this initialisation scheme, one-third of the 
scattererss are located evenly spaced across the center of aircraft's hull. The re-
mainingg scatterers were evenly spaced along a line roughly following the wings. 
Thee exact locations of these lines was determined by manual examination of 
thee aircraft models. 

Thee algorithm is rather insensitive to the initial values of a and V. All vari-
ancess were initialised to cr̂  = 10m2. The elements vnm of v were initialised to 
0.75,, but any reasonable value seemed to work well. 

Thee remainder of the free parameters were set as follows. The EM algorithm 
wass run until either the scatter positions had converged, or the maximum num-
berr of 100 iterations was reached. For each profile, 105 assignments were sam-
pledd each iteration. 

5.4.3.. Classificatio n 

Too test the use of the estimated models for classification, as well as the approx-
imationn of the log likelihood described in section 5.3, the following experiments 
weree performed. 

Fromm each profile in the test set the locations of significant peaks were ex-
tracted.. Then, each sequence in the test set was classified using the classifier 
describedd in section 5.3. 

5.5.. Result s 

Thiss section discusses the results of the experiments described in the previous 
section.. Section 5.5.1 describes the results of the model estimation experiment. 
Sectionn 5.5.2 contains a more in-depth discussion of the results of estimating 
thee model parameters for the Boeing 747-500. Finally, in section 5.4.3 the re-
sultss for the classification experiment will be presented. 

5.5.1.. Model Estimatio n Result s 

Thee estimated point scatter locations and model variances are shown in fig-
uress 5.3, 5.4 and 5.5. In general, the estimated scatter locations are located on 
orr near the body of the original aircraft model. From the figures it can be ob-
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Figuree 5.3: Estimated point scatter locations and model variances for the Airbus 310 
andd McDonnel-Douglas 88. The top figures show the projection on the xy-plane, 
thee bottom figures the projection on the yz-plane. The stars denote the estimated 
scatterr positions xm. The circles have a radius of am. 
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Figuree 5.4: Estimated point scatter locations and model variances for the Boeing 747-
4000 and the Boeing 737-500. The top figures show the projection on the xj-plane, 
thee bottom figures the projection on the >-z-plane. The stars denote the estimated 
scatterr positions xm. The circles have a radius of am. 
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Figuree 5.5: Estimated point scatter locations and model variances for the Fokker 100. 
Thee top figures show the projection on the xy-plane, the bottom figures the pro-
jectionn on the ^z-plane. The stars denote the estimated scatter positions xm. The 
circless have a radius of crm. 
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servedd that scatterers located on the starboard side of the aircraft are usually 
inn better correspondence with the model than those located on the port side. 

Thiss effect is caused by occlusion. Since all profiles in the training set were 
measuredd from approximately broadside, scatterers located on the port side of 
thee aircraft are occluded by the aircraft body for aspect elevations close to zero. 
Forr these scatterers, less peak location samples are available, which decreases 
thee accuracy of the location estimates. 

Thiss effect is most noticeable in the decrease in accuracy of the z-coordinate 
estimatee of scatterers located on the port side. 

5.5.2.. Example: Boeing 747-500 

Figuree 5.4(a) shows the estimated scatter positions and model variances for the 
Boeingg 747-400, while figure 5.6 shows the corresponding visibility matrix. Fig-
uree 5.7(a) shows the peak locations extracted from the Boeing 747-400 training 
set,, while figure 5.7(b) shows the predicted peak locations based on the es-
timatedd model parameters. The peak locations were predicted at exactly the 
samee aspect angles as in the training set, so the two plots in figure 5.7 can 
bee compared directly. Note that the order in which the profiles are shown in 
figuree 5.7 is arbitrary, and has been chosen such that the data set is easily visu-
alised.. The estimation procedure is independent of any ordering. 

First,, note the two scatterers located on both wingtips at locations (14.7, 31.8, 
-2.16)) and (14.9, -31.6, -3.94). They are shown in figure 5.4(a) as A and B. The 
locationss are of these scatterers are in good, but not exact, correspondence with 
thee actual model.The reason for the inaccuracy can be seen in figure 5.7(a). The 
twoo 'tracks' corresponding to these scatterers are easily observed at the left and 
right-handd side of the figure. As can be seen from this figure, peaks from other 
scattererss are located close to parts of the track caused by scatterers A and B. 
Thiss causes uncertainty in the expectation step, which results in a less accurate 
estimationn of the scatter positions. 

Itt is apparent from figure 5.7(a) that the scatterer on the left-hand wingtip is 
occludedd in a large number of profiles. The occlusion is caused by the fact that 
thiss wingtip is occluded by the hull of the aircraft when observing the aircraft 
att aspect elevations close to zero. This behaviour is accurately reflect in the 
estimatedd model, as can be seen in figure 5.6. The visibility matrix for scatterer 
BB is shown in figure 5.6 in row four, column four. The visibility matrix clearly 
showss scatterer B to be occluded between zero and 5 degrees elevation. Only 
forr aspect azimuths larger than 95 degrees is it visible at 5 degrees elevation for 
-- this occurs because the hull is not as high at the rear as it is near the middle 
off  the aircraft. Similar occlusion effects also occur for the scatterers located 
aroundd the farthest jet engine on the left hand wing, shown in columns one and 
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Figuree 5.6: The estimated visibility matrix for the B74F. Each figure represents the esti-
matedd visibility of a scatterer in the model. The axes, shown on the lower right-hand 
sidee of this figure, are the same for each scatterer. Below each figure, the position of 
thee corresponding scatterer is given. 
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(a)) Peak locations in the training set of the Boeing 
747-400.. Some clear tracks are easily observed. 
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(b)) Peak locations predicted by the model fitted on 
thee above data set, at the same aspect angles as 
inn the training set. Only peaks with an estimated 
probabilityy of visibility larger than 0.5 are shown. 

Figur ee 5.7: Observed peak locations and model predictions for the Boeing 747-400. 
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Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
1.00 0 
0.00 0 
0.00 0 
0.00 0 
0.00 0 

B74F F 
0.00 0 
1.00 0 
0.00 0 
0.00 0 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
1.00 0 
0.00 0 
0.00 0 

FK10 0 
0.00 0 
0.00 0 
0.00 0 
1.00 0 
0.00 0 

MD80 0 
0.00 0 
0.00 0 
0.00 0 
0.00 0 
1.00 0 

Tablee 5.1: Classification performance of the maximum likelihood classifier for simu-
latedd range profiles. The table shows the fraction of range profiles assigned to the 
classess shown in the column labels. The row labels denote the true class label. 

twoo of the third row in figure 5.6. 
Closerr to the hull it is much harder to extract point scatterers from the peak 

locationn shown in figure 5.7(a). Especially in the region -10 < r < 10, many 
peakss occur close to each other. This makes it very difficult to establish defini-
tivee assignments in the expectation step of the algorithm. This in turn causes 
thee point scatter location estimate to be rather inaccurate. This can easily be 
seenn by observing the scatterers located closely to the hull in figure 5.4(a). 

Althoughh the exact location of these scatterers might not correspond per-
fectlyy to the original model, the predicted peak locations are accurate. This 
cann be seen in figure 5.7(b), which shows the predicted peak locations at the 
samee aspect angles as in the training set. Clear correspondences between fig-
uress 5.7(a) and 5.7(b) can be seen. 

5.5.3.. Classificatio n Result s 

Thee maximum likelihood classifier assigned the correct label to each of the 
legss in the test set, i.e. the classification error was 0%. For completeness, the 
resultingg confusion matrix is shown in table 5.1. The row labels in the confusion 
matrixx show the true class of the leg. The elements of the confusion matrix are 
thee fraction of legs assigned to the class shown in the column labels. 

5.6.. Conclusion s 

Thiss chapter introduced a generative model of peak locations in range profiles, 
whichh is capable to generate the distribution of peak locations for a given air-
craftt type at any desired aspect angle. 

Thee parameters of the generative models consist of M 3D point scatter loca-
tionss X, a set of M variances o~ ,̂ and a visibility matrix V which models visibility 
effectss caused by occlusion and speckle. It has been shown that these model 
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parameterss can be reliably estimated using an Expectation-Maximisation algo-
rithm.. Although the point scatter assumption is simple, it does fit the scatterers 
inn the simulated training data set very well. 

Thee parameter estimation algorithm is based on an algorithm previously de-
scribedd in [52], but has been improved on in several ways. In [52], the feature 
extractionn process was performed a priori by a human operator, while in this 
chapterr an automatic feature extraction algorithm is used. Also, in [52] the 
problemm of occlusion is handled by selecting an a priori probability of occlu-
sion.. In this chapter, the probability of visibility of each scatterer in the model 
iss explicitly modeled as a function of aspect angle. Furthermore, the parameters 
off  the visibility model are estimated from the training set. 

Modell  parameters have been estimated for each of the five aircraft shown 
inn figure 2.4. It has been shown that the estimated model parameters show 
goodd agreement with the aircraft models. In particular, many of the estimated 
scatterr positions coincide with clearly identifiable features on the aircraft body. 
Furthermore,, the estimated visibility matrices clearly identify the regions in 
aspectt angle in which scatterers are occluded. 

Thiss chapter also introduced a maximum likelihood classifier for radar range 
profiles,, based on the previously estimated generative models. The classifier 
assignss a class label to the slant range positions of amplitude peaks extracted 
fromm each profile in a test set. The classifier calculates an approximation of 
thee log likelihood of the set of peak positions for each of the estimated point 
scatterr models. It then assigns to the test set the class label of the model for 
whichh the resulting log likelihood was the highest. Although calculation of the 
truee log likelihood is intractable, the approximations described in section 5.3 
alloww us to calculate an estimate of the true log likelihood. 

Sincee the classification used a test set containing simulated range profiles, the 
perfectt classification results merely provide a proof of principle: model-based 
rangee profile classification from peak locations is a feasible approach. The fi-
nall  goal is of course to classify measured range profiles, using the generative 
modelss estimated from simulated range profiles. This is the topic of the next 
chapter. . 



6,, Model-Base d Classificatio n of Measure d 
Rangee Profile s 

6.1.. Introductio n 

Inn the previous chapter it was assumed that the common features between sim-
ulatedd and measured range profiles are the locations of peaks in the range pro-
files.files. The main goal of the current chapter is to validate that assumption by 
analysingg the classification performance of a model-based classifier which uses 
onlyy peak locations to assign class label to one orr more measured range profiles. 

Thee classifier for measured range profiles used in this chapter is very similar 
too the classifier for simulated range profiles discussed in chapter 5. It assigns 
too a set of extracted peak locations the class label of the generative point scatter 
modell  which maximises the log likelihood of the peak locations. The classifier 
usess the same point scatter models (estimated from simulated range profiles) 
ass in the previous chapter. 

However,, classification of measured range profiles does require some modifi-
cationss of the classifier described in the previous chapter, due to the differences 
betweenn measured and simulated profiles. First, simulated range profiles do not 
sufferr from measurement noise. Therefore, each peak occurring in simulated 
rangee profiles is significant, i.e. its presence is due to scattering from the air-
craft.. Measured range profiles do suffer from measurement noise (discussed 
inn section 2.4), and so a peak in a measured range profile could be caused by 
eitherr a real scattering process or by measurement noise. 

Anotherr difference between simulated and measured profiles is that for sim-
ulatedd profiles the exact aspect angles are known, while for measured profiles 
onlyy an estimate of the aspect angle is available (see also section 2.7). 

Finally,, measured range profiles are subject to translational range migration 
(discussedd in section 2.4), while simulated range profiles are not. Therefore, 
measuredd range profiles need to be aligned with respect to the point scatter 
modelss before they can be classified. 

Thee features extracted from measured range profiles consist of a set of peak 
locationss (as in the previous chapter), as well as a set of peak significance val-
ues.ues. The significance value of a peak, defined in section 6.2, is a measure of 
thee likelihood that a given peak is caused by a scattering process or by the 
measurementt noise. 
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AA generative model for the peak locations and a corresponding likelihood 
functionn for the extracted features is derived in section 6.3. It is similar to the 
generativee model discussed in the previous chapter, but differs in two respects. 
First,, it includes the extracted significance values as an external parameter. 
Second,, it is modified to include the uncertainty in the aspect angle estimates 
andd the effects of translational range migration. 

Unfortunately,, evaluating the derived likelihood function is intractable, and 
soo section 6.3 also discusses a number of approximations to the earlier derived 
likelihoodd function which allow the likelihood function to be evaluated. 

Sectionn 6.4 describes three classifiers for measured range profiles. The first 
iss a maximum likelihood classifier, which uses the generative models to classify 
aa leg of measured range profiles. The second classifier uses a less formal sim-
ilarityy measure between the generative model and the extracted features. The 
mainn benefit of this classifier is that it requires less computations to classify 
aa leg than the maximum likelihood classifier. Finally, the third classifier is a 
nearestt neighbour classifier, which is not model-based, but directly compares 
measuredd range profiles with a training set containing simulated profiles. It's 
purposee in this chapter is to provide a base-line classification performance to 
comparee the performance of the other classifiers with. 

Sectionn 6.5 contains a description of the experiments performed to test the 
performancee of the three classifiers. Section 6.6 contains the results of these 
experiments.. Finally, section 6.7 contains the conclusions drawn from the ex-
perimentall  results. 

6.2.. Feature Extraction from Measured Profiles 

Thee task of a classifier for measured range profiles is to assign a class label c 
too a leg of N range profiles Y = {y„} , with aspect angle estimates 0 = {0n}. 
Thee profiles in the leg are assumed to be internally aligned {for instance, using 
maximumm correlation). 

Thee features to be extracted from the leg are the slant range locations R = 
{r{r nknk}}  of all peaks in each profile in the leg, and corresponding significance 
valuess T - { j W . where k = 1, • • • ,Kn, and Kn is the total number of peaks 
inn the nth profile. A peak significance value ynk = [0,1] close to zero signifies 
thatt a peak is likely to be caused by the noise process, while a significance 
valuee close to 1 signifies that the peak is likely to be caused by some scattering 
process. . 

Measurementt noise causes an amplitude offset in radar range profiles. This 
so-calledd base amplitude affects the relative amplitudes of peaks in the profile, 
whichh will be used later on to determine peak significance values. To correct for 
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i i 

(a)) A measured profile after the (b) After subtracting the base am-
powerr transform. plitude. 

Figuree 6.1: Illustration of the base-line estimation procedure and the resulting peak 
significancee values. Figure 6.1(a) shows a profile in grey, and the estimated base 
amplitudee in black. Figure 6.1(b) shows the same profile after subtracting the base 
amplitude,, as well as the significance values of a number of detected peaks. 

this,, the base amplitude in each profile needs to be estimated, and subsequently 
subtractedd from the profile. 

Thee local minima in a range profile provide a lower bound on the base ampli-
tudee in the range bins containing the minima. To estimate the base amplitude 
inn other range bins, the local minima are linearly interpolated, and the result-
ingg sequence is smoothed using a low-pass Gaussian filter. An example of the 
resultingg estimate of the base amplitude is shown in figure 6.1(a). Figure 6.1(b) 
showss the same profile after the the base amplitude has been subtracted. 

Afterr the base amplitude has been subtracted from the profile, the locations 
rnfee and amplitudes ank of all local maxima are determined by fitting a quadratic 
functionn to the amplitudes of the five range bins surrounding each local maxi-
mum. . 

Thee next step in the feature extraction process is estimating the distribution 
off  the amplitudes of peaks caused by the noise process. 

Thee longest aircraft used in this thesis (the Boeing 747) is about 70 metres 
long,, while the unambiguous range interval Ru is about 107 metres. Therefore, 
aa section of at least 30 metres in each range profile does not contain radar 
returnss from the aircraft, i.e., it only contains noise. 

Byy locating this region, the amplitude distribution of peaks caused by noise 
cann be estimated. A simple heuristic to locate this region is to define it as that 
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Figuree 6.2: Peak significance value y as a function of normalised peak amplitude a. In 
thiss figure, w = 2 and b = 3. 

consecutivee region of 20 metres length with the lowest average energy. The am-
plitudee distribution of peaks caused by the noise process is then characterised 
byy the average \in and standard deviation an of all amplitude peaks within this 
region. . 

Finally,, peak significance values ynk = [0,1] are denned as 

Ynk Ynk 
1 1 

11 +exp(-a„fe)' 

where e 
aannkk = u> x b). 

(6.1) ) 

(6.2) ) 

Thee free parameters u> and b in (6.2) determine the slope and offset of the 
sigmoidd function (see also figure 6.2). 

6.3.. Derivation of Maximum Likelihood Function 

6.3.1.. Hidden Variables 

Thee maximum likelihood classifier for measured range profiles assigns to a 
givenn leg Y the class label c* of the generative model "¥c which maximises the 
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logg likelihood of the observed peak locations, 

c*c*  =argmaxlogp(R|Yc;0,D. (6.3) 
c c 

Notee that both the aspect angle estimates 0 and the peak significance values r 
aree treated as external parameters in (6.3). 

AA leg of measured range profiles suffers from translational range migration, 
ass discussed in section 2.4. In chapter 3 it was shown that profiles within a leg 
cann be accurately aligned using maximum correlation, such that the origin of 
thee aircraft fixed coordinate system is stationary within the leg. 

Thee likelihood of the observed peak locations given the generative model can 
onlyy be evaluated if the peaks are aligned with the model, i.e., if the origins of 
thee two aircraft-fixed coordinate systems are at the same slant range location. 
Thee global translation in slant range a required to align the two coordinate 
systemss is however unknown a priori, and so a is the second hidden variable of 
thiss problem. 

Thee possible values of the shift a are bounded by the unambiguous range 
intervall  I (i.e. the length of the profile). The marginalisation over a of the peak 
likelihoodd is therefore given by 

ccL L 

logp(R|Yc;0,r)) = log p(R,a\Yc;Y,e)da 
Ja=0Ja=0 {6A) 

== log f p(R\a,Yc;Y,ë)p(a)da, 
Ja Ja 

wheree the prior distribution p(a) over a is assumed to be independent of the 
otherr parameters, and is given by 

p(a)p(a) = j - . (6.5) 

Lett R' denote the measured peak positions R cyclically shifted over a distance 
a, a, 

R'R' = {rnk + a}. (6.6) 

Equationn (6.4) can then be written as 

l ogp (R |Yc ; ê ,D= log[[  p(R'\Vc;T,ê)p(a)da. (6.7) 
Ja Ja 

Ass in section 5.2.2, the likelihood of observing the peak positions R is de-
pendentt on the way scatterers in the model are assigned to the peaks, i.e, to 
evaluatee p(R' |Yc; r ,0) in (6.7) we need to know which of the observed peaks 
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r'r' nknk are measurements of the slant range positions of which of the scatterers 
xm.. The assignments are again expressed as a set of (hidden) assignment vari-
abless O, with the same definition as provided in section 5.2.2. 

Thee marginalisation over D. is again given by the sum over all possible values 
off  n, 

logp(R|Yc;0,r)) =log [ 2><R',£l\Yc;T,ê)p(a) da 
JaJa n 

== log f 2p (Rnn ,Yc ; r , 0 )p<nT a |Yc ; r , 0 )p (aMa 
JaJa o 

6.3.2.. Definition of Probability Distributions 

Noww that the hidden variables have been included in the likelihood function, the 
probabilityy distributions in (6.8) can be defined. The probability distributions 
aree similar to the distributions defined in section 5.2.4, but are adapted to in-
cludee the uncertainty in the aspect angle estimates 0 and the peak significance 
valuess r. 

Thee distribution p(R'\£l, Yc; 0) can be factorised, similar to equation 5.15, as 

NN Kn 

p(R'\Cl,Vp(R'\Cl,Vcc;0);0) = f f Y\PKk\Wnk,Vc\ën). (6.9) 
n=\k=\ n=\k=\ 

Iff  the feth scatterer in the nth profile has been assigned to the rath scatterer, 
ttJnfcttJnfc = m, the peak position distribution p{r'nk\wnk = ra, Yc;0„ ) is assumed to 
bee Gaussian. 

Inn the previous chapter, the mean of this Gaussian distribution was defined 
ass the slant range r(0,xm) of the mth scatterer, defined in equation (2.5) as 

r(0,xr(0,xmm)) = s(0) -xm. (6.10) 

Thee variance of this distribution was the model parameter a^. 
However,, the uncertainty in the aspect angle estimate 0 induces an uncer-

taintyy in the slant range r(0,xm). Assuming a zero-mean Gaussian error distri-
butionn on 0, with covariance matrix Z0, the resulting variance ae on r (0 ,xm) 
iss given by 

a\a\ = ( r x ) T I ö r l t (6.11) 

rii  - (r?,rl)T, (6.12) 

wheree the cross ranges rf and rf are defined in equation (2.7). 
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Therefore,, the mean of the Gaussian distribution p(r k̂\conk = m,Yc;0n) is 
itselff  Gaussian distributed, with mean r(0,xm) and variance crj. The resulting 
peakk location distribution is therefore given by 

p{r'p{r' nknk\uo\uonknk = m,Xc;0) = JV (r; f c ;r{ö n,xm),cr^ + cr|) , (6.13) 

i.e.,, the variance of the peak location distribution is the sum of the model vari-
ancee 0"̂ j and the variance cr| induced by the variance of the aspect angle esti-
matee 0. 

Iff  the fcth peak has not been assigned to any scatterers, ojnk = 0, the peak 
locationn likelihood is given by 

p(r;k|GOnkk = O,Xc;0) = p (6.14) 

whichh is identical to (5.12). 
Inn section 5.2.4, equation (5.15), the prior distribution ptOIY^O) was de-

finedd as 

p(£l\Yp(£l\Ycc;G);G) = p(n\\c) 
N N 

==  n p(ojniv£) 
n=ii  (6.15) 

NN M 

== n n^ w)c"-(i-vs m) i " CBM . 
n=ll  m=l 

withh Vc the visibility matrix of class c. Each element v m̂ of the visibility matrix 
Vcc denotes the probability of scatterer m being present in the nth profile of the 
simulatedd training set, where the profile was obtained at a specific aspect angle 
99nn. . 

Inn general,, the measured range profiles in the test set will be measured at dif-
ferentt aspect angles 0n- To obtain an estimate V of the probability of visibility 
att the estimated aspect angles 0n, the elements of V will be linearly interpolated 
ass a function of aspect angle, as described in section 5.3. 

Thee definition (6.15) will now be adapted to include the significance values r 
ass an additional parameter. 

Thee prior probability of assigning scatterer m with visibility v„ m to peak in 
profilee n at location r'nk with peak significance ynk is given by 

p(C0nkp(C0nk =m\ï>nm>ynk) = VnmYnk- (6.16) 

Thee prior probability of not assigning the rath scatterer to any peak, wnk = 0, 
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inn the nth profile is given by 

p(a>nkk =0|v£m,y„k ) = (1 - v£m), (6.17) 

whichh is the same definition as used in chapter 5. 
Lett Knk be a binary variable indicating whether the fcth peak has been assigned 

too any scatterer in the nth profile, 

ff  1 if to*-' =*  0 

*»''  = { 0 If t£ = o  (6-18> 
Withh this definition, the total prior probability of a set of assignments CI, given 
aa visibility matrix V^ and peak significance values T, can be written as 

N N 

p(n\Vp(n\Vcc,T;ê)=,T;ê)= Y\p(con\Vn,yn) 

"N/M"N/M Kn v ^ 

n=\n=\ \m = l fc=l / 

Combiningg the assumptions and definitions presented in this section, the 
peakk position log likelihood can be written as a nested expectation value, 

logp(R|Yc;0,r)) =log [ ^p(R'\n,Vc;ê)p(£l\Vc,r;G)p(a)da 
JaJa „ 

log£[£[p(R'in >T-ê)]p(Q|VE|r iê ) ) 

(6.20) ) 

p(a) p(a) 

6.3.3.. Evaluatio n of Expecte d Log Likelihoo d 

Unfortunately,, the expected log likelihood (6.20) can not be easily evaluated. 
First,, the expectation value over p{a) involves an integral over a which can 
nott be performed analytically. Also, the expectation value over p{£l\\c,l\Q) 
involvess a sum over an exponential number of possible assignments, which is 
computationallyy very expensive. This section therefore presents some approxi-
mationss which allow (6.20) to be evaluated within a reasonable time. 

AA common approach to calculating expectation values is to sample from the 
distributionn over which the expectation value is taken, and approximate the 
expectationn value as the average posterior likelihood taken over the set of sam-
ples. . 

Unfortunately,, this approach is not applicable to the expectation value over 
p{a)p{a) in (6.20) for two reasons. The first reason is that the prior p(a) = 1/L 
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iss flat, and therefore not informative. As a consequence, a large number of 
sampless would be required to reliable approximate the expectation value. The 
secondd reason is that, for each sample from p(a), the marginalisation over Q, 
wouldd have to be performed, which would take a prohibitive amount of time. 

Instead,, equation (6.20) is approximated by estimating an optimal value of 
thee global shift a*, and replacing the original definition p(a) = 1/L with 

p(a)p(a) = 5(a-a*). (6.21) 

Equationn (6.20) then reduces to 

logp(R|Yc;0,r)) = log f £p (R ' | n ,Yc ; 0 )p (n |Vc , r ; 0 )<5 (a -a * )da 
JaJa n aa (6.22) 

== iogJ>(RciaiirC;0)p(n|vc,r;e) 

wheree Rc = {rnk + a*}. 

Thee optimal shift a* for a given class c is estimated using a observed peak 
signaturesignature matrix P, constructed from the extracted features, and model peak 
signaturesignature matrices Qc, constructed from the generative model of each class c. 
AA peak signature matrix is an N x D matrix, where JV is the number of profiles 
inn the leg, and D the number of range bins in each profile. The rows pn of P 
aree called observed peak signatures; the rows q£ of Qc are called model peak 
signatures. signatures. 

Observedd peak signatures are constructed from the extracted features as fol-
lows.. First, a function G is defined as the weighted sum of Kn Gaussian kernels, 
withh means r„j t and constant variances cr| (which is a free parameter). The 
weightingg factors for each Gaussian kernel are the peak significance values ynki 

GGnn(r)(r)  = Xynk^(rnk,crl). (6.23) 
fc fc 

Then,, the observed peak signature pn is constructed by sampling G at the slant 
rangess Yd of the original range bins, and normalising the resulting vector: 

PndPnd =  v r v • (6.24) 
LdLd Gnrd 

Modell peak signatures are constructed similarly. In this case, the function Gc 

iss a weighted sum of M Gaussian kernels, with means r(Ö,x^) and variances 
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°mm + ae- The weighting factors in this case are the scatter visibilities v£m: 

GGcc
nn(r)(r)  ^Xvnm^(r(0,xcm),al + ai). (6.25) 

Ass before, the model peak signature q£ is constructed by sampling Gc at the 
slantt ranges rd of the range bins in the measured range profile, and normalising 
thee resulting vector: 

^d^d = v r v  (6.26) 

Figuree 6.3 provides an overview of the construction of peak signatures. 
Fromm each pair of peak signature matrices P and Qc, an optimal shift in slant 

rangee a*  is estimated by cyclically shifting the rows of P, and calculating the 
resultingg 'inner product' x of P and Qc, 

aa * = arg max Pa • Qc 

==  arg max ^ P n Qn-
aa n 

Afterr the extracted peak locations have been shifted over the optimal shift 
a*,a*, the remaining expectation value over p(Q.\Vc,T) is given by 

l ogp (R |Y c ; 0 , r )= log£ [p (R c | n ,Y c ; 0 ) ] p ( n | v c r ; 0 ) .. (6.28) 

Equationn (6.28) has the exact same form as equation (5.36) - consequently, it 
cann be evaluated using the same procedure as discussed in section 5.3. 

6.4.. Classifier s for Measured Range Profile s 

Thiss section discusses three different classifiers for measured range profiles. 
Twoo of the classifiers are model-based. The third is a nearest neighbour classi
fierr which operates on range profiles directly. 

Inn describing the different classifiers it is assumed that the data to be classi
fied,fied, i.e., the test set, consists of a leg Y = {yn} containing N profiles, and a set 
off corresponding aspect angle estimates 0 = {0n}. 

6.4.1.. Maximu m Likelihoo d Classifie r 

Thiss section summarises the feature extraction process and subsequent calcu
lationn of the peak location likelihood described in the previous sections. 
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(a) ) (b) ) 

(c) ) 

Figuree 6.3: Construction of a peak location signature. The predicted peak positions, 
variancess and visibility probabilities (shown in figure 6.3(a)) are combined to con-
structt a peak location signature (shown in figure 6.3(b)). The resulting peak signature 
matrixx is shown in figure 6.3(c). 
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Thee maximum likelihood classifier for measured range profiles assigns to the 
profiless in the test set the class label c* of the model Yc which maximises 
thee log likelihood of the observed peak locations. The maximum likelihood 
classifierr can operate in three 'modes': 1-look classification, majority voting, 
andd full leg classification. 

Inn 1-look classification mode, the classifier assigns a class label c* to each 
profilee yn in Y separately, according to 

c*argmaxx \ogp(rn\
y¥c;ên,yn). (6.29) 

c c 

Inn majority voting mode, the classifier assigns a single class label c* to all 
profiless in the leg. In this mode, c* is the class label which the majority of 
profiless have been assigned in the 1-look classification mode. In the case of 
aa tie, the class assigns the leg to an unknown class, labeled NOMA (for No 
Majority). . 

Finally,, in full leg classification mode, the classifier assigns a single class 
labell  c* to all profiles in the leg, based on the total likelihood of extracted peak 
locations, , 

c**  =argmaxlogp(R|Yc;0,n. (6.30) 
c c 

AA summary of the processing involved in maximum likelihood classification 
inn full leg classification mode is presented below. (The extension to the other 
modess of operation is straightforward.) A schematic overview is shown in fig-
uree 6.4. 

1.. Features R and r are extracted from the leg. From these features a peak 
signaturee matrix, P, is constructed. 

2.. By combining the aspectt angle estimates 0 with each point scatter model, 
aa peak signature matrix Qc is constructed for each class c. 

3.. For each class c, the optimal shift a* of the extracted peak locations R is 
estimatedd by searching for the shift which maximises the inner product 
o fPandQc. . 

4.. A set of assignment samples is drawn from p(Cl\Rc, Yc; 0, D, where Rc is 
thee set of extracted peak locations cyclically shifted by a *. 

5.. From the set of sampled assignments, the log likelihood for each class is 
estimatedd using (6.28). 

6.. The test set is assigned the class label c* of the model which produces 
thee maximum log likelihood. 
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Figuree 6.4: Overview of the processing steps of the maximum likelihood classifier and 
thee maximum correlation classifier. 
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6.4.2.. Heuristic Alternative: Maximum Correlation 

AA drawback of the maximum likelihood classifier is that the computational re-
quirementss are rather high, due to the necessity of sampling the assignment 
distribution.. This section introduces an alternative model-based classifier for 
measuredd range profiles with more modest computational requirements. 

Sectionn 6.3.3 describes the peak signature matrices P and Qc, which are used 
too calculate an optimal global shift a* of the peak locations for each class c. 
However,, the maximum correlation between P and Qc is itself a measure of 
similarityy between the extracted features and the generative model - the more 
peakss they have in common, the higher the maximum correlation will be in 
general. . 

AA simple and quick alternative to maximum likelihood classification is there-
foree to use the maximum value of the cross-correlation between P and Qc as a 
measuree of similarity between the extracted features and the generative model. 

Thee maximum correlation classifier can operate in the same three modes as 
thee maximum likelihood classifier: Hook classification, majority voting, and 
fulll  leg classification. 

Inn 1-look classification mode, the classifier assigns a class label c* to each 
profilee yn in Y separately, according to 

c*c*  argmax maxp£ • q£. (6.31) 
cc a 

Inn majority voting mode, the classifier assigns a single class label c* to all 
profiless in the leg. In this mode, c* is the class label which the majority of 
profiless have been assigned in the 1-look classification mode. In the case of 
aa tie, the class assigns the leg to an unknown class, labeled NOMA (for No 
Majority). . 

Finally,, in full leg classification mode, the classifier assigns a single class label 
c*c*  to all profiles in the leg, based on the total maximum correlation between P 
andd Qc, 

c** = argmax maxPa • Qc. (6.32) 
cc a 

Althoughh this classifier lacks a solid statistical foundation, it is significantly 
fasterr then the maximum likelihood classifier, since the time-consuming pro
cesss of sampling the possible assignments is no longer required. Furthermore, 
thee computations necessary to use the maximum correlation classifier are in 
factt identical to the first set of computations necessary to use the maximum 
likelihoodd classifier (see also figure 6.4). Therefore, the maximum correlation 
classifierr can be used to obtain a preliminary classification while the maximum 
likelihoodd classifier is still being computed. 
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6.4.3.. Nearest Neighbou r Classifie r 

Thee nearest neighbour classifier is commonly used in many classification tasks. 
Itt is used in this chapter to provide a base-line classification performance, with 
whichh the performance of the other two classifier are compared. 

Thee nearest neighbour classifier is not model-based, but instead compares 
thee test profiles yn directly with the 'training set' of simulated profiles. 

Lett Z = {zt}, t = l , . . . ,r denote the simulated profiles in the training set, 
andd let ct denote the class label of zt. Finally, let 0n denote the aspect angle of 
z„ . . 

Too increase the reliability of the nearest neighbour classifier, a test profile 
yynn should only be compared to training profiles zt whose aspect angles 0t are 
withinn the expected error of the aspect angle estimate 0„  of y„ . Since the 
expectedd error on aspect angle estimates is about 5 degrees (see section 2.7), a 
testt profile yn is only compared to training profiles zt< for which the distance 
betweenn Qn and 0n is below 5 degrees, 

t't' = { t e l r | \ên-Ot\ <5} . (6.33) 

Thee nearest neighbour classifier can operate in two modes: 1-look classifica-
tionn and majority voting. 

Inn 1-look classification mode, the classifier assigns a class label c* to each 
profilee y„  in Y separately, according to 

c£=cc£=ctt*,*,  (6.34) 
t*t*  = argmin SED(y„,zr). (6.35) 

t ' ' 

Inn majority voting mode, the classifier assigns a single class label c*  to all 
profiless in the leg. In this mode, c* is the class label which the majority of 
profiless have been assigned in the 1-look classification mode. In the case of 
aa tie, the class assigns the leg to an unknown class, labeled NOMA (for No 
Majority). . 

6.5.. Experiment s 

Thiss section describes the classification experiments performed to test the three 
classifierss for measured range profiles discussed in the previous section. 
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Aircraftt code 
B73S S 
B74F F 
EA31 1 
FK10 0 
MD80 0 

Numberr of legs 
102 2 
17 7 
34 4 
22 2 
87 7 

Tablee 6.1: Number of available legs for each aircraft. 

6.5.1 .. Data Description 

Thee data set contained simulated and measured range profiles from the five 
differentt commercial aircraft used throughout this thesis (shown in figure 2.4). 

Thee radar returns were Hamming weighted and zero-padded to 2048 ele-
ments.. Finally, a Box-Cox transformation, denned in equation (2.27), was ap-
pliedd to each available profile. The free parameter n was chosen to be n = 0.2. 

Thee simulated profiles were used to estimate a generative point scatter model 
forr each aircraft as described in the previous chapter - the same models were 
usedd in the experiments described in section 5.4. 

Thee measured range profiles were measured in the ORFEO measurement cam-
paign,, described in section 2.7. Not all available range profiles were used: only 
rangee profiles measured at aspect azimuth 9a ranging from 70 to 105 degrees 
andd aspect elevation 0e ranging from 87.5 to 102 degrees were used. 

Thee (rather long) legs in the original ORFEO data were divided into sub-legs 
containingg 10 profiles each. Table 6.1 shows the total number of available legs 
forr each aircraft. Figure 6.5 shows the aspect angles of each leg. The profiles 
inn each sub-leg were then aligned with respect to each other using maximum 
correlation,, as described in chapter 3. 

Finally,, the peak locations R and peak significance values r were extracted 
fromm the profiles in each leg, according to the feature extraction described in 
sectionn 6.2. The variance of the Gaussian filter used in the baseline estimation 
proceduree was a2 = 20 m2. The free parameters w and b denned in (6.2) were 
chosenn to be w = 2 and b = 3. Note that these parameters are not estimated 
fromm the data, but are instead chosen a priori. 

6.5.2.. Classification 

Eachh classifier (in all its operating modes) discussed in section 6.4 was used to 
classifyy the test set. 
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Figuree 6.5: Aspect angles of available measured data. 
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6.6.. Results and Discussion 

Thee results of each classification experiment are presented in tables 6.2, 6.3 and 
6.4.. The results are presented as confusion matrices. The row labels denote the 
truee class of the legs, while the column labels denote the class assigned by the 
classifier.. The elements of the confusion matrix represent the fraction of the 
availablee data assigned to the class denoted in the column label. 

Tablee 6.2 contains the confusion matrices for each operating mode of the 
maximumm likelihood classifier. The full leg classification mode of the maximum 
likelihoodd classifier clearly outperforms both other modes, both in terms of 
overalll  classification error as well as in terms of the classification error for four 
off  the five classes - only the classification error for the FK10 is slightly lower in 
thee majority voting mode. 

Inn all modes, the B74F is almost always classified correctly. This is not sur-
prising,, since the B74F is by far the largest aircraft in the data set. 

Thee results for the MD80 vary the most over the different operating modes 
off  the maximum likelihood classifier. Although the classification error is the 
samee for both the 1-look classification mode and the majority voting mode, 
thee relatively large number of legs which are classified as NOMA shows that 
thee peak likelihood fluctuates rapidly within the legs of the MD80. The full leg 
classificationn mode assigns the correct class label to almost all legs previously 
classifiedd as NOMA. 

Tablee 6.3 contains the confusion matrices for each operating mode of the 
maximumm correlation classifier. Overall, the performance of the maximum cor-
relationn classifier is comparable, mode by mode, to the performance of the 
maximumm likelihood classifier. As with the maximum likelihood classifier, the 
1-lookk classification mode is results in the poorest performance, and the full 
legg classification mode results in the best performance of the three modes. 

Inn fact, the results of the full leg classification mode of the maximum corre-
lationn for each aircraft separately are slightly better than for the same mode of 
thee maximum likelihood classifier - the overall error is however most affected 
byy the large number of legs of the B73S in the test set. Since the computa-
tionall  requirements for the maximum correlation classifier are so much lower 
thann for the maximum likelihood classifier, one could argue that the maximum 
correlationn classifier is the more attractive choice in practice. 

Tablee 6.4(a) contains the confusion matrix for the two operating modes of 
thee nearest neighbour classifier. Both the 1-look classification mode and the 
majorityy voting mode of the nearest neighbour classifier outperforms the sim-
ilarr modes of the two model-based classifiers, mainly due to the increase in 
performancee of the B73S. 

Sincee there is no full leg classification mode for the nearest neighbour classi-
fier,, one can only compare the full leg classification modes of the model-based 
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Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.62 2 
0.00 0 
0.01 1 
0.17 7 
0.23 3 

B74F F 
0.02 2 
0.96 6 
0.41 1 
0.00 0 
0.01 1 

EA31 1 
0.10 0 
0.04 4 
0.56 6 
0.02 2 
0.11 1 

FK10 0 
0.12 2 
0.01 1 
0.00 0 
0.63 3 
0.08 8 

MD80 0 
0.14 4 
0.00 0 
0.03 3 
0.18 8 
0.57 7 

(a)) 1-Look Classification. Overal error: 0.38 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.75 5 
0.00 0 
0.00 0 
0.09 9 
0.16 6 

B74F F 
0.00 0 
1.00 0 
0.38 8 
0.00 0 
0.00 0 

EA31 1 
0.05 5 
0.00 0 
0.62 2 
0.00 0 
0.09 9 

FK10 0 
0.08 8 
0.00 0 
0.00 0 
0.77 7 
0.05 5 

MD80 0 
0.07 7 
0.00 0 
0.00 0 
0.14 4 
0.57 7 

NOMA A 
0.05 5 
0.00 0 
0.00 0 
0.00 0 
0.13 3 

(b)) Majority Voting. Overal error: 0.31 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.79 9 
0.00 0 
0.00 0 
0.09 9 
0.17 7 

B74F F 
0.00 0 
1.00 0 
0.32 2 
0.00 0 
0.00 0 

EA31 1 
0.05 5 
0.00 0 
0.68 8 
0.00 0 
0.06 6 

FK10 0 
0.09 9 
0.00 0 
0.00 0 
0.73 3 
0.06 6 

MD80 0 
0.07 7 
0.00 0 
0.00 0 
0.18 8 
0.71 1 

(c)) Full leg. Overal error: 0.24 

Tablee 6.2: Confusion matrices for the maximum likelihood classifier. The tables show 
thee fraction of range profiles assigned to the classes shown in the column labels. The 
roww labels denote the true class label. 
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Classs B73S B74F EA31 FK10 MD80 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

0.600 0.01 0.05 0.22 0.13 
0.00 0 
0.01 1 
0.21 1 
0.21 1 

0.96 6 
0.34 4 
0.00 0 
0.01 1 

0.02 2 
0.58 8 
0.03 3 
0.06 6 

0.01 1 
0.00 0 
0.63 3 
0.15 5 

0.01 1 
0.07 7 
0.13 3 
0.57 7 

(a)) 1-Look Classification. Overal error: 0.39 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.71 1 
0.00 0 
0.00 0 
0.18 8 
0.11 1 

B74F F 
O.OO O 
1.00 0 
0.32 2 
0.00 0 
0.00 0 

EA31 1 
0.04 4 
0.00 0 
0.59 9 
0.00 0 
0.05 5 

FK10 0 
0.16 6 
0.00 0 
0.00 0 
0.77 7 
0.11 1 

MD80 0 
0.07 7 
0.00 0 
0.03 3 
0.05 5 
0.68 8 

NOMA A 
0.03 3 
0.00 0 
0.06 6 
0.00 0 
0.05 5 

(b)) Majority Voting. Overal error: 0.29 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.77 7 
0.00 0 
0.00 0 
0.14 4 
0.15 5 

B74F F 
0.00 0 
1.00 0 
0.24 4 
0.00 0 
0.00 0 

EA31 1 
0.04 4 
0.00 0 
0.76 6 
0.05 5 
0.06 6 

FK10 0 
0.14 4 
0.00 0 
0.00 0 
0.77 7 
0.06 6 

MD80 0 
0.05 5 
0.00 0 
0.00 0 
0.05 5 
0.74 4 

<c)) Full leg. Overal error: 0.26 

Tablee 6.3: Confusion matrices for the correlation classifier. The tables show the fraction 
off  range profiles assigned to the classes shown in the column labels. The row labels 
denotee the true class label. 
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Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.88 8 
0.00 0 
0.15 5 
0.16 6 
0.29 9 

B74F F 
0.00 0 
0.99 9 
0.00 0 
0.00 0 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
0.71 1 
0.00 0 
0.00 0 

FK10 0 
0.09 9 
0.01 1 
0.04 4 
0.58 8 
0.19 9 

MD80 0 
0.03 3 
0.00 0 
0.10 0 
0.25 5 
0.51 1 

(a)) 1-Look Classification. Overal error: 0.28 

Class s 
B73S S 
B74F F 
EA31 1 
FK10 0 

MD80 0 

B73S S 
0.96 6 
0.00 0 
0.21 1 
0.14 4 
0.30 0 

B74F F 
0.00 0 
1.00 0 
0.00 0 
0.00 0 
0.00 0 

EA31 1 
0.00 0 
0.00 0 
0.68 8 
0.00 0 
0.00 0 

FK10 0 
0.03 3 
0.00 0 
0.03 3 
0.73 3 
0.18 8 

MD80 0 
0.01 1 
0.00 0 
0.09 9 
0.14 4 
0.52 2 

NOMA A 
0.00 0 
0.00 0 
0.00 0 
0.00 0 
0.00 0 

(b)) Majority Voting. Overal error: 0.24 

Tablee 6.4: Confusion matrices for the nearest neighbour classifier. The table shows the 
fractionn of range profiles assigned to the classes shown in the column labels. The 
roww labels denote the true class label. 

classifierss to the majority voting mode of the nearest neighbour classifier. The 
overalll  performance in these cases is roughly the same for all three classifiers, 
butt again, the overall performance is heavily influenced by the large number of 
legss of the B73S. 

Overalll  it can be concluded that there is no significant difference in the per-
formancee of the three classifiers on the data set available for the experiments. 

6.7.. Conclusion s 

Inn the previous chapter it was shown that it was possible to estimate genera-
tivee point scatter models from simulated range profiles, and that these models 
couldd be used to reliably classify simulated range profiles. Furthermore, it was 
assumedd that the slant ranges of amplitude peaks are the common features 
betweenn measured and simulated range profiles. 

Thiss chapter described two new model-based classifiers for measured range 
profiles:: a maximum likelihood classifier and a maximum correlation classifier. 
Bothh use the same generative model defined in chapter 5 to assign a class label 
too a leg of measured range profiles, 
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Thee comparable performance of the model-based classifiers and the nearest 
neighbourr classifier show that the common features between simulated and 
measuredd range profiles are indeed the slant ranges of amplitude peaks. Fur-
thermore,, these common features can be modeled from simulated data. The 
resultingg generative models are capable of discrirninating between measured 
profiless of different aircraft types, although not with 100% accuracy. 

Off  the three classifiers described in this chapter, the maximum correlation 
classifierr provides a good compromise between theoretical rigor and practical 
requirements.. While it lacks a formal statistical foundation, its performance is 
comparablee to the maximum likelihood classifier, while requiring significantly 
lesss computations. Furthermore, it is model-based, and it does not require a 
largee continuously available training set, which the nearest neighbour classifier 
does. . 

Thee maximum likelihood classifier is theoretically sound - it is a proper max-
imumm likelihood classifier, based on a simple but physically relevant model of 
radarr scattering. Therefore, future research should focus on further developing 
thiss classifier. 

Insteadd of assigning scatterers to peaks, an interesting approach would be 
too assign scatterers to tracks of amplitude peaks in a given leg. This would 
dramaticallyy reduce the number of possible assignments, which is the main 
reasonn for the large computational requirements of the maximum likelihood 
classifier. . 

Furthermore,, the generative model underlying the maximum likelihood clas-
sifierr could be extended to include more complex scattering mechanisms than 
simplee point scattering. 



7.. Conclusion s 

Aircraftt classification from radar range profiles is a challenging task due to 
thee three problems identified in chapter 1: the need for translation invariant 
classification,, the limited accuracy of available aspect angle estimates, and the 
difficultyy of obtaining sufficient training data. These problems are addressed in 
thee previous chapters in this thesis. This final chapter provides an overview of 
thee main results as well as directions for possible future research. 

Chapterr 3 addressed the problem of translation invariant classification by 
introducingg the Smoothed Zero Phase Representation for radar range profiles. 
Thiss representations allows for fast translation invariant classification, while 
nott discarding any potentially discriminative information from the range pro-
files. . 

Thee main benefits of using the Smoothed Zero Phase Representation com-
paredd to other approaches to translation invariant range profile classification 
aree twofold. First, the method aligns range profiles in a pre-processing step, and 
soo it becomes possible to apply statistical feature extraction methods on the 
dataa set. This is not possible with many other approaches, which obtain trans-
lationn invariance by using a translation invariant similarity measure to classify 
rangee profiles. The second benefit is that translation invariant classification is 
fasterr than classification using the common approach of using a nearest neigh-
bourr classifier based on the Sliding Euclidean Distance. Classification of a leg 
containingg M range profiles requires roughly M times less alignment-related 
computationss than classification using the SED. 

Usingg the ZPR or SZPR does result in a decrease in classifier performance 
comparedd to classification using the SED. However, by combining range profile 
alignmentt using the SZPR with subsequent statistical feature extraction could 
resultt in better classification performance. Whether such an approach outper-
formss classification using the SED would be an interesting topic for future re-
search. . 

Thee aspect angle at which an aircraft is observed heavily influences range pro-
fil ee measurements. The effects of speckle, rotational range migration and oc-
clusionn cause significant range profile variability. Therefore, knowledge about 
thee aspect angle at which a range profile is obtained can significantly increase 
classificationn accuracy. Furthermore, information on aspect angles also benefit 
manyy HRR signal processing techniques, such as ISAR imaging. 

Aspectt angle estimates from tracking data suffer from both systematic and 
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randomm errors (see chapter 2). Chapter 4 introduced a method for increasing 
thee accuracy of aircraft rotation estimates obtained from tracking data. On the 
basiss of a point scatter model a filter was developed, which uses a combination 
off  the original rotation estimates and phase information extracted from range 
profiless to update the rotation estimates. 

Too extract the necessary phase information from the range profiles an exten-
sivee feature extraction method was developed, which involves tracking peaks 
detectedd in a leg of range profiles, and correcting extracted phases for the ef-
fectss of translational and rotational range migration. 

Sincee no ground truth on aspect angles are available for the range profiles 
measuredd during the ORFEO campaign, the experiments were necessarily re-
strictedd to simulated profiles. However, the effects of measurement noise and 
translationall  range migration were artificially added to the simulated range pro-
files,, and so the resulting data set is similar to actual HRR measurements. 

Itt has been shown that the filter does indeed improve aircraft rotation esti-
mates,, provided that the signal-to-noise ratio is sufficiently high (larger than 
00 dB). For smaller signal-to-noise ratios, the algorithm fails to provide more 
accuratee rotation estimates, resulting in an improvement factor of 1. 

Thee main area of future research regarding this method is its application on 
actuall  measured range profiles, for which a ground truth on aspect angles is 
available. . 

Inn this thesis simulated range profiles were used to construct classifiers for 
measuredd range profiles, which requires solving two problems. Since simulated 
rangee profiles are significantly different from measured range profiles, the clas-
sifierr should base its decision solely on those features of range profiles which 
aree present in both simulated and measured range profiles. Therefore, the first 
problemm to be solved is to identify those common features. The second problem 
iss actually constructing a classifier capable of classifying the extracted features. 

Chapterr 5 assumed that the common features present in both simulated and 
measuredd range profiles are the locations (i.e. the slant ranges) of the local max-
imaa occurring in range profiles. On the basis of that assumption, a generative 
modell  describing the distribution of peak positions was defined. The model 
iss based on a simple point scatter model of radar scattering. It's parameters 
includee the three dimensional positions of a set of point scatterers, as well as a 
visibilit yy matrix which models the effects of speckle and occlusion. 

Forr each aircraft in the training set model parameters were estimated using 
ann Expectation-Maximisation algorithm. It was shown that the resulting scatter 
positionss and visibility matrices are in good agreement with the original CAD 
modelss used to generate the simulated training set. 

Finally,, the performance of a maximum likelihood classifier based on this 
generativee model was shown to result in perfect classification accuracy on a 
testt set containing simulated range profiles. This is an important proof of prin-



ciple:: model-based range profile classification from peak locations is a feasible 
approach. . 

Ann interesting topic for future research is the use of more sophisticated 
modell  of radar scattering as the basis of a generative model for peak locations. 
Althoughh the current point scattering model performs well in practice, more 
sophisticatedd models could further increase the expressive power of the gen-
erativee model. Also, it would be interesting to look into the problem of model 
orderr selection, i.e. the problem of deciding the number of scatterers present 
inn the model. 

Chapterr 6 used the generative models obtained in chapter 5 to construct two 
model-basedd classifiers for measured range profiles. The first classifier is a 
maximum-likelihoodd classifier very similar to the one presented in chapter 5. 
Thee second classifier is also model-based, but uses a similarity measure instead 
off  the maximum likelihood to classify range profiles. 

Measuredd range profiles are subjected to measurement noise and transla-
tionall  range migration. Chapter 6 presented an algorithm to assign a signifi-
cancee value to peaks extracted from measured range profiles, which is a mea-
suree of the likelihood that a peak was caused by actual scattering, or by the 
noisee process. The generative model was modified to include these significance 
valuess in the definition of peak position likelihood. The problem of transla-
tionall  range migration was solved by first aligning the peaks extracted from the 
measurementss with the distribution predicted by the model before classifica-
tion.. The performance of the resulting classifiers was shown to be comparable 
too the performance of a nearest neighbour classifier, which proves that peak lo-
cationss are indeed the correct features for comparing simulated and measured 
rangee profiles. 

Thee identification of the common features between simulated and measured 
rangee profiles is the most important result presented in this thesis, which leads 
too many possibilities for further research. 

Thee accuracy of the peak detection algorithms and the assignment of signif-
icancee values might be improved by exploiting the fact that usually a leg of 
profiless is available. In this thesis, peaks are detected on a profile by profile 
basis.. However, one could also try to detect tracks of peaks in the leg (as was 
donee in chapter 4). The significance value of a peak could then be related to the 
likelihoodd of it being part of track. 

Anotherr benefit of using tracks of peaks is that this could decrease the com-
putationall  requirements of the maximum likelihood classifier. Instead of as-
signingg scatterers to peaks, one would assign scatterers to tracks instead. This 
wouldd dramatically reduce the number of possible assignments, which is the 
mainn reason for the large computational requirements of the maximum likeli-
hoodd classifier. 

Thee obvious long-term goal of any research on non-cooperative aircraft recog-
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nitionn is actual application in radar systems. The main question which has to be 
answeredd before such an application is possible is whether sufficient classifica-
tionn performance can be achieved when many more aircraft types are included 
inn the data set. The work presented in this thesis has hopefully provided the 
nextt step towards answering that question. 



A.. Expectation-Maximisation Optimisation 

Thiss appendix provides more details on the Expectation-Maximisation algo-
rithmm described in section 5.2.3. It closely follows the description presented 
inn [55]. 

First,, let q(£l) denote an arbitrary distribution over the hidden variables fl. 
Thee log likelihood log p(R|Y) can be written as 

logp(R|Y)) = log£p<R,ft|Y) 
a a 

nn «<n> (A.1) 

==  F[q,W], 

wheree in the third step Jensen's inequality is used. The lower bound F[q, Y] is 
calledd the free energy. 

Thee Expectation-Maximisation algorithm is an iterative algorithm, which in 
eachh iteration finds an updated set of model parameters which maximise the 
freee energy. Each iteration consists of an Expectation step and a Maximisation 
step. . 

Lett r be the number of the current iteration. In the Expectation step, the 
modell  parameters Yf are fixed. By writing the free energy as 

F[F[ qq,^],^] = X^nogp{R'^t] 

== X^a)iogp(Ri )̂ + X^(n)iog^(n'^ t ) 

trr « «to) (A.2) 

== £ [ l o g p ( R | Yt ) ] , ( n ) - S g ( n ) l o gp (^ [ g )
Y t ) 

== logp(R|Yt ) -D[q(n) | |p(n |R,Yt ) ] I 

wheree D denotes the Kullback-Leibler divergence. The optimal choice q^D.) for 
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qq is given by 
qHCl)qHCl) = p(n\R,Yt), (A3) 

sincee in that case D = 0 and the free energy is equal to the log likelihood. 
Inn the Maximisation step, qHCl) is fixed, and the free energy is maximised as 

aa function of Y. A different expansion of the free energy is given by 

F[q',Y )) = Sq'(fl)logP(f/" l ' r > 

a a qnm qnm 
==  £qt ( f t ) logp(Ri n|Y) -^qHWlogqHn) <A -4> 

n n 
== E[logp(R,n|Y)V<ft) +H[q t(Cl)], 

wheree H[ql(Cl)]  denotes the entropy of qHtl)- Since ql is fixed, the entropy of 
qqzz is independent of 11. Therefore, the new optimal model parameters Y t+1 are 
thosee that maximise the first part of (A.4), i.e., the expected log likelihood: 

VVt+1t+1 = argmax £[ logp(R,n|Y)L( n | R T«) . (A.5) 
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Summary y 

Thee ability to quickly and reliably identify aircraft is an important aspect of air 
trafficc safety. Civilian air traffic controllers need to be constantly updated on 
thee status of aircraft moving through the local airspace. In military scenarios, 
thee need to reliably identify aircraft is even more stringent, since erroneous 
identificationn could easily result in friendly fire incidents. 

AA common technique for identification of military aircraft is Identification 
Friendd Foe (IFF), which relies on the aircraft providing a correct response to a 
challengechallenge transmitted by a ground station. An aircraft not capable of correctly 
answeringg the challenge is assumed to be hostile {or at least not friendly). 

Unfortunatelyy this assumption does not always hold. In recent history many 
incidentss have shown that friendly aircraft are not always capable of providing 
aa correct response, be it due to hardware failure or human error. 

Thee subject of this thesis is automatic aircraft classification from radar mea-
surements.. The main advantage of this method is that radar measurements 
andd subsequent classification can be achieved without the (active) cooperation 
off  the aircraft (Non-Cooperative Target Recognition), which can potentially de-
creasee the number of friendly fire incidents. 

Inn this thesis aircraft are classified on the basis of radar range profiles which 
aree measurements of an aircraft's radar reflectivity measured along the line-of-
sightt between the radar and the aircraft. Since the amount of reflected radar 
energyy is different for different parts of the aircraft, a range is dependent on 
thee geometry of the aircraft. It is this property of radar range profiles which 
makee them suitable features for automatic aircraft recognition. However, the 
usee of range profile for aircraft classification does have drawbacks, which are 
addressedd in this thesis. 

Radarr range profiles are heavily influenced by the distance between the radar 
andd the target at the time of measurement: changes in distance cause (cyclic) 
shiftss of the range profile. The distance between the radar and the target can 
nott be estimated with sufficient accuracy to correct the range profile for this 
effect.. Therefore, a classifier for range profiles should be translation invariant, 
i.e.,, independent of any cyclic shift of the range profile. 

Chapterr 3 introduces a new method for obtaining translation invariant classi-
ficationn of range profiles. First it is shown that range profile alignment is essen-
tiallyy a problem of phase estimation. On the basis of this analysis, a translation 
invariantt representation called the Zero-Phase Representation is constructed. 
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Thee main advantage of this representation is that translation invariant classifi-
cationn can be achieved more rapidly than with existing methods, at the cost of 
aa decrease in classification accuracy. 

AA second drawback of using range profiles for aircraft classification is the 
strongg dependency of range profiles on the pose of the aircraft with respect 
too the radar (called aspect angle). Aircraft rotations cause a change in aspect 
angle,, and even small rotations can have a drastic effect on the resulting range 
profilee due to interference effects. 

Althoughh aspect angles can be estimated from tracking data (a sequence of 
three-dimensionall  aircraft positions), the accuracy of these estimates is rather 
low.. Chapter 4 describes a new method for increasing these aspect angle esti-
matess by analysing phase information extracted from the measured range pro-
files. . 

Perhapss the main drawback of using range profiles for aircraft classification 
iss the large amount of training profiles required to construct a reliable clas-
sifier.. Range profiles are usually represented as vectors containing hundreds 
off  elements. It is well known that constructing statistical classifiers in high-
dimensionall  vector spaces requires large quantities of training data. Further-
more,, the dependency of range profiles on aspect angle causes large within-
classs variances, and so again many profiles are required to accurately reflect 
theirr statistical distribution. Unfortunately, measuring radar range profiles is 
bothh time-consuming and expensive, and so using measured data is not a feasi-
blee option for constructing a classifier. 

SimulatedSimulated range profiles provide an alternative source for obtaining training 
data.. Using radar simulation software and CAD models of aircraft, large num-
berss of range profiles can be obtained cheaply and relatively quickly, and at any 
desiredd aspect angle. 

Simulatedd range profiles are different from measured range profiles in a num-
berr of ways. Due to the limited accuracy of both the simulation software as well 
ass the CAD models, simulated range profiles can only approximate measured 
rangee profiles. Furthermore, simulated range profiles are not corrupted by mea-
surementt noise. Therefore, when constructing a classifier for measured range 
profiless on the basis of a simulated training set, care must be taken to train 
thee classifier solely on those features which are present in both simulated and 
measuredd range profiles. 

Inn this thesis it is assumed that the common features present in both simu-
latedd and measured range profiles are the positions of local amplitude maxima 
off  the profiles. These maxima are related to the position of string radar reflec-
torss on the aircraft, and one can assume that at least some of the reflectors are 
presentt in both simulated and measured profiles. 

Chapterr 5 introduces a generative model of the statistical distribution of 
thesee common features, which is conditioned on aircraft type and aspect an-



gle.. The parameters of this model have a clear physical interpretation, and in 
chapterr 5 it is shown how to reliably estimate the model parameters from a 
dataa set containing simulated range profiles. 

Finally,, chapter 6 shows how the estimated models can be used to classify 
(sequencess of) measured range profiles. The experiments performed in this 
chapterr show that the classification performance obtained is comparable to the 
performancee of standard classifiers. The main advantage of the method de-
scribedd here is the clear physical interpretation of the model parameters, and 
thee ability to estimate the statistical distribution of the common features at any 
desiredd aspect angle. 





Samenvatting g 

Dee mogelijkheid om snel en betrouwbaar vliegtuigen te kunnen herkennen is 
vann groot belang voor zowel civiele als militaire luchtvaart. Verkeersleiders die-
nenn continu op de hoogte te zijn van de positie, snelheid en andere kenmerken 
vann vliegtuigen die zich in het lokale luchtruim bevinden. In militaire scenario's 
iss betrouwbare informatie omtrent vliegtuigtypes letterlijk van levensbelang. 

Dee bestaande systemen voor het automatisch bepalen van het type vliegtuig 
(ofwell  vliegtuig classificatie) zijn gebaseerd op een vraag-antwoord principe: een 
grondstationn stuurt een zogenaamde challenge naar een vliegtuig, dat vervol-
genss geacht wordt een bijpassend antwoord terug te sturen. Een vliegtuig dat 
geenn passend antwoord terugstuurd wordt dan geacht vijandig te zijn. 

Helaass is dit laatste niet altijd het geval. In de recente geschiedenis zijn er 
meerderr gevallen bekend waarin een vriendelijk vliegtuig niet in staat bleek een 
passendd antwoord te versturen ten gevolge van een menselijke fout of door een 
gebrekk aan de hardware, met alle gevolgen vandien. 

Hett onderwerp van dit proefschrift is het automatisch herkennen van het type 
vliegtuigg (ofwel vliegtuig classificatie) op basis van radarmetingen. Het grote 
voordeell  van deze methode is dat in dit geval de meting en de daaropvolgende 
classificatiee plaatsvinden zonder de (actieve) medewerking van het betreffende 
vliegtuigg (non-cooperative target recognition). Hierdoor kunnen hopelijk in de 
toekomstt veel ongelukken worden voorkomen. 

Inn dit proefschrift is gekozen voor het gebruik van radarafstandsprofielen 
alss basis voor classificatie. Radarafstandsprofielen (of kortweg profielen) zijn 
metingenn van de sterkte van het gereflecteerde radarsignaal, gemeten langs de 
kijkrichtingg van de radar (zie 1.1). Omdat de sterkte van de refelectie verschil-
lendd is voor verschillende onderdelen van het vliegtuig zijn profielen afhanke-
lij kk van de vorm van het vliegtuig. Het is deze afhankelijkheid die profielen 
geschiktt maakt als basis voor vliegtuigclassificatie. 

Hett gebruik van radarafstandsprofielen voor vliegtuigclassificatie heeft echter 
ookk nadelen, waarvan de belangrijkste in dit proefschrift besproken en opgelost 
worden. . 

Radarafstandsprofielenn zijn sterk afhankelijk van de afstand tussen de radar 
enn het vliegtuig tijdens de meting; een verandering in afstand veroorzaakt een 
(cyclische)) verschuiving van het gemeten profiel. Omdat de afstand tussen ra-
darr en vliegtuig niet voldoende nauwkeurig kan worden bepaald om voor dit 
effectt te corrigeren, is het noodzakelijk dat de gebruikte classificatie methode 
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invariantt is onder willekeurig cyclische verschuivingen van het gemeten profiel. 
Hoofdstukk 3 beschrijft een nieuwe methode voor het translatie-invariant clas-

sificerenn van radarafstandsproftelen. Eerst wordt aangetoond dat het uitlijnen 
vann profielen in essentie een fase-schattingsprobleem is. Op basis van deze ana-
lysee wordt vervolgens een nieuwe translatie-invariante representatie van profie-
lenn gedefinieerd, de Zero-Phase Representation. Het grote voordeel van deze 
representatiee is dat translatie-invariante classificatie aanmerkelijk sneller kan 
wordenn gerealiseerd dan met bestaande methodes, hoewel dit wel ten koste 
gaatt van het uiteindelijke classificatieresultaat. 

Eenn tweede nadeel van het gebruik van radarafstandsproftelen voor vliegtuig-
classificatiee is hun sterke afhankelijkheid van de aangezichtshoek waaronder de 
radarr het vliegtuig waarneemt. Rotaties van het vliegtuig veroorzaken verande-
ringenn in aangezihtshoek, en relatief kleine rotaties (in de orde van een tiende 
graad)) kunnen al een grote invloed hebben op het gemeten profiel als gevolg 
vann interferenties. 

Aangezichtshoekenn kunnen worden geschat uit zogenaamde tracking data 
(eenn serie metingen van de positie van het vliegtuig). Echter, deze schatting is 
weinigg nauwkeurig. Hoofdstuk 4 beschrijft een nieuwe methode om op basis 
vann de oorspronkelijke schattingen van de aangezichtshoek en faseinformatie 
verkregenn uit de geobserveerde radarafstandsproftelen een verbeterde schat-
tingg van de aangezichtshoek te construeren. 

Hett grootste nadeel van het gebruik van profielen voor vliegtuigclassificatie is 
dee grote hoeveelheid profielen die nodig zijn om een betrouwbare classificator 
tee construeren. Profielen worden gewoonlijk gerepresenteerd als vectoren in 
eenn hoog-dimensionale vectorruimte (meestal van een paar honderd tot enkele 
duizendenn dimensies). Het is algemeen bekend dat het construeren van statis-
tischee classificatoren in zulke ruimtes bijzonder veel metingen vereist. Verder 
is,, vanwege de grote afhankelijkheid van profielen voor de aangezichtshoek, de 
statistischee variantie van een set profielen van één vliegtuig bijzonder groot, 
enn zijn er dus zeer veel profielen vereist om deze variantie goed te kunnen be-
schrijven.. Het meten van profielen is echter kostbaar en tijdrovend, waardoor 
hett gebruik van gemeten profielen voor het construeren van een classificator 
geenn reële optie is. 

Eenn oplossing voor dit probleem is het gebruik van gesimuleerde profielen 
voorr het verkrijgen van een dataset van voldoende grootte. Gesimuleerde pro-
fielenfielen worden verkregen met behulp van radarsimulatiesoftware in combinate 
mett drie-dimensionale CAD modellen van vliegtuigen. Op deze manier kun-
nenn snel en goedkoop veel profielen worden berekend, bij elke gewenste aange-
zichtshoek,, en voor elk gewenst vliegtuigtype. 

Gesimuleerdee radarafstandsproftelen zijn verschillen in een aantal opzichten 
vann hun gemeten tegenhangers. Vanwege de beperkte nauwkeurigheid van zo-
well  de simulate software als de gebruikte CAD modellen zal een gesimuleerd 



profiell  nooit exact gelijk zijn aan een gemeten profiel van hetzelfde vliegtuig 
bijj  dezelfde aangezichtshoek. Tevens zijn gesimuleerde profielen niet onderhe-
vigg aan ruis. Het gebruik van gesimuleerde profielen voor het classificeren van 
gemetenn profielen zal dan ook gebaseerd moeten zijn enkel op die kenmerken 
diee in beide types voorkomen. 

Eenn belangrijke aanname in dit proefschrift is dat de 'gezamenlijke' kenmer-
kenn in gesimuleerde en gemeten profielen de positie van lokale maxima van de 
amplitudess in een profiel zijn. Deze maxima komen overeen met sterke reflec-
torenn op een vliegtuig, en men mag verwachten dat op zijn minst een aantal van 
diee reflectoren zowel in de simulatie als tijdens een echte meting in het profiel 
aanwezigg zijn. 

Hoofdstukk 5 introduceert een generatief model voor deze gezamenlijke ken-
merken.. Dit generatief model is in staat om voor een gegeven vliegtuig en aan-
gezichtshoekk de statistische distributie over de posities van lokale amplitude 
maximaa te genereren. Bovendien bevat het model parameters die de effecten 
vann rotaties van het vliegtuig op de kenmerken modelleren. Hoofdstuk 5 be-
schrijftt hoe de modelparameters betrouwbaar geschat kunnen worden op basis 
vann een dataset bestaande uit gesimuleerde profielen. 

Hoofdstukk 6 laat vervolgens zien hoe de geschatte modellen gebruikt kunnen 
wordenn om gemeten profielen te classificeren. Uit de experimenten blijkt dat 
hett uiteindelijke classificatieresultaat vergelijkbaar is met dat van standaard-
methodes.. De voordelen van de in dit proefschrift beschreven methode zijn dat 
hett statistisch model gebaseerd is op fysisch interpretabele parameters, en dat 
hett niet meer nodig is om een grote hoeveelheid profielen te gebruiken tijdens 
classificatie:: het model is in staat om bij elke willekeurige aangezichtshoek 
voorr elk gewenst vliegtuigtype de distributie van de gezamenlijke kenmerken 
tee voorspellen. 
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