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Radar Cross-Section Data Encoding 
Based on Parametric Spectral Estimation Techniques 

by 
Mary Moulton Williams 

(ABSTRACT) 

Parametric modeling has many applications. These applications include data 

estimation and interpolation, modern spectral estimation, and data encoding. This 

research applies parametric modeling to radar cross section data in an attempt to encode 

it as well as preserve its spectrum. Traditionally, radar data has been processed through 

Fourier spectral estimation techniques. These methods not only require large amounts of 

data, for good spectral estimates, but assume the unobserved data values are zero which 

leads to spectral smearing. Modern spectral estimation methods alleviate these problems 

by basing the spectral estimate on a parametric model fit to the data set. The spectral 

estimate is then derived from the parameters of the model. For models which give a good 

fit to the data, a good spectral estimate can be made. 

The most common parametric models are the autoregressive moving-average 

(ARMA), the moving-average (MA) and the autoregressive (AR) model. These models 

represent filters, which when excited by a white Gaussian noise sequence give some 

output sequence. If the parameters of the models and the noise sequence are selected 

properly, a desired output data sequence can be modeled. The variance of the white noise 

is often small compared to the variance of the data sequence. This means that the model



parameters plus the noise can be stored with fewer bits than the original data sequence 

while maintaining the same amount of accuracy in the data. The model parameters and 

noise sequence can be used to reproduce the original data sequence. Further, if only the 

spectrum of the data is of interest, only the noise variance plus the parameters need to be 

stored. This could lead to an even greater amount of data reduction. 

Most high resolution radar data applications require only that the spectrum of the 

data be preserved which makes modern spectral estimation appealing. This research 

project applies parametric modeling and modern spectral estimation to high resolution 

radar data as a means of encoding it. Several different parametric modeling techniques 

are evaluated to see which would be most useful in radar data encoding. The Burg AR 

parametric model was chosen due to its computational efficiency and its good spectral 

estimates. The Burg method applied to two radar range profile data sets gave a reduction 

in data storage by a factor of four. Further encoding was achieved by fitting the Burg AR 

parameters to a set of basis functions. This produced an additional data reduction by a 

factor of 36, for a total compression factor of 144. The latter led to some distortion of 

the high resolution range profiles, yet targets were still sufficiently characterized.
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Chapter 1 - Introduction 

Most areas of radar analysis require an abundant amount of data to be collected. The 

amount of information collected depends on the type of radar used and the application for 

which it is needed. Although radars have a broad range of complexity, they are generally 

split into two categories: low resolution and high resolution radars. Radars in general 

measure changes in the transmitted radio frequency (RF) waveform. The possible 

changes are in waveform attributes much as amplitude, frequency, phase, and polarization. 

The simplest radars, low resolution, only detect changes in one of these waveform 

attributes. For example, police radars often use changes in the frequency of the waveform 

to determine the velocity of a vehicle. More complex radars, high resolution, detect 

changes in several waveform attributes. For example, changes in frequency, amplitude, 

and phase can be used to produce radar images. Many of the high resolution radar 

applications tend to require large amounts of data to be collected. The purpose of this 

research is to investigate procedures with which to encode this data while preserving the 

basic information it contains. The information to preserve depends on the type of radar 

used. One or maybe all of the waveform attributes would need to be preserved. The 

approach taken here is to encode the collected data as a transfer function model. This idea 

was adopted from the methods of speech encoding and modern spectral estimation. 

In speech analysis often the spectrum of the recorded speech is of interest. Because of 

this, transfer function modeling, also known as parametric modeling, is commonly used. 

Modern spectral estimation enables estimation of the spectrum based on the parameters of 

the model. Parametric modeling assumes the collected data can be modeled as the output 

of a filter excited by some excitation signal (usually white noise). For speech encoding, 

the signal is broken into two categories: voiced and unvoiced [9]. A voiced signal is



modeled as the output of an all-pole filter stimulated by a pulse train. Voiced signals can 

be partially characterized by a set of filter coefficients and the period of the pulse train. An 

unvoiced signal is modeled as the output of an all-pole filter stimulated by white Gaussian 

noise [14]. Unvoiced signals can be partially characterized by the filter coefficients and 

the variance of the white noise. To fully characterize the unvoiced signal the exact noise 

sequence would need to be stored. All these techniques lead to a reduction in disk storage 

space. The reduction in storage for the fully characterized unvoiced speech signal may 

not be intuitive but will be explained in Chapter 2. 

There are three basic types of parametric models: autoregressive, moving-average, and 

autoregressive moving average. Before the parametric modeling approach can be used, 

the type of model must be chosen. This decision is based on the desired spectrum. If 

sharp peaks in the spectrum need to be duplicated then autoregressive modeling might be 

best. If, on the other hand, one is interested in the nulls of the spectrum then moving 

average modeling might be best. If a combination of peaks and nulls are needed then 

autoregressive moving average might be best. There are other factors to consider when 

choosing the best model to use. These will be discussed in detail in Chapter 2. 

As in many speech applications, the only interest in many radar applications is in the 

spectrum of the collected data. Processing of radar images, and Doppler data, involves 

applying the Fourier transform to the collected data to obtain its spectrum. Radar data 

also has a similar statistical make up as unvoiced speech. For these reasons parametric 

modeling of radar data will be applied to various types of radar data. The types of radar 

signals which lend themselves to parametric encoding are Doppler, swept frequency, and 

swept angular. Processed swept frequency data gives a range profile, while processed 

swept angular data gives a cross-range profile. When the frequency and angular data are 

both processed a Synthetic Aperture Radar (SAR) image is formed. A SAR image is thus



a two dimensional radar image resolved in range and cross range. 

A natural extension to parametric modeling is modern spectral estimation. From a set 

of derived filter coefficients the estimate of the spectrum can be calculated. Chapter 2 

gives a detailed description of this process. Chapter 3 gives an overview of radar 

waveforms and applications. Chapter 4 covers traditional radar image processing 

techniques. Chapter 5 reviews current applications of parametric models to radar data. 

Chapter 6 is the core research chapter. The research involves the application of parametric 

models to high resolution radar data in order to encode it. The research begins with 

simple radar data sets with known spectrum in order to evaluate the different parametric 

techniques. These techniques are then applied to radar cross-section data collected on 

complex targets. Chapter 7 gives a summary of the results and gives insight into how this 

research can be useful in not only radar data encoding, but also as a method for target 

identification and classification.



Chapter 2 - Parametric Modeling and Spectral Estimation 

2.0 - Chapter Summary 

There are three basic types of parametric models: autoregressive (AR), moving 

average (MA), and autoregressive moving-average (ARMA). An AR model can be 

viewed as an all-pole filter. An MA model can be viewed as an all-zero filter. An ARMA 

model can be viewed as a filter which is a combination of the AR and MA models, having 

both poles and zeros. These types of models are also referred to as time series or transfer 

function models. A random process can be modeled as the output of one of these filters 

stimulated by white noise. 

Some applications of parametric modeling are modern spectral estimation, data 

interpolation and extrapolation, and data encoding. The goal of this research is to use 

parametric modeling to encode radar data while preserving a good estimate of its 

spectrum. Spectral estimation using parametric models often gives better resolution than 

traditional spectral estimation techniques. This improved spectral estimate can be 

attributed to the fact that traditional methods often assume unobserved data is either zero 

or repeats periodically, while parametric methods use a priori information to make 

assumptions about the process from which the spectrum is estimated [10]. 

Although parametric spectral estimates can give better estimates than traditional 

methods there are some limitations to parametric methods. One such limitation is the lack 

of a definitive model order selection criterion. The inability to exactly predict a model 

order may lead to erroneous spectral peak or null estimates. Other limitations are the 

effects of signal-to-noise ratio and data record length on the spectral estimate. These 

limitations will be discussed in detail in Section 2.7.



Chapter 2 focuses on the three parametric models; AR, MA, and ARMA. Section 2.1 

will give a general overview of parametric modeling. Section 2.2-2.4 details each of the 

three models and gives their theoretical spectral estimation and parameter relationships. 

Section 2.5 covers different types of model order estimation criteria available for the three 

parametric models. Section 2.6 gives a brief overview of some parametric modeling 

applications. The chapter concludes with a discussion of the problems associated with 

parametric modeling. 

2.1 - Parametric Modeling 

Discrete random processes can be portrayed as linear systems. As such, linear system 

theory applies to discrete random processes. A generic linear system model of a discrete 

random process is depicted in Figure 2.1, where x, is filtered producing y,. Many 

processes can be approximated as filters satisfying the following general difference 

equation: 

P q 

Yn = Vane t Yo Orns (1) 

k=0 k=1 

where a, and b, are constant model coefficients. The difference equation shows that the 

present output value of the process, y,, can be modeled as weighted sums of past output 

values and past and present input values, x, _,. As in linear system theory, a process can 

also be described by its transfer function. The general transfer function corresponding to 

the difference equation in (1) is



  (2) 

where A(z) and B(z) are the z-transforms of the output summation term and the input 

summation term of the difference equation, respectively. Often the input of a process is 

unknown; in this case an input sequence must be chosen. One common transfer function 

model uses a white Gaussian noise sequence as the input as in Figure 2.2. Transfer 

function models with difference equations of the form in (1) and white noise input 

sequences are called AutoRegressive Moving-Average (ARMA) models. ARMA models 

can be used to model wide-sense stationary discrete random processes. ARMA models 

are also referred to as pole/zero models because their transfer functions exhibit both poles 

and zeros. In transfer function modeling, the model coefficients, a, and b,, can be found 

by minimizing the mean squared error between the actual data sequence, y,, and its 

estimate, },. 
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Figure 2.1: Linear System Depiction       

The ARMA model is the most general of the transfer function models. There are two 

other types of transfer function model, both of which are degenerate cases of the ARMA 

model. The autoregressive transfer function model can be derived by setting 5, equal to
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    Figure 2.2: Transfer Function Modeling 
  

one and all other 5, coefficients equal to zero in the ARMA model. An AR model is an 

all-pole model. The resulting difference equation for the AR model is 

P 

Yn =~) WI nn tn (3) 
k=l 

This AR time-series model is based on a causal transfer function filter whose poles are 

inside the unit circle of the z-plane to insure stability. Equation (3) is called the forward 

prediction model. In the same manner, if the transfer function filter is anticausal, the poles 

must lie outside the unit circle to ensure stability. The AR time-series model based on the 

stable, anticausal transfer function filter is a backward model of the following form: 

P 

Yn=-)% Yntk + Xy- (4) 

k=1 

As seen from (3) the forward prediction model uses past output values to predict future 

output values. Equation (4) shows that the backward prediction model uses future output



values to predict past output values. 

The Moving-Average (MA) model is found by setting the a, coefficient of the ARMA 

model equal to one and all other a, coefficients equal to zero. MA models are composed 

of all zeros. The difference equation satisfied by an MA model is 

q 

Yn = Voy (5) 
k=90 

The ARMA, AR and MA models are also referred to as parametric models. These 

parametric models can be used to model a process based on a representative output 

sequence from the process. There are several steps involved in parametric modeling. 

First, the model type which is most appropriate for modeling the process is chosen. 

Second, the order of the model is selected. Finally, the coefficients of the model are 

estimated from a representative data set of the process. The model coefficients can be 

used to estimate the spectrum of the process or to reproduce the data sequence used to 

derive the coefficients. When parametric modeling is used for spectral estimation of a 

process, the selection of the model type depends on the features of interest in the spectrum 

of the process being modeled. If the peaks of the spectra are of interest, then an AR model 

is usually more appropriate. If the nulls of the spectra are of interest, then an MA model is 

usually more appropriate. If both nulls and peaks of the spectra are of interest then an 

ARMA model is usually more appropriate in the modeling process. 

Another factor which affects the selection of the model type is the complexity of the 

algorithm used to determine the model coefficients. Often there is a trade-off between the 

best method to model a process and the least computationally expensive method. It 

should be noted that ARMA and MA model coefficients are much harder to calculate than 

AR model coefficients. This is due to the fact that for ARMA and MA models, the



coefficients are estimated by solving a set of non-linear equations. AR model coefficients 

can be found by solving a set of linear equations, making coefficient estimation much 

easier, and faster. 

The order of the model is another important factor to consider when modeling with 

parametric models. For data encoding purposes, model orders which require excitation 

noise with minimal variance are desired. For spectral estimation purposes, the order 

selection is difficult to determine. If the order selected is too low some peaks of the actual 

process might not be modeled while others might be skewed. On the other hand, if the 

order used is too high, spurious spectral peaks may appear in the estimate of the process’s 

spectrum. Although model order selection is very important there are no exact methods 

to determine the best order. There are, however, a few guidelines which one can follow 

[11]. 

Other factors to consider when modeling a process with a parametric model will be 

discussed in Section 2.6. For example, the signal-to-noise ratio (SNR) can be crucial in 

determining the validity of using parametric modeling on a process. Also, the length of 

the representative data set can be important. 

2.2 - AR Modeling 

Based on the AR difference equation in (3), a generic flow chart of an AR model was 

drawn in Figure 2.3. An AR model uses a present input excitation noise value and 

weighted sums of past process output values to determine present output values. The 

weights, or AR coefficients, can be derived from representative data sets of a process. The 

different AR methods used in this research, to derive the AR coefficients, are the 

Autocorrelation, the Covariance, the Modified Covariance and the Burg methods. These
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Figure 2.3: Flow Chart of an AR Model 

  

  

signal processing, and graphical display software package. 

four algorithms were derived by others and programmed in Fortran previously [11]. The 

Fortran codes were reprogrammed for the purposes of this research into a Matlab control 

language. Matlab is a commercial off the shelf numerical analysis, matrix computation, 

statements for the AR algorithms used in this research are found in Appendix 2A-C. All 

four methods use a minimization of an estimated prediction error power to find the AR 

parameter estimates. Each method uses a different estimate of the prediction error power 

10 

  
A printout of the Matlab



giving different solutions to the AR linear prediction problem. The prediction error power 

in general can be defined as an averaging of the magnitude squared of the sum of the 

differences between an actual set of data from a process, y, , and its estimate, »,. From the 

parameters of the AR model the power spectral density (PSD) can be found from the 

following relationship: 

2 

P() = 2 -W/2<fs1/2 (6) P 2 

1+ S° a,exp (-j2nfk) 

  

  

  

The Autocorrelation, Covariance, and Modified Covariance methods calculate the AR 

coefficients directly from the minimization of the prediction error filter. The Burg method 

finds a set of reflection coefficients first, and then determines the AR coefficients by 

applying the Levinson recursion to the reflection coefficients. For each method, the 

variance of the white excitation noise is then found as the minimum value of the 

prediction error power. A complete derivation of each of these methods can be found 

elsewhere [11], therefore only a brief outline of the algorithms and their design will be 

addressed. 

Beginning with the Autocorrelation method, it solves for the AR coefficients, a,, 

based on a minimization of an estimate of the prediction error power. The estimate of the 

prediction error power used for the Autocorrelation method is 

p= (7) 

zi
m 

M
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The prediction error power estimate for the autocorrelation method is zero outside the 

observation window of y,. Minimization of 6 can be found by differentiating with respect 

ll



to a, and then setting the resulting equation equal to zero. This results in the set of Yule- 

Walker equations, with the following matrix form [11]: 

Po Pay we Piep-ty) | % P, 

PooPg ows F_(p-2y| [42] _ _|?o (8) 

Ty-1 lpg MO a, ry 

where 

N-1-k 

1 ° for k=0,1 ~ = y, ¥ Or K=U,1,...,p 
p= N y; n atk ; (9) 

k n=0 

PF, for k=(p-1),-(p-2),...5 -1 

Equation (9) is the estimator of the biased autcorrelation function (ACF) of y,. Due to the 

symmetric, Hermitian and Toeplitz form of the biased ACF estimate, the Yule-Walker 

equations can be solved efficiently using the Levinson recursion [11]. The autocorrelation 

algorithm corresponding to (7) through (9) is made up of two subroutines. The first, 

correlat.m, solves for the biased ACF estimate based on the data set y,. The last 

subroutine performs the Levinson recursion solving the set of matrix equations, in (8), 

using the biased ACF estimate found by the correlat.m subroutine. The variance of the 

white excitation noise is then found using (7). 

The Covariance method minimizes the following estimate of the prediction error 

power 

(10) 

    
12



This estimate differs from the one used for the autocorrelation method in that it only uses 

observed values of y,. The set of matrix equations produced by minimizing (10) has the 

same form as (8) except the biased ACF of y, is replaced by the following function: 

N-1 
1 * 

Cie = Nop Ln Dn (11) 

n=p 

This set of equations is not as easily solved as were the Yule-Walker equations. The 

method used to solve this set of equations is the Cholesky decomposition. The Cholesky 

Matlab algorithm used to solve this set of equations can be found in Appendix 2B. 

The Modified Covariance method is much like the Covariance method except the 

prediction error power estimate used in the solution was formulated as an average of the 

forward and backward prediction errors. This averaged estimate of the prediction error 

power results in a set of matrix equations with 

1 N-1 N-1-p 

Ck = saa D- Yn-et y; Paadnee (12) 

n=p n=O 

The set of matrix equations formulated by the modified covariance method can also be 

solved using the Cholesky decomposition. Since the covariance and modified covariance 

methods differ only by the c, , matrix, these algorithms were combined into one with a flag 

indicating which method is being used. This flag will ensure that the proper definition of 

c; ; 18 used. 

The Burg method is a little more complicated than the autocorrelation or the 

covariance methods, yet computationally it is simpler. The Burg method uses the 

13



minimization of the average of the forward and backward prediction error powers to 

estimate the reflection coefficients; the AR parameters are then estimated from the 

reflection coefficients, using the Levinson recursion. The reflection coefficients give the 

relationship between the forward and backward prediction error power for a linear 

prediction filter of order k and a linear prediction filter of order k-1. The relationship 

between the reflection coefficients of an AR prediction filter and its AR parameter 

estimates for k=1,2.,...,p is [11] 

. a | teeth es for i=1,2,....k-1 13) 
Qiki = - 

ky for i=k 

The kth order reflection coefficient can be found from the (k-1)th prediction error as 

follows: 

N-1 

“2 (1,n)"n-1,n-1 
n= 

N-1 
a 2 Ab 2 

ys k-tynl FP l¢k-1,n-1 

> 
a
 i =
 

(14) 

  

    

Equations (13) and (14) comprise the Burg algorithm where the excitation noise can be 

found as the minimum of the prediction error power. The recursive equation for the 

minimum prediction error power becomes [11] 

Py = (1 - lel JOe- 1: (15) 

14



2.3 - MA Modeling 

Based on the MA difference equation given by (4), the MA model flow chart was 

drawn in Figure 2.4. The MA method used to determine the MA model coefficients 

throughout this research was the Durbin Method. Kay derived the Durbin algorithm in 

detail and provided a Fortran program to implement this algorithm [11]. The Durbin 

algorithm was reprogrammed in Matlab for use in this research. A copy of the Durbin 

Matlab program can be found in Appendix 2D. The Durbin method uses the fact that an 

MA(q), where q is the MA model order, can be equivalently represented as an AR(~) 

model. If the MA(q) is approximated by an AR model of some large order, L, an estimate 

of » can be found by applying the autocorrelation method to the AR parameters. 

From the MA(q) parameter estimates, an estimate of the spectrum can be found. The 

PSD estimate based on the MA parameters is 

2 

Pus) =o . (16) 

    

q 

1+ b,exp (-j2nfk) 

2.4 - ARMA Modeling 

ARMA models consist of a combination of AR and MA models. A flow chart of an 

ARMA model can be produced by overlaying the AR and MA flow charts at the z} 

junctions. Although ARMA modeling on the surface would seem ideal for data modeling, 

it has some disadvantages over the other model types. A major disadvantage of the 

ARMA method is that the parameters, especially the MA parameters, are difficult to 

calculate since they are found by solving a set of non-linear equations called the Modified 

Yule-Walker Equations (MYWE). One method used to solve the ARMA non-linear 

equations is the Modified Yule-Walker (MYW) method. 

15
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        Figure 2.4: Flow Chart of an MA Model   
  

The MYWE algorithm breaks the ARMA problem into two parts, the AR portion and 

the MA portion. The AR portion is solved by using the MYWE. Once the AR parameters 

are found the MA problem is found by filtering the ARMA process by A(z). The MA 

portion can then be solved using any MA estimation technique. Since the Durbin 

algorithm was already discussed in Section 2.3, it will be used to solve the MA portion of 

the ARMA process. Once the ARMA coefficients are found, the PSD can be estimated 

using the ARMA coefficient and PSD relationship. This relationship is 

16



q 2 

1+ y) bexp (i20fh) 

Parma) = 0 |—E=1 7) 
1+ a,exp (-j2nfk) 

  

2.5 - Model Order Selection 

When applying parametric modeling to a process the order of the model is not always 

apparent. There are some criteria which make model order selection easier but they are 

not exact. When using parametric modeling to estimate the spectrum of a process, care 

must be taken not to pick too high of an order. If the order is too high erroneous peaks in 

the spectral estimate may result. In the same vein, care must be taken not to choose too 

low of an order. In this case the spectral estimate may be too smooth. For data encoding, 

minimal model orders are desired. The goal of model order selection is to minimize order 

while maximizing the accuracy of the spectral estimate. 

There exist several criteria that give good guidance on which model orders might work 

best in modeling a data set. Since these criteria are different for each of the time-series 

models, they will be discussed separately. For each parametric method a form of the 

Akaike Information Criterion (AIC) will be discussed. In addition, the final prediction 

error (FPE) criterion for AR order selection will be discussed. When AR models are used 

to model true AR processes, the optimum model order is simply the order which gives the 

minimum prediction error power. Order estimation for modeling of noisy AR processes is 

much more difficult. For noisy AR processes, modeling becomes a trade off between 

minimizing the prediction error power and minimizing the bias of its spectral estimator. 

The ideal model order when modeling a noisy AR process with AR time-series techniques 

is infinite. Since an infinite order is impossible, and for many radar applications interests 

lie in modeling the underlying process without the noise, a model order which best models 

17



the underlying process is desired. 

Although there are many other AR order estimation techniques, only two are used for 

the purposes of this research. They were chosen due to their simplicity and wide spread 

use. These two order criteria are the FPE and the AIC. The FPE criterion is based on the 

minimization of the prediction error power. The FPE criterion model order is one that 

minimizes 

Nt+k. 
FPE(k) = 5-6, (18) 

where 6, is the estimate of the prediction error power, w is the size of the data set, and x is 

N+k 
N-k 

prediction error decreases with increasing order. This term attempts to take into account 

the model order [11]. The term in (18) increases with increasing order, while the 

the higher variance due to poor model estimates [11]. 

A second AR model order selection criterion is one that minimizes the Akaike 

Information Criterion (AIC) function. The AIC function has the following form 

AIC (k) = Nin(6,) + 2k. (19) 

The AIC criterion attempts to minimize the difference between the probability density 

function (PDF) of the model and the true PDF of the process being modeled [11]. A 

complete derivation and description of the Akaike criterion can be found elsewhere [11]. 

MA and ARMA model order selection criteria are not as simple as those for AR model 

order selection. MA and ARMA prediction error powers do not reach an obvious 

minimum but instead decrease with increasing model order. This would suggest an 

infinite model order would provide the best solution. This is not necessarily the case since 

18



there is a trade off between computational speed, data to be stored and an improved 

estimate. This means that the prediction error power can not be used as a criterion for 

model order prediction for MA or ARMA modeling. For this reason, the AIC criterion for 

AR modeling has been modified for MA and ARMA models [11]. The model order which 

minimizes these modified AIC functions will give an approximate model order to use. 

These functions are 

AlCy,(i) = Nlogo, +2i (20) 

for the MA model, where 6; is an estimate of the ith order model white noise variance 

and 

a2 
AIC saya (inj) = Nlogo,; +2(é+,) (21) 

for the ARMA model [11]. 

The AIC and FPE criteria are based on the assumption that N 1s large. For the majority 

of this research the data records are large and this assumption will hold. Also, these 

methods do not give an exact model order to use but they do provide guidance for and an 

approximate model order to use. 

2.6 - Traditional Uses of Parametric Modeling 

Parametric modeling has many uses, but the three which will be discussed in detail are 

speech encoding, modern spectral estimation, and data extrapolation and interpolation. 

The idea behind this research is to apply the concepts from these applications of 

parametric modeling to the field of radar. Since much of radar data analysis is interested 
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in the spectral domain of the received signal there seems to be a direct use for parametric 

modeling in the field of radar. Also, since radars tend to collect an abundant amount of 

data, there is a continued need for ways to compress radar data. This research will attempt 

to apply parametric models to different types of radar data in an attempt to encode it. 

Some speech signals can be encoded as AR processes by fitting the speech signal to an 

AR model. Once the model is found the coefficients and the error are transmitted. The 

received signal (coefficients plus error) is used to reconstruct the original sound signal. 

The encoding process allows the original signal to be transmitted using fewer bits, 

allowing more information to be transmitted in a shorter period of time. 

Spectral estimation is another application of parametric modeling. As shown in 

Sections 2.2 through 2.4, the PSD of a data set can be estimated from the parameters of its 

corresponding linear prediction model fit. The accuracy of the PSD estimate depends on 

the accuracy of the prediction model fit. Often spectral estimates found through 

parametric modeling methods have better resolution than traditional spectrum estimation 

techniques [11]. 

Finally, parametric models can be used to interpolate or extrapolate data from a data 

sequence. Data from a discrete-time random process can be modeled as a parametric 

model. This model can then be used to estimate future or past data values outside the 

observation window. By extending the data set it is also possible to get an improved 

spectral estimate of the data [18]. 

2.7 - Problems Associated with Parametric Modeling 

Although parametric modeling has many applications, it is not without problems. It is 

important when using parametric models, that their limitations be known. Section 2.5 
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showed the problems which may be associated with picking a model order. Another 

problem that exists with AR spectral estimation is its sensitivity to additive noise [11]. A 

study performed by Kay investigated the effects of additive noise on the spectral estimates 

derived by AR and Periodogram methods on data of varying lengths. The signal used in 

Kay’s experiment consists of two sinusoids in white noise. Figure 2.5 shows the results of 

this test. Higher SNR’s prove AR spectral estimation superior and lower SNR’s prove 

Periodogram spectral estimation superior. Figure 2.5 will be useful when evaluating the 

abilities of the AR spectral estimate in Chapter 6. 
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Appendix 2A 

Autocorrelation Method Matlab Programs 

%o 

%o 

% 

To 

%o 

%o 

To 

To 

Jo 

Jo 

Jo 

To 

Jo 

%o 

%o 

Jo 

%o 

%o 

%o 

Jo 

% 

function [A,SIG2]=autocorr(X,N,IP) 

This program implements the autocorrelation method 

of linear prediction for estimation of the AR parameters. 

Input Parameters: 

X: data array 

N: number of data points 

IP: AR model order desired 

Output Parameters: 

A: — array of AR coefficients 

SIG2: Excitation white noise variance estimate 

Compute samples of biased autocorrelation estimator 

MODE=1; 

LAG=IP+1; 

Txx=correlat2(N,LAG,MODE,X,X); 

Levinson recursion 

[A,AA,rho]=levinson2(rxx, IP); 

SIG2=rho(IP); 

function rxx=correlat2(N, LAG,MODE,X,Y) 

This program computes either the unbiased or biased complex 

correlation estimates between arrays X and Y of complex data 

samples. 

Input Parameters: 
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%o 

% N: number of data points 

% LAG: number of correlation samples desired 

% MODE: 0 for unbiased estimates; 

% otherwise biased 

% XX: first data array 

% Y: second data array 

% 

% Output Parameters: 

% 

%  Yrxx: correlation estimates 

% 

for k=0:LAG-1 

=N-k; 

SUME=0.; 

for J=1:Nk 

SUM=SUM+conj(X(J)).* Y J+k); 

end 

if MODE==0 

rxx(k+1)=SUM./(N-k); 

else 

rxx(k+1)=SUM./N; 

end 

end 

function [A,AA,rho]=levinson2(rxx,IP) 

%o 

% This program implements the Levinson recursion. 

%o 

% Input Parameters: 

Jo 

Yo Xx: autocorrelation array 
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% IP: desired order 

%o 

% Output Parameters: 

% 

% A: array of estimated model coefficients 

% AA: 2-D array of model coefficients as they change with order 

% rho: array of prediction error power 

% 

% Initialize Levinson recursion 

AA(1,1)=-1rxx(2)/rxx(1); 

rhoO=rxx(1); 

rho(1)=(1.-abs(AA(1,1))42)*rxx(1); 

A(1)=AA(1,1); 

if (IP>1) 

% Levinson Recursion 

for k=2:IP 

Num=-rxx(k+1); 

for l=1:k-1 

Num=Num-AA(Lk-1)*rxx(k+1-]); 

end 

AA(k,k)=Num/rho(k-1); 

% Update in order the prediction error filter and prediction 

% error power 

for I=1:k-1 

AA(k)=AA(Lk-1)+AA(k,k)*conj(AA(k-Lk-1)); 

end 

rho(k)=(1.-abs(AA(k,k))42)*rho(k- 1); 

end 

% Final solution 

A=AA(:, IP); 

end 
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% 

Jo 

%o 

To 

%o 

%o 

%o 

Yo 

Jo 

Jo 

To 

Jo 

Jo 

%o 

Jo 

Jo 

%o 

function rxx=correlat2(N,LAG,MODE,X,Y) 

This program computes either the unbiased or biased complex 

correlation estimates between arrays X and Y of complex data 

samples. 

Input Parameters: 

N: number of data points 

LAG: number of correlation samples desired 

MODE: 0 for unbiased estimates; 

otherwise biased 

X: first data array 

Y: second data array 

Output Parameters: 

Txx: correlation estimates 

for k=0:LAG-1 

Nk=N-k; 

SUME=0.; 

for J=1:Nk 

SUM=SUM+conj(X(J)).* Y(J+k); 

end 

if MODE== 

1Txx(k+1)=SUM./(N-k); 

else 

rxx(k+1)=SUM./N; 

end 

end 
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Appendix 2B 

Covariance and Modified Covariance Methods Matlab Programs 

function (IFLAG,A,SIG2]=COVMCOV(X,N,IP,MODE,EPS) 

% This program implements either the covariance method 

Jo 

% Inputs: 

%o 

% XX: Complex data points 

% N: Number of data points 

% IP: AR model order desired 

% MODE 0 =covariance method 

1 = modified covariance method 

% EPS: Small positive number to test for il-conditioning 

%o 

% Outputs: 

%o 

%  IFLAG:  I[ll-conditioning indicator 

% returns O for normal program termination 

% returns 1 if one of the di’s in Cholesky decomposition 

% is less than EPS causing premature termination 

Jo A: AR parameter estimates 

% S\IG2: Excitation white noise variance estimate 

Jo 

L=1;CC=zeros(IP, 1); 

for K=1:IP 

for J=1:K 

% For covariance method use only single 

% autocorrelation term 

for I=IP+1:N 

CC(L)=CC(L)+conj(X(I-J))*X(I-K); 

end 
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% For modified covariance method add additional 

% autocorrelation term 

if (MODE==1) 

for I=1:N-IP 

CC(L)=CC(L)+X(I+J)*conj(X(I+K)); 

end 

end 

L=L+1; 

end 

end 

A=zeros(IP, 1); 

for J=1:IP 

% Compute right hand vector of covariance equations 

% For covariance method use only single autocorrelation 

% term 

for I=IP+1:N 

A(J)=A(J)-con(X(I-J))*X(D; 

end 

% For modified covariance method add additional 

% autocorrelation term 

if (MODE==1) 

for I=1:N-IP 

A(WD=AGQ)-X(+-J) *conj(X()); 

end 

end 

end 

% Compute AR filter parameter estimate 

(IFLAG,A]=cholesky(CC,A,IP,EPS); 

if TFLAG~=-1) 

% Compute estimate of white noise variance 

SUM=0.; 

for KK=1:IP+1 
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C=0.; 

K=KK-1; 

% For covariance method use only single autocorrelation 

% term 

for I=IP+1:N 

C=C+conj(X(D)*X(I-K); 

end 

% For modified covariance method add additional 

% autocorrelation term 

if (MODE==1) 

for I=1:N-IP 

C=C+X(I)*conj(X(I+K)); 

end 

end 

if(K==0) 

SUM=SUM+C; 

end 

if (K~=0) 

SUM=SUM+C*A(K); 

end 

end 

% Complete estimate of white noise variance 

if (MODE==1) 

SIG2=real(SUM)/(2.*(N-IP)); 

else 

SIG2=real(SUM)/(N-IP); 

end 

end 

end 
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Appendix 2C 

Burg Method Matlab Program 

%o 

% 

Jo 

%o 

%o 

% 

%o 

%o 

%o 

% 

Jo 

Jo 

%o 

% 

%o 

% 

% 

%o 

function [A,SIG2]=burg2(X,N,IP) 

This program implements the Burg method for 

estimation of the AR parameters. 

Inputs: 

X: data array 

N: Number of data points 

IP: desired AR model order 

Outputs: 

A: estimates of the AR parameters 

SIG2: estimate of the white noise variance 

Compute the estimate of the autocorrelation at lag zero 

tho0=0.; 

for n=1:N 

rhoO0=rho0+abs(X(n))A2/N; 

end 

Initialize the forward and backward prediction errors 

for n=2:N 

ef1(n)=X(n); 

eb1(n-1)=X(n-1); 

end 

Begin recursion 

for k=1:IP 

Compute the reflection coefficient estimate 

Num=0; 
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Den=0; 

for n=k+1:N 

Num=Num-+ef1(n)*conj(eb1(n-1)); 

Den=Den-+abs(ef1(n))42+abs(eb1 (n-1))42; 

end 

AA(k,k)=-2.*Num/Den; 

% Update the prediction error power 

if (k==1) 

tho(k)=(1.-abs(AA(k,k))*2)*rho0; 

end 

if (k>1) 

rho(k)=(1.-abs(AA(k,k))42)*rho(k-1); 

end 

if IP~=1) 

if(k~=1) 

% Update the prediction error filter coefficients 

for i=1:k-1 

AAG,k)=AA(,k-1)+AA(k,k)*conj(AA(k-1,k-1)); 

end 

% Update the forward and backward prediction errors 

end 

for n=k+2:N 

ef(n)=ef1(n)+AA(k,k)*eb1 (n- 1); 

eb(n-1)=eb1(n-2)+conj(AA(k,k))*ef1 (n- 1); 

end 

for n=k+2:N 

ef1(n)=ef(n); 

eb1(n-1)=eb(n-1); 

end 

end 

end 

% Estimate the prediction error power and the AR parameters 
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SIG2=rho(IP); 

for n=1:IP 

A(n)=AA(n, IP); 

end 

Appendix 2D 

Durbin Method Matlab Program 

%o 

Jo 

To 

%o 

Yo 

%o 

% 

%o 

To 

Jo 

Jo 

% 

%o 

%o 

Jo 

Jo 

% 

Jo 

function [B,SIG2]=durbin(X,N,IQ) 

This program implements Durbin's method of estimating 

the MA parameters of a complex time series. 

Input Parameters: 

X: complex data array 

N: number of data points 

IQ: MA model order desired 

L: Large AR model order (N/5 usually works well) 

Output Parameters: 

B: MaA filter parameter estimates 

SIG2: excitation white noise variance estimate 

Fit a large order AR model to the data using autocorrelation method 

L=N/5; 

[A,SIG2]=autocorr2(X,N,L); 

Use large order AR parameter estimates as new data 
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L1=L+1; 

AP(1)=1; 

for [=2:L1 

AP(I)=A(I-1); 

end 

% Use autocorrelation method to generate MA parameter estimates 

[B,PB]=autocorr2(AP,L1,1Q); 

Appendix 2E 

Modified Yule-Walker Method Matlab Program 

function [A,B,SIG2,IFLAG]=myw(X,N,IP,IQ,EPS) 

%o 

% This program implements the modified Yule-Walker equation 

% estimator for the AR parameters of an ARMA process . 

% 

% Input Parameters: 

Jo 

% X: complex data array 

% NN: number of data points 

% IP: AR model order desired 

% JQ: MA model order desired 

% EPS: small positive number used to test for ill-conditioning 

% 

% Output Parameters: 

% 

% A: Complex vector of dimension IPx1 of AR parameter 

%. B: Complex vector of dimension IQx1 of MA parameter 

%  SIG2: Excitation white noise variance estimate 

% IFLAG: Indicates ill-conditioning of a matrix 
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Jo 

Jo 

Jo 

%o 

To 

Jo 

%o 

Compute unbiased autocorrelation estimates 

LAG=IP+IQ+1; 

R=correlat2(N,LAG,O,X,X); 

Solve modified Yule-Walker equations using recursive routine 

[A,.IFLAG]=toepegqn(R,IP,IQ,EPS); 

if({FLAG~=-1) 

Filter data by estimated A(z) to yield approximate 

MA time series (set initial conditions equal to zero) 

Y=czerofit(X,N,IP,A); 

Apply Durbin's method with large order AR model order of 

N/5 to estimate the MA parameters and white noise variance 

L=fix(N/5); 

[B,SIG2]=durbin(Y,N,JQ,L); 

end 
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Chapter 3 - Radar Waveform and Instrumentation 

3.0 - Chapter Summary 

There are two basic types of radars: Continuous Wave (CW) and pulsed. Continuous 

wave radars transmit and receive electromagnetic (EM) energy continuously. Pulsed 

radars transmit EM energy in pulses and receive energy between pulse transmissions. CW 

and pulsed radar general waveform parameters are amplitude, frequency, and phase. 

When the EM wave interfaces with a target, information about the target is relayed to the 

wave by changes incurred by the transmitted wave [22]. Differences between the 

transmitted and received waveform parameters can give such information as the target’s 

range, velocity, size (RCS), and location. Simple radars give knowledge about the target 

as a whole. These radars are classified as low resolution radars. High resolution radars 

divide the target into cells, where information about each cell of the target can be found. 

Section 3.1 covers low resolution radars and their waveform characteristics. The most 

common low resolution radars are the continuous wave (CW) and the pulsed radars. 

Section 3.2 contains information on high resolution radars. The most common high 

resolution radars are the frequency modulated CW (FMCW) and the pulsed Doppler 

radars. Because of the increased amount of information gained from high resolution 

radars, their waveforms tend to be more complex than those of low resolution radars. 

3.1 - The General Radar Waveform 

The two most basic radar waveforms are continuous and pulsed. The common wave 

form parameters are amplitude, frequency, and phase [7]. The pulsed radar waveform 

parameters include information about its pulses. Different forms of the CW and pulsed 
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waveforms can be created by changing the waveform attributes. For example, the basic 

waveform can be changed by modulating any one of the waveforms basic wave 

parameters. Radar waveforms are designed for specific applications. Only the more 

popular radars and their waveforms will be discussed in Chapter 3. These radars are CW, 

frequency modulated CW (FMCW), pulsed, and pulsed Doppler. 

In general, the complex representation of a radar signal at some point in space has the 

following form 

s(t) = a(Z) exp (att ())] (22) 

where a(t) is the amplitude, po is the carrier frequency and w(#) is the phase. Radar 

measurements involve the propagation of a radar signal in the direction of a target. A 

portion of the radar signal is reradiated by the target in the direction of the radar. The 

radar receives the reflected wave. The form of the received signal is affected by many 

conditions. It would be impossible to take into account all of these effects on the 

transmitted wave. To give a feel for the ways in which the target affects the transmitted 

wave it will be assumed that the target is a point scatterer. The received signal from a 

point scatterer has the following mathematical form [8] 

s,(t) = Aa(t) exp J (@) + @,) (¢-1) +y(@)] (23) 

where A is the attenuation due to the round-trip propagation, t is the round-trip delay, and 

@, is the Doppler frequency shift. The target’s interaction with the transmitted radar 

signal changes it, therefore enabling much information about the target to be identified. 

From the amplitude of the received signal a target can be detected. The strength of the 

received relative to the transmitted signal also gives a feel for the size or radar cross- 
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section (RCS) of the target. If the target is moving, the received radar signal will be 

frequency shifted. This shift in frequency is called the Doppler effect. The Doppler effect 

from a moving target can also be used to resolve a target in a direction normal to the radar 

line of sight, termed cross-range resolution. If the transmitted signal is frequency or phase 

modulated, the target can be discriminated in the direction parallel to the radar line-of- 

sight, termed range resolution. The details on how to process the received waveforms, 

and what information is gained from them, will be discussed in Chapter 4. 

3.2 - Low Resolution Radars 

Low resolution radars tend to have simple radar waveforms. A typical transmitted 

signal from a low resolution radar would have the form of (22) with the time variations of 

the amplitude and the phase terms removed. In fact, most low resolution radars only 

detect the reflected signal’s amplitude and no phase. Low resolution measurements are 

only able to obtain information about the target as a whole. The radar essentially resolves 

the target into one resolution cell as depicted in Figure 3.1. The two most common low 

resolution radars, CW and pulsed, will be discussed next. 

SS 
Figure 3.1: Typical Low Resolution Measurement 
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3.2.1 - Continuous Wave (CW) Radars 

CW radars simultaneously transmit and receive radar signals. Simple CW radars are 

typically used for target detection. Target detection using CW radars can be performed in 

two ways. Amplitude detection is based on the amplitude of the received signal. A target 

is detected if the amplitude of the received signal is above a preset threshold. Moving 

objects can also be detected. A moving target irradiated by a radar signal causes the 

carrier to shift in frequency. This frequency shift is termed the Doppler effect. More will 

be discussed on the Doppler effect in Chapter 4. 

Amplitude detection can be carried one step further. From the amplitude of the 

reflected signal, a relative size of the target can be determined. The size of a target as seen 

by a radar is called its radar cross-section (RCS). The radar cross-section of target is “the 

equivalent area which would intercept sufficient power from the incident wave to produce 

a given radar echo if the reflection were isotropic [12].” Formally, the radar cross-section 

is defined 

2 

o = lim 4nR° E, (24) 
R70 

    

where & 1s the distance from the radar to the target, £, is the transmitted E-field and z, is 

the reflected E-field [20]. Often, in an attempt to characterize a target, its RCS as a 

function of aspect angle is measured on a turntable. Figure 3.2 shows a typical turntable 

radar measurement setup. Figure 3.3 shows a sample RCS plot from a turntable measured 

for a full 360° aspect rotation. 
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Figure 3.2: Radar Turntable Measurement   
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Figure 3.3: Typical Low Resolution Turntable Target Data Set   
  

38



3.2.2 - Pulsed Radars 

Pulsed radars transmit and receive EM waves intermittently. The time delay between 

each pulse transmission defines the pulse repetition frequency (PRF). The duration of 

each transmission is called the pulse width. Pulsed radars allow for both target detection 

and range measurement. Pulsed radars can also detect moving targets in a stationary 

background (clutter). These pulsed radars are called moving target indicator (MTD 

radars. 

MTI radars detect moving targets based on the Doppler effect. A simple transmitted 

radar signal has the mathematical form 

s,(t) = A,cos (o,f). (25) 

If this wave is reflected by a moving target with a radial velocity component in the 

direction of the radar, the wave will be shifted in frequency. The resulting wave will have 

the following mathematical form 

s,(t) = A,cos ((@, - ,) £) (26) 

where wg is the Doppler frequency shift due to the motion of the target. If the Doppler 

shift is present in the received waveform, the target can be detected. 

The range from the radar to the target can also be found using pulsed radars. The time 

delay between the transmitted and the received pulse is related to the targets’ range from 

the radar. The round-trip time it takes a pulse to propagate from the radar to the target and 

back to the radar is 

T= (27) 
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where FR is the range from the radar to the target and c is the speed of light. The factor of 

two takes into account the round-trip distance. Range can be determined from (27). 

3.3 - High Resolution Radars 

Low resolution radars are useful for target detection applications but give little insight 

into the structure of the target. High resolution radars were developed for such 

applications as target imaging, target classification, and target discrimination. For high 

resolution radars the CW and pulsed radar waveforms are modified to enable more 

information to be ascertained about the target. The most popular high resolution radar 

waveforms are frequency modulated CW (FMCW) and pulsed Doppler. Using special 

measurement and processing techniques high resolution radars can provide a radar image 

of the target. Radar imaging will be discussed in Chapter 4. 

3.3.1 - Frequency Modulated Continuous Wave (FMCW) Radars 

In order for CW radars to determine the range of the target, the transmitted waveform 

must have a “time-marker” which enables discrimination of the propagation time of a 

wave. Pulsed radars use their leading pulse edges as time delimiters. In a similar manner, 

CW waves can be modulated in frequency or phase so that the time for a transmitted wave 

to be reflected by the target and received by the radar can be ascertained. The most 

common type of modulated CW radar is the FMCW. The frequency modulation can be 

linear or nonlinear. The more popular modulation form is linearly ramped. The 

transmitted modulated waveform is mathematically defined by the following. 
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t 

s(t) = Acos | * + {v (x) a | (28) 

0 

where w(t) is the modulated frequency term [7]. The transmitted FMCW wave is 

reflected by the target. The transmitted and received waveforms are compared to obtain 

the range based on the radial speed of the target. More will be discussed about how the 

received signal is processed to obtain range information in Chapter 4. 

3.3.2 - Narrow Pulsed Radars 

In Section 3.2.2, pulsed radars were shown to be able to measure a target’s range. The 

target’s distance from the radar was shown to be related to the propagation delay time of a 

radar pulse. Targets can be thought of as a group of scatterers. Using the two-scatterer 

model in Figure 3.4, range resolution using pulsed radars can be explained. From (27), the 

round-trip time it takes a transmitted pulse to reach scatterer A and be received at the radar 

is 2R/c. Similarly, for scatterer B, itis 2(R+Ar)/c. Figure 3.5 gives a pictorial view of 

these relative time delays between the two reflected pulses. The time delay between the 

return pulse A and return pulse B is 2Ar/c. This means that for two scatterers to be 

uniquely identified the time delay between pulse A and B must be larger than the pulse 

width, 7, 

2 >7, or Aro (29) 

Finer range resolutions can be obtained with narrower and narrower pulse widths. The 

minimum obtainable range resolution is dependent on the radar hardware. As the pulse 

width is narrowed the amount of energy contained in each pulse is reduced. If the pulse 

41



width is narrowed too much the energy level of the received signal will be lost in the noise 

of the system. This limitation has led to other, synthetic, means of resolving target range. 

These synthetic range methods will be discussed in Chapter 4. 
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Figure 3.4: Radar/Scatterer Model       
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Figure 3.5: Pulse Resolution       

42



Chapter 4 - High Resolution Radar Imaging (Signal Processing) 

4.0 - Chapter Summary 

From the description of the different types of radars in Chapter 3, it is apparent that the 

high resolution radars can collect a significant amount of data. Chapter 4 gives the details 

on how high resolution information is measured and processed to give range and cross- 

range responses. Section 4.1 describes the process of direct imaging. Direct imaging 

requires specialized radars. These radars must have very wide bandwidths and large 

apertures to get fine resolution. For very high resolutions the bandwidth and aperture 

requirements can be impractical. This has led to the development of synthetic imaging. 

Synthetic imaging in effect synthesizes a radar with wide bandwidths and wide aperture 

by coherently summing a series of narrow-band, small aperture measurements. This 

method has become very popular in recent years. Although the equipment for synthetic 

imaging methods is much more practical, there are drawbacks to this method. First, there 

is a large amount of data which needs to be collected. Second, there is a fair amount of 

signal processing required. The idea behind this research is to make the drawbacks 

obsolete, not only by reducing the amount of data needed to be stored but also by making 

the processing easier. 

Section 4.2 gives an overview of Doppler measurements which will be useful in 

understanding radar imaging. Section 4.3 gives an in-depth look at the synthetic imaging 

process broken into its primary resolution components: range and cross-range. Range is 

resolved by measuring the time delay between waveform time markers and then 

transforming time into distance. Cross-range resolution is developed using the Doppler 

principle. 
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4.1 - Direct Radar Imaging 

Range and cross-range radar images can be produced using direct radar imaging 

techniques. Direct imaging is performed by pulsed radars. Figure 4.1 shows a typical 

cross-range radar measurement using the direct raster scan method. The pencil-shaped 

radar beam is scanned across the target, collapsing the return from the target 1n range into 

one cross-range resolution cell. These radar scans can be repeated to obtain a series of 

cross-range measurements. A narrower radar beamwidth, i.e. a wider radar aperture, will 

result in smaller resolution cells. 

  

/ 
C7 

Scanning 
Radar 

Resolution Cell     Figure 4.1: Raster Scan Imaging 
  

A target can also be resolved in range using direct radar imaging methods. Figure 4.2 

gives an illustration of a combined range and cross-range measurement. Range is 

determined by the propagation delay between the transmitted and received waveforms as 

discussed in Chapter 3. In terms of signal processing, the propagation delay time can be 

found directly from the correlation function between the transmitted and received 

waveforms. Since the received waveform is only a delayed, distorted replica of the 
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Figure 4.2: Range and Cross-Range Direct Radar Imaging       
transmitted waveform, a feel for the sensitivity of the waveform to slight propagation 

delays can be formulated by the autocorrelation function of the received waveform [18]. 

The autocorrelation function (ACF) of a received waveform s(t) has the form [18] 

co 

R(x) =f s(t)s (t+7) dt. (30) 
co 

The ideal autocorrelation function for fine resolution would be very narrow, dropping 

rapidly with t. From knowledge of the relationship between Fourier transform pairs, a 

time series with a narrow peak will have a broad spectrum. A narrow ACF should 

therefore, have a broad spectrum, 1.e., a wide bandwidth. From (29) and knowledge that 

the bandwidth, 2 , is equal to the reciprocal of the pulse width,7, the range resolution can 

be written in terms of the bandwidth as 

Ar=z>. (31) 
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Equation (31) indicates that range resolution is dependent only on the bandwidth of the 

radar waveform. This means finer and finer resolution can be achieved by reducing the 

pulse width of the propagation wave. The pulse width reduction has limitations. The 

pulse width reduction is limited by the amount of energy it contains. If the pulse width is 

too small the returned signal may not have enough energy to detect it over the noise of the 

system. This limitation has lead to synthetic means of range discrimination, which will be 

discussed in Section 4.3.1. 

4.2 - Doppler Processing 

“The basis of Doppler processing 1s the observation that the frequency shift of signals 

reflected from a moving object is directly proportional to the radial component of velocity 

between the object and a stationary source and receiver [18].”’ Proof of this statement is 

based on the radar/scattering model in Figure 4.3. Assume that one of the scatterers is in 

motion with respect to the radar with a radial velocity v = dR/at. It is known that the time 

rate of change of phase, . , 1s the Doppler angular frequency, o,, where 

d0 oy = F = Why (32) 

and where f, is the Doppler frequency shift due to the motion of the target. The phase can 

be expressed as 4nR/2, where A is the transmitted wavelength. Substituting this 

expression for phase into (32), the angular frequency becomes 

o,= 2S =. (33) 

From (32) and (33) the Doppler frequency shift is found to be 
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fae (34) 

This relationship is the key to radar Doppler processing. The return of a moving target 

over time will consist of an attenuated replica of the transmitted sinusoid with changing 

Doppler phase shift associated with it. The received signal is heterodyned to remove its 

carrier, and then the Doppler phase history can be found by Doppler filtering the signal. 

Doppler filtering can be accomplished by discrete Fourier transform (DFT) techniques. 

Since the Doppler frequency distribution is proportional to the radial velocity of the target, 

the spectrum produced through Doppler filtering of the received radar signal will be 

proportional to the radial motion of the target. 

  

  

  

    Figure 4.3: Radar/Scatterer Model 
  

In the same manner, if components are moving or rotating and the radar is stationary, 

each moving component will have a Doppler shift associated with it. Through Doppler 

filtering each of the components’ frequencies can be identified. 
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4.3 - Synthetic Imaging 

Spatial resolution in radar is derived from frequency and spatial diversity of the radar 

measurements. Frequency diversity allows for resolution in range. Spatial diversity 

allows for resolution in cross-range. As discussed in Section 4.1, high resolution 

measurements require large radar antennae apertures and wide signal bandwidths. This 

can become a prohibitive requirement for very high resolutions. A method developed to 

solve this dilemma is synthetic imaging. It is named “synthetic” because it synthesizes a 

large aperture and a wide bandwidth. By coherently combining sequences of narrowband 

measurements, larger apertures can be simulated. Likewise, by coherently combining 

angular turntable measurements taken over degrees, wide bandwidths can be simulated. 

This enables high-resolution measurements to be made with narrow-band, small aperture 

instrumentation. 

Synthetic imaging involves an abundant amount of data collection and some rather 

complex signal processing techniques. For simplicity the imaging technique will be split 

into its basic components, range resolution which resolves the target in the direction away 

from the radar, and cross-range resolution which resolves the target in a direction 

perpendicular to the radar’s line of sight. These methods can be combined to give a two 

dimensional image of the target. Two-dimensional imaging is discussed in Section 4.3.3. 

4.3.1 Range Imaging 

Radar ranging can be performed by using pulsed radars as discussed in Section 4.1. 

Pulsed radar range resolution is limited by the pulse width of the radar. This limitation has 

led to synthetic means of range discrimination. As discussed in Section 4.1, the ACF of 

the received waveform gives a feel for its sensitivity to propagation delays, 1.e. range 
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differentials. The spectrum of the ACF has the following form [18] 

S() = [Ro exp (-j2nft) dt . (35) 

To achieve fine resolution the ACF must be narrow, resulting in a broadband spectral 

Tresponse. Synthetic means of radar range discrimination take a series of narrow band 

measurements summed together coherently to give a broadband response. The radar used 

to achieve this broadband response is a FMCW system. 

A target can be thought of as a group of scatterers as shown before in Figure 4.3. The 

frequency response from a target made up of w scatterers separated in range and with 

amplitudes, a,, can be shown to be the sum of the responses of all scatterers as follows 

[18] 

N 

Si) = Y" 4,exp (-j2n4,f) (36) 
n=l 

Since the radar is swept or stepped over a frequency band. The collected return will be the 

spectrum of the target response, $§, , where f is limited by the frequency band spanned by 

the radar and has the form 

N 

§,. = yi) 2,exP (-j2nt,f,) (37) 

n=l 

where f, are the discrete frequencies from k=1 to K, where K is the number of frequecy 

steps. The target’s frequency response S$, can be processed to give range resolution. The 

inverse Fourier transform of the frequency response of the target is [18] 
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K 

a, = § ,exP G2nf,t,,) - (38) 

Equation (38) shows that individual scatterers on a target can be resolved in range from 

the DFT of the target’s frequency response. 

4.3.2 - Cross-Range Imaging 

Resolving scatterers in cross-range can also be accomplished through synthetic means. 

Cross-range resolution can be achieved by taking advantage of the Doppler effect 

discussed in Section 4.2. Synthetically, cross-range resolution is achieved by coherently 

summing a number of single angle radar measurements to give the appearance of a large 

antennae aperture. The single angle measurements are taken on a target rotating on a 

turntable, as seen in Figure 4.4, over a small number of rotations. The radar is a distance 

R away from the center of the target. The target scatterer to be resolved is located a 

distance d from the center of the target and a radial distance r from the radar. The target is 

rotating at an angular rate of 2. Assuming the distance from the radar to the target 1s 

large, the distance r is 

r= R-dsinO = R- dsinQt, (39) 

where + is some instant in time. Using (33) and (39), the Doppler phase shift becomes 

_ 4ndr _ ~4ndQ _ ~4nQx 
OO; = ode Oh cos (Q?) = =   (40) 

which shows that the Doppler frequency shift due to the rotation of the target is 

proportional to the cross-range, x. If a target is made up of a number of scatterers, each 
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scatterer will move at a different radial velocity, i.e. each will create its own Doppler shift. 

If the target is measured over a range of angles, a Doppler phase history will be collected. 

The received signal from this moving target can be Doppler filtered, or DFT’d, to separate 

out the Doppler frequencies of each scatterer. Since the Doppler frequencies are 

proportional to the relative cross-range positions, the DFT of the received signal will 

essentially resolve the target in cross-range. 

  

AY 

  
Radar 

Figure 4.4: Cross-Range Radar Turntable Measurement [18]       
4.3.3 - Inverse Synthetic Aperture Radar (ISAR) Imaging 

ISAR imaging incorporates the synthetic range and cross-range techniques discussed. 

in Sections 4.3.1 and 4.3.2 to form an image of a target. Frequency swept or pulsed 

measurements of a rotating target can be used and processed into an ISAR image. 

51



Processed ISAR images can be achieved by either one two-dimensional DFT or by 

performing two one-dimensional DFT’s. The two-dimensional DFT processing of the 

SAR or ISAR data will result in an image. The one-dimensional DFT’s break the problem 

up into two parts. The first DFT will resolve the target in range (cross-range) depending 

on the direction of the DFT. Performing a DFT in the opposite direction of the first DFT 

resolves the target in cross-range (range). Figure 4.5 gives an overview of the different 

radar image processing methods and how they are related. 
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Figure 4.5: Radar Image Processing       
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Chapter 5 - Current Radar Applications of Modern Spectral Modeling 

5.0 - Chapter Summary 

Parametric modeling is the basis of modern spectral estimation. Since high resolution 

radar analysis involves evaluation of the spectrum of collected radar signals, spectral 

modeling can be applied to radar analysis. Some of the areas of radar which have already 

incorporated spectral modeling into its research are clutter modeling, radar image 

enhancement and Doppler spectral estimation. Although spectral modeling is relatively 

new it has already been shown to be a useful tool in some aspects of radar data analysis 

and, with more research, new uses may be identified. For instance, this research 

investigates using spectral modeling not only for a spectral estimation method for high 

resolution radar data, it also uses it to encode this data based on the model parameters 

derived for the spectral model. 

5.1 - Clutter Modeling 

Radar clutter consists of unwanted echoes received by the radar which makes 

detection of wanted returns difficult. Examples of clutter reflections are those from 

clouds, ground, foliage, precipitation, or a flock of birds. It is often difficult to 

discriminate wanted returns from clutter. In certain environments clutter can be predicted. 

The predicted clutter can then be filtered out of the collected radar signal to make 

detection easier. In some cases identification of clutter may be useful. For example, in air 

traffic control environments the clutter may identify impending dangers to aircraft. If 

these dangers can be identified, maneuvering around them may be possible. In the air 

traffic environment the different types of clutter are limited. Modeling this clutter can be 
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helpful for clutter classification. There are a variety of clutter models that have been 

developed based on the statistics of the power spectrum of clutter. A study by Haykin, et 

al, shows that the spectrum of radar clutter encountered in air traffic control environments 

can be modeled as a low order AR process [13]. Use of these models can improve clutter 

detection and identification. The results presented in the paper by Haykin will be 

reviewed below. 

The benefits of using an AR modeling technique for clutter modeling are the same as 

for modeling a target with an AR model. Using the maximum entropy or linear predictive 

method spectral analysis of the clutter can be performed. As stated in Section 4.2 on 

Doppler processing, the power spectrum of the radar return from a group of scatterers is 

proportional to the velocity distribution of the scatterers. Haykin first showed that proven 

nonparametric clutter models can be approximated by AR clutter models [13]. Once AR 

clutter modeling showed promise, AR modeling was applied to actual clutter 

measurements. 

The clutter spectral models which are the basis for the preliminary comparisons are 

those developed by Barlow and Fishbein [13]. Barlow determined that the power spectra 

of a variety of clutter types could be approximated by a Gaussian function as follows [13]: 

S(f = S(0) en Z| (41) 
20; 

where S(0) is the zero Doppler value and o; is the standard deviation of the frequency 

spectrum. This can be approximated by an AR model with the following spectrum [13] 

San) = —~—* (0) . (42) 
1+ a[k] exp (-j2nfk) 

  

54



Figure 5.1 shows a normalized power spectrum comparison of Barlow’s Gaussian clutter 

model and an AR(3) model. The AR(3) model matches the Gaussian clutter model quite 

well, especially at the higher power spectrum values. 
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      Figure 5.1: Comparison of Barlow’s Clutter Model with an AR(3) Model 
  

The Fishbein model is 

L+ f/f) 

where s. is the 3 dB drop off frequency [13]. Using the AR(2) power spectrum expression 

in (6) at the normalized frequencies, f/f,, of 1 and 2 the following equation is derived [13] 

si) = =O _. 
1+3 Pf.) +3 U/L) 

  (44) 
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Figure 5.2 shows the comparison of the Fishbein clutter model with the AR(2) spectral 

model. The AR(2) model matches the Fishbein model better at the lower power spectrum 

values. 
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Figure 5.2: Comparison of a Fishbein Clutter Model with an AR(2) Model       

5.2 - Imaging Enhancements 

AR modeling can be used to improve the spatial resolution of radar images [1]. As 

discussed in Chapter 4, processing of high resolution radar images involves spectral 

estimation. Traditional techniques involve the Fourier transform. Research performed by 

Mensa is based on the premise that Fourier methods perform better on larger data sets 

[18]. The autoregressive or Maximum Entropy model can be used to extrapolate data 

outside of the measurement constraints. Based on the latter, processing of measured data 

expanded by its AR model, with traditional Fourier methods, can lead to improved range 

estimates [18]. The data used in Mensa’s experiments were range profiles with five point 

scatterers. The results that were obtained did indeed show an improved spectral estimate. 
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5.3 - Doppler Spectral Estimation 

Improved Doppler processing can be attained through modern spectral estimation 

techniques [3]. This experiment was performed on real target data in true clutter 

environments. The data was collected using a pulsed radar where the frequency of the 

pulse changes. “The waveform generator is programmed to produce a sequence of 

coherent pulses, each consisting of three subpulses whose carrier frequencies are 

separated by 5MHz [3].” Three spectral estimation techniques were applied to the 

Doppler data, the Fourier spectrum estimator, the coherent wide-band modified forward- 

backward linear prediction estimator (CWB-MFBLP), and the non-coherent modified 

forward-backward linear prediction estimator (MFBLP). Since the position of the target 

was known a priori, each estimate was evaluated on the ability to discriminate the target 

from clutter. The CWB-MFBLP algorithm proved to be the better discriminator. 
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Chapter 6 - Parametric Modeling Applied to High Resolution Radar Measurements 

6.0 - Chapter Summary 

Applying modern spectral estimation techniques to the field of radar, as discussed in 

Chapter 5, has proven to be successful. Expanding on these applications, this research 

uses the coefficients of the parametric models derived for modern spectral estimation to 

encode radar data. This encoded radar data will lead to a reduction in the amount of disk 

storage space needed to store the data. Further, the stored coefficients can be used to 

produce a spectral estimate of the original radar data. 

Not all types of radar data benefit from modern spectral estimation techniques. High 

resolution radar measurements lend themselves to parametric modeling better than low 

resolution radar measurements. This is because many high resolution collection methods 

collect data in a way which makes them statistically appealing. Statistically high- 

resolution radar measurements can be thought of as a discrete-time wide-sense stationary 

(WSS) random processes. The most common type of high resolution measurements, 

which will be emphasized here, are measurements which change with frequency. As 

discussed in Chapter 3, the spectrum of frequency modulated (FM) data resolves a target 

in range, generating range profiles. Using parametric models, the spectrum or range 

profiles can be calculated quite easily from the model parameter estimates. For data 

storage, often the variance of the excitation noise is much smaller than that of the orginal 

data, therefore the excitation noise can be stored with fewer bits than the original data 

while maintaining the same fidelity. The exact data sequence can be replicated from the 

model parameters and the excitation noise sequence. The data sequence can thus be 

regenerated and processed as desired. In radar one is often interested in the spectrum of 

the data. This gives promise to even greater data reduction, using parametric spectral 
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modeling, since only the model parameters and the excitation variance are needed to 

produce an estimate of the spectrum. As for target identification, since the spectrum can 

be estimated directly from the parameters, this could lend itself to faster methods of target 

identification. Parametric modeling of radar data could be useful to precision guided 

munitions programs which not only need a database of target characterizations which use 

little disk space, but also need a fast comparative algorithm for target identification. 

The first step in parametric modeling is to determine which model type is best suited 

for data encoding and spectral estimation. This research focuses on three types of 

parametric models, autoregressive (AR), moving-average (MA), and autoregressive 

moving-average (ARMA). It is known that in general these parametric models assume 

that a data set can be modeled as weighted sums of past and present data values. It is also 

known that AR models model spectral peaks well, MA models model spectral nulls well, 

and the more complex ARMA models model spectral peaks and nulls well. In radar 

analysis the areas of large spectral return are of most interest, therefore AR or ARMA 

modeling would intuitively be the best model options. Section 6.1 investigates all of the 

options to determine which method will be the best for high-resolution radar processing. 

Section 6.2 applies the modeling method selected in Section 6.1 to a full set of high- 

resolution radar turn-table data. In Section 6.3 the model parameters are encoded even 

further using the fact that the parameters change relatively slowly with azimuth. Section 

6.4 uses the modeling method chosen in Section 6.1 on radar data that changes as a 

function of azimuth. Section 6.5 investigates a method to encode inverse synthetic 

aperture radar (ISAR) data. Finally, Section 6.6 looks into using parametric modeling for 

Doppler radar data encoding. 
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6.1 - Parametric Modeling 

This section uses simple radar data sets to investigate the three different parametric 

models, to see which will be most appropriate to use with radar data. Before the models 

can be applied to the radar data sets model orders must be selected. For each of the three 

model types, AR, MA, and ARMA, model orders are found and then the models are 

applied to the radar data. From the analysis of Section 6.1.1, the AR parametric model is 

found to be most applicable to radar data. Section 6.1.2 investigates the different AR 

parameter estimation techniques which were discussed in Section 2.2. Once the model 

order, type, and algorithm are chosen, Section 6.1.3 investigates the effect of noise on the 

results of the AR estimates found in Sections 6.1.2. 

6.1.1 - Parametric Model Selection 

Although there are a variety of spectral estimation techniques, finding a technique 

which optimally estimates the spectrum is difficult when there are a variety of different 

optimality measures. Not only is there a trade off between variance and bias of the 

estimator, one must also consider the ability of the estimator to track spectral peaks and 

nulls [11]. One technique does not necessarily provide all these desired attributes. In 

choosing a spectral estimator attention must be placed on the random process itself. From 

Chapter 4 it has been established that most forms of radar measurements can be 

considered wide-sense stationary. For the purpose of this research the scope of spectral 

estimation techniques has been narrowed to those based on times series models or rational 

transfer function models. The time series models investigated here are the moving 

average (MA), autoregressive (AR), and autoregressive moving-average (ARMA) 

models. The corresponding modeling techniques are applied to a simple radar data set to 

evaluate the performance of the better methods. Since the traditional spectral estimation 
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technique, the Periodogram, is the primary method for processing high-resolution radar 

data, the Periodogram applied to the radar data sets will be the basis for the parametric 

model evaluations. 

The data used to evaluate the three spectral estimation techniques was collected from a 

frequency modulated continuous wave (FMCW) radar with a center frequency of 10 GHz 

and a 5.86 MHz step over 8.5 to 11.5 GHz. The measurement resulted in a data set 

consisting of 512 frequency data points. The target measured was a 10 dB sphere in the 

foreground and a complex vehicle in the background. 

Figure 6.1 shows an estimate of the spectrum of the ‘10 dB Sphere’ data found using 

the traditional power spectral density (PSD) estimation technique, the Periodogram. The 

Periodogram is simply the absolute value squared of the discrete Fourier transform (DFT) 

of the data. The peak in the center of the spectral plot or range profile estimate represents 

the sphere. The series of peaks further in range is a vehicle in the background. The three 

different parametric models were applied to the ‘10 dB Sphere’ data in order to determine 

which parametric model gives the best range estimation. 
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The first model applied to the ‘10 dB sphere’ data is the MA model. The Durbin 

algorithm outlined in Chapter 2.3 is used to obtain the MA coefficient estimates. Once the 

model type and algorithm have been chosen the next step is to choose a model order. 

Model order selection can be difficult since the order selection methods which exist are 

not exact and only give an approximate order to use. The model order estimation 

technique used for MA model order estimation is the AIC order selection method outlined 

in Chapter 2.5. The AIC(k) estimates the difference between the true PSD and the 

assumed PSD with a model of order k [11]. Figure 6.2 shows the normalized AIC values 

as a function of the MA model order for the ‘10 dB Sphere’ data. The AIC estimate for 

the model order decreased with k, but trails off slowly after k=20. This suggests a model 

order of 20 will be sufficient. Since the purpose of this research is to minimize the amount 

of data needed to be stored an order of 20 was used to evaluate the MA model. 
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Figure 6.2: AIC MA Order Selection for the ‘10 dB Sphere’ Data       
Figure 6.3a shows the range profile estimate of the ‘10 dB Sphere’ data based on the 

MA(20) model as compared to the Periodogram estimate. As expected the MA model is a 
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Figure 6.3a: MA(20) (red) and Periodogram Range Estimates for the 
‘10 dB Sphere’ Data       

good estimator of the range nulls but does not do a very good job of estimating the range 

peaks, neither in value, nor in location. Figure 6.3b shows the zeros of the MA model 

parameters. The twenty zeros in Figure 6.3b can be used to identify their corresponding 

null in Figure 6.3a. Since the range profile has been shifted to center the target in range, 

the zeros can be matched to their corresponding nulls by starting at the zero of the 

imaginary axis and moving around the unit circle in a counter clockwise fashion. The MA 

model models the range peaks by placing zeros or nulls in range cells on either side of the 

cells expected to contain peaks. These zeros result in nulls in their corresponding range 

cell giving the appearance of a higher return in the area between the zeros. This means 

that to increase the spectral peak in an MA model, more zeros, i.e. higher order, must be 

used. It is also known that as the order of the MA model increases the modeled spectrum 

or range profile approximates the traditional estimate. This means that in the limit when 

the order approaches the size of the data set the spectral estimate becomes equivalent to 

the Periodogram. For this reason, MA PSD estimation will not be very useful as a method 
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for radar data reduction. Furthermore, since the MA model is not a good estimator of the 

range peaks and these peaks are of interest in the radar field, the MA model can be 

eliminated as a viable technique for encoding radar data. 

  

  

    
  

se 
we 0.8 a . 

O68 fo a 
/ \ 

O.4- / \ 7 
} at 

; \ 

G2 o 1 

z | 
&, Olea 

= vz i . oS i 

\ a 

\ ° / 
~O.4- \ ° i 

\ f 
-~0.8 \ a 0 . , / 

~0.8 a a o s | 

yy a8 a 0s 1 
Real 

Figure 6.3b: Pole/Zero Plot for MA(20)     

A model better suited for modeling spectral or range peaks is the autoregressive (AR) 

model. An AR model was applied to the “10 dB Sphere’ data using the Burg algorithm. 

The Burg algorithm was outlined in detail in Chapter 2.2. The AR model order, IP, 

selection techniques discussed in Chapter 2.5 were applied to the data set to determine the 

best model order to use. The methods used are based on the minimization of the final 

prediction error (FPE) and the minimization of the AIC criterion. Both order estimation 

criteria use the prediction error power in their formulas as seen in (18) and (19). Since an 

(IP+1)th order linear predictor can be used to calculate an [Pth order linear predictor, if a 

linear predictor of order IP is known then all orders less than IP can be derived. From the 

prediction error power an estimate of FPE(IP) and AIC(IP) for IP from 1 to some selected 
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maximum order can be found. The minimum value of the FPE or AIC criterion will 

identify which order to use. Figure 6.4 is a plot of FPE(IP) and AIC(IP) for IP=1 to 20. 

Both model order estimators continue to decrease as the order increases but they are 

sufficiently leveled out by IP=4. Based on these criteria, and ensuring that a sufficiently 

high order is used, a higher order of ten was chosen. The Burg algorithm was applied to 

the ‘10 dB Sphere’ data using a model order of ten. 
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Figure 6.4: AR Order Estimation for the ‘10 dB Sphere’ Data Set 

  

The ten AR model parameters were used to produce the range estimate for the ‘10 dB 

Sphere’ data. Figure 6.5a shows the comparison of the AR estimation and the 

Periodogram estimation of the range profile for the ‘10 dB Sphere’ data. The AR(10) 

model gives a better match to the traditional spectral estimation techniques than the 

MA(20) model. Although the AR(10) range profile estimate does not track the nulls as 

well as the MA(20) model, it does a much better job of modeling the peaks. The poles of 

this AR model are plotted in Figure 6.5b, and can be related to their corresponding peaks 

in a fashion similar to how the zeros related to the nulls in the MA model. 
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Figure 6.5a: AR(10) (red) and Periodogram Range Estimation for 
the ’10 dB Sphere’ Data 
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   Figure 6.5b: Pole/Zero Plot for AR(10) 

The three poles closest to the unit circle represent the three major peaks on the spectral 

plot. The extra poles account for the general fluctuation in the range profile. It would 

seem reasonable to increase the model order to get an improved range estimate. Although 
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this is true to some extent, one should be cautious when increasing the model order. An 

increase in AR model order in turn increases the number of poles, which may cause 

erroneous peaks in the range profile estimate. For this reason it is important not to use too 

high an order when using an AR model. 

In an attempt to get an even better estimate the order of the AR model was doubled to 

twenty. Figure 6.6a and Figure 6.6b show the comparison of the range profile estimates 

between the traditional Periodogram method and the Burg AR method, and the pole plot 

respectively. The higher order AR model does a better job of estimating the lower level 

range returns than the AR(10) model. Increasing the model order to 20 does not cause 

spurious peaks in this case. 
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Figure 6.6a: AR(20) (red) and Periodogram Range Estimation for 
the ’10 dB Sphere’ Data 

      

The final model applied to the ‘10 dB Sphere’ data is the ARMA model. The ARMA 

model has both poles and zeros, and therefore can model the peaks and nulls of the range 

profile. Having poles and zeros means two model orders must be selected. This makes 

model order selection for the ARMA model much more difficult than order selection for 
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Figure 6.6b: Pole/Zero Plot for AR(20) 
  

the AR or MA models. The ARMA AIC(UP,IQ) model order selection criterion was used 

to aid in the selection of the ARMA model orders. Figure 6.7 gives a contour plot of the 

two dimensional AIC(IP,IQ) function for the ‘10 dB Sphere’ data. The AIC function does 

not reach an obvious minimum, therefore several of the lower AIC orders were chosen 

and tested using the Modified Yule-Walker Equation (MYWE) algorithm outlined in 

Chapter 2.4. 

The AICUPIQ) function gave a minimum at AIC(4,12) which equates to an order of 4 

for the AR portion and an order of 12 for the MA portion. The MYWE algorithm was 

applied to the ‘10 dB Sphere’ data using these orders. Figure 6.8a shows the results of the 

MYWE(4,12) range estimate compared to the traditional Periodogram range estimate. 

This estimate does a good job of modeling the range peaks and nulls. Figure 6.8b shows 

the ARMA(4,12) pole/zero plot. The poles and zeros can be related to the peaks and nulls 

on the range profile plot in Figure 6.8a in the same fashion as the poles for the AR 

68



modeling and the zeros for the MA modeling. 

Figure 6.7: ARMA Order Estimation 
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Figure 6.8a: ARMA(4,12) (red) and Periodogram Range Estimation 
for the ‘10 dB Sphere’ Data   
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Figure 6.8b: Pole/Zero Plot for ARMA(4,12)   
Two other order combinations which gave minimal AICUP,IQ) values were AIC(5,2) 

and AIC (5,5). Figures 6.9 and 6.10 show these results, respectively. The ARMA(S,2) 

model has much fewer zeros than the ARMA(4,12), which is reflected in the poor 

modeling of the nulls seen in Figure 6.9a. The peaks however are modeled well with an 

AR order of five. Keeping the AR order the same and increasing the MA model order to 

five gives the results in Figure 6.10a. 

Figure 6.10a shows the range profile estimate of the ARMA(5,5) model. The spurious 

peak at a range of approximately 2 is due to the combined interaction of poles and zeros. 

The added zeros leave fewer range transitions to be modeled causing one of the poles to be 

pushed toward the unit circle resulting in a spurious peak. The ARMA(S,5) results show 

that the ARMA model is sensitive to model order changes. 
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for the “10 dB Sphere’ Data 

  

      

Figure 6.9b: Pole/Zero Plot for ARMA(5,2)   
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Figure 6.10a: ARMA(5,5) (red) and Periodogram Estimation for 
the ‘10 dB Sphere’ 
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The complexity of the ARMA model along with its order sensitivity make it less 

appealing than the other time series models for use in radar data encoding. Also, since in 

radar analysis one is mainly interested in the spectral peaks, and MA models do not model 

the peaks as well as AR models, the AR model will be the focus of the rest of this 
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research. In the following section AR spectral estimators are applied to high range 

resolution (HRR) radar data. AR modeling is used to perform spectral estimation for 

radar processing. Which AR algorithm to use for AR coefficient estimation still must be 

determined. 

6.1.2 - Selection of AR Parameter Estimation Method 

Now that the AR model is chosen as the time series model for radar data encoding, 

further investigation is needed to determine the best AR modeling technique. The 

methods which will be evaluated are the Autocorrelation, the Covariance, the Modified 

Covariance, and the Burg methods. These methods and their corresponding algorithms 

were discussed in detail in Chapter 2. To test these methods a scenario must be designed 

from which to collect a useful data set. Since discrimination of closely placed scatterers, 

1.e. spectral peaks, is important in radar analysis a scenario must be chosen to test spectral 

peak resolution. The scenario chosen is the return from five spheres separated by an equal 

distance in range, illuminated by an FMCW radar. This scenario is shown in Figure 6.11. 

Since measured data on the scenario depicted in Figure 6.11 was not readily available, 

the radar data was simulated by a computer-based RCS prediction program called GTS. 

GTS was developed by Georgia Institute of Technology and uses the principles of 

Geometric and Physical Optics to perform RCS prediction on simple geometric shapes. 

The data generated using GTS is ideal data, i.e. without clutter and noise. Noise can be 

added to the data varying the SNR in order to simulate normal measurement conditions. 

The radar cross-section of the sphere scenario is easily calculated, enabling the GTS data 

output to be verified. The five spheres have a radius of 0.01 m and are separated by 0.1 

m. 

73



  

O 
a=.01m OC 

~S 
Radar C) .lm 

    Figure 6.11: ‘Five Sphere’ Measurement Scenario 
  

Given this information the RCS of one of these spheres can be calculated as follows: 

oO = na’ &-35dB (45) 

GTS was run against the sphere scenario, simulating an FMCW radar with a center 

frequency of 10 GHz and a bandwidth of 3.2 GHz. The prediction data file consists of 128 

complex frequency samples from 8.4 GHz to 11.6 GHz, called the ‘Five Sphere’ data set. 

Figures 6.12a and 6.12b show the real and imaginary parts of the ‘Five Sphere’ data. As 

discussed in Chapter 4.3, the DFT of the ‘Five Sphere’ data will resolve a target in range 

to produce a High Resolution Range (HRR) Profile. Using (31), combined with 

knowledge of the radar waveform, the range cell resolution can be calculated as follows: 

3x10° 
Ar=c/ (2B) = 5 

2 (3.175x10 ) 
ew 4.7cm/cell. (46) 

Since there is 10 cm between the sphere centers, each should be easily resolved in range. 
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An ideal range profile would contain five sharp peaks, each separated by10 cm. From (45) 

each peak should have an amplitude of -35dB. 

In Section 4.3.2, the return from an FM radar has the form of the expression in (37), 

where in this case a,(%) is the RCS of each sphere. Since the RCS of a sphere is 
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independent of range, the return from the sphere can be pulled out of the summation 

resulting in the RCS of the scenario as a constant RCS of one sphere multiplied by the 

summation of five complex exponentials. In other words, the RCS return consists of the 

RCS of a sphere multiplied by a linear phase term. The phase term is due to the radar 

frequency ramp. Knowing that the frequency response of the five sphere target is 

essentially five complex sinusoids, an AR model order as small as five should be sufficient 

to resolve the five spheres [11]. 

The ‘Five Sphere’ data was processed using the traditional spectral estimation 

technique, the Periodogram, and four AR _ spectral estimation techniques; the 

Autocorrelation, Burg, Covariance, and Modified Covariance methods. First the 

Periodogram will be used to estimate the HRR profile of the ‘Five Sphere’ data. In the 

Periodogram results of Figure 6.13 we can distinguish five spheres. The energy levels of 

each peak are approximately -35dB, yet there is some energy leakage into neighboring 

range bins due to spectral smearing. Although there is spectral smearing the Periodogram 

is a good estimator of the range profile. 

The first AR parameter estimation algorithm tested is the Autocorrelation method. 

Figures 6.14a and 6.14b show the HRR profile estimate and the corresponding poles for 

the AR(5) model based on the Autocorrelation method using the ‘Five Sphere’ data as 

input. The Autocorrelation method using a model order of five is not able to resolve all 

five spheres. In an attempt to improve the resolution the order was doubled. 

Figure 6.14c is the HRR profile estimate for the ‘Five Sphere’ data using the 

Autocorrelation method with an order of ten. With an order of ten the Autocorrelation 

method identifies one more sphere than with a model of order five. The pole plot 

corresponding to the ten AR coefficients can be seen in Figure 6.14d. The three poles 

closest to the unit circle correspond to the three peaks on the HRR profile estimate. 
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Figure 6.13: Periodogram HRR Profile Estimate for the ‘Five Sphere’ 
Data Set 
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Figure 6.14a: Autocorr(5) AR HRR Estimation for the ‘Five Sphere’ 
Data Set   
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Figure 6.14b: Autocorr(5) Pole Plot       
The Autocorrelation AR models of order five and ten are not good estimates of the 

underlying process that generated the ‘Five Sphere’ data. This does not imply that the 

Autocorrelation method cannot be used to estimate the HRR profiles. Intuitively, by 

increasing the model order even more the rest of the spheres should become identifiable. 

Figure 6.14e shows the HRR profile estimate using an AR(64) model based on the 

Autocorrelation method. All five spheres are resolved in this range profile. Figure 6.14f 

is the corresponding AR(64) pole plot. The five spheres can be easily identified as the five 

poles closest to the unit circle. 

The Autocorrelation method can be useful in high-resolution radar processing. 

However, in terms of radar data reduction, the amount of data stored to reproduce a HRR 

profile is roughly only cut in half relative to that for the traditional method. The main 

problem with using the Autocorrelation method is its poor performance for lower orders. 
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Figure 6.14c: Autocorr(10) AR HRR Estimation for the ‘Five Sphere’ 
Data Set     
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Figure 6.14d: Autocorr(10) Pole Plot       
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The next AR parameter estimation method to test is the Covariance method. Again an 

AR order of five should be sufficient. Figure 6.15a represents the HRR profile estimate 

based on the Covariance method. The Covariance method using a model order of five 
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gives a better estimate of the HRR profile of the ‘Five Sphere’ data than the 

Autocorrelation method. The Covariance method also seems to produce a better estimate 

than the Periodogram, giving sharper more definite peaks. The five spheres are more 

easily identifiable compared to the Periodogram estimate. The corresponding pole plot in 

Figure 6.15b clearly identifies the five spheres as well. The range locations of each sphere 

can be easily determined from the pole plot, and are not quantized in bins. 
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Figure 6.15a: Covariance(5) AR HRR Estimation of the ‘Five Sphere’ 
Data Set     

In order to see how the Covariance method performs with more poles than are needed 

the order was doubled to ten. Figures 6.15c and 6.15d show the result of the AR(10) HRR 

estimate based on the Covariance method. Again, all five spheres are easily identifiable. 

The added poles did not hurt the resolution but did result in a reduction of PSD levels in 

the HRR profile estimate. 

The Modified Covariance method was also applied to the ‘Five Sphere’ data using 

orders of five and ten. Figures 6.16a-6.16d show the HRR profile estimates and their 
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    Figure 6.15b: Covariance(5) Pole Plot 
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Figure 6.15c: Covariance(10) AR HRR Estimation of the ‘Five Sphere’ 
Data Set 
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Figure 6.15d: Covariance(10) Pole Plot       
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Figure 6.16a: Mod Cov(5) AR HRR Estimation for the ‘Five Sphere’ 
Data Set 
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Figure 6.16b: Mod Cov(5) Pole Plot       
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Figure 6.16c: Mod Cov(10) AR HRR Estimation for the ‘Five Sphere’ 
Data Set 
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Figure 6.16d: Mod Cov(10) Pole Plot       
corresponding pole plots. The Modified Covariance method results are identical to the 

Covariance method results. 

Finally, the Burg method was tested on the ‘Five Sphere’ data using model orders of 

five and ten. Figures 6.17a-6.17d show these results. The five spheres are also easily 

identified using the Burg method. The higher order estimate does not loose as much 

energy in the high level return as the Covariance and the Modified Covariance method. 

To further compare these AR parameter estimation techniques their computational 

complexities were compared. The computational expense of each algonthm was 

measured using the FLOPS function in MATLAB. The FLOPS function counts the 

number of floating point operations: additions, subtractions, multiplications and divisions, 

and weights them according to their data types (real or complex). Table 6.1 gives a 

comparison of the Covariance, Modified Covariance and Burg method FLOP counts when 

run against the ‘Five Sphere’ data set. The Autocorrelation method was eliminated from 
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Figure 6.17d: Burg(10) Pole Plot       

this comparison stage due to its poor performance using shorter data sets. The FLOPS 

count was compared for two orders, five and ten. As the order increases so does the 

relative computational complexity of the three estimation techniques. 
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Table 6.1 : FLOPS Comparison 
  

  

  

        

Order 5 Order 10 

AR Method (K flops) (K flops) 

Burg 135 162 

Covariance 137 197 

Mod. Covariance | 168 284     

The Covariance, Modified Covariance, and Burg AR parameter estimation techniques 

all gave good range estimates. For higher order results the Burg method showed less PSD 

loss in the major spectral peaks than either Covariance Method. The Autocorrelation 

method did not perform well until a very large model order was used. The model order at 

which the Autocorrelation method did perform well was not predictable. The 

unpredictability of the model order combined with its poor performance on the simple 

radar range profile estimation test makes it a poor method to pursue for use in radar data 

encoding. Of the three remaining parametric methods, the Burg method cost the least 

computationally and performed better when order estimates were high. For these reasons 

the Burg method will be used throughout the remainder of this research. 

The Burg AR method proved to be very useful in distinguishing closely spaced 

scatterers. The HRR estimate using the Burg algorithm gave a much sharper range 

response than the Periodogram method. Another advantage to the AR Burg method over 

the traditional Periodogram method for radar HRR profile estimation is its ability to 

identify more precisely range locations of major scatterers. Since the poles correspond 
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directly to peaks on the HRR plots and these range peaks correspond directly to target 

features, exact locations of major scatterers on a target can be identified. Figure 6.13 

shows the pole plot for the Burg(5) HRR estimate of the ‘Five Sphere’ data. Each of the 

spheres are labeled. Table 6.2 gives the complex pole values and their corresponding 

range locations. The pole estimates match the expected location of each sphere. The 

spheres are 0.1 m apart and centered in the 6 m range extent of the measurement. The 

information in Table 6.2 confirms that the poles do correspond to the five sphere locations. 

Although the Burg range estimates are not exact they do give a good estimate of the 

relative sphere locations. 

Another significant benefit to using an AR method for HRR estimation is its ability to 

distinguish closely spaced scatterers without the bandwidth limitation known to the 

traditional Periodogram method. As discussed in Chapter 4, the Periodogram method 

range resolution is limited by the bandwidth of the data measurement. Smaller 

bandwidths cause greater spectral smearing due to windowing effects for Fourier 

transform HRR estimation methods, such as the Periodogram method. AR estimation 

does not have these windowing effects and therefore is not limited by the bandwidth of the 

measured data. Since reducing the bandwidth of a measurement can be accomplished by 

reducing the number of samples in a data set, the ‘Five Sphere’ data was reduced to 32 

data points which in turn reduced its bandwidth to one-fourth of the earlier bandwidth. 

The bandwidth of the new data set is 0.8 GHz. This reduces the minimum resolvable 

range by the Periodogram HRR method to 18.75 cm. This means that the Periodogram 

method will be unable to distinguish the five spheres from the band limited ‘Five Sphere’ 

data. In order to demonstrate the superior resolution of AR HRR over Periodogram HRR, 

the 32 data points of the ‘Five Sphere’ data were processed using both methods. Figure 

6.19 confirms the superior resolution capability of the Burg(5) PSD estimator over the 
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Figure 6.18: Burg(5) Pole Identification 

Periodogram PSD estimator for short data lengths, i.e. band limited data. 

6.1.3 - Noise Effects on AR Spectral Estimation Methods 

A problem that exists with AR spectral estimation is its sensitivity to additive noise 

[18]. A study performed by Kay investigated the effects of additive noise on the spectral 

estimates produced by AR and Periodogram methods, and was discussed in Section 2.7. 

Figure 2.5 shows the results of this test. For higher SNR’s and shorter data lengths AR 
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Table 6.2: Burg Pole Locations 
  

  

  

  

  

    

Complex Corresponding 
Pole # Pole Range Location 

1 .9794+.20031 3.197 m 

2 .9909+-.09461 3.091 m 

3 .9887-.01051 2.990 m 

4 .9887-.1154i 2.889 m 

5 .9750-.22081 2.782 m       
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Figure 6.19: PSD Estimation Comparison of Band Limited 

  

‘Five Sphere’ Data       

spectral estimation proves to be superior and for lower SNR’s and longer data lengths 

Periodogram spectral estimation proves to be superior. Radar range and cross range data 
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sets typically consist of fewer than 1,000 data points per record. Radar Doppler or time 

series measurements usually consist of well over 1,000 data points. It can be seen from 

Figure 2.5 that additive noise may be a problem for radar data processing using AR 

techniques. Keeping this in mind, the SNR of the ‘Five Sphere’ data was varied by adding 

different levels of noise and then processed using the Periodogram and AR HRR 

estimation techniques. Since the ‘Five Sphere’ data consists of 128 data points a superior 

estimate is expected for SNRs less than 40 dB using the Periodogram processing method. 

Starting with a SNR of 20 dB, the ‘Five Sphere’ data was processed using the 

Periodogram and AR HRR profile estimation techniques. The HRR profile estimate using 

Periodogram processing is presented in Figure 6.20. The Periodogram has no difficulty 

Tesolving the five spheres, whereas the Burg(16) estimate, shown in Figure 6.21a, is 

unable to resolve all of the spheres. The pole plot in Figure 6.21b confirms the inability of 

the Burg(16) method to resolve the five spheres. 

As a possible solution to the additive noise problem, Kay suggests increasing the 

model order in an attempt to model the noise as well as the underlying process. In an 

attempt to improve the Burg HRR estimate the order was increased to 32. Figure 6.21c 

shows that the Burg(32) HRR profile estimate was able to resolve the five spheres in 

range. The corresponding pole plot, Figure 6.21d, verifies the five peaks seen in the range 

profile. 

Next noise was added to the ‘Five Sphere’ data to give SNR of 50 dB. From Figure 

2.5, the Burg estimation result is expected to be superior to the Periodogram estimate. 

Figure 6.22 shows the Periodogram HRR profile estimate. Figures 6.23a and 6.23b show 

the Burg(16) HRR profile estimate and its corresponding pole plot. The AR estimate is 

better at resolving the five spheres than the Periodogram estimate. 
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Figure 6.20: Periodogram of the ‘Five Sphere’ Data with Additive 
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Figure 6.21a: Burg(16) PSD Estimate for the “Five Sphere’ data with 

Additive Noise Giving a SNR of 20 dB 
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Figure 6.21b: Burg(16) Pole Plot 
(SNR=20dB)       

Most radar measurements do not ensure high SNR’s. For this reason noise levels in 

radar data must be monitored when applying AR spectral estimation techniques. For 

higher noise levels, higher orders must be used. This can be difficult since model orders 

are not always easy to determine. The noise level of the data will play an important part in 

determining the amount of data reduction that can be accomplished using AR spectral 

encoding. 

Although there are problems associated with AR spectral estimation, such as noise 

sensitivity and inexact order estimation techniques, it does show promise as a method of 

encoding radar data. Keeping in mind the noise limitation of the AR spectral estimation 

technique, it will be applied to actual radar measurements to investigate its use as an 

encoding technique. 
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Figure 6.21c: Burg(32) PSD Estimate of the ‘Five Sphere’ with 
Additive Noise Giving a SNR of 20dB 

  

  

  

    
  

  

Figure 6.21d: Burg(32) Pole Plot 
(SNR=20dB)     
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Figure 6.22: Periodogram (SNR=50dB) 
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Figure 6.23a: AR(16) PSD (SNR=50dB) 

  

96 

  

 



  

  

Im
ag

in
ar

y 

  
  

  

Figure 6.23b: AR(16) Pole Plot 
(SNR=50dB)       

6.2 - AR High Range Resolution (HRR) Radar Data Encoding 

Due to the success of the Burg method in estimating the range response of the 

synthesized multiple sphere radar reflection, the Burg method will be used to perform AR 

parametric modeling throughout the remainder of this research. The simplicity of the 

sphere target data made order estimation and AR prediction easy to evaluate. A natural 

progression would be to apply AR modeling to frequency modulated measurements of a 

more complex target. Although the target and its range response will be more complex, 

the frequency response of the target will be processed in the same fashion as the data in 

Section 6.1.2 to produce range profiles. The ultimate goal of AR processing is to 

parameterize the data in order to encode it. This will reduce the amount of information 

that needs to be stored while preserving key information. The key information to be 

preserved is the range response of a target. In Section 6.1 we were able to illustrate the 

ability of the Burg AR spectral estimation method to model the actual range response of 
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five spheres separated in range. This technique will now be applied to more complex 

targets in an attempt to fully characterize their range responses. Two complex target data 

sets will be used to evaluate the Burg AR parameter method of radar data encoding. 

The first complex target data set used will be the set of high-resolution range 

measurements of a tank simulator, called the Simulator, developed by the U.S. Army 

Foreign Science and Technology Center’s Signatures Division. This target combines 

groups of scatterers with predictable radar cross-sections in order to investigate complex 

scattering phenomena. A computer rendering of the Simulator target is seen in Figure 

6.24. The Simulator was measured at an indoor radar range facility. The “Sim-tank’ data 

was collected from an FMCW radar with a bandwidth of 500 MHz with 64 frequency 

steps and a center frequency of 35 GHz. This allows for a range resolution of 0.3 meters. 

The data was collected on a turntable using an azimuth step size of 0.1° and a constant 

depression angle of 20°. With this range resolution the total range extent measured is 19.2 

meters. The target itself is about six meters long. This means that the target takes up one- 

third of the total range extent. 

The second complex data set, the “Tank’ data, is formed from a tank measured at the 

outdoor radar range facility in Aberdeen Proving Grounds, MD. The tank was measured 

using an FMCW, 35 GHz radar with a bandwidth of 500 MHz giving a range resolution of 

0.3 m. The target was measured on a turntable at a 5° depression every 0.1° in azimuth. 

Eighty-five frequency steps were sampled for each azimuth look at the target. 

The ‘Sim-tank’ and ‘Tank’ data are expected to have SNR of less than 40 dB. Figure 

2.5 shows that the spectral estimates on data sets of approximately 100 data points in 

length and an SNR of less than 40 dB are resolved better by the Periodogram method than 

by the AR method. This means that to get good range estimates using the AR spectral 
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Figure 6.24: Computer Rendering of the Simulator Target       
estimation method, high model orders should be used. The ‘Sim-tank’ data was evaluated 

using the AIC and FPE AR model order estimation methods. These methods both 

indicated an order of ten or more will be needed. The 90° azimuth look of the ‘Sim-tank’ 

data was used to aid in the order estimation process. Figure 6.25a shows the real and 

imaginary parts of the 90° azimuth look of the ‘Sim-tank’ data. Models of varying AR 

orders, starting at ten, were run against the data in Figure 6.25a to find the minimal order 

which could identify all the range peaks as well as with the Periodogram method. The 

minimum order of 15 was selected for the ‘Sim-tank’ data encoding. Figure 6.25b shows 

the comparison of the Burg(15) range profile estimate compared to the Periodogram 

estimate. The “Tank’ data was evaluated in a similar fashion as the ‘Sim-tank’ data for 

model order selection. An order of 20 was selected to perform AR data encoding on the 

‘Tank’ data. These order estimation results for the ‘Tank’ data are not shown. 
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Figure 6.25a: Portion of the ‘Sim-tank’ data 
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Figure 6.25b: Range Profile Estimations of a Portion of the ‘Sim-tank’   
Now that the data sets and AR model orders are defined, the Burg AR estimation 

method will be applied to the ‘Sim-tank’ and ‘Tank’ data sets. Figure 6.26 is the full set of 

FM data sweeps of the Simulator over the full range of aspect angles. Processing of this 

data will give the full azimuthal range characterization for the Simulator at a 20° 
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depression angle. The ‘Sim-tank’ data will be encoded for each azimuth look using the 

Burg linear prediction method. In an attempt to further encode the data in Section 6.3 we 

will investigate the behavior of the AR coefficients as a function of azimuth angle. Figure 

6.27 gives the range profile characterization of the ‘Sim-Tank’ as a function of azimuth 

angle based on the traditional Periodogram spectral estimation technique. Figure 6.28 

shows the parametric Burg(15) range profile estimates applied at each discrete azimuthal 

FM sweep for the ‘Sim-tank’ data. As expected the AR range estimate predicts the same 

-40dB OdB 40dB 
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Figure 6.26: FMCW Data of the SIMULATOR, the ‘Sim-tank’ 

  

  

range peak features as the Periodogram method, but loses some of the low level 

fluctuations. The loss of low level feature in the AR range estimate can be seen by the 

overall smoothing of the image in Figure 6.28 compared to that in Figure 6.27. Also, the 

region outside the target range loses some of its grainy, noisy look, due to the low 

definition in this area. For most target discrimination applications this low level 

information is not significant and will most likely be filtered out through range gating. 
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The benefit of data reduction and an increase in algorithm speed for target identification 

purposes can outweigh the disadvantages of low level range information loss. The 

amount of data reduction achieved using AR parameterization on the ‘Sim-tank’ data is 

significant. The amount of complex data needed to be stored to perform the full range 

estimate for the ‘Sim-tank’ data, based on the Periodogram method is 64x3600=230,400. 

The Burg(15) spectral estimation technique requires 15 AR parameters plus a noise 

variance value for each azimuth look angle, corresponding to 16x3600=57,600 complex 

data points to be retained to produce a range estimate. This reduces the amount of data 

that needs to be stored by a factor of four. 

To get a feel for how the reduction in data storage requirements affects the total RCS 

of a target, a noncoherent integration of each azimuthal HRR profile was calculated and 

plotted as a function of angle in Figure 6.29. The major broad structures and sharp peaks 
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Figure 6.27: Periodogram HRR Profile Estimates for the ‘Sim-tank’     
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Figure 6.28: AR(15) HRR Profile Estimates for the ‘Sim-tank’ data 
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Figure 6.29: Total RCS Based on HRR Profile Estimates   
in the total RCS plots in Figure 6.29 compare quite well. Although the low level signal in 

the Burg range estimates is lost the total RCS does not seem to be affected by it. The 

major structure in the second quadrant of the target does appear to be slightly distorted. 
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The difference between the two total RCS predictions was evaluated by taking a 

percentage difference between the Periodogram estimate and the Burg estimate. The error 

was determined to be at most 0.05%. This means that very little total RCS information is 

lost using Burg range estimation. It should be noted from Parseval’s Theorem, that the 

total energy in the original FM data sequence should equal the total energy in the Fourier 

transform of the FM data sequence, 1e., the total RCS calculated by the Periodogram is 

the actual total RCS of the collected data set. This means that the Burg total RCS estimate 

is within 0.05% of the actual total RCS of the ‘Sim-tank’ data set. 

The Burg AR range estimation proved to be very useful in data reduction for the ‘Sim- 

tank’ data. Applying the Burg radar data encoding method to a more complex target than 

the “Sim-tank’ will secure its use in radar data encoding. The “Tank’ measurements were 

processed using the Periodogram and the Burg(20) estimation techniques. Figures 6.30 

and 6.31 show results of the full 360° range estimates for the tank at a 5° depression. At 

first glance these estimates look the same; however, after a closer look at the purplish 

areas around 100° and 270°, the Burg estimate seems to have lost some of the high level 

range peaks compared to the Periodogram estimate. However, this is not so; the 

Periodogram estimate spreads the energy of a range peak into several range bins due to the 

spectral smearing phenomenon. The Burg estimates provide higher range resolution, 

therefore producing very sharp range peaks showing less high level coloring in the image 

plot. The Burg estimate is able to identify the same spectral peaks as the Periodogram 

estimate. 

Figure 6.32 gives the total RCS comparisons based on the Periodogram and the 

Burg(20) full azimuth HRR profile estimates. The total RCS values were averaged over 1 
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Figure 6.30: Periodogram HRR Estimate from the ‘Tank’ data 

  

degree to bring out the underlying target structure. The Burg method gives a good match 

to the Periodogram method. The two methods differ on average less than 1.0%. This is an 

excellent agreement between the two methods. The ability of the Burg method to give 
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Figure 6.31: Burg(20) HRR Estimate from the ‘Tank’ data 
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Figure 6.32: Total RCS Based on HRR Estimates from the “Tank’ data 
  

good agreement with the traditional Periodogram method on range estimates of measured 

data from an outdoor radar range of a complex target is significant. The excellent 

agreement between the Periodogram and the Burg AR HRR estimation methods shows the 

potential for AR PSD estimation to impact greatly the way in which high resolution radar 

data is processed. 

The amount of complex data storage required is greatly reduced with the 

implementation of AR HRR estimation techniques. The number of complex data values 

that needs to be stored for the traditional methods to reproduce the full set of range 

Tesponses from the “Tank’ data is 85x3,600=306,000. The Burg HRR method reduced 

data set consists of 21x3,600=75,600 complex data values. This amounts to a reduction in 

data by a factor of four. Although the ‘Sim-tank’ and ‘Tank’ data are not all inclusive, 

they do give a fair representation of actual high-resolution radar data. From the Burg 
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encoding process of the ‘Sim-tank’ and ‘Tank’ data sets, Burg data encoding seems to be a 

viable tool for use in the reduction of radar data. The reduction achieved on both data sets 

was a factor of four. Further reduction may be achieved by fitting the Burg coefficients, 

which change with angle, to a function. Section 6.3 will investigate this possibility. 

6.3 - Further Encoding of Radar Range Information 

In an attempt to further encode the Burg encoded range profiles of the ‘Sim-tank’ and 

‘Tank’ data, the Burg coefficients found for each azimuth look angle are fitted to a set of 

basis functions [4]. For small azimuth increments the target range response is not 

expected to change drastically. Figure 6.30 shows the trend of the range profiles as a 

function of angle. Although there are strong peaks which are very localized in azimuth, 

the frequency with which these peaks appear is small compared to the overall variation of 

the response itself. This in turn means that the AR coefficients are not expected to change 

rapidly with each azimuthal increment. If this holds true, then the AR coefficients should 

change relatively slowly over the full azimuthal rotation of the target. The trend of the AR 

coefficients should be easy to determine by fitting them to a set of basis functions. Since 

turntable data repeats every 360 degrees, a reasonable set of basis functions would be the 

set of exponentials, as in the Complex Fourier Series (CFS). Section 6.3.2 investigates the 

Fourier Series encoding of the Burg coefficients. As a check to this hypothesis, another 

set of basis functions was also chosen to see if a better match could be made. Another 

possible basis set is a set of polynomial. The Chebyshev polynomials were used as basis 

set. Section 6.3.3 reports on the use the Chebyshev basis functions as a means of 

encoding the Burg parameters of the ‘Sim-tank’ and ‘Tank’ data sets. 
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6.3.1 - Basis Function Adaptation 

The Burg coefficients derived from the ‘Sim-tank’ and “Tank’ data sets will be fitted to 

a set of basis functions in an attempt to further reduce the amount of data storage needed 

to fully characterize the complete set of target range profiles. The Burg coefficients for 

each data set were found in Section 6.2. For the ‘Sim-tank’ data there were 3,600 sets of 

15 AR coefficients. Each of these 15 AR coefficients can be expressed as a function of 

azimuth, Al(a)...A16(a). Using traditional basis representation, the AR coefficients can 

be expressed as 

A(a) = VF nb, (a) (47) 

where ,(c) is the set of basis functions and F, is the set of independent expansion 

coefficients [19]. Sections 6.3.2 and 6.3.3 apply the exponential Fourier Series and the 

Chebyshev polynomials as possible basis sets for representing the HRR Burg coefficients. 

6.3.2 - Exponential Fourier Series Approximation 

Turntable radar measurements will repeat every 360 degrees. Because of the periodic 

nature of the data a set of periodic basis functions might provide the best fit. In an attempt 

to take advantage of this cyclic nature, the Fourier Series was applied to the Burg AR 

coefficients as a function of angle, A(a). Since the AR coefficients are complex the 

exponential or complex Fourier Series will be used. The numerical computation of the 

Fourier coefficients will be outlined below. The basis for the exponential Fourier Series is 

o, (a) = exp(Ujna a) (48) 
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where n = 0, +1,+2,...,N is the number of Fourier coefficients and , = 1 to ensure an 

orthogonal basis set and a unique solution [21]. The complex Fourier Series fit to the AR 

coefficients A(a) 1s approximated by 

N 

A(a) = y; F exp (jn@,a) ae [0, 2x] (49) 
n=-N 

where , = 1 and 

2m 

Fi= an fA (@) exp (-jna) da (50) 

0 

where the discrete angle approximation of F, is 

3599 
_ 1 ( =2uin) 

F.= 3600) A; exp 3600 J (51) 

i=0 

Based on (51), the Fourier Series was implemented by taking the DFT of the Burg 

coefficients for the “Sim-tank’ and “Tank’ data sets. Each DFT point corresponds to a 

Fourier coefficient in the series. By pulling out the most significant DFT frequency 

elements, the A(a) functions can be approximated efficiently. Examining the DFT of the 

Burg AR parameter in Figure 6.33a, it can be seen that the majority of information lies in 

a small number of frequency bins. In an attempt to encode this information only 100 

frequency data points of A(a) were preserved. The A(a) encoding using the CFS was 

implemented in two ways. The first method retained the CFS elements which 

corresponded to the first 100 lowest frequency elements, the remaining 3500 frequency 

elements were nulled. This first method is in fact just a lowpass filter applied to the DFT 

of A(a). The inverse DFT of these coefficients results in an estimate of the AR 
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coefficients as a function of angle. |The second method retained the 100 Fourier 

coefficients corresponding to the highest energy frequency elements. The inverse DFT of 

these high energy filtered Fourier Coefficients results in another estimate of the AR 

coefficients. Figure 6.33a shows the DFT’s of the AR coefficient for the first non zero 

frequency bin of the ‘Sim-tank’ data, unfiltered, lowpass filtered, and high energy filtered. 

The zeroed out lower frequency components of the high energy filtered data cause the plot 

to be dense about the zero frequency bin and appear to have more than 100 data points. 

Figure 6.33b shows the AR coefficient estimate resulting from the IDFT’s of the functions 

represented in Figure 6.33a. From Figure 6.33b, the 100 Fourier coefficients which 

correspond to the higher energy frequency elements of the “‘Sim-tank’ data seem to give 

the best match to the original Burg AR parameters. 

Figures 6.34 and 6.35 provide the full HRR profile estimates based on the two Fourier 

Series AR encoding techniques. Figure 6.34, which corresponds to the 100 higher energy 

frequency elements of the ‘Sim-tank’ data, does a poor job of modeling the range profile, 

especially in the range bins which contain the target. The lowpass filtered method of 

encoding the Burg coefficients gave a better match to the Periodogram range profile 

estimate for the ‘Sim-tank’ data, which was shown in Figure 6.27. Figure 6.36a gives a 

pole plot comparison for the 90° azimuth angle of the Original Burg(15), the lowpass 

filtered (LPF) CFS Burg(15), and the high energy filtered (HEF) CFS Burg(15) AR 

coefficients. The lowpass filtered poles give a better match to the original poles closer to 

the unit circle. Although the poles further away from the circle give a worse match the 

peak estimates will still be modeled since poles near the unit circle represent the major 

HRR peaks. The high energy CFS method does not give a good match to the poles near 

the unit circle. In fact one of the poles was mapped outside the unit circle, which in turn 

will give a poor HRR estimate. These results are counter intuitive. One would expect the 
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higher energy frequency elements to contain most of the HRR peak information by 
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Figure 6.33a: DFT (AR Parameter) Comparison     
  

retaining the most possible energy. The flaw in this logic can be noted in Figure 6.33b. 

The Burg coefficients seem to fluctuate rapidly as a function of angle. These rapid 

fluctuations vary about a mean. The rapid variations of the Burg coefficients apparently 

are due to the noisiness of the measured data and not characteristic of the inherent target 

that is being measured, This means that the actual Burg coefficients of the measured 

target lie somewhere between these fluctuating parameters. By taking a running average 
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of the Burg coefficients, a better estimate of the HRR profile of the target might be 
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Figure 6.33b: The First of 15 AR Parameters Estimated for the ‘Sim-tank’ data 
Compared to its LPF CFS and HEF CFS Estimates       

produced, in effect subtracting out the high frequency noise. The lowpass filter acts as an 

averager of the data. This would explain the ability of the lowpass filtered CFS HRR 

compression technique to give a better estimate of the HRR profile than the high energy 

filtered CFS HRR compression technique. Since the information to be preserved in radar 

target characterization applications is target information the lowpass filter CFS HRR 

encoding technique will be more beneficial for HRR radar data encoding. 

112



40dB 

~§00 1000 1500 2000 «82500 3000 3500 
Aspect (0.1 Deg) 

Figure 6.34: AR HHR Estimate Based on HEF AR Encoding 
for the ‘Sim-tank’ Data 
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Figure 6.35: AR HHR Estimate Based on LPF AR Encoding 
for the ‘Sim-tank’ Data   
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Figure 6.36a: Pole Plot Comparison 
Original (black), LPF CFS (red), HEF CFS (blue)    

Figure 6.35 shows the range estimate of the Burg coefficients estimated using the 

lowpass filtered 100 Fourier series frequency elements for the ‘Sim-tank’ data, and we see 

that the target is resolved with little difficulty. There is however some distortion in these 

range profile estimates as compared to the original Burg and Periodogram estimates in 

Figures 6.27 and 6.28. To get a better grasp of the distortion created by the lowpass 

filtered CFS encoding method, the total RCS of the range profile estimate in Figure 6.35 

was determined. Figure 6.36b shows this total RCS calculation. Comparing this total 

RCS estimate to those of the original Burg and Periodogram estimates in Figure 6.29, 

most of the distortion due to the encoded AR parameters can be seen in the broad return 

peak in the second quadrant of Figure 6.36b. The total RCS structure of the ‘Sim-tank’ is 

maintained. Even the sharp peaks of the total RCS for ‘Sim-tank’ data were retained. 
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The amount of reduction accomplished using lowpass filtered CFS encoding of the 

Burg coetficients as a function of angle is significant. The number of complex data that 

needs to be stored to fully characterize the range profiles of the “Sim-tank’ contained in 

the ‘Sim-tank’ data set is 16x100=1,600. Compared to the traditional Periodogram 

method, which needs 230,400 complex data points stored, this means a reduction in data 

storage requirements by a factor of 144. The total RCS plot derived from the LPF CFS 

‘Sim-tank’ data, in Figure 6.36b, gives a structure very close to that of the Burg total RCS 

plot in Figure 6.29. The LPF CFS total RCS plot does however appear noisier than the 

simple Burg total RCS estimate. 

To ensure that the results above were not biased by the simplicity of the target 

structure itself, the “Tank’ data set was also used to test the lowpass CFS fit to the Burg 

coefficients. The DFT of the “Tank’ data was lowpass filtered, retaining the 100 lower 

frequency elements. These remaining DFT points were inverse transformed to get the 
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encoded Burg parameters. Figure 6.37 shows a sample set of the coefficients found 

through LPF CFS encoding of the Burg AR coefficients for the ‘Tank’ data and the 

coefficients themselves. The LPF CFS encoding of the Burg coefficients smoothes the 

data. The LPF CFS encoded AR parameters vary less with angle than the original Burg 

AR parameters, as shown in Figure 6.37. The full range profile estimate based on the LPF 

CFS encoded Burg parameters can be seen in Figure 6.38a. Again there is some distortion 

due to the encoding technique, yet the target is easily identified. Compared to the original 

Burg HRR profile in Figure 6.31 we note a loss of some of the higher level resolution. 

The high level blue peaks found in Figure 6.31 appear to be washed out in Figure 6.38a. 

Figure 6.38b shows the total RCS calculated from the LPF CFS ‘Tank’ data window- 

averaged over 1°. Comparing the total RCS estimate in Figure 6.38b to the measured total 

RCS calculation in Figure 6.32, the significant target features are preserved. The loss of 
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Figure 6.37: Burg (yellow) vs. LPF CFS Encoded AR Parameter 
for the ‘Tank’ Data   
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Figure 6.38a: AR HRR Estimate Based on LPF CFS Encoded AR 
Parameters for the ‘Tank’ Data 
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the high level definition can be noted when comparing the Periodogram and the Burg total 
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RCS plots in Figure 6.32 to that of the LPF CFS encoded total RCS plot in Figure 6.38b. 

The loss of definition is most apparent in the 90°, 180° and 270° cardinal aspect angle 

peaks. 

6.3.3 - Chebyshev Polynomial Approximation 

Using the set of Chebyshev polynomials as a basis in (47), a data set can be 

represented effectively as well. This Chebyshev polynomial representation acts as an 

esumator of the data. The Chebyshev complex polynomials can be found using the 

following recursive formula: 

T(x) = 2xT;_, (x) -T;_.() (j2>2) (52) 

where T,(x)=1 and T,(x)=x [6]. The Chebyshev polynomial was fit to the function of 

each of the Burg coefficients in the least-squares sense. This representation technique was 

applied to the Burg coefficients using a Chebyshev polynomial fit of order 100 in order to 

compare the results with those in Section 6.3.2 on the CFS compression techniques. 

Figure 6.39 shows the resulting range estimate from the ‘Sim-tank’ data set. These results 

are very similar but not as sharply defined as those found for the lowpass CFS fit, as 

shown in Figure 6.35. The target is still easily recognizable. A look at the total RCS of 

the Chebyshev representation response in Figure 6.40 shows a similar estimate to that 

trom LPF CFS encoding in Figure 6.36b. The number of complex data values that needs 

to be stored for the Chebyshev encoded Burg coefficients is 100x16=1,600, corresponding 

to a reduction in data storage requirements by a factor of 144. This is the same amount of 

reduction as achieved with the LPF CFS encoding technique. A comparison of the total 

RCS plots for the lowpass filtered CFS encoding technique, Figure 6.36b, and the 
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Chebyshev encoding technique, Figure 6.40, to the Periodogram and Burg total RCS 

estimates in Figure 6.29 show the LPF CFS approach to be slightly better than the 

Chebyshev approach. Although both the filtered CFS and the Chebyshev techniques 

introduce distortion, the Chebyshev has more feature loss. The broad lobes are less 

pronounced with the Chebyshev method. Also, a key peak return is lost on the Chebyshev 

total RCS plot at approximately 250° in aspect angle. 
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Figure 6.39: AR HRR Estimate Based on Chebyshev Encoded AR 
Parameters for the ‘Sim-tank’   

6.4 - Cross-Range Resolution Profiles 

Although processing of cross range data is the same as processing of range resolution 

data it is based on a different principle. Range resolution is determined by finding the 

spectrum of frequency modulated radar energy at each angle. Cross-range information is 

found by finding the spectrum of Doppler shifted data of angle diverse energy. Cross- 

119



  

& wn
 | 4 4   

Ma
gn
it
ud
e{
dB
} 

a)
 

ia
) 

w 
& 

wn 
o 

wy
 

o 
ft
 

fan
)   

~—
 in
 

19 

  

  S a 1. L ._ 

oO 500 1000 1500 2000 2500 3000 3500 

Aspect (U-[Deg) 

Figure 6.40: Total RCS Estimate Based for Chebyshev AR Encoding 
for the “Sim-tank’ Data 
  

range information is often found by rotating a target on a turntable. Another way of 

getting cross-range information is by moving the radar around the target. The former is 

the most common technique when characterizing a target. The latter is done usually for 

radar imaging from an aircraft. Cross-range processing is equivalent to Doppler 

processing. Each requires movement, of either the target or the radar. 

Since processing of cross-range data is essentially the same as processing for range 

data, as seen in Figure 4.5, similar results are expected. Using the “Sim-tank’ target data 

set, the “Sim-tank’ data, the cross-range information was processed using the Periodogram 

and Burg spectral estimation. Figure 6.41 shows a sample cross-range profile estimate 

from the center frequency element of the ‘Sim-tank’ data using the two techniques. The 

Burg estimate does a good job of following the peaks of the cross-range profile. Burg 

cross-range estimation also proves to be a viable technique to encode cross-range 

information. 
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Although cross-range data can be encoded using Burg spectral estimation, it may not 

prove to be practical for all cross-range collection scenarios. Most cross-range 

information is collected in unison with HRR profiles. As discussed in Chapter 4, the 

processing of the range and cross-range information is traditionally performed using a two 

dimensional DFT to produce a two dimensional image, called an ISAR image. The next 

section will discuss possible techniques for encoding the two-dimensional ISAR data. 
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6.5 - ISAR Imaging 

A combination of range and cross-range data can be used to produce a two- 

dimensional image of a target. This is called a synthetic aperture radar (SAR) image or 

Inverse SAR (ISAR) image depending on how the image is produced. Essentially, ISAR 

images are produced by illuminating the target with a frequency diverse waveform for 

changing azimuth looks. The magnitude of a two-dimensional DFT of this response will 

produce an image which gives both range and cross-range resolution. This two 

dimensional DFT can be split into two separate Fourier transforms, one in the range 
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direction followed by one in the cross-range direction. Using this premise, an attempt was 

made to extend the range profile encoding to two dimensional ISAR encoding. The 

premise behind two dimensional encoding was that if the complex spectrum could be 

produced from the AR coefficients that would be equivalent to the FFT in the range 

direction. Taking a series of complex range profiles as a function of azimuth, the cross- 

range information is retained. The Fourier Transform of these complex range profiles 

would be equivalent to taking the second DFT in ISAR processing. One obvious problem 

with this method is that the AR spectral estimation techniques only produce the magnitude 

squared of the spectrum, i.e. the phase component is lost which is crucial in cross-range 

processing. 

As a possible alternative to two one-dimensional DFT’s to produce an ISAR image, a 

two-dimensional DFT can be used. In the same sense, two-dimensional AR processing 

should be able to be used to estimate the range and cross-range profiles of an ISAR image. 

To date little information exists on two-dimensional AR spectral estimation. This lack of 

information, combined with the great complexity of the problem, causes two-dimensional 

AR radar data encoding to be left for future research. 

Another possible solution to the two-dimensional radar data encoding problem is to 

perform the AR parameter estimation on the range profiles as a function of cross-range 

(angle), storing the AR parameters plus the excitation noise sequence enabling the original 

measured data to be reproduced and subsequently processed in the traditional fashion at a 

later date. The premise behind this method of AR data encoding is that the excitation 

noise is expected to have a much smaller variance than the original data set, thus requiring 

fewer bits to store the information. This technique is often referred to as Linear Predictive 

Coding (LPC) and is popular in encoding speech. Since LPC is applicable to all types of 

high-resolution radar data and the process is the same for each type of radar data, the



process will be shown using only one type of radar data, Doppler data. The next section 

investigates the use of LPC based on AR parameters as a method for radar data encoding. 

6.6 - Doppler Processing Using AR Spectral Estimation 

Doppler data processing is based on the same principle as cross-range processing. 

Doppler data is collected on moving targets or targets with moving parts, such as 

helicopters and airplanes. There are two ways in which Doppler data can be useful. First 

if the Fourier transform of the collected Doppler data is taken over a long time sample, a 

broad frequency response is found. For targets with many moving parts, such as 

helicopters, this information can be very useful. From the frequency response different 

features may be identified, such as the rotor blade speed, the turbine in the engine, and the 

jet engine modulation (JEM). The other way in which the Doppler data is useful is by 

producing its spectrogram. In an attempt to encode Doppler radar data two different AR 

encoding techniques were applied to a simple Doppler data set. The Doppler data 

consisted of 20,480 complex time series data values from a 10 GHz Doppler radar 

illuminating a metal sphere which was being rotated around on the end of a string. These 

results are discussed next. 

The plot in Figure 6.42 shows the spectrum estimates based on 20,480 data samples of 

a Doppler measurement of a sphere being spun around on the end of a string. The pink 

line represents the AR spectral estimate, while the yellow line represents the Periodogram 

spectral estimate. Since the data set was so large, a large AR order is expected, which 

makes the order estimation techniques impractical. For this reason larger and larger 

orders were tried until a good spectral estimate was found. This technique resulted in an 

approximate AR model order of 100. The Periodogram and Burg AR estimation 

techniques gave comparable spectral estimates. As expected the AR estimate is smoother 
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than the Periodogram estimate. Due to the lack of complexity of this spectral data, it is 

difficult to determine which technique is actually better for Doppler data processing of 

complex targets. Some preliminary analysis of the rotating sphere data shows that both 

techniques can identify the same spectral features. The sharp peak in the center of the 

spectral plot represents the stationary portion of the scene. The elevated return on either 

side of the peak is due to the return of the sphere as it rotates on the string. The sphere 

takes up a wide range of frequency bins because its linear frequency component 

continually changes relative to the radar. The response of the sphere, to the right of the 

peak, indicates that the sphere is moving toward the radar. The response of the sphere to 

the left of the peak is indicative of the time when the sphere is rotating away from the 

radar. 

The other way in which Doppler data is processed is by producing a spectrogram. The 

spectrogram is found by processing successive blocks of data and performing DFT’s on 

each data block. The magnitude squared of each DFT set is plotted one above the other. 
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The spectrogram enables one to envision how the target’s spectrum changes with time. 

Figure 6.43 shows the spectrogram of the rotating sphere data processed by the 

Periodogram method for data blocks of length 256. Two full rotations of the sphere can be 

resolved in the spectrogram. The more defined blue S-shaped lines represent the sphere 

when it is being rotated in front of the person rotating the sphere. As the sphere rotates 

behind the person rotating the sphere, it becomes partially shadowed and therefore the 

return is not as strong. 

Because there are the two different ways to process Doppler data, AR encoding as 

used for HRR profile encoding is not appropriate. Doppler data seems to be better suited 

for an encoding method which is able to reproduce the original data sequence for later 

processing. In this case the AR encoding techniques, as those used for speech encoding, 

would seem more appropriate. For this type of AR data encoding the spectrum of the data 

is not of interest, only the encoding of the variance of the input noise. If the variance of 

the excitation noise is much smaller than the variance of the actual data sequence, which is 

to be encoded, then the AR parameters plus its excitation noise sequence will take fewer 

bits to store than the original data sequence for the same desired accuracy. In an attempt 

to show this point, the complex rotating sphere Doppler data was quantized to 5 bits. The 

quantized Doppler data was then processed using the Periodogram spectrogram 

processing resulting in the spectrogram shown in Figure 6.44. Comparing the quantized 

spectrogram in Figure 6.44 to the unquantized spectrogram in Figure 6.43, quantization 

appears to increase the noise level of the spectrogram. Although the sphere is still visible, 

more complex targets with spectral features close to the noise floor could be lost using the 

quantized data. To get a better handle on how quantization of the rotating sphere data 

affected the spectrogram the mean and variance of the error between the data in 
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frequency 

Figure 6.43: Periodogram Based Doppler Processing   
Figures 6.43 and 6.44 were found. The mean of the relative squared error was found to be 

3.3 with a standard deviation of 21. 

Next, the rotating sphere data was fit to an AR model using 100 coefficients. The AR 

coefficients and the excitation noise were quantized to 5 bits and stored. The quantized 

AR coefficients and excitation noise were used to regenerate the Doppler data. Figure 

6.45 shows the spectrogram generated from this regenerated Doppler data. The AR 

encoded data produced a less noisy spectrogram than the quantized Doppler data. The 
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mean of the relative squared error between the original spectrogram data as seen in Figure 

6.43 and the spectrogram generated from the AR encoded data in Figure 6.45 was 0.014 

with a standard deviation of 0.188. The quantized AR encoding technique is obviously 

superior to the direct quantization technique. 

frequency 

Figure 6.44: Spectrogram of Quantized Raw Sphere Data   
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frequency 

Figure 6.45: Spectrogram of Doppler Data 
Generated From Quantized AR 
Parameters and Excitation Noise   
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Chapter 7 - Summary and Conclusions 

This research investigated the use of parametric modeling methods in encoding radar 

data. Preliminary information about parametric models and their uses were found in 

Chapter 2. Chapter 2 also gives the mathematical relationship between the parametric 

coefficients and their corresponding power spectral estimate. Chapters 3 and 4 covered 

information about the different types of radar instrumentation, waveforms, and signal 

processing methods. Radar measurements were broken into two classes: low resolution 

and high resolution. High resolution measurements require large amounts of data to be 

collected and complex signal processing to obtain a spectral estimate of the data. This 

means high resolution radar measurements would benefit greatly from an encoding 

algorithm which retained an estimate of the spectrum of the data. Before applying 

parametric methods to high resolution radar data, Chapter 5 investigated several uses of 

parametric modeling already applied to radar data. Currently, much of the applications 

involve Doppler radar data processing. One such application involved clutter 

classification through linear prediction methods. Common clutter types encountered by 

aircraft are clouds, vegetation, and flocks of birds. Haykin took proven clutter spectrum 

models and attempted to model them using linear prediction models [13]. From the 

spectrum estimate comparisons, the linear predictive method proved to produce a good 

model for the different clutter types. Another application of parametric modeling to radar 

data is extrapolation of data points. Mensa uses AR parametric models to model radar 

range profiles [18]. These profiles were extended using forward and backward prediction 

methods and processed using Fourier methods to give improved spectral estimates. The 

final radar application for parametric modeling covered in Chapter 5 was improving 

Doppler resolution. An improved Doppler resolution study proved that coherent 

parametric spectral estimation techniques can be used to improve target/clutter 
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discrimination [3]. 

The research in Chapter 6 expanded on these applications of parametric modeling as 

applied to radar data. The basic research began with an evaluation of the different 

parametric models. AR, MA, and ARMA models were fit to a simple Doppler data set. 

Since interest in Doppler data lies in the peaks of its spectrum, MA models were 

eliminated from the evaluation process immediately. ARMA models were eliminated 

based on their complexity and the difficulty to predict model orders. AR spectral 

estimation using the Burg method showed the most promise in providing a means of 

encoding high resolution radar data. 

Several AR parametric modeling algorithms were tested against a simple range profile 

measurement. The test data consisted of an FMCW measurement of five spheres 

separated in space. The spectrum of the sphere data should resolve the five spheres. The 

AR spectral estimates based on the Autocorrelation, Covariance, Modified Covariance, 

and Burg methods were compared with the traditional Fourier based spectral estimate, the 

Periodogram. The Burg method proved to be the most beneficial in modeling the radar 

data. Once the AR Burg method was chosen as the best possible parametric model in 

modeling the high resolution radar data, it was applied to data collected on more complex 

targets. The Burg AR spectral estimation and encoding was evaluated on the basis of 

high range resolution turntable measurement data for two complex targets. The encoding 

for each data set resulted in a reduction in data by a factor of four. The spectral estimates 

based on these reduced data sets compared favorably with the Periodogram estimate, with 

a relative mean difference of less than 0.1%. 

To further encode this data the AR parameters of each range profile estimate as a 

function of rotation angle were fitted to a set of basis functions. Two different basis sets 

were evaluated, the Fourier series complex exponentials and the Chebyshev polynomials. 
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The Fourier series encoding was performed two different ways. In Section 6.3.2, it was 

shown that the DFT could be used to estimate the set of Fourier coefficients for the Fourier 

Series representation of a data set. The CFS data encoding method was performed by 

taking the DFT of the data set and retaining the coefficients which contain the most 

significant information about the data. The data to encode was the complex set of Burg 

AR coefficients as a function of aspect angle. The first CFS encoding technique involved 

taking the DFT of the Burg coefficients and retaining only the higher energy frequency 

components. This technique gave poor results since the HEF components seemed to 

contain the majority of the noise of the data. The second CFS method retained the lower 

frequency components of the DFT’d Burg coefficients by applying a LPF. This method 

gave better results since the Burg coefficients appear to change relatively slowly with 

angle compared to the noise component. This LPF CFS method had a smoothing effect on 

the data. Comparing the HRR profiles and the total RCS plots of the Periodogram, Burg 

and LPF CFS Burg methods, the LPF CFS method showed some loss in fidelity of the 

cardinal returns. The second basis function representation applied to the Burg coefficients 

used the set of Chebyshev polynomials. The Chebyshev basis was chosen because of its 

smoothing effect on data. Comparisons of the Chebyshev encoding to the LPF CFS 

encoding technique showed slightly better results with the LPF CFS technique. At this 

stage, with some loss in fidelity of the cardinal returns, the reduction in data exceeded two 

orders of magnitude. 

The remainder of the research investigated the feasibility of using AR Burg encoding 

for other types of radar data such as cross-range profile information, ISAR imaging and 

Doppler data. Since Doppler data and cross-range information are created based on the 

same principle, the Doppler effect, they require similar processing techniques. For this 

reason, only one of these data types were emphasized; Doppler data. 
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The parametric modeling and spectral estimation techniques evaluated in this research 

have been one dimensional. Since ISAR image processing requires two dimensional 

spectral estimation, a two dimensional modern spectral estimation technique would apply. 

Due to the lack of adequate previous research, and the complexity of two dimensional 

modern spectral estimation, this topic was left as a possible future research topic. 

Burg AR parametric modeling proved to be useful not only for data encoding but for 

spectral estimation as well. Since high resolution data processing involves spectrum 

estimation, parametric modeling techniques provide an added advantage over other 

encoding methods. Also, since the spectrum of the data is estimated from the parameters 

of its model, the parameters are directly related to the statistical make up of the data itself. 

This means that parametric encoding may find other applications, such as target 

identification, and classification. Use of parametric model parameters as target identifiers 

and classifiers is reserved for future research. 
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