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6,, Model-Based Classification of Measured 
Rangee Profiles 

6.1.. Introduction 

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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(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.. Evaluation of Expected Log Likelihood 

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 ^ Pn 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 

logp(R |Yc ; 0 , r )= log£ [p (Rc | n ,Yc ; 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.. Classifiers for Measured Range Profiles 

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 = {y n}  containing N profiles, and a set 
off  corresponding aspect angle estimates 0 = { 0n} . 

6.4.1.. Maximum Likelihood Classifier 

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 Neighbour Classifier 

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 y n 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 z t. 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 y n 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.. Experiments 

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.. Conclusions 

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. 


